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Abstract 

 

One of the most controversial issues for long-term stock performance is whether the presence 

of anomalies is against the efficient market hypothesis. The methodologies to measure 

abnormal returns applied in the long-run event studies are questioned for their reliability and 

specification. This thesis compares three major methodologies via a simulation process based 

on the UK stock market over a period of 1982 to 2008 with investment horizons of one, three 

and five years. Specifically, the methodologies that are compared are the event-time methods 

based on models (Chapter 3), the event-time methods based on reference portfolios (Chapter 

4), and the calendar-time methods (Chapter 5).  

 

Chapter 3 covers the event-time approach based on the following models which are used to 

estimate normal stock returns: the market-adjusted model, the market model, the capital asset 

pricing model, the Fama-French three-factor model and the Carhart four-factor model. The 

measurement of CARs yields misspecification with higher rejection rates of the null 

hypothesis of zero abnormal returns. Although the application of standard errors estimated 

from the test period improves the misspecification, CARs still yield misspecified test statistics. 

When using BHARs, well-specified results are achieved when applying the market-adjusted 

model, capital asset pricing model and Fama-French three-factor model over all investment 

horizons. It is important to note that the market model is severely misspecified with the 

highest rejection rates under both measurements.  

 

The empirical results from simulations of event-time methods based on reference portfolios in 

Chapter 4 indicate that the application of BHARs in conjunction with p-value from 

pseudoportfolios is appropriate for application in the context of long-run event studies. 

Furthermore, the control firm approach together with student t-test statistics is proved to yield 

well-specified test statistics in both random and non-random samples. Firms in reference 

portfolios and control firms are selected on the basis of size, BTM or both. However, in terms 

of power of test, these two approaches have the least power whereas the skewness-adjusted 
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test and bootstrapped skewness-adjusted test have the highest power. It is worth noting that 

when the non-random samples are examined, the benchmark portfolio or control firm needs to 

share at least one characteristic with the event firm.  

 

The calendar-time approach is suggested in the literature to overcome potential issues with 

event-time approaches like overlapping returns and calendar month clustering. Chapter 5 

suggests that both three-factor and four-factor models present significant overrejections of the 

null hypothesis of zero abnormal returns under an equally-weighted scheme. Even for stocks 

under a value-weighted scheme, the rejection rate for small firms shows overrejection. This 

indicates the small size effect is more prevalent in the UK stock market than in the US and the 

calendar-time approach cannot resolve this issue. Compared with the three-factor model, the 

four-factor model, despite its higher explanatory power, improves the results under a 

value-weighted scheme. The ordinary least squares technique in the regression produces the 

smallest rejection rates compared with weighted least squares, sandwich variance estimators 

and generalized weighted least squares. The mean monthly calendar time returns, combining 

the reference portfolios and calendar time, show similar results to the event-time approach 

based on reference portfolios. The weighting scheme plays an insignificant role in this 

approach.  

 

The empirical results suggest the following methods are appropriately applied to detect the 

long-term abnormal stock performance. When the event-time approach is applied based on 

models, although the measurement of BHARs together with the market-adjusted model, 

capital asset pricing model and Fama-French three-factor model generate well-specified 

results, the test statistics are not reliable because BHARs show severe positively skewed and 

leptokurtic distribution. Moreover, the reference portfolios in conjunction with p-value from 

pseudoportfolios and the control firm approach with student t test in the event-time approach 

are advocated although with lower power of test. When it comes to the calendar-time 

approach, the three-factor model under OLS together with sandwich variance estimators using 

the value-weighted scheme and the mean monthly calendar-time abnormal returns under 

equal weights are proved to be the most appropriate methods. 
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Chapter 1: Introduction 

 

1.1 Background on abnormal performance 

An event study is an empirical methodology to analyze stock performance following an event. 

This includes three key factors: the event, abnormal returns during the event period and the 

significance of abnormal returns. This methodology assumes an efficient market, an 

unexpected event and the independence of events for a firm. The efficient market hypothesis 

advocates that stock prices respond immediately to all the information including past, public 

and insider information (Fama, 1970). Investors cannot gain abnormal returns in an efficient 

market, especially through technical analysis based on past stock price patterns, since the 

stock price reflects everything. The event studies can be traced back to the research by Dolley 

(1933) who discusses the change of stock prices responding to stock splits. Ball and Brown 

(1968) document a positive relationship between stock performance and accounting income 

based on stock returns on the announcement date of a firm‟s annual earning. Fama, Fisher, 

Jensen and Roll (1969) support market efficiency with no abnormal returns by investigating 

stock performance after the announcement of stock splits. They are considered to be the 

pioneers who established the process of event studies by studying the relationship between 

new information and stock returns. An event has two categories: firm-specific and 

Macro-events. Firm-specific events normally reflect company policies such as initial public 

offering (Ritter, 1991; Loughran and Ritter, 1995), takeover (Agrawal and Mandelker, 1990; 

Gregory, 1997; Bruner, 1999), seasoned equity offering (Loughran and Ritter, 1995,Brav, 

Geczy and Gompers, 2000), stock splits (Dharan and Ikenberry, 1995; Byun and Rozeff, 

2003), share repurchases (Lakonishok and Vermaelen, 1995), acquisitions (Agrawal, Jaffe and 

Mandelker, 1992), dividend announcements (Michaely, Thaler and Womack, 1995), CEO or 

an auditor appointment (Defond et al., 2005; Weber et al., 2008), and compensation plan 

policy (Yeo et al., 1999). When there is a Macro-level event, this has a different influence on 

a series of firms in the same industry or market. Examples are change of legislation 

(Schumann, 1988), and financial crisis (Baek et al., 2004). Apart from stock returns, event 

studies extend to stock volatility (DeFusco et al., 1990; Jayaraman and Shastri, 1993), trading 
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volume of a stock (Karafiath, 2009). Securities rather than stock, such as bonds, are examined 

for the effect of an event (Asquith and Wizman, 1990; Gugler et al., 2004). Other research 

areas besides financial markets, such as accounting, management, marketing, economics, 

widely apply event studies to measure the effect of an event on certain variables. To sum up, 

this methodology is widely discussed and used in both literature and practice. Stocks or 

portfolios are investigated within the framework of event studies to test the pattern of 

post-event performance in order for investors to make more effective investment decisions.  

 

Over the past few decades, an increasing number of empirical studies based on the 

methodology of event studies with the application of different models and statistical 

inferences have been conducted. The evidence of anomalies documented both in short- and 

long-term time horizons following corporate events casts doubt on the market efficiency 

hypothesis (Dodd, 1980; Mitchell and Lehn, 1990; Higson and Elliot, 1998; Ritter, 1991; 

Gregory, 1997; Loughran and Vijh, 1997). However, initiated by Fama (1998), a rapidly 

growing research argues that the anomalies originate from the misspecification of models and 

statistical tests applied. The study of long-term stock performance following an event is 

considered to be a joint test. It not only tests market efficiency but also seeks for a 

well-specified equilibrium asset pricing model. This controversy is traced back to the basic 

concept of abnormal return which is defined as the difference between actual stock return and 

expected return. Various pricing models are proposed to predict expected returns. Among 

these are the capital asset pricing model, the market model, and the Fama-French three-factor 

model. But these models cannot fully capture the real returns even with carefully constructed 

controlling factors such as size and book-to-market ratio (Fama, 1998). This results in 

unreliable benchmarks to measure abnormal returns. In order to resolve the „bad model‟ issue, 

some studies establish a reference portfolio or a single control firm with similar 

characteristics such as size and book-to-market ratio as the event firm (Lyon and Barber, 

1997). Furthermore, Fama (1998) suggests the application of the calendar-time approach. But 

this approach is subject to criticism for ignoring investors‟ experiences and lower power of 

test in the long run (Ang and Zhang, 2004).  
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Apart from an appropriate pricing model, the application of statistical inferences is still an 

on-going debate. The conventional parametric test is questioned on its assumption of normal 

distribution with zero mean and constant variance. The violation of this strict assumption 

leads to inefficient and flawed estimates (Connolly and McMillan, 1989; Abad and Rubia, 

1999). Parametric tests are therefore modified in consideration of heteroskedasticity and 

skewness to test the abnormal stock performance (Brown and Warner, 1980, 1985; Poulsen, 

1991). However, the adjustment still gives biased results if a severe asymmetry exists. It has 

been proposed that nonparametric tests should be applied in event studies because no 

requirement of a normal distribution of abnormal returns. The sign test advocated by Brown 

and Warner (1980), is widely applied in event studies analysis (Kim and Schatzberg, 1987; 

Agrawal and Mandelker, 1990; McWilliams, 1990). It tests the median of abnormal returns 

with null hypothesis of equal numbers of positive and negative abnormal returns. Moreover, 

the rank test introduced by Corrado (1989) ranks the order of abnormal returns including 

estimation and event periods (Campbell and Wasley, 1993; Corrado and Zivney, 1992; Cowan 

and Sergeant, 1996). The bootstrapped process is incorporated in statistical inferences in 

event studies (Lyon, Barber and Tsai, 1999), particularly when the sample is small. Here, the 

underlying concept is to construct an empirical distribution which is closely matched with the 

real distribution by randomly selecting subsamples to compute a large number of test statistics. 

A transformed version involving the bootstrapping procedure is the empirical p value derived 

from pseudoportfolios (Lyon, Barber and Tsai, 1999). The null hypothesis of this test is the 

mean of portfolio returns is equal to the mean returns for the pseudoportfolios. Still, the 

nonparametric tests are inappropriate to be applied in event studies due to its lower power and 

imprecision (Edgington, 1995; Freidlin and Gastwirth, 2000). 

 

So far, no universal agreement has been reached regarding the best model to predict future 

stock performance. It is impossible to completely eliminate the” bad model” issue but it is 

feasible to minimize it. As stated by Fama (1998) “all models for expected returns are 

incomplete descriptions of the systematic patterns in average returns”, hence, an open 

question still exists regarding the bad model. Additionally, the statistical inferences in 

conjunction with abnormal returns from models are subject to debate. For instance, although 
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the bootstrapped skewness-adjusted t-test introduced by Lyon, Barber and Tsai (1999) is a 

popular approach to apply with buy-and-hold returns, Mitchell and Stafford (1999) criticize it 

for its lack of cross-sectional independence. It is worth noting that long-term studies tend to 

have more critics and limitations than short-term studies, especially in terms of the statistical 

inferences. Fama (1991) claims short-term event studies are “the cleanest evidence I have on 

efficiency” while Kothari and Warner (1997) indicate “long-horizon studies require extreme 

caution”; this is consistent with the findings of studies related to misspecified tests for 

long-time horizons undertaken by Lyon and Barber (1996). The power of test is also subject 

to criticism, especially in the long run.  

 

1.2 Two popular approaches in event studies 

Two major approaches in the literature exist regarding how to conduct event studies: the 

event-time approach and the calendar-time approach. The event-time approach has two 

variants: models-based approach and reference portfolios approach including control firms as 

benchmarks. Similarly, the model-based approach, primarily consisted of the Fama-French 

three-factor model and Carhart four-factor model, and the mean monthly abnormal returns are 

two main methods in the calendar-time studies. The literature covering event studies still 

differs in opinion of which methodology in conjunction with statistical references yields 

well-specified test statistics and has higher power. It is important to note that the measurement 

of stock abnormal returns over a period of time is different when applying the even-time 

approach and the calendar-time approach. The most commonly applied measurements of 

abnormal returns in the event-time approach are cumulative abnormal returns (CARs) and 

buy-and-hold returns (BHARs), which accumulate abnormal returns of individual stocks over 

the investment horizon and then sum these up to achieve portfolio returns. However, the 

calendar-time approach employs average abnormal returns which sum up individual stock 

returns in a calendar month based on an equally- or value-weighted scheme to achieve a series 

of monthly portfolio returns for regression. The summary of key methods for event studies on 

abnormal performance is illustrated in Figure 1.1. 
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1.2.1 Event-time approach 

The event-time approach measures the stock performance following a major corporate event 

based on event time, particularly for a portfolio of event firms. Therefore, an initial setup of 

an event date exists which is based on the occurrence of the event. If there is a portfolio of 

stocks, the event dates for all stocks are all set at the same starting point noted as time 0 for 

accumulation of stock returns on certain dates in order to test the null hypothesis of zero 

abnormal returns on event dates for the portfolio. Suppose a portfolio consists of firms A and 

B. The event months for A and B are January, 2000 and February, 2000. Those two event 

months are both denoted as t=0. The portfolio return in the event month 0 is     
      

  

    
 . The exact event months are ignored. Since the abnormal return is defined as the 

difference between stock returns and benchmark returns, the benchmarks are categorized into 

three types: asset pricing models, reference portfolios and a control firm. Kothari and Warner 

(1997) examine long-term stock performance with the application of four asset pricing 

models: market-adjusted model, market model, capital asset pricing model and Fama-French 

three-factor model. Meanwhile, Lyon and Barber (1997) establish reference portfolios and a 

control firm as benchmarks matching by size, book-to-market ratio or both. The statistical 

inferences include a parametric test which bears an assumption of normal distribution and a 

nonparametric test which has no requirement of distribution. In an event-time approach, both 

cumulative return and buy-and-hold return can be utilized as a measurement of long-run 

abnormal returns over multiple periods. Lyon, Barber and Tsai (1999) advocate the 

application of buy-and-hold returns together with the bootstrapped skewness-adjusted test 

based on reference portfolios for its ability to control three biases: listing, rebalancing and 

skewness bias. However, Mitchell and Stafford (2000) argue this combination of measure of 

returns and test statistics still violates the assumption of cross-sectional independence of 

returns. Moreover, the bootstrapped distribution seems to be too „slim‟ for statistical 

inferences. Mitchell and Stafford also show evidence of causes, namely industry and calendar 

clustering, for the violation. Lyon, Barber and Tsai (1999) further highlight another cause, 

average return clustering. When a company has more than one event over the study period, its 

own returns overlaps to create bias when applying the event studies.  



20 
 

1.2.2 Calendar-time approach 

As far as the viewpoint regarding the weakness of the event-time approach is concerned, Jaffe 

(1974) and Mandelker (1974) propose the construction of a portfolio of stocks according to 

calendar months so as to eliminate the issue of cross-sectional dependence of returns. Lyon, 

Barber and Tsai (1999) advocate the calendar-time approach due to its advantage of 

well-specified tests in non-random samples. The conventional formula applied is a 

transformed version of the Fama-French three-factor model (1993). Ang and Zhang (2004) 

maintain that the Carhart four-factor model (1997) incorporating the momentum factor is not 

superior to the three-factor model. The calendar-time approach assumes managers rebalance 

their portfolio monthly with returns already taking cross-correlation of returns into account. 

Take five years as the study period and IPO as the event. Firms which experience events in 

the previous 60 months of the calendar month are included in the portfolio. The number of 

firms varies every month which could potentially cause heteroskedasticity (Lyon, Barber and 

Tsai, 1999). This issue can be overcome by using the weighted least squares technique in 

regression with consideration of the number of firms in each calendar month as weights (Ang 

and Zhang, 2004) or with White‟s (1980) correction or generalized least squares (Gregory, 

Guermat and Al-Shawawreh, 2008). Regarding regression, the equally- or value-weighted 

portfolio monthly returns are taken as one of the inputs in the formula. The factor models 

such as the Fama-French three-factor model are employed to obtain the intercept; this is an 

indicator of abnormal returns. Conventional test statistics are applied on the intercept due to 

approximated normal distribution of this estimator (Mitchell and Stafford, 2000). Despite the 

opinion expressed by Fama (1998), this approach is strongly supported by Brav and 

Grompers (1997), Mitchell and Stafford (2000). Furthermore, Loughran and Ritter (2000) 

pinpoint the fact that the model may underestimate abnormal returns when underperformance 

clusters together with the low power of test. A variant of the calendar-time approach, named 

mean monthly calendar-time abnormal return, is a combination of event-time reference 

portfolios and calendar time (Lyon, Barber and Tsai, 1999). In each calendar month, 

individual stock abnormal return is computed as the difference of stock returns and reference 

portfolio returns. The grand mean of portfolio returns is used to measure and test long-term 

abnormal stock performance.
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Figure 1.1 Two approaches to test long-run abnormal returns 
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1.3 Motivation and contribution 

Long-run event studies are considered to be more problematic than event studies on short 

windows, especially in statistical inferences (Fama, 1991; Kothari and Warner, 1997). Tuch 

and O‟Sullivan (2007) list three major issues in long-run event studies, namely, unreliable test 

statistics due to joint tests, thin trading for some stocks, and overlapping events. Long-term 

stock performance is topical in empirical finance. Two different views exist: the presence of 

anomalies and the absence of anomalies with an underlying assumption of an efficient market. 

Researches focus mainly on known events and event dates, or simulated event studies with 

unknown event dates. Most of the research is based on the US stock market due to the 

comprehensively large number of US firms with a long history. The simulation process with 

random event dates based on historical return data is advocated to support Fama‟ argument 

(1998) concerning the misspecification of models and biased statistical inferences in long-run 

horizons (Kothari and Warner, 1997; Lyon and Barber, 1997; Lyon, Barber and Tsai, 1999; 

Mitchell and Stafford, 2000; Loughran and Ritter, 2000; Ang and Zhang, 2004). These key 

papers are all based on the US market. This gap gives me the first motive to initiate the 

research on the UK stock market over the period of 1982 to 2008 which has a relatively large 

number of small companies. The London Stock Exchange has two major markets: the Main 

Market with mostly large-cap firms, and the Alternative Investment Market (AIM) filled 

mainly with small-cap firms due to its more flexible regulatory requirements. Note that the 

Unlisted Securities Market (USM) only runs from 1980 to 1996. For instance, the Main 

Market totals 1080 UK listed firms with around 55.9% of firms with a market value over 

£50m in 2008. The AIM is mostly filled with small firms; approximately 73% of firms have a 

market value of less than £25m in 2008. With this special characteristic, it is interesting to 

discover whether the UK stock market, with a significant number of small firms, is still 

efficient, compared to prior research based on other markets when applying different 

methodologies within a framework of simulation process. Since small firms prevail in the UK 

stock market, I examine small size effect in detail via robustness checks using different 

approaches; I will then attempt to reduce this effect via the winsorization process in order to 

take outliers of returns into account or use the benchmark matched by size.  
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A number of studies are conducted on long-term stock performance following specific 

corporate events in the UK. Most of them reveal the presence of abnormal returns. However, 

Fama (1998) argues the asset pricing model does not fully capture the characteristics of a firm. 

This model misspecification may potentially result in imprecise abnormal returns. The 

arguments regarding misspecified models of expected return in event-time studies initiate a 

discussion of the calendar-time portfolio approach within a calendar-time framework. Recent 

studies by Kothari and Warner (1997) focus on expected returns measured by different asset 

pricing models; however, Lyon, Barber and Tsai (1999) and Ang and Zhang (2004) only 

investigate abnormal stock performance in long-run horizons based on reference portfolio and 

control firm benchmark in event-time studies and calendar-time approach in calendar-time 

studies. No study yet exists which comprehensively examines all the methodologies including 

models and statistical inferences to test long-term abnormal stock returns covering both 

event-time and calendar-time studies. Therefore, I attempt to conduct a more comprehensive 

simulation process in both event-time and calendar-time studies based on methodologies 

applied by Kothari and Warner (1997), Lyon and Barber (1997), Lyon, Barber and Tsai (1999) 

and Ang and Zhang (2004). The event-time studies include expected returns measured as a 

proxy from different asset pricing models or based on reference portfolios and a control firm 

with similar characteristics as sample firms. The calendar-time studies consist of the 

conventional calendar-time portfolio approach and mean monthly calendar-time abnormal 

returns, which has benchmarks based on different criteria. Cumulative abnormal returns and 

buy-and-hold abnormal returns are both applied to measure the stock performance over one-, 

three- and five- years. Furthermore, the statistical inferences cover parametric tests 

(conventional student-t test and skewness-adjusted test) and nonparametric tests (bootstrapped 

skewness-adjusted test statistics, empirical p value from pseudoportfolios, sign test, and rank 

test). The power of test is also investigated in three investment horizons. Both random 

samples and non-random samples such as small-/large-cap firms, firms with 

low-/high-book-to-market ratios are examined. Therefore, this thesis aims to provide a 

comprehensive framework of long-term abnormal stock performance study based on the 

historical simulation process.  
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Last but not least, regarding the calendar-time approach, only ordinary and weighted least 

squares techniques are adopted by Ang and Zhang (2004) in the simulation procedure so as to 

deal with the issue of heteroskedasticity. The generalized least squares technique introduced 

by Gregory, Guermat and Al-Shawawreh (2010) and the White (1980) correction test have not 

yet been utilized via the simulation process in prior literature. I, therefore, apply all four 

techniques with correction to heteroskedasticity in order to identify which technique 

outperforms the others.  

 

1.4 Structure of the thesis 

This thesis is structured with six chapters: introduction, literature review, event-time approach: 

simulation based on models, event-time approach: simulation based on reference portfolios, 

calendar-time approach and conclusion.  

 

Chapter 2 starts with evidence of long-term abnormal performance documented by prior 

literature in the last few decades to show the overwhelming and extensive empirical studies. 

Due to the broad range of events investigated in the literature, I only discuss the most popular 

three topics, namely, initial public offering, seasoned equity offering, and mergers and 

acquisitions, in the context of long-run abnormal stock performance. Then, I move on to 

discuss the widely accepted and controversial methodology: event studies. The procedures of 

event studies are summarized in seven steps according to Campbell (1997). The first question 

in event studies is: what is a normal return? It is an expected return which can be measured by 

different models such as capital asset pricing model, factor models or even a proxy from 

reference portfolios. The models suffer strong criticism in the literature due to their inability 

to capture all the characteristics of a stock. The second question is how to measure abnormal 

returns. Regardless of a single stock or portfolio, cumulative abnormal returns and 

buy-and-hold abnormal returns are employed to measure abnormal returns across time or 

firms. Cumulative abnormal returns are subject to debate on three biases: new listing bias, 

measurement bias and skewness bias, while buy-and-hold returns are criticized for their new 

listing bias, rebalancing bias and skewness bias as summarized by Lyon and Barber (1997). 
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The third question is whether the statistical inferences successfully test the significance of 

abnormal returns in event studies. Several kinds of test statistics including parametric and 

nonparametric tests are proposed to fit in the context of event studies. I further discuss the 

issues of event studies such as cross-sectional abnormal returns, skewness and so on. In the 

last two sections, I review prior research on the event-time and the calendar-time approaches 

in detail by examining studies, especially those utilizing simulation processes, such as Kothari 

and Warner (1997), Lyon and Barber (1997) Mitchell and Stafford (1999), Lyon, Barber and 

Tsai (2000).  

 

Chapter 3 covers an empirical study of the event-time approach based on models. The first 

section explains the source and process of data with an illustration of preliminary descriptive 

statistics of the raw data. Five models: market-adjusted model, market model, capital asset 

pricing model, Fama-French three-factor model and Carhart four-factor model, are examined 

in this chapter. The statistical inferences include conventional student t test with an 

assumption of a normal distribution of abnormal returns and Wilcoxon signed-rank test, a 

non-parametric test that is distribution-free. After performing programs in STATA, a 

well-functioned and popular software applied in a simulation process, I discuss the empirical 

results in two sections: random samples and non-random samples. In random samples, I 

report results of the rejection frequency at significance levels of 1% and 5% over one-, three- 

and five-year investment horizons, respectively. Both cumulative abnormal returns and 

buy-and-hold returns are discussed for comparison. Furthermore, two issues including 

distribution of abnormal returns and sample selection bias which potentially bring in biases in 

the results are examined. Non-random samples such small firms, large firms are examined for 

robustness check.  

 

Chapter 4 details event-time studies based on reference portfolios, including control firms as 

benchmarks. To begin with, the raw data is the same methods but with different screening 

criteria. Secondly, I closely follow the research methodology applied by Lyon, Barber and 

Tsai (1999). The first section discusses the setup of reference portfolios. It is important to 

justify the benchmark portfolios which have different criteria. I eventually have reference 
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portfolios established by size, by book-to-market ratio, by size and book-to-market ratio, and 

equally weighted market portfolios. Moreover, I have a single control firm, matched by size, 

book-to-market ratio or both as the event firm. The second part of the methodology covers 

statistical inferences which have conventional test statistics together with adjustment of 

skewness and nonparametric tests such as bootstrapped skewness-adjusted test statistics, 

empirical p value from pseudoportfolios and Wilcoxon signed-rank test. The simulation 

process is conducted in 250 samples of 200 firms, a small number of samples compared with 

studies by Lyon, Barber and Tsai (1999). This is due to the smaller number of firms in the UK 

stock market compared with the US. The empirical results are discussed in two sections: 

random samples and non-random samples. In random samples, both rejection rates of 

cumulative and buy-and-hold abnormal returns are discussed based on different tests. 

Moreover, the power of test with reference portfolios by size and BTM when applying 

BHARs over three investment horizons is examined. The non-random sample includes firms 

with small/large size, low/high book-to-market ratio, and industry clustering. Furthermore, I 

explore two issues in this method. One is industry clustering with sample firms clustering in 

the same industry. The other is calendar-time clustering with sample firms sharing the same 

event month.  

 

Chapter 5 demonstrates the effectiveness of the calendar-time approach to deal with 

cross-sectional abnormal returns. Initially, the data, which is similar as the one applied in 

chapter 4, is briefly discussed. Additionally, the construction of reference portfolios is 

discussed in details. Secondly, I discuss research methodology according to Lyon, Barber and 

Tsai (1999) and Ang and Zhang (2004) in two parts. The first part illustrates models applied 

such as the Fama-French three-factor model, Carhart four-factor model and mean monthly 

calendar-time abnormal returns. It also includes the simple test statistics from regressions and 

the simulation process. Note that the portfolio returns in calendar months, rather than 

individual stock returns, are applied in the regression. The empirical results are discussed in 

two sections: conventional calendar-time approach and mean monthly calendar-time abnormal 

returns. Both sections have two subsections - random samples and non-random samples. As 

for the conventional calendar-time approach, in random samples, I focus on the rejection 
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frequency based on equally weighted and value weighted portfolios. Both coefficients and 

power of test are discussed. Furthermore, I analyze the effect of winsorization which is 

applied to deal with outliers in stock returns. All tests including ordinary least squares, 

weighted least squares and generalized least squares in both weighting schemes are examined. 

In non-random samples, firms with small/large size, low/high book-to-market ratio, industry 

clustering, calendar-time clustering, and overlapping returns are discussed. The second 

empirical results are based on the mean monthly calendar-time abnormal returns. Both 

random sample and non-random samples are examined under equal weights and value 

weights with the application of benchmarks matched by size, BTM and both.  

 

Chapter 6 summarizes empirical findings and discusses limitations and further potential 

research topics. Moreover, the implication for the finance industry is discussed.  
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Chapter 2 Literature Review 

 

2.1 Introduction 

“In general terms, the theory of an efficient market is concerned with whether prices at 

any point in time ‘fully reflect’ all available information. “ 

                                                        ----Fama (1970) 

Financial market anomalies, which are contrary to market efficiency hypothesis, are 

extensively documented and exploited in the literature. In the context of event studies, much 

controversy exists regarding whether there are abnormal returns over a long-time horizon, 

defined as one to five years. The methodology of event studies that examines stock 

performance following an event is summarized in detail by MacKinlay (1997), Campbell et al. 

(1997) and Kothari and Warner (2006). Initiated from event studies carried out by Fama, 

Fisher, Jensen and Roll (1969) based on stock split, attention is attracted to investigate stock 

performance with the application of event studies following major corporate events such as 

earning announcement, initial public offering, seasoned equity offering, takeovers. Extensive 

evidence regarding stock market anomalies with consistent abnormal stock returns is 

documented over the past few decades.
1
 These anomalies are considered to indicate strong 

evidence of market inefficiency. However, as suggested by Fama (1970), the market 

equilibrium model is tested jointly with market efficiency. Therefore, the anomalies with 

overrejection of the null hypothesis of absence of abnormal returns could be potentially 

caused by misspecification of models and biased statistical inferences. Fama (1998) reviews 

prior research on event studies and concludes the market efficiency hypothesis holds due to 

the apparent frequency of underreaction as well as overreaction, and of post-event persistency 

of abnormal returns as post-event reversals. Moreover, he emphasizes the fact that long-run 

abnormal returns are sensitive to methodologies applied. This argument arouses the interest of 

academia and suggests a shift of attention to search for an improved model which can 

                                                             
1
 Earning announcement (Jones and Litzenberger, 1970), IPOs(Ritter, 1991; Loughran and Ritter, 1995); 

SEOs(Loughran and Ritter, 1997; Jegadeesh, 2000); mergers (Jensen&Ruback,1983; Magenheim&Mueller,1987;); 
Acquisitions(Mitchell and Stafford,2000) 
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completely capture the characteristics of stocks in conjunction with unbiased statistical 

inferences.
2
 However, until now, no consensus exists regarding which model is superior. It is 

worth noting that the short-term event studies are less problematic than long-run event studies 

because longer time horizons compound errors and produce unreliable statistical inferences.  

 

The literature regarding event studies is categorized into two groups: even-time approach and 

calendar-time approach. The event-time approach can be further divided into two variants. 

The first, advocated by Kothari and Warner (1997), is based on normal return defined as a 

proxy from different pricing models. The authors demonstrate severe misspecification of 

models with overrejections of the null hypothesis of zero abnormal returns across all models. 

The second event-time approach based on reference portfolios is proposed by Lyon and 

Barber (1997, 1999). They suggest reference portfolio returns be taken as a benchmark return 

to compare with observed stock returns in order to detect abnormal returns. Reference 

portfolios are constructed based on size, or book-to-market ratio, or both, or equally weighted 

market portfolios, or a single control firm. To deal with the assumption of normal distribution 

when applying conventional test statistics, they introduce non-parametric tests such as 

bootstrapped skewness-adjusted test statistics and empirical p-value from pseudoportfolios 

which do not require distribution of abnormal returns. However, this methodology is subject 

to criticism of cross-sectional abnormal returns and „poor model‟. Moreover, it does not work 

as well in non-random samples as in random samples. Therefore, they examine long-term 

stock performance based on the calendar-time approach, first introduced by Jaffe (1974) and 

Madelker (1974). Although this methodology identifies dependence of abnormal returns and 

works well in non-random samples, it is under criticism for three major issues. Firstly, it fails 

to take into consideration investors‟ experience regarding buy-and-hold returns. It also has 

lower power of test when introducing abnormal returns over periods. Lastly, the models based 

on the Fama-French three-factor model and Carhart four-factor model are still misspecified; 

this “can be attributed to the inability of firm size and book-to-market ratio to capture all of 

the misspecifications of the Capital Asset Pricing Model” (Lyon, Barber and Tsai, 1999). 

                                                             
2
 Kothari&Warner (1997), Lyon and Barber (1997, Barber, Lyon and Tsai (1999), Mitchell and Stafford (2000), 

Loughran and Ritter(2000), Ang and Zhang (2004) 
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2.2 Evidence of abnormal returns in the long-run event studies 

The contrary views of the market efficiency hypothesis suggests not only that the price of 

stock does not fully and immediately reflect new information in a short run, but also indicates 

that abnormal performance exists in the long-term (one to five years). Since the studies 

undertaken by Ritter (1990) reveal findings of underperformance of IPOs in three years, a 

growing body of literature has shifted focus from short-term to long-term stock performance 

studies. The evidence of long-run abnormal returns with mixed results following corporate 

events such as equity issuance, dividends, stock splits, is widely documented in prior research. 

I subsequently discuss three of the most popular corporate events: initial public offering, 

seasoned equity issuing and mergers and acquisitions.  

 

2.2.1 Initial Public Offerings (IPOs) 

Most previous studies focus to a greater extent on initial stock performance based on the 

event date rather than aftermarket performance over a longer time horizon. However, earlier 

studies by Stoll and Curley (1970) document underperformance of only small IPO firms, 

whereas Ibbotson (1975) reveals consistency of market efficiency in the aftermarket but 

positive returns in the first year, negative returns in the next three years and positive in the 

fifth year. Furthermore, Buser and Chan (1987) show a positive performance of 6.2% in the 

first year and 11.2% in two years by applying IPOs during the period covering 1981 to 1985. 

Aggarwal and Rivoli (1990) test a sample of 1598 IPOs during the period of 1977 to 1987 and 

document the average returns of -13.73% from a period covering the close of the first trading 

day until the 250 trading days later. A developing literature is emerging focusing on long-run 

abnormal performance since the first paper published by Ritter (1991) who extends the 

post-IPO period to three years and finds consistent results of underperformance compared to 

previous studies. In his studies, 1526 IPOs covering the period from 1975 to 1984 are 

examined. The average return for the sample is 34.47%, while the average return for the 

benchmark of firms with similar characteristics is 61.86% over the time horizon of three years. 

The following study undertaken by Loughran (1993) examines 3,556 firms going public in 

the US market from 1967 to 1987. Underperformance of IPOs is evidenced with 17.29% of 

IPOs‟ returns and 76.23% of benchmark return over a six-year investment horizon. 
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Furthermore, Loughran and Ritter (1995) extend the study period to 1990. Sample firms 

going public are matched with a benchmark firm by size. Approximately -7% of abnormal 

returns is documented over five years. Rajan and Servaes (1997) compare post-IPO stock 

returns with market returns measured by NYSE and AMEX indices and show 

underperformance of firms going public with returns of 17%, whereas the benchmark return 

is 47.1% in a five-year investment horizon. Incorporating stocks from NASDAQ as a 

benchmark together with NYSE and AMEX, Carter, Frederick and Singn (1998) demonstrate 

findings of stock returns of IPO firms which are 19.92% lower when compared with the 

benchmark. A rapidly growing body of research applied similar methodology on different 

markets other than the US stock market and show consistent empirical results as Ritter (1991). 

Levis (1993) uses the IPO data during the period of 1980-1988 from the London Stock 

Exchange to test the robustness of previous studies. A sample of 712 IPOs shows 

underperformance over three years even with three different benchmarks-the Financial Times 

Actuaries All Share Index, the Hoare Govett Small Companies Index and the All Share 

Equally Weighted Index. The magnitude of abnormal performance ranges from -8.31% to 

-22.96% with the application of cumulative abnormal returns. Furthermore, the performance 

tends to be poorer when extending the post-event period to four and five years. When it 

comes to BHAR measurement, negative performance is not as excessive as the US evidence. 

Levis extends the empirical analysis in different stock markets such as the USA and Brazil. 

Similarly, the Finnish market documented substantial underperformance for IPOs with -22.4% 

of total average sample returns and -1.6% of benchmark returns over a three-year time 

horizon (Keloharju, 1993). Other markets are also explored for anomalies of IPOs, such as 

New Zealand (Firth, 1997), Hong Kong (McGuinness, 1993), Australia (Lee et al., 1996).  

Following the methodology outlined by Loughran and Ritter (1995), Brav and Grompers 

(1997) document underperformance of venture-backed and nonventure-backed IPOs based on 

a wide range of benchmarks over the period of 1972-1992. Applying the conventional 

buy-and-hold approach, empirical results indicate venture-backed IPOs tend to outperform 

nonventure-backed IPOs because of more apparent information, higher shareholding by 

institutional investors and capitalists‟ reputation. The negative abnormal returns are not 

consistent over the whole study period under investigation. Taking equally-weighted 
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venture-backed IPO returns as an example, the underperformance dates from 1978 onwards. 

From 1976 to 1978, the trend of positive returns is evident. Although underperformance of 

IPOs is found when applying the buy-and-hold approach, this is not statistically significant 

when applying the calendar-time approach. Furthermore, portfolios of similar size/BTM to 

IPO firms demonstrate poor performance, indicating that underperformance is not caused by 

an IPO event. It is commonly believed that stocks which go public tend to have high initial 

returns and lower returns in the long-run compared with non-IPO firms.  

 

Nevertheless, some studies argue that the universal proposal of underperformance of IPOs 

does not stand in certain circumstances. Brav and Gompers (2000) find no evidence of 

underperformance for firms going public over the period of 1975 to 1992 in five-year 

investment horizons. Furthermore, Schultz (2003) illustrates the underperformance of IPOs is 

subject to “pseudo market timing‟; this means firms tend to go public in A similar timeline 

due to “high market returns and high returns for comparable firms”. He suggests applying 

calendar-time returns which distribute equal weights to calendar months rather than 

event-time returns which give equal weights to IPOs. His findings imply no 

underperformance of IPOs is found when measuring returns in calendar-time. This conclusion 

suggests the underperformance of IPOs according to prior studies does not offer sufficient 

evidence concerning the argument against market efficiency. However, Ang, Gu and 

Hochberg (2007) argue that the underperformance of IPOs stands the test of the robustness 

checks in both calendar-time and event-time approaches. Furthermore, they suggest the 

underperformance of IPOs measured in calendar time “reappears” in longer investment 

horizons. Grompers and Lerner (2003) continue to question the justification of 

underperformance of IPOs if applying alternatives. They investigate IPOs from 1935 to 1973 

before the NASDAQ was launched. The research subject in their study covers a small sample 

of firms, which is also taken as an attribute to go public by Loughran and Ritter (1995). Their 

findings reveal evidence of underperformance of IPOs with the application of value-weighted 

event-time buy-and-hold abnormal returns and no evidence when an equal weighting scheme 

is applied. However, Ang, Gu and Hochberg (2007) utilize a Markov switching model to 

oppose the idea of measurement issues.  
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2.2.2 Seasoned Equity Offerings (SEOs) 

Empirical studies reach universal findings of negative stock returns on the event date and 

underperformance in the long-run following an equity issuance. Smith (1977) initially 

documents underpricing of firms issuing equities with a sample of 328 firms. Subsequent 

research in the 1980s completes models to study price reactions post-SEOs (Parsons and 

Raviv, 1985; Bhagat and Frost, 1986; and Giammarino and Lewis, 1989). Loughran and 

Ritter (1995) examine a sample of 3,702 SEOs over the period of 1970 to 1990. Firms 

undertaking SEOs have -8% of abnormal returns. Even the average annual returns of sample 

firms do not exceed the returns of T-bills. Five different benchmarks are applied to test the 

stock performance. It is shown that abnormal performance is more noticeable when using the 

S&P00 Index. Apart from the market size, book-to-market ratio is also used as criteria for 

matched firms. Nevertheless, limited explanation can be attributed to the underperformance 

after the control. It is worth noting that underperformance is more obvious when an active 

market exists for issuance. Spiess and Affleck (1995) find consistent evidence of 

underperformance for both IPOs and SEOs by examining firms over the period of 1975 to 

1989. Particularly for SEOs, the difference of average returns between sample firms and 

benchmark firms with similar characteristics is -32.3% over five years. Furthermore, 

persistent underperformance is documented when controlling different factors such as size 

and book-to-market ratio. On the basis of previous studies on SEOs, Lee (1997) initiated a 

question of whether there is any relation between long-run returns of firms with SEOs and 

insider trading over three years. He classifies the sample into two categories: primary 

offerings (>=50% IPOs) and secondary offerings (<50%). If the issuer sells shares before 

issuing and the stock underperforms when compared with benchmark controlling for size, 

industry and book-to-market ratio, then this indicates that the issuer knows the stock is 

overvalued. Underperformance is found for both the primary offerings and secondary 

offerings by the author. But this only works for top executives who sell shares before issuing. 

When it comes to those who purchase shares, no evidence suggests underperformance for 

secondary offering with executives‟ purchases. Jegadeesh (2000) matches SEOs in the US 

stock market over the period of 1970 to 1994 with benchmark firms by size, book-to-mark 

ratio, earnings-to-price ratio, lagged six-month returns and lagged 36-month returns. 
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Benchmark returns are measured based on both value-weighted and equal-weighted schemes. 

Strong evidence of underperformance of SEOs over five years is shown by the author in 

different benchmarks. For instance, SEOs underperform 39.6% with a benchmark matched by 

both size and book-to-market ratio and 47.5% with a size-matched benchmark.  

 

Similarly, SEOs also suffer criticism on the issue of misspecified benchmarks. It is common 

to use the reference portfolios approach to match the firm experiencing SEO with similar 

characteristics. Among those firms in a reference portfolio, it also includes firms which go 

public. In this case, since IPOs underperform in the long run,  as suggested by Ritter (1991), 

the return of a benchmark portfolio tends to have lower return which gives a misleading 

conclusion regarding  the performance of SEOs (Loughran and Ritter, 2000). Jegadeesh 

(2000) shows abnormal return of -25.7% for SEOs when excluding IPOs in the benchmark 

and of -36.6% when including IPOs in the benchmark under the value-weighted scheme. 

Moreover, the author argues misspecification of factor models, taken as proxies of benchmark 

returns, result in the misleading conclusions of underperformance of SEOs. Furthermore, 

Eckbo, Masulis and Norli (2000) demonstrate statistically insignificant underperformance of 

SEOs as a result of benchmarks which do not adjust risks. Multiple equity offerings, which 

occur more commonly in banking industries due to capital ratio requirements, show no 

evidence of abnormal performance in the first sales (Slovin, Shushka, and Polonchek, 1991). 

The authors also present evidence of strong underperformance when a bank meets capital 

requirements in the first and follow-up SEOs. However, D‟Mello, Tawatnuntacha, and Yaman 

(2002) include other non-financial firms apart from banks in the sample and reach the 

opposite conclusion. They state that firms display statistically significant negative abnormal 

returns in the first sales and insignificant results in the subsequent sales.  

 

2.2.3 Mergers and Acquisitions 

The empirical findings regarding stock performance following mergers and acquisitions for 

acquirer and target are mixed since Roll initially indicates potential non-zero abnormal returns 

in 1986. Underperformance of stock prices in the long run for acquiring firms is evidenced 

with extensive research. Based on the US merges, Langetieg (1978), Asquith (1983) and 
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Magenheim and Mueller (1988) present significantly negative abnormal returns for acquirers 

after acquisition in one- to three-year investment horizons. Significant negative post-merger 

performance with -0.1026% CAAR over five years after adjustment of size and beta is found 

by Agrawal, Jaffe and Mandelker (1992). With control of size and book-to-market ratio, 

Anderson and Mandelker (1993) indicate statistically significant CAARs with approximately 

-0.0956% and -0.0931% with adjustment of size and book-to-market ratio over a five-year 

time horizon, respectively. Two-year CAARs are studied by applying six models based on the 

UK stock market over the period of 1984 to 1992, (Gregory, 1997). The two-year CAARs 

range from -11.82% to -18% with statistical significance that suggests strong evidence of 

underperformance for acquirers. Moreover, the magnitude of negative abnormal returns in the 

UK stock market is found to be larger than that in the US stock market. Loughran and Vijh 

(1997) firstly introduce buy-and-hold return based on a benchmark of control firms to test 

abnormal performance of the target and the acquirer. Their results covering the period of 1970 

to 1989 show that the five-year abnormal returns are statistically insignificant for acquirers. 

The abnormal returns for acquiring firms using stock financing and cash after completion of 

acquisitions are -24.4% and 18.5% in five years, respectively. To incorporate adjustment of 

systematic risk, size and book-to-market ratio, Rau and Vermaelen (1998) investigate 2,823 

merger and 316 tenders in the US market from 1980 to 1991 and show mergers bear a 

negative abnormal return of -4.0%. Moreover, Mitchell and Stafford (2000) examine 2,068 

transactions between 1961 and 1993 with the application of the Fama-French three-factor 

model in three years. Mergers reveal a significant negative abnormal return of -0.04% based 

on the equally weighted scheme and -0.03% based on the value weighted scheme. Moeller et 

al. (2003) apply the buy-and-hold return measurement in the event-time approach and 

calendar-time approach based on 12,023 US acquisitions during the  period of 1980 to 2001 

and document significant negative abnormal returns in three years.  

 

Although it seems the idea of underperformance for acquirers in the long run is well proven, 

other evidence indicates different views. Franks, Harris and Titman (1991) demonstrate 

significant positive abnormal returns for small deals based on 399 acquisitions in the US 

market over the period of 1975 to 1984. Note that they adjust systematic risk and size. 
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Furthermore, Rau and Vermaelen (1998) provide similar findings in a larger sample size 

based on merger and tender offers. Besides significant negative and positive abnormal returns, 

acquiring firms are claimed to exhibit insignificant abnormal returns after takeovers. This 

suggests there is no impact from takeovers on long-term stock performance of acquiring firms. 

In early studies, Mandelker (1974) applies the factor model introduced by Fama and MacBeth 

(1973) to examine 241 mergers in the New York Stock Exchange from 1941 to 1962. 

Insignificant abnormal returns over the first 10 and 20 months after merge are exhibited. 

Dodd and Ruback (1977) record insignificant test statistics for abnormal returns for CAAR 

over five years with the application of the market model. Frank, Harris and Titman (1991) 

apply a multifactor model and find insignificant underperformance over three years. Similar 

results were found by Loderer and Martin (1992) with longer investment horizon than five 

years but significantly negative three-year abnormal returns. With regard to the consideration 

of cross-sectional abnormal returns, Mitchell and Stafford (2000) still document no significant 

abnormal returns for acquirers over three years with a sample of 2,068 US deals. This view is 

echoed by Ikenberry et al. (2000), Andre, Kooli and L‟her (2004), Dutta and Jog (2009) who 

investigate the Canadian acquisitions from the 1980s to 2000s and find no significant 

abnormal returns for acquiring firms in the long run.  

 

2.3 Event studies 

2.3.1 Background of event studies 

“The cleanest evidence on market-efficiency comes from event studies……event studies can 

give a clear picture of the speed of adjustment of prices to information.” 

                                                   -Fama (1991) 

The efficient market hypothesis, summarized by Fama (1970), illustrates that the price of a 

stock reflects all the relevant information including public and private information fully and 

simultaneously. This means when a macroeconomic event such as interest rate policy or a 

corporate-level event such as an announcement of earning takes place, the price of the stock 

should be incorporated with the news flow immediately. However, anomalies following 

events are widely documented for both short- and long-term stock performance with the 
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applications of event studies which examine the impact from an event on the firm. Most 

empirical studies focus on short-run event studies which examine stock performance around 

the event date, with daily stock returns. Since the event window is short, the daily expected 

return is close to zero; this produces more reliably statistical inferences with limited negative 

impact from models applied to achieve expected returns. Moreover, the underlying 

assumption of short-run event studies implies even if there is a delayed reaction of prices, it 

disappears quickly since the event window is short. However, a vast body of literature 

disagrees with this assumption, arguing that stock performance over longer periods can test 

market efficiency more accurately if the market takes a longer time to digest the new 

information. Long-term stock performance bears with a joint test of a well-specified 

equilibrium model and market efficiency (Fama, 1970). Therefore, although long-term stock 

performance following major corporate events is extensively studied, researchers cast doubt 

on the reliability of statistical inferences in long-run test statistics due to risk adjustments in 

expected returns, independence of abnormal returns and the power of test.
3
 A fruitful body of 

empirical studies based on the methodology of event studies not only focuses on accounting 

and finance but also other areas such as marketing, economics, law, management, and history. 

 

Event studies provide a satisfactory solution to investigate how the prices react to the 

announcement of information including managerial decisions such as dividend policies, 

equity issues. The methodology of event studies can be traced back to a seminal article 

published by Dolley in 1933. A sample of 95 firms experiencing stock splits from 1921 to 

1931 is examined for the price change following the event. Approximately 60% of firms have 

price increases, while 30% of firms experience negative stock returns. The remaining 12 firms 

have no significant change in prices. Inspired by Dolley‟s study, event studies attract more 

and more academics‟ attention in the 1940s and 1950s (Myers and Bakay, 1948, Austin 

Barker, 1956, Ashley, 1962). In 1960s, the empirical work by Ball and Brown (1968) examine 

the relationship of income to stock prices with the application of event studies. Three models 

are adopted to predict the movement of forecasted income and chi-square is used to examine 

the relation between income and abnormal performance index. If the actual earnings changes 

                                                             
3
 Kothari and Warner (2008) 
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are larger than those which are estimated from models, this is an indication that the stock 

return is expected to be positive. The authors conclude the price reflects approximately 80% 

to 90% of news before the earnings announcement, whereas income explains 50% of stock 

price changes. Moreover, the market adjusts stock price to its original level in 3 to 6 months 

after the announcement, suggesting market efficiency still holds in this circumstance. 

Following this, Fama, Fisher, Jensen and Roll (1969) offer a standard framework of event 

studies which is cited 2092 times by 2010. This is an event-time analysis which should be 

differentiated from a calendar time analysis. By taking an event date as an announcement date 

of a stock split, they study 622 firms with 940 splits excluding dividends in the US market 

during the period of January 1927 to December 1959. The market model is applied by 

regressing logarithm stock returns on logarithm market returns which use CRSP NYSE 

market portfolio returns as a proxy. The residual from the regression is taken as a proxy of 

abnormal return. The test period is from the previous 29 months before announcement date to 

30 months thereafter. The test statistics are based on cumulative average abnormal returns 

across firms and months. They arrive at a similar conclusion to Ball and Brown (1980), that 

the stock price reflects the information event before the formal announcement.  

 

Brown and Warner (1980, 1985) initially shed light on the statistical properties of daily and 

monthly stock returns when conducting event studies. Over the last two decades, a growing 

body of research follows. This questions the reliability of long-run event studies so as to 

support the market efficiency hypothesis with the argument that anomalies come from 

misspecification of models and statistical inferences. Kothari and Warner (1997) study 

long-term stock performance with unknown event dates via simulation. The market-adjusted 

model, market model, Fama-French three-factor model and capital asset pricing model are 

evidenced with misspecification tests with overrejection of the null hypothesis of zero 

abnormal returns in both cumulative abnormal returns and buy-and-hold returns. Meanwhile, 

Lyon and Barber (1997) construct reference portfolios as a benchmark to detect abnormal 

returns. The three types of benchmarks are “a reference portfolio, an appropriately matched 

control firm, and an application of the Fama-French three-factor model”. The control firm 

approach matched by size and book-to-market ratio together with conventional test statistics 
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is claimed by the authors to produce a well-specified test and reduce biases such as the new 

listing bias, rebalancing bias and skewness bias. Fama (1998) summarize literature regarding 

event studies to test the market efficiency with the argument that “long-term return anomalies 

are sensitive to different models”. Based on prior research, Lyon, Barber and Tsai (1999) 

propose nonparametric tests in addition to parametric tests so as to take in account the issue of 

skewness which violates the assumption of normal distribution. They conclude that the 

buy-and-hold abnormal returns in conjunction with bootstrapped skewness adjusted test 

statistics outperform. Furthermore, they advocate the application of the calendar-time 

approach, initially introduced by Jaffe (1974) and Mandelker (1974), to deal with the 

cross-sectional dependence abnormal returns. However, they argue that this approach does not 

reflect investors‟ experience as does the buy-and-hold return approach. Although the reference 

portfolio approach, control firm approach and calendar-time approach produce specified 

results in random samples, when it comes to non-random samples, they lose their power. 

Mitchell and Stafford (2000) question the approach proposed by Lyon et al. (1999), with an 

argument of violation of independence of abnormal returns. On examination of specific 

corporate events including mergers, seasoned equity offerings and share repurchases, they 

reach a conclusion even with the consideration of “positive cross-correlations of event-firm 

abnormal returns”, no evidence of abnormal returns is found. They again strongly advocate 

the application of the calendar-time approach. Loughran and Ritter (2000) imply a “positive 

model”, such as the control firm approach and reference portfolio approach, is inappropriate 

in its application to test market efficiency, while a “normative model” such as the asset 

pricing model is more suitable. However, the multi-factor model, such as the Fama-French 

three factor model, is claimed to be unsuitable because it underestimates abnormal return 

based on the value-weighted scheme when the corporate event is managerial decisions. Ang 

and Zhang (2004) conduct a simulation process to test the null hypothesis of zero long-term 

abnormal return, based on the calendar-time approach and buy-and-hold approach. They 

demonstrate the loss of power when the investment horizon lengthens. The control firm 

approach together with sign test is claimed to present the best performance. Although a heated 

discussion arose between defenders of market efficiency and opponents of market efficiency 

with fruitful published and upcoming articles, no consensus has been reached.  
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Long-run event studies, which normally have event windows lasting for more than 12 months, 

are classified into two types of analysis. One is event-time analysis which includes both 

cumulative abnormal returns and buy-and-hold abnormal returns using benchmark returns 

based on factor models or characteristics matched firms. For a single firm A, suppose it has an 

IPO in January, 2000, with a monthly return of 5%. The event month of January 2000 is 

denoted as month 0. If the study period is one year, then after the event month, months 1 to 12 

are allocated to match with February, March and so on. This system is more straightforward 

and useful when there is a portfolio with multiple firms. Suppose firm B has an IPO in 

February, 2000, with a monthly return of 10%. As before, the event month of firm B is 

February, 2000, which is denoted as month 0. March, 2000 for firm B is then denoted as 

month 1. When assessing the cumulative returns of two firms in the event-time analysis, the 

portfolio return is computed based on the timeline of denoted months instead of the actual 

month. That is to say, the portfolio return in month 0 (event month) is 5% + 10% = 15%. The 

alternative analysis is based on calendar time, which calculates calendar-time returns for a 

portfolio of event firms based on an equally-weighted or value-weighted scheme by the 

application of multiple-factor models. The timeline is based on calendar time rather than 

allocated event time. Firms are assumed to experience an event in the previous n months prior 

to the calendar month. Applying the previous example of firm A and firm B. In the calendar 

month of February, 2000, since firm A has an event in January 2000, this is included in the 

portfolio. However, if firm B has an event in February, it has to be included in the portfolio 

when it comes to the calendar month of March. Therefore, in March, 2000, the portfolio 

comprises both firm A and B. After collecting the portfolio returns across calendar months, 

the regression based on the multifactor model is run to achieve the intercept which is a proxy 

to test if the long-term abnormal return is zero. As previously discussed, both approaches 

have advantages and disadvantages, making it difficult to determine which is superior.  

 

Campbell, Lo and MacKinlay (1997) outline seven basic procedures to conduct event studies. 

Firstly, an event and event window need to be identified. An event includes both Macro-level 

and company-specific events. For instance, if the management of a firm decides to have cash 

dividends issued, this can be taken as an event. The date, when the announcement of the 
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dividend policy is made, is considered as the event date. Researchers are interested in the 

stock price movement either before or after the event date, normally over a period. If it is a 

short-lived effect study, stock return on the event date or one or two days following the 

announcement is investigated. If it is a long-term stock performance study, stock returns can 

be extended to between one and seven years. Short-horizon studies focus on how rapidly the 

news is reflected into the price, whereas long-horizon studies focus on tests of market 

efficiency and specification of an equilibrium asset pricing model. The timeline of event 

studies includes an estimation window, event window and post-event window. Most long-run 

event studies have a short event window, for example, one month or one day (Lyon and 

Barber, 1997). When applying economic models, coefficients in the models are estimated 

based on stock returns in the estimation window; these can be defined as pre-event or 

post-event returns. The second step concerns sample selection. After identifying an event, a 

sample of firms needs to be carefully chosen according to the purpose of studies. For instance, 

when estimating the coefficients in a model, such as CAPM, availability of returns over the 

estimation window is required. The firms with missing returns over the estimation period 

need to be excluded from the sample (Kothari and Warner, 1997). Furthermore, firms with 

similar characteristics may need to be excluded from the sample due to potential bias from 

inter-correlation. For instance, when a firm experiences multiple events within the event 

period, its returns overlap the study period. This indicates cross-sectional dependence of 

returns which brings up the issue of unreliable statistics. Alternatively, if firms in the same 

industry cluster in one sample, returns of firms have an impact on each other which violates 

the assumption of conventional statistical inferences. Kothari and Warner (1997) argue 

potential biases come from the data screen. Thirdly, the measurement of normal and abnormal 

returns needs to be determined. The abnormal returns are simply the difference between 

actual stock returns and expected returns. As for actual returns, two approaches exist to 

achieve this through prices. One is simple return, which is sum of capital gain and dividend 

gain relative to previous prices. The other is logarithm returns; these apply natural logarithms 

of simple returns. Log return is widely applied in time-series, while simple return works well 

in panel data. There are many benchmark settings for expected returns. These can be market 

return under different weighting schemes such as FTSE ALL SHARE, or non-event reference 
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portfolio returns based on similar characteristics such as size; alternatively a control firm 

matched with similar characteristics or a proxy from asset pricing models such as the market 

model. Moreover, the accumulation of abnormal returns can be categorized as cumulative 

abnormal returns and buy-and-hold returns. Fourthly, the estimation process is conducted. 

When the asset pricing model is applied to achieve normal returns, the parameter estimates 

can be achieved from regression of single stock returns on control factors. The parameter 

estimates are achieved from regression of returns on multiple factors. Returns over the 

pre-event and post-event periods can be applied in the regression. However, the pre-event 

window is commonly applied in the estimation process due to its lesser impact from the event 

compared with the post-event window. Fifthly, test statistics are computed after obtaining the 

abnormal returns. The null hypothesis is assumed to be zero mean abnormal return, which 

suggests an absence of abnormal performance. The two most popular streams of statistical 

inferences are parametric tests which bear an assumption of normal distribution and 

nonparametric tests that do not have requirement of distribution. It is worth comparing which 

test has the higher power to test the abnormal returns. Lastly it comes to presentation of 

results and conclusion.  

 

2.3.2 What is a normal return? 

The normal return is defined as an expected return when a firm does not experience an event. 

Particularly for long-run event studies, normal returns need to be carefully calculated since 

small errors accumulate. The measurement of a normal return can be classified into three 

groups: models which capture the major risks and characteristics of event firms, reference 

portfolios matched with event firms with similar characteristics and lastly, the control firm 

approach. The five popular models are constant-mean-return model, market model, 

market-adjusted model, capital asset pricing model (CAPM) and multi-factor model such as 

the Fama-French three-factor model or Carhart four-factor model. The normal returns of an 

event firm over an event window are estimated, based on coefficients from regression of 

returns of the firm over an estimation period. Therefore, it is necessary to identify a model 

which is well specified in order to capture as completely as possible the price impact from the 

event. The widely applied criteria to construct reference portfolios include size, 
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book-to-market ratio, size and book-to-market ratio, market index. The reference portfolios 

normally contain non-event stocks with similar characteristics. However, those benchmarks 

may only reflect some commons shared among stocks.   

 

2.3.2.1 Constant-mean-return model 

Constant-mean returns are the addition of the mean return of a security and a residual which 

follows normal distribution with expected value to be zero and constant variance. Although it 

is a simple model, it yields results which are well-specified compared to other sophisticated 

models (Brown and Warner, 1985). The formula is shown as follows: 

                   

             
                               (2.1) 

where      is the individual stock return at time t and   is the mean return of the stock over 

the period. The error term is assumed to follow normal distribution with zero mean and 

constant variance. Since there is no other coefficient apart from the mean return, there is no 

need to estimate over the estimation period. The application of this model is straightforward 

but it ignores additional factors such as the market which also have significant impact on 

stock returns.  

 

2.3.2.2 Market model 

The market model improves the constant mean return model by controlling market risk. It 

reflects a linear relationship between individual stock return and market portfolio return as 

follows:  

            
 
              

             
                               (2.2) 

where      is the market return measured as different indices returns, based on either an 

equally-weighted or value-weighted scheme, while       captures the unsystematic risk that is 

endogenous to individual stocks. The stock return is assumed to be correlated with the 

systematic risk which can be reduced through diversification. The parameters of the market 

model are estimated by running regression over the estimation period excluding event date in 

order to avoid the influence of events in the estimation. The application of the market model 
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reduces the variance of abnormal returns. The R square subtracted from regression illustrates 

the significance power of the independent variable when explaining the dependent variable. 

The market model is described as a single factor model which assumes asset returns are 

explained by the return on the market portfolio.   

 

When the coefficient of market returns  
 
 is one and    is zero, the market model becomes 

the market-adjusted model.  

                                            (2.3) 

This simple model assumes the expected return of an individual stock can be forecasted by 

the market return over a period of time. That is, the underlying assumption of this model is 

that both the individual stock and the whole market share the same systematic risk.  

 

2.3.2.3 Capital asset pricing model (CAPM) and Arbitrage pricing model (APT) 

The capital asset pricing model (CAPM) proposed by Sharpe (1964) and Lintner (1965) based 

on Markowitz‟s portfolio theory (1959), is an additional stream to measure normal returns. 

CAPM takes expected excess return of an individual stock as a function of the excess return 

of market portfolios,   

              
 
                                (2.4) 

where      is the risk-free rate which is generally measured as a 3-month Treasury bill while 

 
 
 is the systematic risk of the firm that measures the stock‟s reactions to movements of the 

entire market. It initially describes the linear relationship between systematic risk and return 

for individual assets. The CAPM is an example of an equilibrium model which suggests if a 

stock diverges from its equilibrium price, it will eventually get back to the equilibrium price 

via the market mechanism. However, this method is controversial for its rigid assumptions, 

such as homogenous expectation of all investors, no frictions to trading and unlimited 

short-selling. Once these assumptions are violated, the results could deviate. Moreover, beta is 

found to be statistically significant with small value, especially for small firms (Lintner 1965). 

The main reasons stems not only from measurement errors but also skewness. The correlation 

of beta and unsystematic risk is also under discussion (Fama and Macbeth, 1973). 

Furthermore, the linear relationship between stock return and beta is questioned (Black et al., 
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1972). It is worth mentioning that Roll (1977) argues that CAPM is designed to test the 

efficiency of the market portfolio. Empirical studies of anomalies address the imperfect 

explanation of expected return implied in CAPM (Basu, 1977; Banz, 1981; and Fama and 

French, 1992). Other factors which could affect the expected return of a security include size, 

book-to-market ratio, earning-to-price ratio, cash flow-to-price ratio, sales growth, (Banz 

1981, Stattman 1980, Lakonishock et al., 1994). Therefore, the arbitrage pricing model (APT) 

introduced by Ross (1976) with the assumption of no arbitrage opportunities deals with the 

previous issues. It bears an underlying assumption that undertaking infinitely large positions 

can exploit any perceived mispricing, causing asset prices to adjust immediately to their 

equilibrium values. It illustrates the relationship of equilibrium between expected returns for 

well-diversified portfolios and their multiple sources of systematic risk,  

              
   
      

   
        

   
                   (2.5) 

where   stands for the expected risk premium associated with each risk factor.      equals 

the risk premium for a portfolio with factor sensitivity equal to 1 to factor n and factor 

sensitivity equal to zero for the remaining factors. CAPM is considered as a special restrictive 

case of APT in which has only one risk factor, and that one factor is restricted as the only 

market risk factor. The APT approach confirms more than one factor is attributed to stock 

return but it is difficult to identify which specific factors are appropriate and the number of 

factors involved (Friend and Gultekin, 1984).  

 

2.3.2.4 Multifactor models: The Fama-French three-factor model and Carhart 

four-factor model 

A multifactor model which incorporates more than one factor affecting stock returns is a 

popular application in both event-time and calendar-time studies. The factors are portfolios 

that explain the variance in asset returns. Typical examples are the Fama-French three-factor 

model and Carhart four-factor model.  

 

The Fama-French three-factor model 

Fama and French (1993) assume market risk premium, size premium and book-to-market 
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premium capture the key drivers of a firm‟s return,   

              
                

   
      

   
                (2.6) 

where SML is the size factor which represents the difference in returns between small size 

portfolios and large size portfolios, while HML is the difference between returns of portfolios 

with high book-to-market ratio and portfolios with low book-to-market ratio.      is the 

value-weighted market portfolio return. The coefficients are estimated by regression over the 

estimation period. Fama and French (1993) claim the three-factor model to be an equilibrium 

model if investors take size and book-to-market ratios into consideration when making 

investment decisions. Furthermore, Fama (1998) documents the consistency of the 

three-factor model when comparing it with the APT model. However, Loughran and Ritter 

(2000) argue the three-factor model is not an equilibrium model since it only detects 

anomalies in financial markets and fails to test market efficiency. In particular, small firms 

with lowest book-to-market ratios represent significant anomalies which cannot be fully 

explained by the three factors. This argument is further tested and advocated by Mitchell and 

Stafford (2000). Therefore, an increasing number of papers start to focus on improvement of 

the model. Although additional factors including macroeconomic factors are introduced, small 

size effect is still an open question (Eckbo et al., 2000).  

 

The Carhart four-factor model 

To resolve Jegadeesh and Titman‟s (1993) proposal regarding the issue of returns momentum 

proposed, Carhart (1997) expands the three-factor model to a four-factor model by 

introducing a fourth factor which captures the momentum anomalies,  

              
                

   
      

   
      

   
           (2.7) 

where      is the difference between returns of winners and losers. However, this fails to 

explain the anomalies of firms with small market values. The factor models remain in the spot 

light over the past twenty years even with the argument of the limited range of reduction in 

variance of stock returns when introducing more factors (MacKinlay, 1997).  
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2.3.2.5 Reference portfolios 

Apart from using models which predict normal returns, reference portfolios with non-event 

firms that have similar characteristics to event firms, for example, industry, size, 

book-to-market ratio, market index, is an alternative. Researchers believe that matching can 

control the cross-sectional differences in normal returns based on the assumption of similar 

riskiness for both an event firm and a control firm. That is to say, in the case of an economic 

shock, firms with similar characteristics are generally affected in a similar way. For instance, 

if there is an announcement of stricter carbon emission requirements for airplanes, the stock 

price airline companies in the same industry will potentially have negative performance due 

to increased operating costs. However, it could be the case that when a shock arises from an 

event, the returns of two firms will be affected in different ways. In that case, it is biased to 

apply this approach to measure abnormal performance since the fundamentals of the two 

firms are different. Matching techniques for reference portfolios can be extended from size to 

market index. Lyon and Barber (1997) construct reference portfolios based on size, 

book-to-market ratio, size/book-to-market ratio and equally-weighted market index. The 

majority of their empirical results based on simulation show positive skewness of abnormal 

returns. When compared with the control firm approach, reference portfolios are not superior. 

Moreover, the cross-sectional abnormal returns still exist when this approach is applied. Ang 

and Zhang (2004) further test long-term abnormal stock returns in a simulation process based 

on reference portfolios with the incorporation of nonparametric tests. They provide “strong 

evidence that reference portfolio benchmarks overestimate event firms‟ long-term return”. 

 

2.3.2.6 Control-firm approach 

The control firm approach applies similar rules to reference portfolios. It matches event firms 

with one or multiple control firms according to similar characteristics. Lyon el al. (1999) find 

the control firm approach together with bootstrapped test statistic is better specified than other 

methods, whereas Ang and Zhang (2004) advocate that a single control firm approach with 

sign test produces higher power. However, the control firm approach is subject to debate since 

the repeatedly used portfolio of control firms violates the assumption of independent returns. 

If each control firm is restricted to be selected only once, this could result in a drop-out of 
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sample firms due to an absence of matching firms (Spiess and Affleck-Graves, 1995, Mitchell 

and Stafford, 2000). Moreover, the application of the control firm approach is subject to 

criticism based on small sample and strict matching criteria. In some cases, it may be difficult 

to identify a control firm for the event firm. In empirical studies, the reference portfolio 

approach has been under attack for its matching criteria. Banz (1981) casts doubt on matching 

a technique based on size only by documenting small firm effect with higher returns than big 

firms. Furthermore, Fama and French (1992) add one more matching criteria, book-to-market 

ratio, as one of the significant characteristics to capture the stock return. Different matching 

criteria generate different results. Empirical studies undertaken by Brav and Gromper (1997) 

show no abnormal performance in post-IPO period, even when the benchmark is related to the 

basis size and book-to-market ratio. This viewpoint is contradicted by Loughran and Ritter 

(1995), when examining the existence of abnormal performance based only on size.  

 

In conclusion, asset pricing models, reference portfolios or the control firm approach to 

predict normal return offer both advantages and disadvantages. The discussion regarding 

which is superior has been continuing since the last century. The main argument for the 

models approach is summarized by Fama (1970). The studies on stock performance pre- or 

post-event not only test the market efficiency but also test the specification of an equilibrium 

pricing model. This is defined as a bad-model issue. Fama (1998) recommends solutions for 

two distinct types of bad-model problems: the imperfect model and choice of estimation 

period. The market model (Fama et al., 1969) and comparison period approach (Masulis, 

1980), with the estimation period out-of-sample in order to obtain reasonable expected returns, 

are suggested because no constraints are placed on the cross-section of expected returns. 

However, it is difficult to define „normal estimation period‟, as some firms have unusual 

anomalies before the events. If avoiding the period selection, the cross-section of expected 

returns will affect the justification of three-factor models by imperfectly capturing normal 

returns. Even when applying the control firm approach, the bad-model issue cannot be solved 

entirely due to additional factors such as small pool of matching firms (Spiess and 

Affleck-Graves, 1995). Especially when conducting long-run event studies, the bad model 

problem compounds to generate significant errors. There is still no agreement regarding 
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which model perfectly describes stock returns. Fama (1998) summarizes as follows: 

“bad-model problems are unavoidable, and they are more serious in tests on long-run 

returns”.  

 

2.3.3 Measurement of abnormal returns 

The abnormal return is simply the difference between actual stock returns and normal returns. 

Due to the different definitions of normal return as previously discussed, results could vary. 

                                            (2.8) 

Once abnormal returns for asset i in specific dates or months is identified, the accumulation 

method needs to be carefully chosen since researchers are more interested in the performance 

of the stock or a portfolio of stocks over a period. Abnormal returns can be accumulated either 

by stocks or time.  

 

2.3.3.1 Event-time approach: Cumulative abnormal returns vs. Buy-and-hold abnormal 

returns  

Two major return metrics commonly applied in research are cumulative abnormal return 

(CARs), and buy-and-hold return (BHARs). CARs cumulate abnormal returns over a period 

by simply summing up abnormal returns. BHARs firstly calculate compounding returns of 

stock returns and benchmark returns individually and then take the difference,   

                   
  
    

                       (2.10) 

                      
  
  

            
  
  

             (2.11) 

where       is the benchmark return which is the normal returns predicted from models or 

reference portfolios. CARs is under criticism as it ignores the fact that investors normally buy 

a stock and hold it for a certain time rather than instantly sell it. Buy-and-hold returns correct 

CARs‟ weakness by assuming investors hold the same portfolio over the investment period. 

Therefore, BHARs is mostly employed in long-run event studies by compounding short-term 

abnormal returns over the holding period. However, Fama (1998) questions BHARs by 

arguing that asset pricing models do not explain which interval is more appropriate to 

estimate expected returns. He summarizes three arguments which advocate shorter intervals in 
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event studies. The first is that the distribution of returns tends to be more normally distributed 

in short-run compared with long run. Secondly, monthly returns are generally applied to test 

market efficiency. Lastly, BHARs maintain a compounding effect which disguises the actual 

speed of price adjustment (Mitchell and Stafford, 1997). 

 

It is still controversial regarding which return metric is superior in empirical studies due to 

potentially biased statistical inferences. CARs is considered to have fewer statistical problems 

than BHARs, thus magnifying the “bad model” issue suggested by Fama (1998). Ritter (1991) 

initially proposes the application of both BHARs and CARs in event studies. Kothari and 

Warner (1997) compare tests for abnormal returns over a period of time through simulation 

with the application of CAR and BHAR methods. Both methods generate misspecified test 

statistics but BHARs shows higher rejection rates. Although their results indicate fewer 

problems when applying CARs, Lyon and Barber (1997) prefer BHARs to CARs due to 

biased estimators obtained by regressing BHARs on CARs in one year. They underline three 

biases for both BHARs and CARs, respectively. Regarding CARs, the first is measurement 

bias, based on the fact that CARs are a biased predictor of BHARs when running the 

regression of BHARs on CARs over one year. The second bias for CARs is new listing bias 

which suggests incorporation of new firms in reference portfolios. Since Ritter (1991) 

identifies the underperformance of new listed stocks, the abnormal returns are overestimated 

if new stocks are included in the benchmark. This results in positively biased statistical 

inference. However, Brav et al. (2000) argue that there is a marginal change in the intercepts 

and R square of the model when new firms are excluded. The last basis for CARs is skewness 

bias derived from skewed returns of individual stocks and non-skewed returns of reference 

portfolios. As Mitchell and Stafford document in a seminal article in 2000, BHARs tend to be 

more positively skewed. However, when determining if the null hypothesis of zero abnormal 

return is rejected, the abnormal returns are assumed to follow normal distribution. This leads 

to negative bias in test statistics. Although they point out that the bias reduces when fewer 

firms are involved, the assumption of normal distribution works better with large samples. 

Lyon, Barber and Tsai (1999) propose three tests to overcome the issue of skewness. One is 

the skewness-adjusted test proposed by Johnson (1978). The other two aiming at constructing 
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empirical distribution of abnormal returns are the bootstrapped skewness-adjusted test which 

randomly selects subsamples with replacement to achieve critical values (Lyon, Barber and 

Tsai, 1999) and empirical p value from pseudoportfolios built up with firms having similar 

characteristics to event firms (Brock et al., 1992, Ikenberry et al., 1995). The major difference 

between the bootstrapped procedure and empirical distribution is the null hypothesis. The 

bootstrapped procedure tests if the mean abnormal return is zero, whereas empirical 

distribution tests if the mean abnormal return is the same as the mean abnormal return for n 

pseudoportfolios. With respect to BHARs, apart from new listing bias and skewness bias, it is 

subject to rebalancing bias because investors are assumed to hold the event securities over a 

period of time; however, the composition of reference portfolio varies with new-listing and 

delisting stocks. Lyon and Barber (1997) suggest the control firm approach, which matches 

event firms with control firms by similar characteristics such as size, book-to-market ratio, is 

appropriate to eliminate new listing bias, rebalancing bias and skewness bias. However, the 

authors shed light on the lower power of test in the control firm approach as the variance of 

difference between returns of the event firm and control firm is higher than that of the 

difference between returns of the event firm and reference portfolios. This could be resolved 

when the sample size is large. Fama (1998) also outlines the compounding affect of BHARs 

that suggests stock returns increase with the length of time horizon. Brav (1997) further tests 

the inference based on BHARs and argues the cross-sectional returns accumulate errors 

through compounding especially over a long time horizon. Although he attempts to establish 

corrected BHARs incorporating the correlation of returns, there is no clear solution since the 

number of covariance is larger than the number of returns. Mitchell and Stafford (2000) add 

one more weakness regarding BHARs. They argue that there is overrejection of the null 

hypothesis of zero BHARs when firms have cross-sectional dependent abnormal returns. The 

CAR method is also subject to criticism regarding spurious bias..  

 

2.3.3.2 Calendar-time approach: Average abnormal returns 

An average abnormal return (AAR), which gives equal weight to individual stocks, 

aggregates abnormal returns across firms at time t and takes the average. It is used to test the 

null hypothesis of zero mean cross-sectional abnormal returns. The calendar-time portfolio 
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approach is one variation of AARs. For N stocks, the AAR is calculated as follows: 

     
        
 
   

 
                           (2.9) 

This is normally used to test the null hypothesis of zero single or multiple stock abnormal 

returns at time t. It is commonly applied in short-run event studies for individual stocks. 

Aggregation by time is to test if the mean abnormal return over a period of time is zero.  

 

The calendar-time portfolio approach (Jensen-alpha approach), another measurement of 

long-run abnormal returns, is proposed to deal with issues of cross-sectional dependence of 

returns (Loughran and Ritter, 1995, Kothari and Warner, 2008). It is a variation of AARs 

introduced by Jaffe (1974) and Mandelker (1974). It considers the cross-sectional returns 

across securities, whereas BHARs assumes independence of stock returns. Take an event 

window of five years as an example. For each calendar month, a portfolio of firms which 

experience events in the last five years is constructed on an equal- or value-weighted base. 

Then the Fama-French three-factor model or Carhart four-factor model are applied to derive 

the intercept which indicates the average abnormal return of the event portfolio. The null 

hypothesis is the intercept; this is a proxy of abnormal returns, which is from the regression is 

zero. The heteroskedasticity problem could be resolved by applying the weighted least 

squares technique instead of ordinary least squares (Fama, 1998; Ang and Zhang, 2004). 

Loughran and Ritter (2000) criticize the fact that the calendar-time approach underestimates 

abnormal returns when events are clustering in a month. They are against applying this 

approach because of its underestimation of the timing of managerial decisions. Moreover, the 

lower power of test to detect long-run abnormal returns under this method is concluded. But 

Mitchell and Stafford (2000) debate that abnormal performance hardly changes when the 

number of issuances increases. 

 

2.3.4 Test statistics 

The two commonly applied tests in event studies are parametric tests which support the 

assumption of normal distribution and nonparametric tests being distribution free. No 

agreement is reached regarding which test is superior. Whereas some research indicates 

parametric tests are well-specified when testing abnormal performance of stocks and have 
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higher power compared with nonparametric tests (Brown and Warner, 1985; Jain, 1986), other 

studies highlight the advantages of nonparametric tests such as loose assumption of 

distribution of abnormal returns.  

 

2.3.4.1 Parametric tests 

Regarding parametric tests, the most widely applied is the Patell t-test, introduced by Patell 

(1976) and advocated by many subsequent studies such as Dodd and Warner (1983). This is a 

standardized test which aims at constant variance of abnormal returns. To summarize the 

major issues concerning properties of abnormal returns when applying the Patell test, Binder 

(1998) concludes “the abnormal return estimators 1) are cross-sectionally (in event time) 

correlated, 2) have different variance across firms, 3) are not independent across time for a 

given firm or 4) have greater variance during the event period than in the surrounding 

periods”. Brown and Warner (1980, 1985) document cross-sectional abnormal returns and 

propose two versions of test statistics. One is the time-series standard deviation test which is a 

crude adjustment of standard deviation based on a single variance estimate of the time series 

in the estimation period rather than the event period. The other is the cross-sectional standard 

deviation test; as indicated by its name, this employs the portfolio time-series standard 

deviation in test statistics. The violation of constant variances of abnormal returns is 

documented in literature extensively (Beaver, 1968; Fama, 1976; Collins and Dent, 1984; 

Bernard, 1987). To deal with this issue, Boehmer, Musumeci and Poulsen (1991) suggest 

applying cross-sectional prediction errors on the event date with an assumption of 

proportionate of variance on the event date to variance over the estimation period. A further 

solution which also corrects the autocorrelation of abnormal returns is the calendar-time 

approach introduced by Jaffe (1974) and Mandelker (1974). This calculates mean portfolio 

returns based on calendar month. The autocorrelation of abnormal returns of stocks due to the 

same estimates has limited impact on statistical inference when the event period is short 

(Karafiath and Spencer, 1991; Cowan, 1993). Mikkelson and Partch (1988) develop corrected 

test statistics by using autocorrelation and credit this to Craig Ansley.  
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As mentioned above, the Patell test is assumed to have student-t distribution with zero mean 

and constant variance in N degrees of freedom. Although this approach is popular in 

short-term and long-run event studies (Brown and Warner, 1985; Corrado, 1989; Haw, 

Pastena and Lilien, 1990; Kothari and Warner, 1997; Lyon and Barber, 1997), it also suffers 

criticism for its unrealistic assumption of normal distribution. Most studies show evidence of 

fat tail and right skewness of abnormal returns (Lyon and Barber, 1997). This results in higher 

rejection in the upper-tail test and lower rejection in lower-tail test (Cowan and Sergeant, 

1996). The test is misspecified together with low power in this circumstance (Maynes and 

Rumsey, 1993). Hall (1992) and Sutton (1993) develop a transformed skewness-adjusted test 

based on the original version introduced by Johnson (1978). Although it does not totally 

resolve the issue, it inspires the following research to focus on non-parametric tests which 

release the assumption of normal distribution.  

 

2.3.4.2 Non-parametric tests 

The popular non-parametric tests include sign test, rank test, signed-rank test, bootstrapped 

skewness-adjusted test and pseudoportfolios approach.  

 

Sign test 

Fisher advocates sign test, a simple binomial test, in a seminal paper in 1921. Brown and 

Warner (1985) utilize the test with null hypothesis of median of abnormal returns equals to 

zero in short-term event studies and document misspecification. However, this version of the 

sign test approximates a normal distribution when the sample is larger than 25. It violates the 

idea of relaxing the assumption of normal distribution. Therefore, Cowan (1992) formulates a 

generalized version of the sign test on the basis of models developed by McConnell and 

Muscarella (1985). Although this test recognizes the real distribution of abnormal returns, it 

requires abnormal returns in both estimation period and event period. The null hypothesis is 

that the number of stocks with positive CARs in the estimation period is equal to the number 

of stocks with positive CARs in the event period. This test is proved to be well-specified and 

powerful by Cowan (1992) with the application of simulation on NYSE-AMEX stocks over 

the period of 1972 to 1990. This result is confirmed by the following study based on the 
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Asia-Pacific stock market by Corrado and Truong (2008). When the distribution of abnormal 

returns is not normally distributed, the sign test produces biased inferences.  

 

Rank test 

The rank test, introduced by Corrado (1989), is claimed to have higher power to detect 

abnormal returns than parametric tests (Corrado and Zivney, 1992, Cowan, 1992, Campbell 

and Wasley, 1993). Corrado (1989) employs simulation of the rank test to test abnormal 

returns with return data of stocks listed on the NYSE and AMEX in a one-day event window 

in order to resolve the issue of non-normal distribution of abnormal returns. He firstly ranks 

abnormal returns of individual firms over both the estimation and event periods and allocates 

ranks to each abnormal return. Rank one means the smallest abnormal return. Then, he 

calculates the mean rank over both periods. The rank test statistics over the event window is 

computed to test the null hypothesis of zero abnormal returns. Cowan (1992) and Campbell 

and Wasley (1993) extend the rank test to test CARs by summing up with an assumption of 

independent stock returns ranks. This test is subject to criticism over the lower power of test 

when large abnormal returns scatter over the study period (Cowan, 1992), since the rank test 

does not consider the magnitude of abnormal returns.  

 

Bootstrap approach 

Efron and Tibshirani (1993) detail the theory of bootstrap to achieve accurate statistics 

applied in prior studies. The bootstrapped process is applied initially in event studies by 

Marais (1984). The author conducts a bootstrapping process with four steps on residuals from 

market models based on returns of a single firm to resolve the problem of non-normalities of 

residuals. Note that a Monte Carlo simulation is run in Marais‟ (1984) study rather than 

historical simulation developed by Butler and Frost (1992). A covariance matrix of the 

residuals is incorporated into the bootstrapping process based on historical simulation to test 

the null hypothesis of zero abnormal returns by Chou (2004). Kramer (2001) develops a 

bootstrapping process to deal with small samples with test statistics defined as the difference 

between a student t-test and the mean t-test of N firms. Moreover, Hein and Westfall (2004) 

extend the bootstrapping by taking into account autocorrelation. To construct an empirical 
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distribution together with adjustment of right-skewness, Lyon, Barber and Tsai (1999) 

transform the original version into the bootstrapped skewness-adjusted test. It bootstraps 1000 

times with subsamples of a quarter of the original sample size. The skewness-adjusted tests 

are computed based on these subsamples. It is worth noting that the conventional test statistics 

involved in the calculation have the null hypothesis of the equality of mean abnormal return 

of subsample and mean abnormal return of total sample. With 1000 bootstrapped 

skewness-adjusted t tests, an empirical distribution is established to decide critical values at 

different significance levels. The critical values are used to compare with the 

skewness-adjusted tests of the original sample. As summarized by Serra (2002), the 

bootstrapping procedure is generalized into three steps.  

1. Determine N/division factor. This is denoted as the size of the subsample. The division 

factors mostly applied in empirical studies are 2 or 4 which means the number of 

observations in a subsample is half or a quarter of that of the original sample.  

2. N/division observations are randomly selected from the original sample with replacement 

n times to form a series of subsamples. A test statistic is computed for each subsample. An 

empirical distribution with expected value and standard deviation is constructed from a 

series of n test statistics from the simulation procedure. This empirical distribution is 

approximated more closely to the real distribution of the sample I study, compared with 

the assumption of normal distribution.  

3. Critical values and confidence intervals for different levels are achieved by ranking n test 

statistics from smallest to largest and taking percentiles according to different significance 

levels. The rejection of the null hypothesis at a significance level of   or with a 

confidence level of     requires test statistics from the original sample to compare 

whether it is either less than  /2 or greater than     /2) of the percentile; these are the 

critical values of simulated test statistics.  

 

Empirical p value from pseudoportfolios 

Empirical p value from pseudoportfolios, firstly applied by Brock et al. (1992), follows the 

bootstrapping process proposed by Efron (1982). This approach aims at establishing an 

empirical distribution of observed variables in order to deal with the issue of non-normal 
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distribution. It is widely employed in empirical studies by Ikenberry et al. (1995), Ikenberry, 

Rankine and Stice (1996), Rau and Vermaelen (1996), Lee (1997) and Lyon, Barber and Tsai 

(1999). The procedures applied in event studies to detect abnormal returns can be summarized 

as follows (Lyon, Barber and Tsai, 1999): 

1. Identify the null hypothesis. The null hypothesis is the mean return of sample firms is 

equal to the mean return from n pseudoportfolios.  

2. For each sample, each event firm is matched with a pseudo-firm randomly selected with a 

replacement from reference portfolios which contains stock with similar characteristics to 

event firms. This is actually a bootstrapping process. Eventually, the sample will be filled 

with pseudo-firms for further study.  

3. The mean abnormal return based on buy-and-hold returns or cumulative returns is 

computed. 

4. Steps 2 and 3 are repeated 1000 times to obtain 1000 mean abnormal returns. These 

returns are used to construct an empirical distribution of mean abnormal returns in order 

to identify critical values for determination of whether the null hypothesis is rejected. The 

rejection of the null hypothesis at a significance level of   or with a confidence level 

of    , requires the mean abnormal returns from the original sample to compare a t 

either less than  /2 or greater than     /2) of the percentile, which are the critical values  

of simulated results. 

 

2.4 Literature on long-run event studies based on event-time approach 

Most event studies focus on the traditional event-time approach which calculates the short-run 

and long-run stock performance based on event time. For individual firms, event studies can 

be applied with specific event time or simulated uncertain event time. By constructing a 

portfolio with a number of firms with different event dates, the event-time studies generally 

assumes all the event dates of firms as time 0, putting all the firms on the same starting point 

rather than considering individual event time separately. Asset pricing models, reference 

portfolios and control firm approaches are three popular applications for long-run stock 

performance. Long-run event-time studies with time horizon spanning from one to five years 
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have attracted academics‟ attention since the 1990s with the finding of underperformance of 

IPOs as documented by Ritter (1991). With the conclusion of misspecified models and 

statistics drawn by Kothari & Warner (1997), asset pricing models applied to estimate normal 

returns seem to fade out gradually in the framework of long-run event studies. However, the 

reference portfolios and control firm approach have evoked more interest in recent years 

(Lyon, Barber and Tsai, 1999, Ang and Zhang, 2004). There is still no consensus regarding 

which approach is more superior to detect long-term stock performance.  

 

Ritter (1991) firstly uses measurements of CARs and BHARs to investigate performance of 

1,526 IPOs in the US market during from 1975 to 1984 over three years which exclude the 

event month. Firms delisted over the investment horizons are only tracked until the last day 

they list in the market. Benchmark returns which compare with actual IPOs‟ returns to obtain 

abnormal returns are the CRSP value-weighted NASDAQ index, the CRSP value-weighted 

Amex-NYSE index, listed firms matched by industry and size and an index of the smallest 

size decile of the New York Stock Exchange. The average raw returns start at positive returns 

of 14.3% and maintain an upward trend over three years. CARs cumulating average matching 

firm-adjusted returns in the first four months are positive with an upward trend until the third 

month, but start decreasing to negative figures from the fifth month until the 36
th
 month. 

Regarding BHARs, mean returns of IPOs and matching firms based on CRSP NASDAQ and 

Amex-NYSE indices are 34.47% and 61.86% respectively over a three-year holding period. 

Moreover, the distribution of returns of IPOs seems more right-skewed than matching firms. 

Regarding matching firms by industry, most industries show long-term underperformance of 

IPOs except for financial institutions, drugs firms and airlines. On average, there is an 

underperformance of IPOs over three years when the matching criteria is industry wise. The 

author also looks at aftermarket performance by year of issuance from 1975 to 1984. On 

average, the wealth relative is 0.831 indicating an underperformance of IPOs. However, only 

half of the years exhibit underperformance while the remaining years show outperformance. 

Furthermore, when grouping IPOs in term of ages, that is the difference between the year of 

offer and the year of founding, underperformance is documented for sample of all firms with 

an age of less than 20 years. Outperformance is shown for all firms with an age of more than 
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20 years, excluding oil and gas firms and financial institutions. The author raises three 

unresolved issues: the persistence of underperformance in longer investment horizons, the 

generality of underperformance of IPOs and the relationship between short-term underpricing 

and long-term underperformance. The following studies by Levis (1993), Loughran and Ritter 

(1995), Rajan and Servaes (1997), Brav and Gomper (1997) and Espenlaub et al. (1998) 

present findings similar to Ritter‟s (1991) regarding IPO performance in the long run. Ritter‟s 

initiation of long-term stock performance evokes interests for academics to explore other 

events apart from IPOs. 
4
 

 

Instead of examining specific events, Kothari and Warner (1997) randomly select 250 samples 

of 200 firms with different event months between 1980 and 1989. The company included in 

the sample has to meet the requirements of at least 24 consistent returns before the event date. 

The test periods studied are one, two and three years. In order to control the survival bias, 

long-term performance is tracked until the data is not available within the test period. Four 

models, the market-adjusted model, market model, capital asset pricing model, and 

Fama-French three-factor model are applied to test abnormal performance. The 

cross-sectional average abnormal returns are tested for statistical significance with the 

assumption of zero abnormal returns. Both CARs and BHARs are applied in this study. If the 

model is well specified, the rejection rate of 250 samples for the null hypothesis of zero 

abnormal performance is expected to be 5% at the 5% significance level and 1% at the 1% 

significance level. Additionally, abnormal returns are expected to be normally distributed with 

zero mean and constant variance. When CARs is employed, all four models tend to be 

misspecified in different time horizons with an uptrend rejection rate when the time horizon is 

increasing at both 1% and 5% significance levels. The market model seems to be the worst 

misspecified with the highest rejection rate of 35.2%; the market-adjusted model is the less 

misspecified with the lowest rejection rate of 18.4% over three years at 5% significance level 

among four models. Moreover, all these models show higher rejection rates when the 

                                                             
4
Seasoned equity offering: Loughran and Ritter (1995),Lee (1997),Jegadeesh (2000),Loughran and Ritter (2000), 

D’Mello, Tawatnuntacha, and Yaman (2002) 
Mergers and Acquisitions: Agrawal, Jaffe and Mandelker (1992), Anderson and Mandelker(1993),Gregory 
(1997),Loughran and Vijh (1997),Moeller et al. (2003),Kooli and L’her (2004) 
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alternative hypothesis is positive abnormal performance, which indicates positive skewness of 

abnormal returns. The magnitude of abnormal returns measured by four models increases 

with the length of investment periods and violates the null hypothesis of zero CARs. The FF 

model captures the highest positive CAR of 3.91% while CAPM has the lowest CAR of 3.32% 

in three years. A similar trend is documented for cross-sectional standard deviation of test 

statistics for four models, suggesting that the overrejection could be caused by a small 

standard error. Apart from CARs, the authors also apply buy-and-hold abnormal returns in the 

process of simulation. Similar results to CARs are found with the exception of the market 

model with outstanding estimates of a 76.8% rejection rate over three years. With respect to 

the magnitude of abnormal returns over 36 months, BHARs tend to have higher positive 

means together with more significant right-skewness than CARs.  

 

Kothari and Warner (1997) also attempt to discuss the possible reasons for the 

misspecification. Pre-event consistent returns requirement which includes newly listed firms 

with poorer returns and drop-out firms with low standard deviation over the estimation period 

are studied. After considering the biases, the adjusted test indicates that negative performance 

is rejected too infrequently with the rejection rate of 0.4% for CAPM. Furthermore, the 

authors undertake robustness checks with non-random samples consisting of firms classified 

on the basis of book-to-market ratio and size. The study period is traced further back to 1970 

rather than 1980 and the low book-to-market firms are assumed to be those with a ratio of 0.8 

or less. Low book-to-market firms show negative abnormal returns and less misspecified test 

statistics than random samples except for the market model over 36 months. The severe 

misspecification of the market model shows a rejection rate of 96.8% for low book-to-market 

samples. It is worth mentioning that a more frequent negative abnormal performance is 

documented for all four models. However, for high book-to-market samples, the positive 

mean abnormal performance with the highest return of 25.6% in the market model, much 

greater than the random samples with abnormal return of 3.66%, is consistent with the 

previous findings of the small firm effect (Brav and Gompers, 1997). In this case, the null of 

negative CARs is rejected with a much higher rejection rate; furthermore, all four models are 

more severely misspecified when compared with random samples. Other tests using different 
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characteristics to match firms, including controlling firms for their size and book-to-market 

ratio, reach similar conclusions of misspecification with previous approaches in the article. 

The authors propose two approaches to deal with the misspecification. One is to apply 

nonparametric procedures, for example, bootstrap procedures outlined by Ikenberry, 

Lakonishok and Vermaelen (1995). This means drawing random samples to estimate the 

actual sample returns without the assumption of distribution of returns. The problem 

regarding this approach is that the firms used to construct the distribution need to be matched 

with sample firms not only by characteristics but also bias. The other approach is calendar 

time portfolios which could resolve the issue of event time clustering and cross-sectional 

problems. But this method is still contentious when considering behavioural timing.  

 

Apart from the application of the asset pricing model for abnormal returns, Lyon and Barber 

(1997) further extend the long-run stock performance studies on the basis of the application of 

the reference portfolio approach and control firm approach in terms of different benchmarks 

in the simulation process. They firstly discuss four possible causes for the misspecifications in 

test statistics of CARs and BHARs in event-time studies. To begin with, they investigate the 

measurement of abnormal returns, including BHARs and CARs. A sample of 10,000 monthly 

returns from 1963 to 1993 is randomly selected from NASDAQ and NYSE/AMEX. The 

observations are compared with a benchmark of an equally weighted market index. Then 100 

portfolios of 100 firms are constructed according to the ranking of annual BHARs. For each 

portfolio, the mean difference between CARs and BHARs is calculated. It is apparent that the 

difference decreases when the annual BHAR gets closer to 28% but becomes negative and 

decreases once the annual BHAR exceed 28%. This indicates a case of larger annual BHAR 

when comparing this with CAR. It could be the result of a compounding problem. In order to 

find out which approach is better, the authors regress the annual BHAR on CAR by randomly 

drawing 20,000 returns using an equally weighted market index as a benchmark. Statistically 

significance from zero and one for intercept and slope coefficients imply that CARs are a 

biased predictor of BHARs. This is identified as „measurement bias‟ for CARs. Secondly, 

both CARs and BHARs suffer „new listing bias‟ which incorporates the effect of newly listed 

firms after the event month. Ritter (1991) shows the long-run underperformance of IPOs after 
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listing. This suggests that the reference portfolio as a benchmark has a lower return than a 

sample firm due to inclusion of new listed firms in the benchmark but not in the sample when 

random selection occurs. This eventually leads to positively biased abnormal returns. Thirdly, 

„skewness bias‟ is documented for both measurements, especially BHARs. The mean and 

median of BHARs are -0.48% and -7.23%, respectively. Regarding CARs, these figures are 

0.82% and -0.99%. BHARs tend to have more severe positive skewness issues than CARs 

due to the compounding measurement. This bias has a negative impact on test statistics when 

the sample mean is positive, and vice versa. Additionally, rebalancing bias exists in BHARs. 

If the equally-weighted benchmark is applied, it needs to balance the portfolio every month 

by selling securities outperforming the market and buying those underperforming the market. 

Eventually this will lead to negative bias in BHARs. In conclusion, both CARs and BHARs 

suffer new listing bias and skewness bias. But CARs is also subject to measurement bias 

while BHARs is subject to rebalancing bias.  

 

To detect the long-term abnormal returns, Lyon, Barber and Tsai (1999) screen the data from 

CRSP NYSE/AMEX/NASDAQ by excluding firms which do not have ordinary common 

stock and book-to-market ratio in year t-1 together with those which do not have size in year t 

and book-to-market ratio in year t-1. They then establish reference portfolios of benchmarks 

for abnormal returns based on a range of benchmarks including size, book-to-market, both 

criteria and an equally weighted market index. However, reference portfolios are still subject 

to different biases previously discussed when choosing BHARs or CARs. So the authors 

propose an approach of control firms which match the benchmark portfolios with sample 

firms by specific firm characteristics of size or book-to-market ratio. 200 event dates are 

randomly selected without replacement firstly, then 200 firms are randomly selected to match 

with event dates.
5
 The process continues 1000 times to achieve 1000 samples of 200 firms. 

Both CARs and BHARs are examined over one, three and five holding periods. Regarding 

CARs, the four reference portfolio approaches all show positive bias, while the equally 

weighted market index has the most pronounced bias compared with others. The rejection rate 

                                                             
5
 The simulation process without replacement of n event months is also conducted in studies by Barber, Lyon and 

Tsai (1999). Lyon and Barber (1997) claim that “results are robust to sampling with replacement”.  
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increases with the increase in time horizons. Well-specified test statistics are found in the 

control approach with approximate zero mean in all the time horizons. It is worth noting that 

the power of test is undertaken by introducing abnormal returns from -20% to 20% at an 

interval of 5% to each sample firm; this reveals a more powerful test in the reference portfolio 

methods. In contrast, BHARs shows negative bias in all test statistics with higher rejection 

rate on the null hypothesis of zero BHARs and in favour of the alternative hypothesis of 

significantly negative BHARs. This could be attributed to skewness bias. The control firm 

approach still shows well-specified t-statistics. Moreover, the introduction of additional 

returns to individual firms for empirical power of test suggests the control firm approach does 

not work better than the reference portfolio approach but it does have well-specified 

t-statistics. Considering the sampling biases, the authors use non-random samples including 

smallest/largest size deciles and lowest/highest book-to-market deciles. The control firm 

approach still presents well-specified test statistics in most cases. In summary, test statistics of 

abnormal returns using reference portfolios are misspecified but the control firm approach 

outperform all others.  

 

Taking a more comprehensive look at biases which are discussed by Lyon and Barber (1997), 

the authors attempt to find out how to improve tests. They apply two ways to control the 

biases by investigating the NYSE/AMEX/Nasdaq monthly returns over the period of 1973 to 

1994. One is to combine buy-and-hold measurement and event studies. The first approach of 

buy-and-hold measurement is to calculate the average return for each portfolio, then 

compound it over a period. This cannot eliminate the rebalancing bias since the portfolio is 

assumed to be rebalanced monthly. Neither can the new listing bias. Because the long-run 

returns with newly listed firms are downwardly biased (Ritter, 1991). Therefore, the authors 

construct another buy-and-hold measurement to deal with the issues. They firstly compound 

the returns of each security in the portfolio and then sum them up. In this way, the rebalancing 

bias and new listing bias can be eliminated as the same securities in the portfolio are assumed 

to be held over the period. To solve the issue of delisted securities during the period, the 

missing returns are replaced with the average monthly return of reference portfolios. With 

regard to skewness bias, the authors propose one parametric test and two nonparametric tests 
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for random samples. These are skewness-adjusted test statistics, bootstrapped 

skewness-adjusted t-statistic which constructs a distribution of t-statistics and critical values 

on the basis of the bootstrapped samples (Sutton, 1993), and the empirical p value from 

pseudoportfolios that generates an empirical distribution of mean long-run abnormal returns 

(Ikenberry et al, 1995). The measurement of abnormal returns is defined as the difference of 

BHARs of individual stock and expected return for the security. Two benchmarks are 

employed based on size and book-to-market ratio. This includes the reference portfolios and 

control firm approach. To test the specification of test statistics, 1000 samples of 200 firms 

are randomly selected. The event date is selected first without replacement and then the firm. 

If the test is well-specified, the null hypothesis of zero mean return will be rejected 50 times 

among 1000 samples at 5% significance level.  

 

As for random samples, all tests are negatively biased, particularly when rebalanced size and 

book-to-market portfolios are applied. Among all tests, the bootstrapped skewness-adjusted 

t-statistics and empirical p value using buy-and-hold portfolios, and conventional t-statistics 

using the control firm approach are well-specified. The empirical power of these three 

methods is tested by adding an incremental 5% abnormal return from -20% to 20%. The 

bootstrapped skewness-adjusted t-statistic and empirical p value yield improved power when 

compared with the control firm approach. As for non-random samples, the simulation process 

is carried out in the largest/smallest size deciles, highest/lowest book-to-market, high/low 

prevent returns and industry-clustering firms. The previous three well-specified t-statistics 

still outperform when considering the size effect. However, only the control firm approach 

yields well-specified test statistics among firms with lowest book-to-market ratios, whereas 

all three methods yield with highest book-to-market ratios. Moreover, they test the persistence 

of abnormal returns over a long horizon by ranking 6-month returns and forming deciles for 

simulation. It is found that test statistics of firms with high 6-month pre-event returns are 

positively biased in one year. However, this trend reverses over three and five years. When 

taking into account industry clustering, overrejection of the null hypothesis is found in all test 

statistics. In a word, although not perfect, the bootstrapped skewness adjusted t-statistics and 

empirical p value appear reasonably well specified. Furthermore, both appear to be more 
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powerful for abnormal returns detection. However, industry clustering and firms with 

overlapping returns seem to cause severe misspecification problems.  

 

Mitchell and Stafford (2000) question the application of bootstrapped skewness adjusted 

t-statistics for BHARs; this is also advocated by Lyon et al., (1999). The assumption of 

independence of abnormal event-firm returns is debatable as in practice the corporate events 

normally cluster over a specific period by industry. This dependence problem could result in 

overstated statistical inferences. The authors investigate samples of firms having corporate 

events such as SEOs, merger and share repurchases from 1958-1993 in the US stock market. 

To control the cross-sectional dependence, firms with multiple events over three years will be 

kept when the first event occurs. The abnormal return is defined as the difference between 

individual event firm buy-and-hold returns and the benchmark buy-and-hold returns 

excluding the event firm, as in previous studies. Initially the assumption of independence of 

abnormal returns is applied. Due to positive skewness of BHARs which indicates the null 

hypothesis is disconfirmed, the authors suggest testing the null hypothesis of zero mean 

BHARs over three years by using the pseudo-sample approach. The firm with the same 

characteristics as the event firm, for instance, the same size and book-to-market ratio 

distribution, is generated for one new mean BHAR. The process is repeated 1000 times in 

order to establish an empirical distribution to test the null hypothesis. Both value-weighted 

and equally-weighted schemes are studied.  

 

As for acquirers, the equally-weighted post-event mean BHAR is -0.1 with a p-value of 0.164 

which does not reject the null hypothesis, while the value-weighted post-event mean BHAR 

with a return of -0.038 with a p-value of 0.027 reject the null hypothesis at 5% significance 

level. Moreover, the growth and value firms expose non-rejection of null zero mean BHAR 

even at 10% significance level under both weighting schemes. When it comes to a merger 

financed with or without stock under the equally-weighted scheme, the zero mean BHAR is 

rejected at 5% significance level with a p-value of 0 and 0.047 respectively. However, under 

the value-weighted scheme, the merger financed without stock does not reject the null 

hypothesis. It is interesting to note that both mergers financed with stock show lower average 
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sample returns than the merger financed without stock; however, the mean BHAR reaches the 

opposite conclusion. For the equally-weighted seasoned equity issuers, the mean BHARs 

apart from growth firms all show a p-value of zero; this rejects the null hypothesis. But the 

value-weighted scheme for SEOs only have value firms showing significant non-zero mean 

BHAR. Value-weighted mean BHARs tend to not reject the null hypothesis for equity 

repurchase. The results for equally-weighted BHARs are mixed for share repurchases.  

 

Secondly, the authors turn to access the reliability of statistical inference of BHARs. By 

stimulating firms to match event firm with similar characteristics, the empirical distribution is 

constructed. The distribution of equally-weighted mean BHAR for SEOs seems symmetric 

and normally distributed. But both empirical distributions are rejected in the JB test. The 

bootstrapped distribution and empirical distribution do not exhibit much difference, indicating 

insignificant influence from residual variance of firms. High probabilities exist that the events 

for different firms occur closely, particularly according to industry. For instance, when the 

economy is in good condition, a high percentage of private firms may choose to go public due 

to the potential higher value of the firm. This creates problems of clustering of abnormal 

returns, thereby violating the assumption of independence of abnormal returns. 

 

Additionally, this could result in overstated statistical inferences that are mainly caused by the 

correlation of abnormal returns. All three corporate events show increasing average positive 

correlations with longer time horizons. For example, the annual correlation of BHARs for 

mergers is 0.0175 when the monthly figure is 0.002. The authors propose another version of 

t-statistics with adjustment of cross-sectional dependence. The statistical inference declines 

significantly from -6.05 to -1.49 for SEOs and from 4.86 to 1.91 for repurchases after the 

adjustment. When considering the correlation of BHARs, no evidence appears to exist 

regarding abnormal returns for all three corporate events. Facing the problem of independence, 

the authors propose two methods to deal with this situation. One is to utilize the covariance 

structure by considering the cross-sectional dependence; the other is to apply the calendar 

time approach.  
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Loughran and Ritter (2000) further investigate the impact of weighting schemes on the 

measurement of abnormal returns. They argue that if evidence of abnormal returns exists, 

some models should have superior power to capture this compared to other models. The 

definition of mean annual return differs from previous studies. They separate three-year 

abnormal returns into three individual years, then compound each one-year buy-and-hold 

return to arrive at mean abnormal returns. Attempting to locate the approach which has better 

specified returns, the authors study the misvalued stocks by intentionally introducing 

abnormal returns and conducting a simulation procedure. For instance, for undervaluation 

simulation, a random firm is selected each month and 5% is deducted from its market value. 

14% is added in the stock monthly return over three years following the event month; this 

suggests correction of undervaluation. An additional procedure of adjusting returns is 

employed when the buy-and-hold market return in the previous one year is less than -10%. 

Five additional firms are randomly chosen from the population without large firms in the 

highest quintile of market value. -50% is subtracted from the market value of these five firms, 

with a correction of 1.94% each month over a three year time horizon. As for overvaluation 

simulation, 5% is added to the event firm‟s market value and 14% monthly correction is 

subtracted from returns. In this case, five firms are selected when the market return is larger 

than 30% in the previous one year; subsequently, 100% is added to their market value.  

 

The difference of raw returns before and after adjustment of valuation is 16.1% and -14.6% 

for undervalued firms and overvalued firms respectively when observations are equally 

weighted. If the methodology is well specified, the mean abnormal returns should be close to 

the differences of 16.1% and -14.6%. Value-weighted market-adjusted returns show an annual 

mean return of 22%. On the other hand, the equally-weighted market-adjusted returns have an 

annual mean return of 6.6% for undervalued firms, highlighting the small company effect 

which generates higher returns than large firms. Furthermore, size matched reference 

portfolio mean annual returns are 14.8% and 14.2%, which are close to 16%, before and after 

accounting for misvaluation. The decreased figures indicate that the size effect does not 

improve the misspecification. Lastly, the reference portfolio matched with both size and 

BV/MV ratio has 14% and 11.8% annual returns before and after induced abnormal returns. 
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The misspecification of declining mean returns could be caused by incorporating the 

benchmark firms with higher returns. Similar results are found for overvalued firms. In 

conclusion, the size-matched reference portfolio approach is better specified than the size- 

and BV/MV matched portfolio approach.  

 

Cowan and Sergeant (2001) argue that the conventional t-test allows for pair wise dependence. 

But since the research is carried out through simulation, the event firms could cluster around a 

certain period of time. Apart from this, the practice could result in positive cross-sectional 

dependence. If the conventional t-test is applied, the inference could be higher with low 

variance due to ignorance of positive cross-sectional dependence. Therefore, they propose the 

two-group test with null hypothesis of equality of means of stock returns and benchmark 

returns to control the dependence on the assumption of independence for two populations. 

Both portfolio returns and benchmark returns do not correct the pairwise and cross-sectional 

dependence, hence the test will be more powerful. For the conventional student t-test, similar 

results are documented based on the equally-weighted scheme as outlined in Lyon et al. 

(1999). The rejection rate of the null hypothesis of zero abnormal returns decreases with the 

increase in length of time. Furthermore, the test shows negatively biased figures with higher 

rejection rates on lower-tail tests. But the rejection rates of lower-tail tests decrease when the 

size of sample increases, indicating that the sample size effect brings down skewness bias. 

When the value-weighted scheme is examined, positive skewness is found with higher 

rejection rates on the upper-tail, except when the sample size is as small as 50 firms. For 

instance, the rejection rate in favour of alternative hypothesis of positive abnormal returns is 

32.7%, while the lower-tail test has a 0.2% rejection rate over five years. The misspecified 

t-test is more severe to a level of 20.2% rejection rate over five years when the time horizon 

lengthens. This indicates that the value-weighted scheme generates much higher overrejection 

rates which result in more misspecified tests compared with other benchmarks.  

 

The control firm approach does not outperform equal-weighted benchmark and it shows 

positive skewness. It also represents decreasing rejection rates when the time horizon extends 

as opposed to the results found by Lyon et al. (1999). But when sample size increases from 50 
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to 1000 firms, it worsens the misspecification with more than 5% rejection rates. When it 

comes to the two-group test, a similar skewness issue is found to the paired difference test, 

but the magnitude of rejection rates is smaller. Still, the value-weighted benchmark is the 

most unfavourable approach, especially when there are 1000 firms in one sample. The control 

firm approach tends to have a rejection rate close to 5%.  It can be concluded that the 

two-group test corrects misspecification compared with conventional tests. Additionally, the 

authors firstly suggest winsorization of abnormal returns; these allocate less weight to 

extreme returns rather than drop them out on purpose to improve the specification of tests. 

Three standard deviations from mean seem to produce better specified tests than other choices. 

The means of winsorized abnormal returns on the basis of size and BV/MV matching 

benchmark show negative results for the equally-weighted scheme and positive results for the 

value-weighted scheme. But a significant improvement exists regarding right-skewness and 

leptokurtosis. For example, over a three-year holding period, the equal-weighted mean before 

winsorization is 0.016 with skewness and kurtosis of 6.772 and 97.39 respectively; after 

winsorization it is -0.015 with skewness and kurtosis of 3.755 and 41.259. However, the 

control firm benchmark documents positive mean both before- and after- winsorization with 

improvement in skewness and kurtosis. Although winsorization contributes close to zero 

abnormal returns, the distribution of abnormal returns is still asymmetric, especially in small 

sizes.  

 

Most previous studies only focus on sample sizes of 50 and 200 firms. The authors argue that 

if the sample size increases, this could possibly result in better specified tests. Therefore, a 

sample size of 1000 firms is investigated along with a sample size of 25, 50 and 100 firms. 

The right-skewness and leptokurtosis are still significant for both raw returns and abnormal 

returns before- and after- winsorization but improve when sample size increases. For instance, 

the abnormal returns with a reference portfolio using size and BV/MV as benchmark 

document that skewness and kurtosis are 6.772 and 97.39 when the sample size is 50 firms 

and 0.517 and 0.911 when the sample size is 1000 firms under an equally-weighted scheme. 

Instead of monthly data as in the previous research, data employed stems from daily stock 

returns. The winsorized paired difference tests demonstrate much higher rejection rates in 
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upper-, lower-, and two-tailed tests. However, the rejection rate of winsorized two-group 

two-sided tests ranges from 3.1% to 7.4% for the value-weighted benchmark and control firm 

approach. In this case, the equal-weighted benchmark does not perform better. It is worth 

mentioning that the tests are still conservative with less than 5% rejection rates in most cases.  

 

The population consists of firms from NYSE, AMEX and NASDAQ over the period of 1965 

to 1995. Firms without data of market value and book value are excluded. For example, the 

closed-end funds firms. In contrast to Baber et al. (1999), the simulation procedure is 

conducted by selecting the firm firstly, then the event date. Moreover, the event firm is 

randomly chosen in proportion to the number of trading days. 1000 samples with 50, 200 and 

1000 firms follow the random selection procedure; they test for one, three and five years. The 

benchmark construction differs from Lyon et al. (1999). Rather than compounding 

cross-sectional average returns, they simply average the returns under both weighting 

schemes over the period in order to eliminate the new-listing and rebalancing bias. With the 

introduction of abnormal returns over three years, the winsorized two-group test under the 

value-weighted scheme shows the highest power to capture abnormal returns. To conclude, 

Cowan and Sergeant (2000) advocate a combination of value-weighted benchmark, 

winsorized abnormal returns and two-group test to improve misspecification although this is 

not applicable in some cases. Moreover, the size effect can generate a positive or negative 

effect on test statistics and cannot be ignored. 

 

Ang and Zhang (2004) update the simulation study on long-run event studies by applying the 

four-factor model and nonparametric tests. The data applied is ordinary stocks from CRSP 

from 1980 to 1997. 250 samples of 200 firms are randomly selected with replacement as 

Kothari and Warner (1997) to test the null hypothesis of zero one-, three- and five-year 

abnormal returns. In order to examine the effect of different sample sizes, 250 samples of 200 

firms follow the same simulation process (Lyon et al., 1999). Initially, the abnormal return is 

defined as in previous studies by comparing the difference of buy-and-hold returns of 

individual security and buy-and-hold returns of benchmark buy-and-hold returns. The 

reference portfolio benchmark is employed in five different ways. The first is the reference 
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portfolio approach, as in Lyon et al. (1999), by matching firms with similar size and BE/ME. 

An alternative is the control firm approach which only has one single firm in the benchmark 

portfolio. Another approach incorporates market beta as an additional matching criteria. The 

market beta is calculated by regressing the control firm 24-month returns on the 

value-weighted market index. Then the market beta is ranked to categorize three same size 

sub-portfolios. Fourthly, ten firms, closely correlated to the event firm before the event date, 

are chosen as the benchmark portfolio. The correlation coefficients of the control firm 

portfolio returns and event firm returns are investigated. The ten firms with the highest figures 

are kept to construct the benchmark portfolio. Lastly, the most-correlated firm with the event 

firm is selected as the benchmark.  

 

By examining the descriptive statistics of five benchmarks, the mean and median returns are 

close to zero when applying the single firm approach; the magnitude of these returns 

increases with the other three alternatives with the increasing time horizon. For example, 

when applying the reference portfolios of firms with similar characteristics, the mean return is 

0.034, while the median is -0.25. This generates the overestimation bias. Moreover, the 

leptokurtic abnormal returns are found with a kurtosis of more than three for all approaches. It 

is worth noting that no relevant research exists regarding kurtosis adjustment for long-term 

stock performance. The skewness for the single firm benchmarks is close to zero; in contrast, 

others are positive and increase when the time horizon increases. Additionally, the standard 

deviation indicates that volatility of returns is lower for the three reference portfolio 

benchmarks and increases over the time horizon.  

 

In summary, the three reference portfolio approaches show positive skewness with negative 

median returns; this indicates that  mean abnormal returns are close to zero,  while the two 

single firm approaches present symmetric distribution with leptokurtosis. In terms of test 

statistics, both parametric and non-parametric tests are conducted. Normal student t-statistics, 

skewness-adjusted t-test, bootstrapped t-test and sign test are applied. When it comes to 

two-tailed test, for most benchmarks, the student t-statistics yield other tests. The 

bootstrapped t-test shows little improvement in the specification, contrary to Lyon et al.‟s 
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results (1999). It is worth mentioning that the single firm approach with the highest 

correlation coefficient is well specified, while the skewness-adjusted test and sign test are 

misspecified for most approaches. However, the single firm approach displays well specified 

sign tests with overrejection rates in the range of 4.8 to 5.2.  

 

In addition, the power test is conducted, to compare the ability of a test to reject the null 

hypothesis when it is false. -20% to 20% abnormal returns at an interval of 5% are introduced 

to the holding period return of an event firm. The power of test for all different tests and 

reference portfolio approaches tends to decline when the length of study period extends. For 

instance, the student t-test of the control firm approach decreases from 44% rejection rate in 

one year to 8.8% rejection rate in five years when introducing 10% abnormal return to the 

event firm. The authors complete the power of test for different horizons as most of previous 

studies only investigate one time period. Lyon et al. (1999) only document one-year rejection 

rates, such as 43% for student t-test of a control firm when 10% abnormal return is introduced. 

Furthermore, several additional findings are documented. The general size and BE/ME 

portfolios and the benchmark portfolios with size, BE/ME and market beta display little 

difference in the power of test. This indicates that the extra criteria of market beta cannot 

better capture abnormal returns compared to the general approach with only size and BE/ME 

criteria. Moreover, the sign test of the single firm approach with pre-event highest correlation 

with event firms shows no significant improvement when compared with that of the single 

firm approach matching with size and BE/ME. Overall, the student t-test and sign test in 

combination with reference portfolios matching with size and BE/ME yield the highest power 

to capture abnormal returns. Additionally, the authors highlight the power of test for small 

firms that are withdrawn from the smallest quintile sorted by size. It is interesting to discover 

that the sign test for the most-correlated single firm approach has a similar result in small firm 

samples to random firm samples. This suggests that this test is robust for small firms. All the 

tests relating to small firms have lower power to test the abnormal returns than tests of 

random firms. 
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For the event-time approach in long-run event studies, although anomalies are documented in 

prior research, a strong argument exists regarding the “joint-test” issue which considers  

long-run event studies not only test the market efficiency but also the specification of the 

equilibrium model which captures normal returns of stock returns. Fama and French (1998) 

conclude that the previous literature regarding long-term stock anomalies does not have solid 

reasons to challenge market efficiency hypothesis because anomalies tend to be sensitive to 

methodologies including models for returns and statistical inferences. They focus on two 

issues, namely bad-model problems in the long-term stock performance, and return metric. As 

for bad-model problems, they argue that the asset pricing models could not perfectly capture 

the expected returns with characteristics similar with the event firms. For instance, small size 

firms show higher returns when compared to expected returns estimated from CAPM. Even 

though the model is true, average returns could represent sample-specific patterns which 

cause biases. The authors suggest resolving the bad model issue by estimating expected 

returns with the application of models matched by firm-specific characteristics. This not only 

employs returns outside the event period to conduct the regression in order to obtain expected 

returns, but also matches event firms with non-event firms which share similar characteristics. 

Size or size/book-to-market is commonly applied as the criteria to identify matched firms. 

Although matching non-event firms by size/book-to-market benchmarks is widely used in 

literature, it does not completely capture stock returns (Carhart, 1997).  

 

Regarding the return metric, although BHARs capture investors‟ experience by assuming 

investors purchase the stock and hold it for a period of time before realizing the returns 

compared with CARs, this approach compounds returns to generate abnormal returns even 

when there is no abnormal performance. BHARs in combination with bootstrapped test 

statistics are advocated by Lyon et al. (1999); they also highlight its stronger reliability to 

produce inferences for CARs. BHARs also bear the assumption of independent returns when 

returns are actually cross-sectional especially when there is clustering in the same industry; 

therefore, the calendar-time approach is proposed to resolve the problem. Moreover, the 

choice of weighting scheme affects the results of abnormal performance. Value-weighted 

returns seem to reduce the abnormal performance or even show no abnormal performance 
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compared with equally-weighted returns as the small firm effect is taken into consideration. 

However, the authors attribute the small firm effect to the causes of bad-model problem.  

 

A further argument they advocate is that market efficiency indicates an even distribution of 

overreaction and underreaction anomalies, extensively documented in the literature. The 

investor overreaction is initially discovered by DeBondt and Thaler (1985). They construct a 

portfolio with firms which are identified as losers or winners, then rebalance the portfolio by 

buying winners and selling losers to achieve high returns. Long-run returns indicate 

mean-reversing from high to low and low to high due to investor overreaction. This is 

classified as behavioural finance theory and is an alternative to the market efficiency 

hypothesis. Empirical findings exist regarding underperformance of post-event long-run 

returns. Take IPO as an example; most previous studies show underperformance of a stock 

following IPO (Ritter, 1991). However, those firms listed public tend to have a strong 

performance before IPO, thus giving managers the opportunity to attract investors with high 

prices. Once listed, the market efficiency starts to correct the price since the market realizes 

the issue prices are too high. This could be attributed to investor overreaction on the event 

date, and mean reversion to reflect market efficiency. If the market efficiency works, 

underreaction should be as frequently documented as overreaction.  

 

Ball and Brown (1968) initially show stock prices react to the announcement one year later 

following the announcement date. Other following studies also document positive long-term 

post-event returns (Lakonishock and Vermaelen, 1990, Ikenberry et al., 1996, Desai and Jain, 

1997). Since some other anomalies are difficult to locate to categories of overreaction and 

underreaction, it can be concluded that behavioural finance theory does not provide answers 

to why overreaction and underreaction are discovered in different circumstances while market 

efficiency hypothesis attributes the anomalies to the anomalies as investors‟ luck. Furthermore, 

they compare individual previous event studies such as IPOs, SEOs, mergers, stock splits etc. 

and summarize that fact the abnormal returns could disappear when making changes to the 

methodology applied. To conclude, long-term anomalies cannot reject market efficiency since 

overreaction is documented as frequently as underreaction. Moreover, anomalies are sensitive 
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to methodology. When there is a change in methodology, for instance, when weighting 

schemes shift from equally-weighted returns to value-weighted returns, abnormal returns 

could disappear.  

 

2.5 Literature on long-run event studies based on calendar-time approach  

Along with the popularity of event-time studies, the issue of cross-sectional dependence of 

returns exists (Mitchell and Stafford, 2000). A growing literature body promotes the 

application of the calendar-time portfolio approach, based on the three-factor model proposed 

by Fama and French (1993). This model assumes that expected return is captured by 

characteristics of size, book-to-market ratio and market risk premium respectively. If the 

model is specified, the intercept should be zero. However, if the intercept is statistically 

significant from zero, this indicates market inefficiency and model misspecification implying 

that three factors are not perfectly attributed to the expected return. The basic concept of the 

calendar-time approach is to regress portfolio returns on different factors such as size, 

book-to-market and market risk. The portfolios of firms in each calendar month are those 

which experience an event in the last n years or months. N is denoted as the study period. 

Fama (1970) summarizes the application of the three-factor model as a joint-test of both 

market efficiency and model specification. Kothari and Warner (1997) suggest the use of the 

calendar-time approach to deal with the problem of event time clustering. The application of 

this approach is strongly advocated by Fama (1998) to deal with the “bad model problem”, 

cross-sectional dependence of abnormal returns and biased statistical inferences. To address 

the issue of cross-sectional dependent returns, Baber, Lyon and Tsai (1999) illustrate 

misspecification of test statistics for two extreme types of cross-sectional dependence which 

are calendar clustering and overlapping return calculation. Consequently, the calendar-time 

approach, initiated by Jaffe (1974) and Mandelker (1974), is introduced to deal with the issue 

(Fama, 1997). One flaw in this approach is that investor experience cannot be captured by the 

model. There are other two variants of the calendar-time approach. One is mean monthly 

calendar-time abnormal returns proposed by Barber, Lyon and Tsai (1999). This combines 

reference portfolios and calendar time instead of event time when calculating cumulative 
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abnormal returns. The alternative is the Carhart four-factor model, initially tested in long-term 

abnormal performance by Ang and Zhang (2004).  

 

Loughran and Ritter (1995) apply the calendar-time approach based on the Fama-French 

three-factor model over five years for equity issuers and non-issuers to take the 

cross-sectional dependence issue into consideration. They expect the intercept of the 

three-factor model to be zero since the abnormal performance is captured by other factors 

such as size, book-to-market ratio and market risk. The deviation from zero of intercept seems 

higher in most categories of firms under equally-weighted schemes, ranging from 0.02 to 

-0.47. By taking the intercept difference between issuers and non-issuers, issuers show 

underperformance. Moreover, large size firms, either issuers or non-issuers, have higher 

abnormal returns than small firms. Also, the adjusted R square for issuers and non-issuers is 

all above 90%, indicating a strong fit of the model. It is worth mentioning that small 

non-issuers under both value-weighted and equally-weighted schemes have test statistics 

which cannot reject the null hypothesis of zero intercept at 5% significance level.  

 

Brav and Gromper (1997) compare the annual return of IPO firms and indices benchmarks 

from January to December each year. With the assumption of independent IPOs, monthly 

returns are defined as portfolio returns of firms experiencing IPOs in the past five years in a 

calendar month. Compounding monthly returns of IPO portfolios relative to benchmarks are 

listed. The results are mixed with underperformance and outperformance spreading in 

different years. Therefore, the authors propose application of the Fama-French three-factor 

model to identify the violation of independence assumption. The regression presents no 

abnormal performance for venture-backed IPOs on both weighting schemes. However, the 

nonventure-backed IPOs exhibit an intercept of -0.0052 with test statistics of -2.8 and -0.0029, 

with a test statistic of -1.84 based on equal weight and value weight, respectively. This 

implies that the choice of weighting schemes produces different results, thus meeting the 

expectation from the authors that nonventure-backed IPOs underperform in five years 

compared to venture-backed IPOs. The reasons for this could be better corporate governance 

of the event firm and reputation of venture capitalists. It is also worth mentioning that the 
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value-weighted scheme tends to reduce abnormal performance, especially for small firms. To 

answer the question of whether close-ended fund discount is a source of underperformance, a 

combination of the three-factor model and an additional variable-change in discount which is 

a proxy of investor sentiment, is adopted. Statistically significant negative non-zero return is 

documented only for nonventure capital IPOs on equal weight with a significant negative 

coefficient of discount factor. Investor sentiment then becomes a possible cause for the 

underperformance of IPOs. Furthermore, severe underperformance exhibited by small and 

low BTM firms may be due to unexpected shocks, investor sentiment and asymmetric 

information.  

 

Barber, Lyon and Tsai (1999) advocate the calendar-time approach for two major reasons. 

One is that it deals with the cross-sectional dependence of sample observations. The other is 

that it is robust to non-random samples. In the Fama-French three-factor model, they 

randomly select 1000 samples of 200 firms to test the specification of the model. The 

equally-weighted and value-weighted portfolio returns are calculated by assuming the sample 

stock is held over a period of one, three and five years from the event month. But the portfolio 

returns are based on calendar time. That is to say, if the study period is 12 months, then for 

each calendar month, the portfolio consists of firms which experience events in the past one 

year. Therefore, the number of firms is expected to vary. This would cause the potential 

biased inference recommended by Ang and Zhang (2004) to correct by applying weighted 

least squares instead of ordinary least squares. The results based on different weighting 

schemes are mixed. The rejection rates of the null hypothesis of zero intercept extracted from 

the model on the basis of an equally-weighted scheme for random samples and small/large 

samples are less than five percent at 5% significance level, indicating the test is conservative. 

Both equally-weighted and value-weighted abnormal returns for firms with low 

book-to-market ratios generate misspecified test statistics with rejection rates ranging from 

9.8 to 22.8 at 5% significance level. Under the category of poor pre-event returns, the 

value-weighted scheme underperforms the equally-weighted scheme with over-rejection rates. 

When sample firms are industry clustering or calendar clustering, this approach reduces the 

misspecification but could not eliminate it. It is also worth noting that the time horizon in the 
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calendar-time approach does not affect the inferences as much as the buy-and-hold approach. 

Apart from the Fama-French three-factor model, the authors also employ the average monthly 

calendar time approach. In this case, they obtain abnormal returns for each sample firm in 

each calendar month by taking the difference between actual stock return and reference 

portfolio return, which is matched with similar size and book-to-market ratios. Then for each 

month, the average monthly portfolio return is calculated based on different weighting 

schemes. The results indicate a more conservative than traditional calendar-time approach 

with fewer rejection rates in most cases. Although an improvement to detect long-run 

abnormal returns in the calendar-time approach is evident, the authors argue that this 

approach does not incorporate investors‟ experience as do BHARs in event-time studies.  

 

Loughran and Ritter (2000) defend the market efficiency hypothesis by proposing that 

abnormal performance is documented due to sensitivity of different methodologies. That is, if 

there is mispricing, different methodologies are expected to have the same power to capture 

abnormal returns. Specifically, they challenge the Fama-French three-factor model for three 

major reasons. Firstly, since the calendar-time approach weights event months equally 

regardless of whether a month has heavy or light event activities, tests based on this should 

have lower power than weighting firms equally. The second issue relates to weighting 

schemes. Take small firms as an example. If small firms show abnormal performance, the 

portfolio return measured, based on an equally-weighted scheme, gives more weight to small 

firms, resulting in more significant abnormal returns than value-weighted returns. Moreover, 

abnormal performance is more common in small firms due to high bid-ask spread; this causes 

higher transaction costs and stronger market impact when compared with large firms. The 

final argument is benchmark contamination which indicates that the factors applied in the 

Fama-French three-factor model do not exclude the sample firm.  

 

The research design is quite different from previous studies. A simulation procedure is 

conducted by randomly drawing 1000 samples from one firm with a replacement for each 

month over the period of January 1973 to December 1996. Each sample has 288 calendar 

months. The number of firms in each sample varies due to trigger returns. Before random 
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selection, the population is carefully screened by keeping only firms with a market price of no 

less than $3.00 when the portfolio is constructed. Moreover, the sample firm is expected to 

have a book value at t-1 and t-2. Since the authors are keen to illustrate the low power of the 

calendar-time approach, they introduce +-5% change in the market value of sample firms over 

three years. For undervaluation, 5% is subtracted from the sample firm‟s market value. The 

sample firm is expected to recover from the loss over 36-months with a monthly return of 

0.14% which should be added to the sample firm. Market returns are computed annually by 

compounding the equally-weighted returns in 12 months. If the market return is below -10%, 

five more firms will be randomly selected from the population, excluding firms in the largest 

size category. Then the total market value of these five firms is assumed to be undervalued by 

50%. This is expected to correct with 1.94% each month over three years. For overvaluation, 

a similar procedure is conducted except that the trigger market return is above 30%. Once five 

extra firms are selected, their total market value increases 100%. A monthly return of 1.91% 

is deducted over 36-months for these five firms. The magnitude of annual percentage returns 

is compared between equally-weighted returns and an equally-weighted time period.  

 

The mean raw returns of undervalued- and overvalued firms are 37.1% and 6.2%, respectively. 

After incorporating trigger returns, the mean returns for undervalued- and overvalued firms 

are 21% and 20.8% with differences from original raw returns of 16.1% and -14.6%. The 

mean returns based on different approaches are expected to be close to the differences. Mean 

size-adjusted return after mispricing considered for undervalued firms is 14.2%, whereas true 

abnormal returns are 16.1%, indicating that size could not perfectly capture the abnormal 

return. Moreover, the mean size/BTM-adjusted return for undervalued firms is 11.8% which 

deviates more from the original abnormal return. This indicates that benchmark returns are 

higher than sample returns. The low mean returns when weighting the time-period equally 

under both value-weighted and equally-weighted schemes suggest that the correlation of 

mispricing and event activities are ignored by the Fama-French three-factor model. 

Additionally, when a calendar month has only one or two event firms, large standard errors 

drive down test statistics not to reject the null hypothesis.  
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Apart from the simulation procedure, they also conduct the calendar-time approach by using 

samples of IPOs and SEOs that are categorized as new issues. They argue that the model is 

biased since the factors contain the event firms. Therefore, event firms are withdrawn from 

factors along with adjustment of heteroskedasticity according to White‟s method. For new 

issues, the magnitude of negative abnormal returns increases when withdrawing new issues 

from size and BTM factors. For instance, the statistically significant monthly abnormal return 

is -0.4% on an equal weight base for the conventional calendar-time approach and -0.56% 

when adjusting both SMB and HML. The finding confirms the contamination effect which 

reduces the level of abnormal returns from the factors in the regression. It is worth noting that 

the magnitude of equally-weighted returns tends to be higher than value-weighted returns.  

 

When it comes to event activities, the authors test high-volume and low-volume markets with 

regular factors and purged factors. The definition of low-volume is below the median of 

percentage of new issues relative to listed firms. The supply response hypothesis, which 

suggests more evident abnormal performance in an event-clustering time period, is proven to 

be correct. It is supported by evidence of a larger magnitude of negative abnormal 

performance of new issuers based on the three-factor model with regular factors and purged 

factors in the hot market compared to the cold market. When examining IPO portfolios, 

statistically insignificant returns based on regular factors in the cold market are found, while 

statistically significant negative abnormal returns are documented for 

size/BTM-factor-corrected regression in the hot market. This, in a sense, explains the 

underperformance of IPOs in previous studies. However, seasoned equity issuers present 

statistically significant underperformance in all cases. The authors question whether the cause 

of abnormal performance may arise from misspecification of the Fama-French three-factor 

model and examine the performance of growth stock and value stock in different size 

categories. The results indicate that small growth stock underperforms with significant 

negative abnormal returns, while small value stock outperforms with significant positive 

abnormal returns. In a word, Loughran and Ritter (2000) disapprove of the application of the 

Fama-French three-factor model which weighs event time equally. They use a simulation 

procedure to highlight the low power of the model to capture abnormal performance. 
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Moreover, by examining IPOs and SEOs, they conclude that underperformance becomes 

more evident in the hot market when most firms make managerial decisions regarding a 

certain corporate event in a certain period of time in order to take advantage of a window of 

opportunity.  

 

Mitchell and Stafford (2000) cast doubt on the buy-and-hold approach with bootstrapped test 

statistics proposed by Lyon et al. (1999) and argue that the assumption of independence of 

observations is violated. Therefore, they suggest the calendar-time approach to deal with the 

issue of cross-sectional returns. Moreover, they advocate the application of the calendar-time 

approach which is inconsistent with Loughran and Ritter (2000). Samples of firms 

experiencing mergers, SEOs and share repurchases between July 1961 and December 1993 

are examined on the basis of equally-weighted and value-weighted schemes with the 

requirement of at least 10 firms in one calendar month. The firm with events occurring more 

than once in three years from the first event month is kept only for observation during the first 

event. The regression based on 25 equally-weighted and value-weighted benchmark portfolios 

shows significant mispricing with a rejection of the null hypothesis of zero intercept in most 

cases, especially small firms with low book-to-market ratios. The highest level of negative 

abnormal return using equally-weighted and value-weighted schemes is -37% and -49%, 

whereas the lowest level of positive intercept is 26% and 15%, respectively.  

 

In order to discover the impact from the event itself, expected abnormal performances which 

are not captured by the three factors in the model and abnormal performance from other 

sources are separated to constitute the intercept. The authors average the intercept of 1000 

samples of 200 non-event firms which have similar characteristics of size and book-to-market 

ratio, as event firms and take it as the part which is attributable to the event. Then this average 

figure is used as the null to construct an “adjusted intercept” test with original intercept and 

standard error from regression. If the source of abnormal performance only comes from a 

corporate event, the adjusted intercept test statistics cannot be rejected. In summary, two 

intercepts are investigated. One is the original intercept coming from regression of the 

three-factor model.  The other is the difference between the original intercept and intercept 
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from regression based on non-event firms with similar characteristics, comparable with the 

buy-and-hold approach. Regarding acquirers, the intercept of a full sample post-merge based 

on equal weights is -0.20%, which is statistically significant from zero with a test statistic of 

-3.7; this improved to be -0.14% when matched with non-event firms. 

 

Underperformance of post-merge acquirers over three years is evidenced. However, value 

weighted portfolio regression reveals insignificant results of original and adjusted intercept 

for acquirers post-merge. The pre-event acquirers present significant positive abnormal 

returns. Moreover, firms financed with stock under both weighting schemes underperform, 

whereas those financed in other ways such as cash are fairly priced. The intercept of growth 

firms with low book-to-market ratio on an equal weighting base is -0.37% with a test statistic 

of -3.64.  However, the adjusted intercept with a test statistic of -1.76 indicates that the 

abnormal performance is not due completely to the effect of the event. The opposite case 

occurs on the value weighted base. Value firms with high book-to-market ratios show 

statistically insignificant zero average monthly portfolio returns on both weighting schemes. 

The regressions show a relatively high power of the model with large adjusted R square.  

 

With respect to firms experiencing SEOs, value-weighted portfolio regression suggests no 

abnormal performance over three years. But on an equal weight base, statistically significant 

negative returns exist post-event, even with the exclusion of utilities. As for equity 

repurchases, value-weighted portfolios also show no abnormal performance, while open 

market and value firms on an equally-weighted base have significant positive abnormal 

returns which are not explained fully by the event. The authors list four major problems 

regarding the calendar-time approach. The first is industry clustering which could result in 

biased estimates. Another flaw is heteroskedasticity, caused by the varying number of firms in 

each calendar month. This will lead to unbiased but inefficient estimates. One further concern 

is that the calendar months are weighted equally which ignores the month when the market 

has heavy activities with many firms experiencing one specific event such as IPOs. The last 

argument relates to the loss of power when applying the calendar-time approach. To deal with 

heteroskedasticity, the authors propose the minimum requirement of 10 firms in each event 
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month as well as weighted least squares technique. However, the assumption of independent 

residuals for each firm in this approach conflicts with the assumption of the calendar-time 

approach that is supposed to deal with cross-sectional returns. Therefore, bootstrapped 

non-parametric test statistics proposed by Horowitz (1996) are applied to achieve new critical 

values to determine the statistical significance of coefficients for different cases.  

 

For event activities clustering, the authors add two dummy variables into the three-factor 

model as proxies of hot and cold markets. Firms categorized into the hot market with heavy 

event activities belong to 70
th
 percentile of all listed monthly activities; these are defined as 

the percentage of the number of firms experiencing events relative to the total number of 

firms listed. Firms which lie below 30
th
 percentile of monthly activities are classified as being 

in the cold market. The results show no abnormal performance for hot and cold markets under 

both weighting bases in all cases except seasoned equity issuers with value-weighted portfolio 

in the cold markets. The exception has an ordinary intercept of 0.32% with a test statistic of 

1.79 and adjusted intercept of 0.42% with a test statistic of 2.34.  

 

Apart from the traditional calendar-time approach, the authors apply the average 

calendar-time abnormal returns, defined as the difference between portfolio return and 

benchmark return. This approach is similar to the approach by Lyon et al. (1999). But the 

proxy of benchmark returns takes the portfolio return from regression on three factors except 

for 25 portfolios with similar characteristics. Similar results are found such as the traditional 

calendar-time approach when the benchmark is portfolio returns from the three-factor model. 

However, the magnitude of abnormal returns is smaller in the average calendar-time abnormal 

returns. When the benchmark is reference portfolios, there is no abnormal performance for 

acquirers post-merge under both weighting schemes as well as growth firms. The 

value-weighted portfolios, regardless of the three-factor benchmark or size/book-to-market 

reference portfolio benchmark, are fairly priced for seasoned equity issuers in all cases. 

Equity repurchasers on an equally-weighted scheme for both benchmarks have statistically 

significant positive returns post-event and in the open market. The value-weighted scheme 

tends to eliminate abnormal performance for SEOs and share repurchases.  
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The authors examine the power of the calendar-time approach and the calendar-time abnormal 

return approach by introducing extra abnormal returns ranging from -20% to 20% over three 

years. Equally-weighted portfolios tend to have higher power than value-weighted portfolios 

in both approaches. On an equal weighted base, the calendar-time approach is preferred. On a 

value weighted base, the calendar-time abnormal return approach is given preference. The 

authors challenge Loughran and Ritter‟s (2000) findings and argue that the calendar-time 

approach has higher power to detect abnormal performance than the buy-and-hold approach. 

In conclusion, Mitchell and Stafford (2000) advocate the application of the calendar-time 

approach to deal with cross-sectional returns. However, they do admit that the bad model 

issue indicates the three-factor model could not perfectly capture the abnormal performance 

with intercept by decomposing the intercept into event-driven and other sources.  

 

Ang and Zhang (2004) compare the Fama-French three-factor model with the four-factor 

model including the momentum factor proposed by Carhart (1997). The weighted least 

squares technique is applied along with ordinary least squares to see if there is any 

improvement in order to deal with the varying number of firms in the regression. 250 samples 

of 200 firms are randomly drawn from the population to achieve the rejection rates of the null 

hypothesis of zero intercept as no abnormal performance. Both OLS and WLS in the 

four-factor model generate a much higher rejection frequency, ranging from 6.4 to 32.8 

percent, over the period of all time horizons. Moreover, the three-factor model using the OLS 

technique indicates improvement of power of procedures over the WLS technique, especially 

when the time horizon lengthens. It can be concluded that the three-factor model is the 

preferred method to the four-factor model. However, the three-factor model using both the 

OLS and WLS technique shows conservative test statistics since the rejections rate of the null 

hypothesis of zero abnormal returns are fewer than 5 percent.  

 

In order to compare with the power of buy-and-hold approach based on reference portfolios, 

they introduce an effective holding period return to each sample firm; this is the difference in 

a firm‟s holding return between before and after monthly added abnormal return, instead of 

nominal return as in other studies. That is, the level of effective induced return for a one-year 
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sample is 24.2%, while the nominal level of induced return is 20%. The power of both models 

using different techniques declines when the time horizon lengthens. For example, when 

incremental abnormal return is 24.2%, the three-factor model using OLS captures 99.6% of 

the abnormal performance in one year period but 49.2% in a five-year period. Still, WLS 

presents a higher power of test with higher rejection frequency than OLS, particularly in a 

longer holding period. For instance, the rejection frequency is 74.4% for OLS and 90.8% for 

WLS when the nominal introduced abnormal return is 20% over three years. When it comes 

to negative introduced returns, all tests indicate lower power compared to the case of positive 

introduced returns. Take a three-year sample for example; the rejection frequency of the null 

hypothesis is 59.6% when the induced return is -20% and 74.4% when the induced return is 

20%. The authors argue that this asymmetry could result from lack of knowledge regarding 

rebalancing costs. It is worth commenting  that a conclusion is reached that the 

most-correlated firm approach with the sign test is almost equal in power to the three-factor 

approach with WLS over one year but has greater power over three and five years.  

 

To test the robustness of these approaches, samples of small firms are examined. Similar 

results are documented to random samples. The three-factor model with WLS is still preferred 

since it yields better specified tests and shows higher power. But small firms cause more 

significant loss on power of test over three- and five-years than random firms. The authors 

also discuss the reason why the four-factor model is discarded even with an extra momentum 

factor. They investigate the magnitude of the average intercept from regression and compare 

the adjusted R square. The magnitude of mean intercept for the three-factor model is close to 

zero, whereas the intercept for the four-factor model deviates from zero. The intercept tends 

to increase with a longer time horizon especially for the four-factor model. However, the 

four-factor model shows improvement in the goodness of fit of the model with higher 

adjusted R square although it shows larger magnitude of abnormal return in small firms. In 

summary, the three-factor model with WLS dominates in the calendar-time approach but 

shows asymmetry when compared with the buy-and-hold reference portfolio approach.  
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Still, some research does not support the application of the calendar time approach. Barber 

and Lyon (1999) debate that the three-factor model assumes stable coefficients which could 

be easily violated; furthermore, survivor bias exists since coefficients require data availability 

during the estimation period. Moreover, although misspecification for samples from the same 

industry can be reduced, this cannot be eliminated due to bad-model problems. From the 

perspective of weighting schemes, Loughran and Ritter (2000) indicate that the calendar time 

approach has low power to capture abnormal returns. Managers are considered to be able to 

consider the behavioural timing when making decisions. Furthermore, the calendar-time 

approach requires a varying number of firms in different calendar times. This raises the 

problem regarding heteroskedasticity which influences the inferences. The variance of the 

regression residuals could constantly change, since when the number of firms in a portfolio 

increases, the portfolio variance declines. In this case, the estimate would be inefficient. 

Although Ang and Zhang (2004) propose a solution of weighted least squares estimation 

which allocate weights to the square root of the number of firms in the portfolios, Mitchell 

and Stafford (2000) argue that the weighting scheme, that weights each event equally, shares 

the same purpose as the calendar-time approach when considering cross-sectional returns. 

Therefore, Mitchell and Stafford (2000) suggest there should be at least 10 firms in a portfolio 

in any given month to control the effects of heteroskedasticity. Hou et al. (2000) highlight an 

additional proposal to deal with this issue. The generalized autoregressive conditional 

heteroskedasticity model (GARCH) is applied to model the time-varying variance of the 

regression residual.  
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Chapter 3 Event-time approach: Simulation based on models 

 

3.1 Research questions and hypotheses 

Null hypothesis: the cross-sectional cumulative abnormal return or buy-and-hold abnormal return 

is zero over investment horizons of one-, three- and five years.  

 

This chapter aims to detect long-term abnormal stock performance in the UK stock market over a 

period from 1982 to 2008 with the application of the event-time approach based on pricing models, 

namely, the market-adjusted model, market model, capital asset pricing model, 

Fama-French-three-factor model and Carhart-four-factor model. Following the methodology 

applied by Kothari and Warner (1997), the simulation process with 250 samples of 200 firms is 

conducted. In contrast to traditional event studies which use specific events such as IPOs, mergers 

and acquisitions, the event study applied in this chapter simulates 200 event months over the 

period of October, 1982 to October, 2007 when the investment horizon is one year; to October, 

2005, when the investment horizon is three years; and to October, 2003 when the investment 

horizon is five years. Since the event months are randomly selected, a possibility exists that there 

will be more than two identical event months. Moreover, events are not specified. Therefore, 

sample firms could experience a wide range of events, such as SEOs. This is similar to what 

occurs in the real world where different firms experience a wide range of events on different dates. 

The event study not only tests the market efficiency hypothesis, but also the equilibrium pricing 

model. If the model is well-specified and the market is efficient, the null hypothesis should not be 

rejected at different significance levels. However, the conclusion of an efficient market cannot be 

drawn when there is overrejection of the null hypothesis because the model applied may be 

misspecified. To identify whether the test statistics are well-specified, the percentage of rejection 

rates is computed. Firstly, the test statistic of average cross-sectional CARs or BHARs for each 

sample is compared with the critical value. Then if the percentage of rejection rates in 250 samples 

is 5% at a significance level of 5%, the model is well-specified.  



88 
 

3.2 Data 

The starting point of this study is a list of UK non-financials with book value, market value 

and industry code over the period of 1982 to 2007 from studies undertaken by Gregory, 

Tharyan and Huang (2009). The dataset excludes financials such as banks, insurance, 

investment trusts, and financial services. This thesis investigates non-financials in order to 

reduce potential noises from financials due to different accounting treatments. Moreover, the 

data includes stocks traded not only in the Main Market in the London Stock Exchange (LSE), 

but also in the Alternative Investment Market (AIM) launched in 1995 and Unlisted Securities 

Market (USM) run from 1980 to 1996. The Main Market totals 1,080 UK listed firms with 

approximately 55.9% of firms with a market value of over £50m in 2008. The AIM witnesses 

an increase of listings including both the UK and international firms with a market value of 

£2382.4m in 1995 to 1,546 with market value of £37,698.9m in 2008. It is filled with mostly 

small firms, approximately 73% of firms having a market value of less than £25m in 2008. 

There is a trend of shift from the Main Market to the AIM after its launch due to its more 

flexible regulatory requirements. For instance, 40 firms completed this shift in 2005. The 

USM is established by LSE to accommodate very small firms or firms that do not meet listing 

requirements between 1980 and 1996. The number of listings peaks at 448 with a market 

value of £8,975m in 1989. Gregory, Tharyan and Huang (2009) obtain monthly market value 

from the London Stock Price Database (LSPD) established by the London Business School. 

This database covers all listed stocks including dead companies in the UK market from 1955. 

However, it does not provide accounting data such as book value. To complete the dataset, the 

book value of a firm is supplemented from the Datastream with a code of 305 which 

demonstrates the total share capital and reserves excluding preference capital, together with 

Hemscott. The remaining missing book values are hand collected from the Stock Exchange 

Year Books issued by the London Stock Exchange by Gregory and Huang (2009). The 

missing returns of the original data remain the same without any replacements.  

 

To determine the timeline for the collection of book values, I take the research carried out by 

Agarwal and Taffler (2008) for reference. They investigate UK firms from 1979 to 2002 and 

conclude that 30
th
 September of each year is a better choice as the monthly date to establish 
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portfolios because 22% of firms‟ accounting year ends in March, whereas 37% of firms 

release their report in December. Consequently, I form the portfolios in September of each 

year based on available market values and book values of firms. To ensure that the required 

accounting information is available at the time of the portfolio formation, a six-month lag is 

assumed as Lyon, Barber and Tsai (1999). This means the book value of a firm is from its 

latest balance sheet having its accounting year in or before March of year t whereas the 

market value is based on the figure at the end of September. Therefore, the first step to screen 

the data is to keep only a firm with both market value and book value for the purpose of 

grouping and robustness checks. But firms with negative book value are excluded. The 

market value and book value with zero value, which indicates relatively small firms with 

market values less than £1million, are replaced with 0.5million. Since there are only a few of 

firms with market value or book value as zero, the replacement value may not have too much 

impact on the results. The last procedure to clean the data is to include only firms with 

ordinary shares labelled as zero value of U2 in the LspdU file from the LSPD database.  

 

Table 3.1 presents a summary of the whole sample in each year between 1982 and 2007, 

which I quote as all firms in the following studies. N1 represents the number of firms from 

Gregory, Tharyan and Huang (2009). N2 sums up the number of firms without book value or 

market value or both. It peaks at 545 with 423 firms without book value in 2007. N3 lists 

firms with both book value and market value, while N5 reveals the final screened number of 

firms each year. N4 lists the number of firms without ordinary shares. Figure 3.1 shows a 

graph of the number of firms in three scenarios: the number of firms excluding financials 

from Gregory, Tharyan and Huang (2009), the number of firms with both market value and 

book value, and the number of finalized sample firms. It can be seen that there is an uptrend 

for all datasets from 1982 to 2007. The big gap between original data and screened data in the 

1990s and 2000s indicates firms with incomplete data for book value and market value cluster. 

The average number of firms over the last 26 years after the adjustment is approximately 

1500 annually. Eventually I arrive at a population sample of 4977 firms over 26 years. Table 

3.2 provides the descriptive statistics of raw stock returns of the screened sample. The total 

number of returns observations over the period of 1980 to 2008 is 549,588 with 19,572 
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missing returns accounting for approximately 3.6% of total observations. The reason for 

including 1980 and 1981 is because the following research undertaken by Kothari and Warner 

(1997), 24-month prior-event returns are required to compute the standard errors for test 

statistics. The mean return approximates 1.25% with skewness of 34.93 and kurtosis of 6580. 

Table 3.3 demonstrates the frequencies of returns of the final sample. The bin values 

represent the range of values in the dataset. The first bin is -100% which is defined as the 

minimum return in the dataset. The frequency of 1 in the first bin suggests there is one 

observation falling into this category. The second bin has values greater than -100% but 

smaller than or equal to -93%. There are 22 observations meeting this criterion. Same rules 

are applied to the rest. Most stock returns concentrate in the range of -49% to 52%, 

particularly 1% to 8% (around 51% of the total sample). It is important to note that 27 

observations have returns of more than 500%. The maximum return of 4500% is from a firm 

with the g1 code such as the gl code of 9705 in January 2000. Without exclusion of these 

large stock raw returns, the cumulative stock returns, especially with the application of the 

buy-and-hold approach, are expected to achieve extremely large results. Figure 3.2 graphs the 

histogram of returns of all firms to illustrate the distribution of return observations with 

right-skewness and high kurtosis. From the distribution, I expect the results of abnormal 

returns to be severely right-skewed if firms with extreme returns are included in the sample.  

 

In order to make comparisons of different approaches, the test period is from October, 1982 to 

September 2008. The post-event periods of one-, three- and five years are examined. 

September of each year is the time for dividing firms into categories matching with ranked 

size and book-to-market ratio. But returns are tracked from October onwards. Therefore, 

regardless of any approaches I employ, returns data starts from October, 1982. The ending 

month depends on the event window. If the post-event window lasts for one year, the last 

event month is October, 2007. If it is three years, October, 2005 is the last month in the 

simulation process. If it is five years, October, 2003 is the last event month. With the 

application of the event-time approach as Kothari and Warner (1997) and Lyon, Barber and 

Tsai (1999), the event month is included in the test period. However, the calendar-time 

approach tests abnormal returns after the event-month. The details are listed in Table 3.4. 
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For event-time studies based on models in this thesis, I exclude firms which do not have 24 

month prior-event returns as Kothari and Warner (1997), in order to have sufficient 

observations in the estimation period to conduct regressions and achieve stable standard 

errors based on the estimation periods for test statistics. Moreover, firms are required to have 

at least one return observation in the test period. In a word, a firm is selected only if it has 

consecutive 25-month returns. The final sample in this chapter has 3,978, 3,500 and 3,243 

firms over one-, three- and five-year investment periods, respectively. The number of firms 

decreases with the length of investment periods because I need to make sure that the last 

month of the stock return ends in September, 2008. Following the research undertaken by 

Kothari and Warner (1997), if a firm is delisted within the test period, its returns are tracked 

according to the availability of data in order to minimize the survival bias. For instance, 

suppose the test period is 36 months. A firm is delisted in the 15
th
 month. Then the estimation 

of abnormal returns of this firm ends in month 15. Moreover, the missing values are kept as 

they are without any replacement. However, in the subsequent chapter which applies the 

event-time approach based on reference portfolios and a single control firm, the missing 

values are replaced with the average returns of reference portfolios. This further suggests if a 

firm is delisted, its returns over the delisted period are filled with the average returns of 

reference portfolios. Therefore, an event firm has a complete return dataset over the event 

window. Taking the previous example, the rest 21-month returns are replaced with the average 

returns of reference portfolios which the firm belongs to rather than simply taken as missing 

values. It is important to note that since there is no requirement of returns in the estimation 

period, the final sample of firms in the following two chapters has 4,977 firms. 

 

3.3 Research methodology 

3.3.1 Models  

I choose simple returns to start with because these are portfolio additive, whereas log returns 

are time additive. In this thesis, I examine both buy-and-hold returns and cumulative returns. 

Simple returns are applied since log returns are not appropriate for cross-sectional studies. 

LSPD provides log stock returns as follows:  
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log R
i t
 ln  

Pi t Di t

Pi t 1
                           (3.1) 

Pi t: The last traded price in month t 

Di t: The dividend paid during month t and adjusted to a month-end basis 

Pi t 1: The last trade price in month t-1  

Therefore, I convert log returns to simple returns by using the exponential formula: 

Ri t  exp logRi t  1                         (3.2) 

The general formula for abnormal return is defined as follows: 

ARi t  Ri t  E Ri t                           (3.3) 

If the market is efficient, abnormal returns should be equal to zero for all investments. That is, 

based on the given risk level, securities should be priced on average so the actual returns are 

equal to expectation from investors. The market-adjusted model, market model, capital asset 

pricing model, Fama-French three-factor model and Carhart four-factor model are applied in 

this chapter to detect the long-run abnormal returns.  

 

Market-adjusted model: 

ARi t  Ri t  Rm t                           (3.4) 

Rm t is denoted as market return, measured as equally-weighted market portfolio return.  

 

Market model:  

ARi t  Ri t    i   
i
Rm t                        (3.5) 

 i  and  
i
 are achieved by regressing monthly returns for security i on Rm t  over the 

estimation period.  

 

Capital asset pricing mode 

ARi t  Ri t   Rf t   
i
 Rm t  Rf t                     (3.6) 

Rf t is the risk-free rate which uses three-month market rates of Treasury bills as a proxy.  
i
 

is the coefficient resulting from regression of stock returns on the difference of market returns 

and risk-free investment returns with intercept of risk-free rate over the estimation period. 

This model contains the single market portfolio-based risk factor.  
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Fama-French three-factor model 

ARi t  Ri t   Rf t   
i 1
RPMt   

i 2
HMLt   

i 3
SMBt            (3.7) 

With the background of CAPM with a single risk factor, Fama and French (1993) incorporate 

two additional risks which influence the stock prices. HMLt  is the difference between 

returns on portfolios of high and low book-to-market-ratio securities, whilst SMBt is the 

difference between returns on portfolios of small and large market value securities. RPMt is 

the difference between returns on a market index and risk-free investment.  
s
 are beta factors 

corresponding to different control factors and are achieved by regression over the estimation 

period. The factors are obtained from Exeter University‟s website provided by Gregory, 

Tharyan and Huang (2009). 

 

Carhart four-factor model 

The argument of the similarity between the three-factor model and CAPM evokes academics‟ 

interest to explore a model to incorporate more controlling factors. Therefore, a 4
th
 factor is 

introduced by Carhart (1997) representing the difference between returns on portfolios of 

securities that perform well and poorly in the short term. It is a momentum factor to capture 

the short-lived, (defined as one year period), momentum anomaly.  

ARi t  Ri t   Rf t   
i 1
RPMt   

i 2
HMLt   

i 3
SMBt   

i 4
PR12t        (3.8) 

PR12t is the difference between average returns on the two high prior-return portfolios and 

the two low prior-return portfolios. The momentum factor is also available on the Website of 

Exeter University.  

 

Cumulative abnormal returns 

Once individual stock returns are computed, the returns across time and stocks need to be 

accumulated since I am interested with the mean abnormal return of a portfolio. Therefore, I 

have two measurements of accumulation of stock returns in a portfolio. One is known as 

cumulative abnormal returns (CARs), which simply average all stocks returns in a portfolio in 

month t, and then add up all returns over the study period as follows: 

ARp t  
 ARi t
N
i 1

N
                            (3.9) 
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CARp T   ARp t
T 1
t 0                         (3.10) 

N is the number of firms in the portfolio in month t. The number of firms varies in the test 

period since stocks are only tracked for available returns. If a firm is delisted during the test 

period, it needs to be excluded from the portfolio when it dies.  

 

Buy-and-hold returns 

Another measurement of abnormal returns is buy-and-hold returns (BHARs) which 

compounds individual stock returns over the holding periods. The mean BHARs is calculated 

by taking the average BHARs of stocks in the portfolio 

.                     
   
                      (3.11) 

        
        
 
   

 
                       (3.12) 

When conducting BHARs, the number of firms is 200 over the test period because of the 

initial screened requirement of at least 25-month returns including the event month. As can be 

seen from the formula, CARs computes monthly portfolio returns in a month based on equal 

weights firstly, and then sums up over the investment period, whereas BHARs calculates 

individual BHARs over the holding period firstly and then take the average of BHARs of all 

stocks in the portfolio.  

 

3.3.2 Statistical inferences 

Parametric test 

The null hypothesis is that the mean monthly CARs or BHARs is zero over the holding period. 

The conventional test statistics assume normal distribution of CARs and BHARs with zero 

mean and constant variance. Regarding CARs, test statistics is given as: 

  
      

            
                           (3.13) 

 

When the standard deviation of CARs is based on estimation period, it is shown as: 

                                    
 
     

                    (3.14) 

where  

                
 

  
       
  
                          (3.15) 
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However, when the standard deviation is defined over the test period, it is given as: 

                                    
 
         

                (3.16) 

where  

                
 

   
       
   
                        (3.17) 

 

The test statistics for determination of whether null hypothesis of mean BHARs uses standard 

deviation over the test period is as follows: 

  
       

          
,                            (3.18) 

Where 

           
 

   
                   

 
         

           (3.19) 

 

Wilcoxon Signed-rank test 

Apart from parametric tests, I also examine a popular nonparametric test that is a combination 

of sign test and rank test. It is known as the Wilcoxon Signed-rank test, introduced by 

Wilcoxon (1945). It bears null hypothesis of an equal number of positive and negative returns 

under a framework of binominal test. Firstly, the absolute values of 200 CARs or BHARs are 

ranked in each sample. Rank 1 relates to firms with the lowest CARs or BHARs. Then signs 

are allocated to observations. Afterwards, the additions of ranks with a positive sign and with 

a negative signs are computed. Then the sum of these two figures is calculated for the purpose 

of determining whether or not the null hypothesis of zero median is rejected. The process is 

expressed as follows: 

         
 

                             (3.20) 

where                                  
                              (3.21) 

               )                        (3.22) 

                                          (3.23) 

    
  is the positive rank of the absolute value of CARs. When N is large, test statistics 

follow a normal distribution. N is denoted as the total number of firms. The test statistic Z is 

calculated based on mean and variance in order to compare this with critical values at a 
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significance level of 5% both on one-sided and two-sided tests. For each sample, I achieve 

one Z. The number of Z totals 250 over one-, three- and five-year holding periods. The 

rejection frequency among 250 samples is computed. A similar process is conducted for 

BHARs. 

 

3.3.3 Simulation process 

Following the simulation process by Kothari and Warner (1997), firms in the population need 

to have at least 25-month returns including returns in the event month. For example, since the 

test period is from October 1982 to September 2008, firms without 25-month consecutive 

returns over the period of October 1980 to October 2007 are excluded when examining the 

stock performance over one year. The simulation process selects 250 samples of 200 firms 

randomly. I randomly select 200 firms with replacement from the population. For each firm, I 

randomly select an event month between October 1982 and October 2007 for one year, 

October 1982 to October 2005 for three years and October 1982 to October 2003 for five 

years. One firm may appear more than once in the sample with multiple event months. This 

potentially causes the issue of overlapping returns. The whole period is divided as an 

estimation period and test period which includes event month. The timeline is illustrated as 

follows: 

 

As can be seen from the above graph, the same estimation period, defined as the previous 24 

months prior the event month, is applied in all investment periods. The test periods are 

denoted as from month 0, the event month, to month 11 when the study period is one year. 

The returns of firms are tracked for one year, three years and five years over the whole study 

period. To control the survivorship bias, the performance of a security is only estimated 

according to the data availability even when calculating the buy-and-hold returns. If a firm 

does not have 12-month returns following the event month, I only examine as many monthly 

returns as it has. For each sample of 200 firms, I test the null hypothesis of zero mean CARs 

or BHARs at 1% and 5% significance level. Then the rejection frequency is computed. The 
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rejection frequency is 5% at 5% significance level when the test is well-specified. If it is less 

than 5%, the test is relatively conservative. If it is more than 5%, the test is anti-conservative. 

Both two-sided and one-side test statistics are investigated.  

 

3.4 Simulation on random samples 

3.4.1 Cumulative abnormal returns (CARs) 

The rejection frequency of the null hypothesis of zero mean CARs is reported in Table 3.5 at 

a significance level of both 1% and 5%. The rejection rates in two-tailed tests increase with 

the length of investment horizons in all five models. For instance, the rejection rate for the 

market-adjusted model at 5% significance level increases from 12.4% to 24.8% from one year 

to five years. The mean CARs and test statistics of CARs show a similar pattern to the 

rejection rates. All models show severe misspecification with overrejection on the null 

hypothesis. The market model underperforms other models with the highest rejection rates of 

26%, 40% and 50% in one-, three- and five years at a significance level of 5%. Furthermore, 

it shows the highest mean CAR of 250 samples increasing from 2.6% to 12.2% from one year 

to five years, together with the highest standard deviation of CARs in the range of 0.06 to 

0.209. The mean test statistics of CARs in the market model also are the highest among other 

models. The Carhart four-factor model is the second underperformer among all the models, 

with a rejection rate of 28% in one year, increasing to 44.4% in five years at a significance 

level of 5%. The lower rejection rates in the Fama-French three-factor model suggest that the 

incorporation of momentum factor in the four-factor model generates more severe 

misspecification. The less misspecified results generated by the market-adjusted model 

indicates a simple model that is better applied to detect long-term stock performance, rather 

than factor models which control different factors. Regarding one-tailed test, CARs in all 

models demonstrate positive biased test statistics with higher rejection rates on the right tail at 

both 1% and 5% significance levels. Furthermore, the rejection rates of alternative hypothesis 

of negative CARs are close to 5% except for the two factor models in one year and apart from 

the market model in three and five years. This evidence suggests the absence of abnormal 

returns. The findings are in line with studies undertaken by Kothari and Warner (1997). 
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However, the magnitude of rejection rates is smaller in one year and larger in three years in 

the UK market from 1982 to 2008, compared with the US market covering the period of 1980 

to 1989. Kothari and Warner (1997) document that the rejection rates in two-tailed test are 

12.4% and 20.8% in one year and three years at a significance level of 5% when applying the 

capital asset pricing model on the US data. The corresponding rejection rates in the studies are 

13.6% and 18%. Apart from the conventional test statistics, I also conduct the Wilcoxon 

signed-rank test under CARs in Table 3.7 to avoid the violation of the assumption of normal 

distribution. Over the investment horizon of one year, all models show specified test statistics 

in both one-tailed and two-tailed tests apart from the market model with a rejection rate of 

92%. However, misspecification is indicated for all models in three and five years. The 

rejection rates increase with the length of investment horizons. Moreover, the overrejections 

on the right tail suggest that the median of CARs is positive; this is consistent with the 

distribution of CARs in a sample of 50,000 firms discussed in the subsequent section. 

 

The application of standard deviation in the computation of test statistics over the estimation 

period results in an upwardly biased test statistic when compared with the application of 

standard deviation over the test period. The number of firms in the estimation period is 

constant due to the requirement of at least 25-month returns. However, the number of firms 

over the test period is changing over the time, as returns are tracked according to the 

availability of data. Therefore, the standard deviation based on the test period increases when 

the sample size is smaller. Table 3.6 exhibits the specification of test statistics for five models 

over three investment horizons. An improvement of misspecification with lower rejection 

rates in all models is indicated. The market model still generates the most severely 

misspecified results with the highest rejection rate; the four-factor model follows this. The 

rejection rate in two-tailed test in one year when applying the market model based on standard 

error over the test period is 19.2% which is smaller than the case when the standard error is 

computed over the estimation period (26%). The market-adjusted model and capital asset 

pricing model outperform other models over three investment horizons. The market-adjusted 

model has rejection rates of 8.8%, 6% and 9.2%, while the capital asset pricing model has 

rejection rates of 8.8%, 6% and 8.8% in one-, three- and five years respectively. It is 
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interesting to note that the Fama-French three-factor model indicates the lowest rejection rate 

of 7.6% among all models in five years but has a rejection rate of 12.8% in one year. 

Moreover, the misspecification is more severe in one year except for the market model. 

Regarding one-tailed test, positively biased returns are still presented in most cases apart from 

the capital asset pricing model and the two factor models in one year, which tend to be 

symmetric. The smaller magnitude of mean statistics of CARs compared with the case of 

taking standard deviation over the estimation period indicates larger standard deviation over 

the test period. This confirms the findings by Kothari and Warner (1997) who apply the 

market-adjusted model and find a rejection rate of 18.4% in three years when the standard 

error is computed over the estimation period and 9.6% when the standard error is calculated 

over the test period.  

 

3.4.2 Buy-and-hold returns (BHARs) 

The empirical results of BHARs in Table 3.8 indicate inconsistent findings as with the prior 

studies. The most distinguishing feature is that except for the market model and the 

four-factor model, the rejection rates of the null hypothesis of zero mean BHARs for all other 

models at significance levels of 1% and 5% present well-specified test statistics. At a 

significance level of 5% in two-tailed test, the market-adjusted model shows rejection rates of 

6.8%, 4.4% and 8.8%, whereas the capital asset pricing model presents rejection rates of 4.8%, 

3.6% and 4.4% in one-, three- and five years. Moreover, the Fama-French three-factor model 

yields a rejection rate of 6% in one and three years and 3.6% in five years. Although the 

four-factor model has a lower rejection rate of 4.8% in one year when compared with the 

three-factor model, it yields rejection rates of 12.8% and 14.8% in three and five years. 

Although the market model generates a lower rejection rate in one year (19.2%) for BHARs 

compared with CARs (26%), it reveals the most severe misspecification with the highest 

rejection rates of 62.4% and 60.8% over three and five years. Compared with CARs, it is 

interesting to note that the rejection rates are mostly lower in BHARs except for the market 

model which shows rejection rates of 19.2% in BHARs and 26% in CARs when the 

investment horizon is one year, and 62.4% in BHARs and 40% in CARs in three years, and 

60.8% in BHARs and 50% in CARs in five years. Kothari and Warner (1997) also document 
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similar patterns. However, the misspecification is still indicated for all models over the 

investment horizon of three years in their findings, which is in contrast to the evidence. In 

consequence, I advocate the application of BHARs rather than CARs in the event-time 

approach based on models of the market-adjusted model, capital asset pricing model and 

three-factor model to detect long-term stock performance.  

 

Regarding symmetry of test statistics under BHARs, the market-adjusted model shows 

negatively biased test statistics over the holding periods of three and five years; in contrast, 

the market model and four-factor model display positively biased test statistics. However, a 

symmetric test statistics under BHARs with rejection rates of 5.6% on both sides in one year 

is documented in the Fama-French three-factor model, but develops into an asymmetric 

pattern with positive biased test statistics in three and five years. Moreover, the capital asset 

pricing model indicates negatively biased test statistics in one year. With respect to the mean 

BHARs, this increases according to the length of holding periods, as in CARs in most cases 

except for the market-adjusted model and the two factor models. The magnitude of mean 

BHARs is mostly larger than that of mean CARs apart from the market-adjusted model. 

Unlike positive mean CARs in all models, BHARs has three exceptions with negative mean 

BHARs. The market-adjusted model has mean BHARs of -0.4% and -0.5% in one year and 

five years, respectively. It is important to note that the market model still presents the highest 

mean BHARs as CARs. Moreover, the mean BHARs of the market model reaches 413.4% in 

five years. This may be due to the random sampling. The magnitude of the mean BHARs 

documented by Kothari and Warner (1997) in the US stock market over the investment 

horizon of three years is larger in all models except for the market model when compared 

with the UK data. For instance, the mean BHARs is 1.7% when applying the market-adjusted 

model in the UK stock market and 4.38% in the US stock market. However, the 

corresponding figures when applying the market model are 63.9% in the UK stock market and 

27.8% in the US stock market.  

 

The Wilcoxon signed-rank test reported in Table 3.9 demonstrates severe misspecification for 

BHARs in two-tailed tests at a significance level of 5% in all models except the market model 
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in three and five years, with rejection rates of 3.6% and 5.6%, respectively. The null 

hypothesis of zero median with equal frequencies of positive and negative BHARs is 

overrejected in most cases. The market-adjusted model, instead of the market model, has the 

highest rejection rates. Moreover, the higher rejection rates on the left tail indicate that the 

median of BHARs in 250 samples is significantly smaller than zero. This is consistent with 

the distributional properties discussed in the subsequent section.  

 

3.4.2.1 Power of test in BHARs 

With a conclusion that the market-adjusted model, capital asset pricing model and Fama-French 

three-factor model in conjunction of BHARs are appropriate to apply in long-run event studies, it 

is interesting to find the outperformer in terms of power of test, which is defined as the ability of a 

test to detect an effect, if the effect exists. In other words, power is the probability that the null 

hypothesis should be rejected when it is false. Therefore, I induce abnormal returns in the range of 

-20% to 20% with an interval of 5% to individual stocks over the holding period. If the test is 

powerful, it should reject the null hypothesis of zero BHARs since there is abnormal return. 

Therefore, the percentages of rejection rates over all investment horizons are expected to be 100% 

if the test is superior. Table 3.10 reports the empirical results. First of all, the rejection rates for all 

models decline when the holding period lengthens. For instance, the percentage of rejection rates 

when applying the market-adjusted model is 98.8%, 95.2% and 86% when the holding periods are 

one-, three- and five years. Second, the test shows higher power with higher rejection frequency 

for all models when abnormal returns induced are negative. The rejection rate is 85.2% when -20% 

is induced and 61.6% when 20% is induced with the application of the capital asset pricing model 

over five years. Third, the rejection rates increase when higher absolute values of abnormal returns 

are induced. The rejection rates are 38.8% when 15% of abnormal return is induced and 54.8% 

when 20% of abnormal return is induced with the application of the Fama-French three-factor 

model over three years. Last, the market-adjusted model shows the highest power of test with the 

highest rejection rates compared with the capital asset pricing model and Fama-French 

three-factor model over all holding periods. The rejection rate is 86% when applying the 

market-adjusted model over five years whereas the corresponding figures for the capital asset 

pricing model and Fama-French three-factor model are 85.2% and 80.8%, respectively.  
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3.5 Simulation on non-random samples 

3.5.1 Large/Small size 

Small firms are in the size decile 1 with the smallest market value in September of year t, 

whereas large firms are in the size decile 10 with the largest market value. Tables 3.11-3.12 

report the rejection frequency for small firms under the measurement of CARs and BHARs 

over three investment horizons in all five models. Regarding CARs, all models generate close 

to 100% rejection rates, which indicates more severe misspecification compared with random 

samples. For example, the rejection rates are 99.6% when applying the market-adjusted model 

and 99.2% when applying the capital asset pricing model in five years. The market model is 

still the most misspecified model with the highest rejection rates of 100% in all three 

investment horizons. Moreover, there are positively biased test statistics with rejection rates 

close to 100% on the right tail for all models. Additionally, the misspecification in two factor 

models is the most severe in three years but the least severe in five years. The mean of CARs 

increases with the length of investment horizons. For instance, the market-adjusted model has 

mean CARs of 27.5% in one year, 54.7% in three years and 68.1% in five years. The 

magnitude of mean CARs is significantly higher compared with random samples. 

Furthermore, the means of test statistics under the null hypothesis of zero mean CAR in all 

models are larger than 3 with high variability. Regarding BHARs, the misspecification is 

improved significantly with lower rejection rate but still exists. The market-adjusted model 

generates a rejection rate of 98.8% in CARs and 50.4% in BHARs in one year. The market 

model is still the worst performer with the highest rejection rates. The test statistics are 

positively biased but with relatively lower rejection rates on the right tail. It is worth 

mentioning that the means of BHARs when applying the market model and four-factor model 

are highly abnormal with large value in five years. This could be the issue of random 

sampling which selects stocks with high raw returns compounded to achieve much higher 

returns.  

 

The percentages of rejection rates with the application of five models for large firms are 

reported in Tables 3.13-3.14. The rejection rates under CARs are much smaller than small 

firms. Surprisingly, the severe misspecification is still documented in large firms over all 
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investment horizons. The market-adjusted model yields a rejection rate of 42.2% in one year. 

The market model still generates the most severe misspecification. Although BHARs 

improves the misspecification from CARs, the misspecification is indicated. Some findings 

distinguish the large firms from small firms. The first is that test statistics under both 

measurements are negatively biased except the case when applying the market model in five 

years. Secondly, the means of CARs and BHARs are negative or zero for large firms whereas 

the corresponding figures are positive for small firms. Thirdly, when applying BHARs, the 

market model, unexpectedly demonstrates a significant fall in rejection rates from 32.8% in 

one year to 4% in five years, while the market-adjusted model shows an uptrend of rejection 

from 16.4% in one year to 90% in five years. Moreover, the three-factor model, as well as 

four-factor model, show severe misspecification in three years and five years but are 

well-specified in one year with a rejection rate of 4.8%. When compared with the three-factor 

model, the four-factor model improves misspecification in longer investment horizons. 

Fourthly, apart from the market model, the severity of misspecification increases with the 

length of investment horizons for large firms. However, the severest misspecification is found 

for small firms when the investment horizon is three years. Last but not least, the magnitude 

of mean BHARs is smaller than CARs with the application of the market-adjusted model, 

CAPM and three-factor model. The converse situation exists when applying the market model 

and four-factor model.  

 

Since the models in the studies do not generate specified test statistics for large firms as prior 

research, it is worth examining firms in other size deciles apart from size 1 and 10. The 

empirical results with the application of the market-adjusted model and asset pricing model in 

BHARs at a significance level of 5% on both one-tailed and two-tailed tests are presented in 

Table 3.15. Regarding the market-adjusted model, firms in the size decile 4 and 5 show 

specified results over three holding periods whereas other deciles indicate misspecification, 

particularly size 1, 2, 9 and 10. For size decile 4, the rejection rate is 8% in one year, 4.4% in 

three years and 7.6% in five years. Similar results are documented for size decile 5. However, 

size decile 1 shows a rejection rate of 30.4% in five years. Interestingly, the corresponding 

figure for size decile 2 is 60%. Furthermore, size deciles with large firms exhibit large 
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rejection rates. For instance, size 9 presents a rejection rate of 56% while size 10 shows a 

rejection rate 97.2% in five years. The mean BHARs decrease gradually from positive to 

negative figures from size 1 to 10. In the holding period of five years, the mean BHARs is 1.1% 

for size 5 but turns into red from size 6 (-1.3%) to size 10 (-15.9%). It is interesting to note 

that the asymmetry of BHARs shift from positive bias to negative bias with size. BHARs 

presents a positive bias with higher rejection rates on the right tail for size 1, 2 and 3 but 

display a negative bias for the rest sizes when the holding period is five years. With respect to 

the capital asset pricing model, similar results are found as the market-adjusted model. 

However, the rejection rates are slightly smaller in most cases compared with the findings 

when applying the market-adjusted model. The misspecification documented in both small 

and large firms when applying the UK data can be attributed to the resampling of firms. The 

small and large firms continue business longer than the medium firms over the period of 1982 

to 2008. Based on the simulation procedure established by Kothari and Warner (1997), firms 

are selected with replacement, which indicates that a firm may appear more than once with 

multiple event months. Therefore, the repetition of small or large firms is more frequent than 

the medium firms. Due to the size effect, the misspecification with high rejection rates for 

small firms is explainable, especially when firms with high returns are selected several times. 

However, the misspecification of large firms reveals the fact that large returns are resampled 

several times in some circumstances.  

 

3.5.2 High/Low book-to-market ratio (BTM) 

Firms with low book-to-market ratios are those in BTM decile 1, while firms with high 

book-to-market ratios are those in BTM decile 10 based on market value in September of 

each year t and a 6-month lagged book value. Tables 3.16-3.17 reveal the rejection rates for 

firms with the lowest BTM. I document the following findings. First, same as the random 

samples, the market model generates the most misspecified test statistics which yield rejection 

rates close to 100% over three investment horizons in CARs. However, the measurement of 

BHARs significantly eliminates the misspecification in the market model with the length of 

holding periods. The rejection rate is 88% in one year and 6.4% in five years at a significance 

level of 5%. Second, the market-adjusted model, surprisingly, yields more misspecified test 
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statistics with the measurement of BHARs when compared with CARs. However, BHARs 

improve the misspecification for other models as the random samples. The rejection rate is 

85.2% in five years under CARs and is 94.4% under BHARs. Third, all means of CARs and 

BHARs are negative and close to zero except the case when the four-factor model is applied 

in five years. The abnormally high mean BHARs can be attributed to the random sampling 

with firms with high raw returns. Last but not least, abnormal returns, regardless of the 

measurements, are negatively biased with higher rejection rates on the left tail. This is in line 

with the findings documented by Kothari and Warner (1997) but with much higher rejection 

rates. The results of severe misspecification with much higher rejection rates when applying 

the pricing models based on the UK data, compared with the results found by Kothari and 

Warner (1997) are consistent with the analysis of the large firms in the previous section. 

Firms with the lowest BTM contain firms with high market values. Therefore, the high raw 

returns of large firms and the repetition of these firms contribute the high rejection rates. It is 

worth mentioning that Kothari and Warner (1997) define firms with low BTM as firms with 

BTM below 0.8 whereas I decile firms into ten groups according to their BTMs and take the 

group with the smallest BTM as firms with low BTM. Tables 3.18-3.19 exhibit the rejection 

frequencies under the measurement of CARs and BHARs for a sample of firms with the 

highest BTM. Similar findings are documented as studies undertaken by Kothari and Warner 

(1997). First of all, the rejection rates are higher for firms with the highest BTM when 

compared with firms with the lowest BTM. Secondly, both CARs and BHARs are positively 

biased with higher rejection rates on the right tail. Last but most importantly, the means of 

CARs and BHARs are positive. The mean BHARs of 1500% with the application of the 

market model and 100% with the application of the four-factor model may be caused by the 

process of random sampling. It is important to note the rejection rates are higher based on the 

UK data compared with studies based on the US data. These findings are plausible since firms 

with the highest BTM contain small firms which suffer the size effect. To further examine the 

anomalies in the sample of firms with the highest BTM, I conduct the simulation process on 

the remaining BTM deciles with the application of the market-adjusted model and capital 

asset pricing model under BHARs. The results are displayed in Table 3.20. BTM 6 yields 

well specified test statistics over three holding periods when the market-adjusted model is 
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applied. The absolute values of means of BHARs are the highest in both BTM 1 and 10. For 

instance, the means of BHARs are -29.1% and 30.1% in BTM 1 and BTM 10, respectively. 

The means of BHARs increase from negative values in BTM 1 to positive values in BTM10. 

Moreover, test statistics shifts from negative biased to positive biased with an increase in 

value of BTMs. Additionally, the large value of the means of test statistics in BTM 1 and 

BTM 10 confirms high rejection rates in the results. Similarly, the capital asset pricing model 

demonstrates a pattern of the highest rejection rates in BTM 1 and BTM 10. However, BTM 5 

yields well-specified test statistics with rejection rates close to 5% at a significance level of 5% 

whereas BTM 6 bears with overrejection in three and five years. For both models, BTM 5, 6, 

7 generate well-specified test statistics in one year. This indicates that the evidence of absence 

of abnormal returns for firms which are in the boundary which classify a value firm with high 

BTM and a growth firm with low BTM when the holding period is one year is apparent. Even 

when the holding period lengthens to three or five years, these firms have lower rejection 

rates than firms with the highest or lowest BTM. Since firms with the lowest BTM contain 

large firms with large market value, the anomaly of high rejection rates can be explained in an 

analogous fashion as large firms. Apart from the repetition of large firms in the simulation and 

large value of returns of large firms, large firms may also be allocated to other BTM deciles. 

This allocation is taken as another reason to explain the high rejection rates in other BTM 

deciles such as BTM 3. 

 

3.6 Causes of misspecification 

3.6.1 Distribution of abnormal returns 

I examine the distributions of abnormal returns over three investment horizons by applying 

the method suggested by Kothari and Warner (1997). Instead of randomly selecting 250 

samples of 200 firms with replacement, I draw 50,000 firms with event months randomly 

without replacement from 1982 to 2008. Five models are applied over the investment periods 

of one, three and five years. I obtain 50,000 CARs and BHARs. I then construct the 

distributions of long-run abnormal returns in order to compare the effect of skewness on the 

misspecification in CARs and BHARs. Table 3.21 presents the empirical results. The means 
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of CARs and BHARs increase with the length of investment horizons except for the case 

when applying the market-adjusted model in five years. The magnitude of mean BHARs is 

mostly higher than the magnitude of mean CARs. This is attributed to the compounding effect 

when applying BHARs. All models, regardless of the measurement of abnormal returns, show 

positive skewness of abnormal returns. Moreover, BHARs indicate severe right-skewed 

distribution with extremely large value of abnormal returns over the holding period. The 

compounding effect accumulates over a longer time horizon. The abnormally large mean 

CARs and BHARs, which differ from the previous studies, are attributed to random sampling. 

The market model generates the highest mean BHARs compared with other models. This 

explains the overrejection of the null hypothesis in random samples. The four-factor model 

factor yields with the second highest mean BHARs among all models. The negative value of 

medians for BHARs suggests that the nonparametric tests, such as sign test with an 

assumption of zero median, are not appropriate in their application to test the abnormal 

returns. This confirms the findings in random samples with the application of the Wilcoxon 

signed-rank test. BHARs generate more leptokurtic distributions than CARs. Although 

BHARs significantly violate the assumption of normal distribution, it still yields less 

misspecified results with lower rejection rates compared with CARs when conducting the 

simulation process on random samples, even when CARs uses standard errors based on the 

test period. This finding is inconsistent with prior research. Therefore, although BHARs is 

superior to adjust misspecification, test statistics are not reliable because BHARs show severe 

positively skewed and leptokurtic distribution. 

 

3.6.2 Sample selection bias 

The requirement of 25-month stock returns excludes firms which go public or are delisted 

during the estimation period or are listed over the test period. As suggested by Ritter (1991), 

the IPOs exhibit long-term underperformance after listing. The exclusion of new listed firms, 

therefore, yields higher abnormal returns, leading to an upwardly biased test statistics. To 

examine the level of sample selection bias, I follow the procedures introduced by Kothari and 

Warner (1997) to compare the mean returns over the test period with different requirements of 

the availability of return data over the estimation period. I start with no requirement of return 
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data. In September 1982, I include only firms with nonmissing return observation in this 

month. Then the cumulative returns of individual stocks are computed in 1 month, one, two 

and three years. If a firm does not survive over the whole test period, the return data is tracked 

until it is delisted. Then the average return over the study period is computed. The same 

process is repeated in the next calendar month until October, 2007 when the study period is 

one year. Then the mean of the average cumulative returns is reported in Table 3.22. The 

number of observations of returns declines from 303,970 to 263,505 when there is no 

requirement on pre-event data and when 48-month pre-event returns are required. The grand 

means of cumulative returns over the test period increase with the length of the test period. 

When there is a much stricter requirement of survival period, the returns also increase with an 

implication of higher returns for survivors, regardless of the measurement of returns. This is 

in line with the findings by Kothari and Warner (1997). The survivor bias could potentially 

result in higher stock return, leading to an upward biased test statistics. Since the event-time 

approach based on models applies asset pricing models to achieve expected returns which 

mostly require „clean‟ returns in the estimation period in order to estimate the coefficients in 

the regression, it is inevitable that restrictions exist regarding returns over the estimation 

period. Lyon and Barber (1997) propose another event-time approach with reference 

portfolios or a control firm as benchmarks to avoid the sample selection bias. However, 

because reference portfolios and control firms are matched with event firms with similar 

characteristics such as book-to-market ratio and size, this still requires firms with returns 

during the period when conducting the criteria. Therefore, the sample selection bias cannot be 

eliminated. 

 

3.7 Summary 

With the application of the UK data, this chapter duplicates the methodology, which estimate 

expected stock returns via pricing models, introduced by Kothari and Warner (1997) so as to 

detect the long-term abnormal stock returns. The original data from studies undertaken by 

Gregory, Tharyan and Huang (2009) is screened with criteria of firms with both positive 

market value and book value listed in the Main Market, the Alternative Investment Market 
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and the Unlisted Securities Market. Since the robustness check requires book-to-market ratio, 

market value of a firm in September of each year and book value of a firm with six-month lag 

from September of each year are identified. The monthly stock returns are downloaded from 

London Stock Price Database. Particularly, the monthly risk-free rate from the same database 

is a proxy of three-month market rate of Treasury bills. Following the data requirement as 

suggested by Kothari and Warner (1997), firms in the population need to have consecutive 

24-month prior-event returns. The stock return on the event date is also a must. The study 

period is from October, 1982 till September 2008. The simulation process is conducted by 

randomly selecting 250 samples of 200 firms. The post-event returns of a firm are tracked 

until it is delisted in order to detect the long-term abnormal returns over the investment 

horizons of one-, three- and five years. The expected returns are estimated based on different 

pricing models, namely, the market-adjusted model, market model, capital asset pricing model, 

Fama-French three-factor model and four-factor model. The null hypothesis is zero 

cross-sectional cumulative abnormal return (CAR) or buy-and-hold abnormal returns (BHAR) 

based on equal weights. If a test is well-specified, the rejection rate is 5% at a significance 

level of 5%. However, if a test is conservative if fewer than 12 null hypotheses are rejected 

whereas a test is anticonservative if more than 12 null hypotheses are rejected. The 

comparison of statistics based on standard errors estimated by stock returns over estimation 

window and event window is shown. Furthermore, the power of test with introduction of 

shocks is conducted to test the reliability of the test statistics. Apart from random samples, 

non-random samples such as firms with small/large size or low/high book-to-market ratio are 

examined. Potential causes of misspecification such as distributional properties of abnormal 

returns and sample selection bias which questions the data screening process of 25-month 

consecutive returns are documented.  

 

Cumulative Abnormal Returns (CARs) 

For random samples, CARs using standard errors estimated over the estimation period or test 

period both present severe misspecified results. However, when using the standard errors 

based on the test period, the misspecification is improved. The number of firms in the 

estimation period is constant due to the requirement of at least 25-month returns. However, 
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the number of firms over the test period is changing over the time, as returns are tracked 

according to the availability of the data. Therefore, the improvement of misspecification when 

applying the standard error based on the test period is because the increase of standard 

deviation when the sample size is smaller. The market model under CARs yields the most 

misspecified test statistics with highest rejection rates. These findings are consistent with the 

studies carried out by Kothari and Warner (1997). When it comes to non-random samples of 

firms with high/low book-to-market ratio, all models yield misspecified test statistics. The 

rejection rates, especially for firms with low BTM, are much higher than the findings 

documented by Kothari and Warner (1997). The anomaly of firms with low BTM can be 

explained by large returns of firms with large market value and the resampling of these firms 

since theses large firms continue business longer than small firms. This conclusion is further 

supported by the evidence of rejection rates of ten BTM deciles which indicate BTM decile 5, 

6 and 7 generate well-specified test statistics in one year. When the investment horizons 

lengthen to three and five years, the rejection rates for firms with medium BTM are smaller 

than firms in the two extreme ends. It is worth mentioning that Kothari and Warner (1997) 

define firms with low BTM as firms with BTM below 0.8 whereas I decile firms into ten 

groups according to their BTMs and take the BTM decile one with the lowest BTM as firms 

with low BTM. Small and large firms also show similar pattern as firms with low or high 

BTM. Regarding the distributional properties of CARs, the means increase with the length of 

investment horizons except for the case when applying the market-adjusted model in five 

years. All models show positive skewness of abnormal returns. This is potential cause of 

misspecification with higher rejection rates of null hypothesis of zero CARs. Additionally, the 

grand means of cumulative returns over the test period increase with the length of the test 

period. When there is a much stricter requirement of survival period, the returns also increase. 

This sample selection bias could potentially lead to an upward biased test statistics.  

 

Buy-and-Hold Returns (BHARs) 

The rejection rates in BHARs are significantly reduced compared with CARs in most models 

except for the market model. This is inconsistent with previous findings of severe 

misspecification in BHARs (Kothari and Warner, 1997). The results suggest BHARs can be 
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applied effectively to reduce misspecification. However, the server asymmetric pattern of test 

statistics still exist regardless of models applied. This implies although BHARs using standard 

deviation based on the test period generate well-specified test statistics, it is not reliable. For 

non-random samples, the market model in most circumstances generates the most severe 

misspecification. Although the small size effect is significant with the highest rejection rates, 

large firms also overreject the null hypothesis of zero mean BHARs. This can be attributed to 

the issue of resampling which indicates repetition of the same firm which have high returns 

with different event months in one sample. Another finding is that small firms and firms with 

high BTM show positive skewness of abnormal returns. The similar level of misspecification 

for small firms and firms with high BTM may be due to the fact that some small firms fall 

into the category of high BTM. The anomalies of high rejection rates for firms with the lowest 

BTM are explained in an analogous fashion as large firms. I further examine the potential 

causes for misspecification. Non-random samples exhibit mostly positive skewness of 

abnormal returns. To construct the distribution of BHARs over three investment horizons with 

a random sample of 50,000 firms, BHARs show more severe positively skewed and fat-tailed 

distribution than CARs. This is proved by the Wilcoxon Signed-rank test which examines the 

medians of BHARs. Another cause of misspecification is the sample selection bias which 

suggests the requirements of pre-event returns lifts up the stock returns with survivors in the 

test period. The buy-and-hold returns show larger magnitude than the cumulative returns due 

to compounding effect.  

 

To conclude, the market-adjusted model, capital asset pricing model and Fama-French 

three-factor model are advocated to be applied together with the measurement of BHARs to 

detect the long-term abnormal stock performance, especially in random samples. However, 

test statistics derived from these models are not reliable because BHARs show severe 

positively skewed and leptokurtic distribution. 
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Figures and Tables of Chapter 3 

Table 3.1 Description of sample firms 

This table reports the number of firms in the screening process. The sample firms applied in 

this study cover a period of 1982 till 2008. The original data (N1) with firms trading in the 

London Stock Exchange including alternative investment market and unlisted securities 

market is obtained from studies undertaken by Gregory, Tharyan and Huang (2009). To 

mitigate impact from financials due to different accounting treatment, financials are excluded. 

I keep only firms with both market value and book value (N3). For firms with zero market 

value or book value, I keep them in the sample and replace the value of 0 with 0.5. The last 

screened process is to keep firms with ordinary shares by cross-matching firms with U2 

equals 0 in LspdU file from the London Stock Price Data (LSPD).  

year N1 mcap=0 
mcap<0 

&missing 
bv=0 bv<0 

missing 

bv 
N2 N3 N4 

N5 

(all 

firms) 

1982 1,081 58 - - 3 - 3 1,078 3 1,075 

1983 1,091 30 - - 4 - 4 1,087 3 1,084 

1984 1,118 43 - - 4 - 4 1,114 3 1,111 

1985 1,139 21 - - 4 - 4 1,135 3 1,132 

1986 1,361 49 - - 9 - 9 1,352 3 1,349 

1987 1,490 34 - - 13 - 13 1,477 3 1,474 

1988 1,582 31 - - 18 - 18 1,564 3 1,561 

1989 1,612 22 - - 24 - 24 1,588 5 1,583 

1990 1,595 34 - - 41 - 41 1,554 6 1,548 

1991 1,522 10 - - 46 - 46 1,476 4 1,472 

1992 1,454 18 - - 58 - 58 1,396 4 1,392 

1993 1,436 6 - - 73 - 73 1,363 4 1,359 

1994 1,579 2 - - 90 - 90 1,489 4 1,485 

1995 1,695 9 - - 83 - 83 1,612 7 1,605 

1996 1,797 3 - - 90 - 90 1,707 8 1,699 

1997 1,880 3 - - 101 - 101 1,779 7 1,772 

1998 1,908 6 - - 105 - 105 1,803 7 1,796 

1999 1,813 10 - - 99 1 100 1,713 8 1,705 

2000 1,746 2 - 1 118 1 119 1,627 10 1,617 

2001 1,751 - - 1 76 - 76 1,675 10 1,665 

2002 1,761 - - - 93 - 93 1,668 9 1,659 

2003 1,703 - - - 135 - 135 1,568 7 1,561 

2004 1,709 - - - 170 - 170 1,539 7 1,532 

2005 1,908 - - - 192 - 192 1,716 7 1,709 

2006 2,076 - - - 191 - 191 1,885 7 1,878 

2007 2,288 1 - - 122 423 545 1,743 4 1,739 

* N1: number of firms excluding financials from Gregory, Tharyan and Huang (2009); N2: number of 

firms without book value or market value or both; N3: number of firms with both book value and 

market value; N4: number of firms without ordinary shares; N5: number of finalized firms (excluding 

financials, with BV and MV, with ordinary shares) 
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Figure 3.1 Number of firms before and after screening 

This graph shows the number of firms in three scenarios: firms after exclusion of financials, 

firms with both market value and book value after exclusion of financials, and firms in the 

final sample of the studies after the screening process. The study period ranges from 1982 to 

2007 with returns tracking from 1980 to 2008. The starting point is the data excluding 

financials from the data applied by Gregory, Tharyan and Huang (2009). The data contains 

most of the non-financials with market value, book value and industry code trading in the 

main market, alternative investment market (AIM) and unlisted securities market (USM). 

Note that the USM only lasts from 1980 till 1996, whereas AIM starts from 1995. I initially 

keep only firms with both book value and market value in order to carry out a robustness 

check for small/large firms and firms with low/high book-to-market ratio. I then exclude firms 

without ordinary shares by cross-matching firms with U2 equals 0 in LspdU file from London 

Stock Price Data (LSPD). 
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Table 3.2 Descriptive statistics of returns of screened sample 

This table reports the descriptive statistics for the final sample of firms applied in the studies. 

The final sample has 4,977 firms from 1980 to 2008 with returns of 549,588. There are 

19,572 missing returns which accounts for 3.6% of the total sample. There is one extreme 

positive outlier with a return observation of 4500% for the firm with g1 code as 9705 on 

January, 2000.  

 
Descriptive statistics 

Mean 0.0125 

Standard Error 0.0003 

Standard Deviation 0.1916 

Kurtosis 6580 

Skewness 34.93 

Range 46.71 

Minimum -0.9963 

Maximum 45.72 

Count 549,588 
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Table 3.3 Frequencies of returns  

This table shows the distribution of raw stock returns of all firms. The bin values represent the 

range of values in the dataset of returns of the final sample. The first bin is -100% which is 

defined as the minimum stock return. The frequency of 1 in the first bin suggests there is one 

observation falling into this category. The second bin has values greater than -100% but 

smaller than or equal to -93%. There are 22 observations meeting this criterion. Same rules 

are applied to the rest. Approximately 50% of observations are in the range of 1% to 8%. 

There is one extreme positive outlier with a return observation of 4500% for the firm with g1 

code as 9705 on January, 2000. 

Bin1 Frequency1 Bin2 Frequency2 Bin3 Frequency3 Bin4 Frequency4 

-1.00 1 0.71 737 2.41 11 4.36     3 

-0.93 22 0.77 451 2.47 6 4.55 2 

-0.87 45 0.83 319 2.53 11 4.61 1 

-0.81 67 0.89 265 2.60 5 4.80 2 

-0.74 138 0.96 155 2.66 2 4.87 1 

-0.68 128 1.02 1,135 2.72 6 5.06 5 

-0.62 384 1.08 94 2.79 4 5.37 1 

-0.55 464 1.15 110 2.85 3 5.69 1 

-0.49 2,049 1.21 77 2.91 4 6.00 2 

-0.43 995 1.27 78 2.98 3 6.25 1 

-0.37 2,448 1.34 95 3.04 25 6.51 1 

-0.30 5,227 1.40 27 3.10 1 6.88 1 

-0.24 9,030 1.46 35 3.16 6 7.01 2 

-0.18 15,821 1.53 74 3.23 1 7.70 1 

-0.11 34,238 1.59 20 3.29 1 7.83 1 

-0.05 73,830 1.65 24 3.35 3 8.33 1 

0.01 175,074 1.71 37 3.42 1 8.52 1 

0.08 105,791 1.78 11 3.48 1 8.96 1 

0.14 57,044 1.84 16 3.54 5 9.47 1 

0.20 28,793 1.90 13 3.61 3 11.23 1 

0.26 13,729 1.97 9 3.67 2 12.24 1 

0.33 7,279 2.03 98 3.73 2 12.68 1 

0.39 5,343 2.09 11 3.79 2 12.94 1 

0.45 2,821 2.16 11 3.86 2 15.96 1 

0.52 2,801 2.22 12 3.92 3 23.02 1 

0.58 1,089 2.28 3 4.05 10 45.72 1 

0.64 847 2.34 12 4.24 2 
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Figure 3.2 Distribution of returns of the screened sample 

This graph shows the distribution returns of the final sample of firms. The final sample 

contains 4,977 firms between 1980 and 2008 with returns observations of 549,588. There are 

19,572 missing returns which accounts for 3.6% of the total sample. Approximately 50% of 

observations are in the range of 1% to 8%. There is one extreme positive outlier with a return 

observation of 4500% for the firm with g1 code as 9705 on January, 2000. The histogram 

illustrates the frequencies of returns observations, which suggests the distribution of raw 

returns. 
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Table 3.4 Summary of event months and test periods for event-time approach and calendar-time approach 

This table shows the starting and ending months over three investment horizons based on different approaches. I conduct a simulation process on the 

event-time approach and calendar-time approach following studies undertaken by Kothari and Warner (1997), Lyon, Barber and Tsai (1999) and Ang and 

Zhang (2004). All methods share the same test period from October, 1982 to September, 2008 based on the UK data. The event-time approach includes 

event-month return in the test period while the calendar-time approach tracks returns over the test period after the event month. 

Methodology     First event month Last event month Test period Notes 

Event-time 

approach 

(1982.10-2008.10) 

Kothari&Warner (1997) 

Period:1980.1-1989.12 

One year Oct, 1982 Oct, 2007 Oct, 1982-Sep, 2008 
Prior 24-month returns plus event 

month return are required. 
Three years Oct, 1982 Oct, 2005 Oct, 1982-Sep, 2008 

Five years Oct, 1982 Oct, 2003 Oct, 1982-Sep, 2008 

Lyon, Barber&Tsai (1999) 

Period: 1973.7-1994.12 

One year Oct, 1982 Oct, 2007 Oct, 1982-Sep, 2008 Reference portfolios are formed 

based on market value and book 

value in September each year.  

Three years Oct, 1982 Oct, 2005 Oct, 1982-Sep, 2008 

Five years Oct, 1982 Oct, 2003 Oct, 1982-Sep, 2008 

Calendar-time 

approach 

(1982.10-2008.10) 

Ang&Zhang(2004) 

Period: 1980.1-1992.12 

One year Sep, 1982 Sep, 2007 Oct, 1982-Sep, 2008 
Event month return is not included 

in the simulation.  
Three years Sep, 1982 Sep, 2005 Oct, 1982-Sep, 2008 

Five years Sep, 1982 Sep, 2003 Oct, 1982-Sep, 2008 
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Table 3.5 Rejection frequency of the null hypothesis of zero mean cumulative abnormal returns (CARs) - Standard error over the estimation period 

This table reports the rejection frequency of the null hypothesis of zero mean cumulative abnormal returns in 250 samples over the period of 1982 to 2008. 

Both one-tailed and two-tailed tests are examined at significance levels of 1% and 5%. To begin with, a firm is excluded from the population if it does not 

have 25 monthly returns. Then 250 firms are selected randomly. For each firm, I randomly select a random month between October 1982 and October 2007 

for one year, October 1982 to October 2005 for three years and October 1982 to October 2003 for five years. The estimation period is defined as the previous 

24 months before the event month. The test period starts from the event month. The investment horizons are one, three and five years. If a firm does not 

survive the whole test period, I only track the available returns. Therefore, the missing returns remain the same. The returns over the estimation period are 

used to estimate the coefficients in the models through regression. I employ four models including the market-adjusted model, market model, Fama-French 

three-factor model and Carhart four-factor model. The abnormal returns are measured by cumulative abnormal returns (CARs). The standard error in test 

statistics is estimated based on the abnormal returns over the 24-month estimation period. CARs are calculated as CARp T   ARp t
T 1
t 0 , where ARp t  

 ARi t
N
i 1

N
. The test statistics to test the null hypothesis of zero mean CARs is:   

      

            
., When the standard deviation of CARs is based on estimation 

period, it is shown as:                                     
 
     

      

Where                 
 

  
       
  
     . 

  1% 5% 
Mean CARs SD of CARs Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel A: one year 

Market-adjusted model 4.0 2.4 3.2 12.4 7.6 9.6 0.003 0.050 0.068 1.287 

Market model 14.8 2.8 14.0 26.0 5.2 26.4 0.026 0.060 0.682 1.577 

CAPM 5.2 3.2 4.4 13.6 8.8 13.6 0.005 0.054 0.115 1.424 

FF three-factor model 12.0 6.4 8.8 20.0 10.0 15.2 0.003 0.058 0.073 1.581 

Carhart four-factor model 15.2 8.4 12.4 28.0 16.4 19.6 0.006 0.066 0.161 1.841 
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Table 3.5 continued 

  1% 5% 
Mean CAR SD of CAR Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel B: three years 

Market-adjusted model 8.0 0.0 12.0 16.8 0.8 23.6 0.062 0.081 0.907 1.199 

Market model 26.4 4.0 29.2 40.0 10.0 41.2 0.078 0.133 1.278 2.120 

CAPM 9.2 0.8 11.2 18.0 3.2 24.8 0.044 0.088 0.689 1.381 

FF three-factor model 16.0 1.6 18.8 26.0 5.6 31.2 0.054 0.098 0.879 1.569 

Carhart four-factor model 22.4 3.6 22.8 35.2 7.6 35.2 0.050 0.115 0.861 1.915 

 
Panel C: five years 

Market-adjusted model 14.8 0.4 18.8 24.8 1.2 32.8 0.095 0.109 1.128 1.347 

Market model 39.6 6.0 37.2 50.0 10.0 46.0 0.122 0.209 1.614 2.662 

CAPM 14.4 1.2 15.6 24.0 3.6 27.2 0.065 0.121 0.824 1.542 

FF three-factor model 19.2 1.6 22.8 30.0 4.4 34.4 0.085 0.127 1.138 1.715 

Carhart four-factor model 28.8 3.6 31.2 44.4 6.8 43.6 0.102 0.155 1.394 2.194 

Note that the models applied are listed below: 

Market-adjusted model:                ;  

Market model:                       ;  

Capital asset pricing model:                                 

Fama-French three-factor model:                                ; 

Carhart four-factor model:                                              

     is denoted as market return which is measured as an equally-weighted market portfolio return,    and    are achieved by regressing monthly returns 

for security i on      over the estimation period.      is the risk-free rate which uses three-month market rates of Treasury bills as a proxy.      is the 

difference between returns on portfolios of high and low book-to-market-ratio securities, whilst      represents the difference between returns on portfolios 

of small and large market value securities.      is the difference between returns on a market index and risk-free investment.    are beta factors 

corresponding to different control factors and are achieved by regression over the estimation period.  
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Table 3.6 Rejection frequency of the null hypothesis of zero mean cumulative abnormal returns (CARs) - Standard error over the test period 

This table reports the rejection frequency of the null hypothesis of zero mean cumulative abnormal returns in 250 samples over a period of 1982 to 2008. Both 

one-tailed and two-tailed tests are examined at significance levels of 1% and 5%. To begin with, a firm is excluded from the population if it does not have 25 

month returns. Then 200 firms are selected randomly. For each firm, I randomly select a month over the period of October 1982 to October 2007 for one year, 

October 1982 to October 2005 for three years and October 1982 to October 2003 for five years. The process is repeated 250 times. The estimation period is 

the previous 24 months before the event month. The test period starts from the event month. The investment horizons are one, three and five years. If a firm 

does not survive the whole test period, I only track the available returns. The returns over the estimation period are used to estimate the coefficients in the 

models through regression. I employ four models including the market-adjusted model, market model, Fama-French three-factor model and Carhart 

four-factor model. The standard error in test statistics is estimated based on the abnormal returns over the estimation period.  

CARs are calculated as CARp T   ARp t
T 1
t 0  where ARp t  

 ARi t
N
i 1

N
.  

The test statistics to test the null hypothesis of zero mean CARs is:   
      

            
.,  

When the standard deviation of CARs is based on the test period, it is shown as:                                     
 
     

      

Where                 
 

  
       
  
     . 

  1% 5% 
Mean CARs SD of CARs Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel A: one year 

Market-adjusted model 2.4 3.6 2.0 8.8  8.0  5.6  0.003  0.050  -0.015  1.187  

Market model 7.6 2.8 8.4 19.2  6.0  20.8  0.026  0.060  0.529  1.463  

CAPM 4.0 2.8 2.8 8.8  8.4  8.8  0.005  0.054  0.032  1.253  

FF three-factor model 4.4 3.2 2.0 12.8  10.0  10.8  0.003  0.058  0.015  1.275  

Carhart four-factor model 4.8 4.4 4.8 15.6  10.8  11.2  0.006  0.066  0.075  1.383  
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Table 3.6 continued 

  1% 5% 
Mean CAR SD of CAR Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel B: three years 

Market-adjusted model 1.6 0.0 3.6 6.0 0.0 13.6 0.062 0.081 0.659 0.896 

Market model 12.8 2.0 14.4 26.0 5.2 27.2 0.078 0.133 0.821 1.512 

CAPM 2.0 0.0 2.8 6.0 1.2 10.0 0.044 0.088 0.449 0.980 

FF three-factor model 2.8 0.0 4.8 8.4 1.2 14.0 0.054 0.098 0.527 1.011 

Carhart four-factor model 3.2 1.2 6.8 11.2 2.4 15.2 0.050 0.115 0.486 1.162 

 
Panel C: five years 

Market-adjusted model 1.6 0.0 3.6 9.2 0.0 18.8 0.095 0.109 0.773 0.896 

Market model 22.4 4.4 22.4 33.6 6.8 34.4 0.122 0.209 0.963 1.765 

CAPM 2.0 0.0 3.2 8.8 2.0 13.6 0.065 0.121 0.505 0.983 

FF three-factor model 2.0 0.0 3.6 7.6 0.8 12.4 0.085 0.127 0.620 0.943 

Carhart four-factor model 3.2 0.4 6.0 13.2 2.4 17.6 0.102 0.155 0.717 1.113 

Note that the models applied are listed below: 

Market-adjusted model:                ;  

Market model:                       ;  

Capital asset pricing model:                                 

Fama-French three-factor model:                                ; 

Carhart four-factor model:                                              

     is denoted as market return which is measured as an equally-weighted market portfolio return,    and    are achieved by regressing monthly returns 

for security i on      over the estimation period.      is the risk-free rate which uses three-month market rates of Treasury bills as a proxy.      is the 

difference between returns on portfolios of high and low book-to-market-ratio securities, whilst      represents the difference between returns on portfolios 

of small and large market value securities.      is the difference between returns on a market index and risk-free investment.    are beta factors 

corresponding to different control factors and are achieved by regression over the estimation period.  
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Table 3.7 Specification of Wilcoxon signed-rank test in random samples 

This table reports the rejection frequency in 250 samples of 200 firms when applying the 

Wilcoxon signed-rank test which is a combination of sign test and rank test. It bears the null 

hypothesis of an equal number of positive and negative returns under a framework of a 

binomial test. Firstly, the absolute values of 200 CARs are ranked in each sample. Rank 1 is 

with firms with the lowest CARs. Then signs are allocated to observations. Afterwards, the 

additions of ranks with a positive sign and with a negative sign are computed. Following this, 

the sum of these two figures is calculated for the purpose of determining whether the null 

hypothesis of zero median is rejected or not. The process is expressed as follows: 

         
 

 

 

Where                                  
        

               ) 

                        

    
  is the positive rank of the absolute value of CARs. When N is large, test statistics 

follows a normal distribution. N is denoted as the total number of firms. The test statistics Z 

are calculated based on mean and variance in order to compare with critical values at a 

significance level of 5% on both one-sided and two-sided tests. For each sample, I achieve 

one Z. The number of Z totals 250 over one-, three- and five-year holding periods. The 

rejection frequency among 250 samples is computed.  

5% CARs 

 
α=0 α<0 α>0 

 
Panel A: One year 

Market-adjusted model 6.0  5.6  4.4  

Market model 92.0  0.0  92.0  

CAPM 4.4  3.2  6.8  

FF three-factor model 6.0  4.4  8.0  

Carhart four-factor model 5.2  5.2  5.6  

 
Panel B: Three years 

Market-adjusted model 10.8  0.0  17.6  

Market model 94.0  0.0  94.0  

CAPM 9.2  0.4  13.6  

FF three-factor model 10.0  0.0  17.2  

Carhart four-factor model 10.0  0.4  18.0  

 
Panel C: Five years 

Market-adjusted model 20.0  0.0  28.0  

Market model 94.4  0.0  94.4  

CAPM 19.6  0.0  24.0  

FF three-factor model 16.8  0.0  26.8  

Carhart four-factor model 14.4  0.8  20.8  

 

 



123 
 

Table 3.8 Rejection frequency of the null hypothesis of zero mean buy-and-hold abnormal returns (BHARs) - Standard error over the test period 

This table reports the rejection frequency of the null hypothesis of zero mean buy-and-hold abnormal returns in 250 samples over a period of 1982 to 2008. 

Both one-tailed and two-tailed tests are examined at significance levels of 1% and 5%. To begin with, a firm is excluded from the population if it fails to have 

25 month returns. Then 200 firms are selected randomly. For each firm, I randomly select a random month over the period of October 1982 to October 2007 

for one year, October 1982 to October 2005 for three years and October 1982 to October 2003 for five years. The process is repeated 250 times. The 

estimation period is the previous 24 months before the event month. The test period starts from the event month. The investment horizons are one, three and 

five years. If a firm does not survive the whole test period, I only track the available returns. The returns over the estimation period are used to estimate the 

coefficients in the models through regression. I employ four models including market-adjusted model, market model, Fama-French three-factor model and 

Carhart four-factor model. The abnormal returns are measured by buy-and-hold returns (BHARs). The standard error in test statistics are estimated based on 

the abnormal returns over the estimation period. BHARs are calculated as:         
        
 
   

 
, where                     

   
     . 

The test statistics to test the null hypothesis of zero mean BHARs is:   
       

          
. 

The standard deviation of BHARs is based on test period as: as:            
 

   
                   

 
         

    . 

  1% 5% 
Mean BHARs SD of BHARs Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel A: one year 

Market-adjusted model 2.0 2.8 0.0 6.8 12.0 1.6 -0.004 0.053 -0.347 1.079 

Market model 2.8 0.0 7.2 19.2 0.4 32.8 0.087 0.083 1.225 0.852 

CAPM 1.6 1.6 1.2 4.8 5.6 2.8 0.014 0.072 0.021 1.034 

FF three-factor model 1.2 1.2 0.8 6.0 5.6 5.6 0.018 0.069 0.092 1.035 

Carhart four-factor model 0.0 0.0 1.6 4.8 0.8 12.0 0.130 0.329 0.740 0.885 
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Table 3.8 continued 

  1% 5% 
Mean BHARs SD of BHARs Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel B: three years 

Market-adjusted model 1.2 2.0 0.4 4.4 7.6 2.4 0.017 0.083 -0.023 1.024 

Market model 23.2 0.0 38.8 62.4 0.0 78.4 0.639 3.211 2.159 0.628 

CAPM 0.4 1.2 0.4 3.6 2.8 4.4 0.044 0.128 0.230 0.972 

FF three-factor model 0.4 1.2 0.0 6.0 4.0 8.0 0.039 0.258 0.353 1.021 

Carhart four-factor model 2.0 0.4 4.4 12.8 0.4 23.2 0.185 0.243 1.100 0.840 

 
Panel C: five years 

Market-adjusted model 3.6 5.2 0.0 8.8 11.2 1.2 -0.005 0.076 -0.299 1.128 

Market model 22.8 0.0 35.2 60.8 0.0 73.2 4.134 6.640 2.140 0.662 

CAPM 1.2 1.2 0.0 4.4 4.0 6.4 0.057 0.162 0.193 1.007 

FF three-factor model 1.2 0.8 0.4 3.6 5.6 6.0 -0.005 0.774 0.209 1.002 

Carhart four-factor model 2.4 0.8 3.2 14.8 0.8 24.4 0.835 8.059 1.098 0.859 

Note that the models applied are listed below: 

Market-adjusted model:                ;  

Market model:                       ;  

Capital asset pricing model:                                 

Fama-French three-factor model:                                ; 

Carhart four-factor model:                                              

     is denoted as market return which is measured as an equally-weighted market portfolio return,    and    are achieved by regressing monthly returns 

for security i on      over the estimation period.      is the risk-free rate which uses three-month market rates of Treasury bills as a proxy.      is the 

difference between returns on portfolios of high and low book-to-market-ratio securities, whilst      represents the difference between returns on portfolios 

of small and large market value securities.      is the difference between returns on a market index and risk-free investment.    are beta factors 

corresponding to different control factors and are achieved by regression over the estimation period.
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Table 3.9 Specification of Wilcoxon signed-rank test in random samples 

This table reports the rejection frequency in 250 samples of 200 firms when applying the 

Wilcoxon signed-rank test which is a combination of sign test and rank test. It bears the null 

hypothesis of an equal number of positive and negative returns under a framework of a 

binomial test. Firstly, the absolute values of 200 BHARs are ranked in each sample. Rank 1 is 

with firms with the lowest BHARs. Then signs are allocated to observations. Afterwards, the 

additions of ranks with a positive sign and with a negative sign are computed. Following this, 

the sum of these two figures is calculated for the purpose of determining whether the null 

hypothesis of zero median is rejected or not. The process is expressed as follows: 

          
 

 

 

Where                                  
        

               ) 

                        

     
  is the positive rank of the absolute value of BHARs. When N is large, test statistics 

follows a normal distribution. N is denoted as the total number of firms. The test statistics Z 

are calculated based on mean and variance in order to compare with critical values at a 

significance level of 5% on both one-sided and two-sided tests. For each sample, I achieve 

one Z. The number of Z totals 250 over one-, three- and five-year holding periods. The 

rejection frequency among 250 samples is computed.  

5% BHARs 

 
α=0 α<0 α>0 

 
Panel A: One year 

Market-adjusted model 44.4  60.4  0.0  

Market model 14.0  22.8  0.0  

CAPM 38.8  55.2  0.0  

FF three-factor model 41.2  55.6  0.0  

Carhart four-factor model 35.2  43.2  0.0  

 
Panel B: Three years 

Market-adjusted model 60.4  74.0  0.0  

Market model 3.6  7.2  2.0  

CAPM 54.4  64.0  0.0  

FF three-factor model 58.4  70.4  0.0  

Carhart four-factor model 45.2  54.8  0.0  

 
Panel C: Five years 

Market-adjusted model 77.2  85.2  0.0  

Market model 5.6  5.6  6.4  

CAPM 65.6  76.4  0.0  

FF three-factor model 73.2  80.8  0.0  

Carhart four-factor model 57.2  68.0  0.4  
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Table 3.10 Power of test: market-adjusted model, asset pricing model and Fama-French three-factor model under BHARs 

This table reports power of test when abnormal returns are induced with the application of the market-adjusted model, asset pricing model and Fama-French 

three-factor model under BHARs. Abnormal returns are introduced in the range of -20% to 20% with an interval of 5% to individual stocks over the holding 

periods. If the test is superior, the percentage of rejection rates is expected to be 100% when there is an existence of abnormal returns.  

Abnormal returns -20% -15% -10% -5% 0% 5% 10% 15% 20% 

Models Panel A: One year 

Market-adjusted model 98.8  95.6  65.6  13.2  6.8  41.2  76.0  88.4  94.4  

Capital asset pricing model 98.0  96.0  72.4  17.2  4.8  23.2  62.0  82.8  90.8  

Fama-French three-factor model 98.0  95.2  65.2  17.2  6.0  19.2  49.6  74.4  87.6  

  Panel B: Three years 

Market-adjusted model 95.2  76.0  32.4  6.8  4.4  18.0  39.2  62.8  76.4  

Capital asset pricing model 95.6  74.8  37.6  10.4  3.6  12.4  30.0  51.6  67.2  

Fama-French three-factor model 92.0  72.8  37.6  14.8  6.0  9.6  24.0  38.8  54.8  

  Panel C: Five years 

Market-adjusted model 86.0  53.6  20.0  6.0  8.8  22.0  46.0  65.6  74.8  

Capital asset pricing model 85.2  56.0  24.4  9.6  4.4  10.8  24.0  44.0  61.6  

Fama-French three-factor model 80.8  49.2  22.8  8.4  3.6  9.6  20.8  37.2  56.0  
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Table 3.11 Rejection frequency of the null hypothesis of zero mean CARs in small firms - Standard error over the estimation period 

This table reports the rejection frequency of the null hypothesis of zero mean cumulative abnormal returns in 250 samples over a period of 1982 to 2008. Both 

one-tailed and two-tailed tests are examined at significance levels of 1% and 5%. A firm is excluded from the population if it does not have 25 month returns. 

Then 200 small firms in size decile 1 with the smallest market value are selected randomly. For each firm, I randomly select a random month between 

October 1982 and October 2007 for one year, October 1982 to October 2005 for three years and October 1982 to October 2003 for five years. The process is 

repeated 250 times. The estimation period is the previous 24 months before the event month. The test period starts from the event month. The investment 

horizons are one, three and five years. If a firm does not survive the whole test period, I only track the available returns. The returns over the estimation 

period are used to estimate the coefficients in the models through regression. I employ four models including the market-adjusted model, market model, 

Fama-French three-factor model and Carhart four-factor model. The abnormal returns are measured by cumulative abnormal returns (CARs). The standard 

error in test statistics is estimated based on the abnormal returns over the 24-month estimation period.  

CARs are calculated as              
   
    where       

      
 
   

 
. The test statistic to test the null hypothesis of zero mean CARs is:   

      

            
., 

When the standard deviation of CARs is based on estimation period, it is shown as:                                     
 
     

      

Where                 
 

  
       
  
     . 

  1% 5% 
Mean CARs SD of CARs Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel A: one year 

Market-adjusted model 84.0 0.0 92.8 98.8 0.0 100.0 0.275 0.067 3.842 1.237 

Market model 99.2 0.0 99.2 100.0 0.0 100.0 0.390 0.080 5.758 1.731 

CAPM 82.8 0.0 88.0 96.4 0.0 99.2 0.260 0.070 3.840 1.346 

FF three-factor model 86.0 0.0 89.2 95.6 0.0 97.2 0.252 0.076 4.046 1.463 

Carhart four-factor model 88.8 0.0 92.4 96.0 0.0 97.6 0.279 0.091 4.622 1.770 
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Table 3.11 continued 

  1% 5% 
Mean CAR SD of CAR Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel B: three years 

Market-adjusted model 98.0 0.0 98.8 99.2 0.0 100.0 0.547 0.108 4.556 1.252 

Market model 100.0 0.0 100.0 100.0 0.0 100.0 0.868 0.167 7.646 2.106 

CAPM 98.0 0.0 98.0 98.8 0.0 99.6 0.536 0.120 4.701 1.384 

FF three-factor model 98.0 0.0 98.8 99.6 0.0 100.0 0.561 0.130 5.417 1.677 

Carhart four-factor model 97.6 0.0 98.4 99.6 0.0 100.0 0.593 0.143 5.908 1.876 

 
Panel C: five years 

Market-adjusted model 96.4 0.0 98.4 99.6 0.0 100.0 0.681 0.136 4.421 1.186 

Market model 100.0 0.0 100.0 100.0 0.0 100.0 1.156 0.270 7.998 2.448 

CAPM 97.2 0.0 98.0 99.2 0.0 99.6 0.680 0.154 4.674 1.398 

FF three-factor model 97.2 0.0 98.8 99.2 0.0 99.6 0.687 0.168 5.222 1.542 

Carhart four-factor model 94.8 0.0 96.8 98.4 0.0 98.8 0.748 0.227 5.891 2.082 

Note that the models applied are listed below: 

Market-adjusted model:                ;  

Market model:                       ;  

Capital asset pricing model:                                 

Fama-French three-factor model:                                ; 

Carhart four-factor model:                                              

     is denoted as market return which is measured as an equally-weighted market portfolio return,    and    are achieved by regressing monthly returns 

for security i on      over the estimation period.      is the risk-free rate which uses three-month market rates of Treasury bills as a proxy.      is the 

difference between returns on portfolios of high and low book-to-market-ratio securities, whilst      represents the difference between returns on portfolios 

of small and large market value securities.      is the difference between returns on a market index and risk-free investment.    are beta factors 

corresponding to different control factors and are achieved by regression over the estimation period.  
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Table 3.12 Rejection frequency of the null hypothesis of zero mean BHARs in small firms - Standard error over the test period 

This table reports the rejection frequency of the null hypothesis of zero mean buy-and-hold abnormal returns in 250 samples over the period of 1982 to 2008. 

Both one-tailed and two-tailed tests are examined at significance levels of 1% and 5%. To begin with, a firm is excluded from the population if it does not 

have 25 month returns. Then 200 small firms in size decile 1 with the smallest market value are selected randomly. For each firm, I randomly select a random 

month over a period of October 1982 to October 2007 for one year, October 1982 to October 2005 for three years and October 1982 to October 2003 for five 

years. The process is repeated 250 times. The estimation period is the previous 24 months before the event month. The test period starts from the event month. 

The investment horizons are one, three and five years. If a firm does not survive the whole test period, I only track the available returns. The returns over the 

estimation period are used to estimate the coefficients in the models through regression. I employ four models including market-adjusted model, market 

model, Fama-French three-factor model and Carhart four-factor model. The abnormal returns are measured by buy-and-hold returns (BHARs). The standard 

error in test statistics are estimated based on the abnormal returns over the estimation period. BHARs are calculated as:         
        
 
   

 
, where 

                    
   
     . 

The test statistic to test the null hypothesis of zero mean BHARs is:   
       

          
. 

The standard deviation of BHARs is based on test period as: as:            
 

   
                   

 
         

    . 

  1% 5% 
Mean BHARs SD of BHARs Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel A: one year 

Market-adjusted model 19.2 0.0 30.4 50.4 0.0 68.8 0.168 0.097 1.991 0.671 

Market model 88.4 0.0 93.2 98.4 0.0 99.6 0.433 0.145 3.639 0.810 

CAPM 15.2 0.0 30.4 44.8 0.0 62.4 0.191 0.124 1.938 0.683 

FF three-factor model 13.6 0.0 25.2 42.0 0.0 62.4 0.192 0.131 1.833 0.706 

Carhart four-factor model 20.0 0.0 30.0 54.0 0.0 68.0 0.464 0.523 1.985 0.717 
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Table 3.12 continued 

  1% 5% 
Mean BHARs SD of BHARs Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel B: three years 

Market-adjusted model 10.8 0.0 21.6 40.4 0.4 63.2 0.285 0.180 1.832 0.646 

Market model 54.4 0.0 64.0 82.0 0.0 92.4 1.130 12.769 2.739 1.045 

CAPM 12.8 0.0 23.6 47.2 0.0 67.6 0.390 0.301 1.917 0.642 

FF three-factor model 17.6 0.0 37.6 58.0 0.0 76.4 0.398 0.782 2.066 0.689 

Carhart four-factor model 49.6 0.0 63.2 80.0 0.0 88.4 1.142 21.947 2.491 0.773 

 
Panel C: five years 

Market-adjusted model 7.2 0.0 16.0 30.4 0.0 49.6 0.256 0.177 1.611 0.759 

Market model 41.2 0.0 52.0 64.4 0.0 73.6 235998 1599991 2.344 0.874 

CAPM 7.2 0.0 12.0 23.6 0.0 45.2 0.518 0.465 1.640 0.627 

FF three-factor model 10.0 0.0 17.2 34.0 0.0 55.6 0.510 0.460 1.718 0.708 

Carhart four-factor model 20.0 0.0 30.0 48.4 0.0 62.8 39915 653545 1.830 0.961 

Note that the models applied are listed below: 

Market-adjusted model:                ;  

Market model:                       ;  

Capital asset pricing model:                                 

Fama-French three-factor model:                                ; 

Carhart four-factor model:                                              

     is denoted as market return which is measured as an equally-weighted market portfolio return,    and    are achieved by regressing monthly returns 

for security i on      over the estimation period.      is the risk-free rate which uses three-month market rates of Treasury bills as a proxy.      is the 

difference between returns on portfolios of high and low book-to-market-ratio securities, whilst      represents the difference between returns on portfolios 

of small and large market value securities.      is the difference between returns on a market index and risk-free investment.    are beta factors 

corresponding to different control factors and are achieved by regression over the estimation period.  
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Table 3.13 Rejection frequency of the null hypothesis of zero mean CARs in large firms- Standard error over the estimation period 

This table reports the rejection frequency of the null hypothesis of zero mean cumulative abnormal returns in 250 samples between 1982 and 2008. Both 

one-tailed and two-tailed tests are examined at significance levels of 1% and 5%. A firm is excluded from the population if it does not have 25-month returns. 

Then 200 small firms in size decile 10 with the largest market value are selected randomly. For each firm, I randomly select a month over the period of 

October 1982 to October 2007 for one year, October 1982 to October 2005 for three years and October 1982 to October 2003 for five years. The process is 

repeated 250 times. The estimation period is the previous 24 months before the event month. The test period starts from the event month. The investment 

horizons are one, three and five years. If a firm does not survive the whole test period, I only track the available returns. The returns over the estimation 

period are used to estimate the coefficients in the models through regression. I employ four models including the market-adjusted model, market model, 

Fama-French three-factor model and Carhart four-factor model. The abnormal returns are measured by cumulative abnormal returns (CARs). The standard 

error in test statistics are estimated based on the abnormal returns over the 24-month estimation period.  

CARs are calculated as              
   
    where       

      
 
   

 
. The test statistics to test the null hypothesis of zero mean CARs is:   

      

            
., 

When the standard deviation of CARs is based on estimation period, it is shown as:                                     
 
     

      

Where                 
 

  
       
  
     . 

  1% 5% 
Mean CARs SD of CARs Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel A: one year 

Market-adjusted model 21.2 27.2 0.0 42.4 56.0 0.0 -0.053 0.031 -1.804 1.033 

Market model 90.8 92.4 0.0 94.8 96.4 0.0 -0.118 0.038 -4.394 1.448 

CAPM 18.0 23.6 0.0 36.0 48.4 0.8 -0.043 0.032 -1.600 1.211 

FF three-factor model 47.6 52.8 0.0 65.2 71.2 0.4 -0.055 0.034 -2.336 1.424 

Carhart four-factor model 74.8 79.2 0.0 87.2 90.0 0.0 -0.079 0.035 -3.571 1.584 
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Table 3.13 continued 

  1% 5% 
Mean CAR SD of CAR Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel B: three years 

Market-adjusted model 54.4 63.2 0.0 75.2 82.8 0.0 -0.145 0.062 -2.770 1.205 

Market model 98.0 98.4 0.0 99.2 100.0 0.0 -0.332 0.096 -6.963 2.080 

CAPM 62.4 70.4 0.0 78.4 86.4 0.0 -0.152 0.069 -3.181 1.464 

FF three-factor model 74.4 82.0 0.0 87.6 90.4 0.0 -0.159 0.068 -3.827 1.702 

Carhart four-factor model 72.4 77.6 0.0 84.0 88.8 0.0 -0.153 0.074 -3.904 1.982 

 
Panel C: five years 

Market-adjusted model 54.8 66.8 0.0 78.8 89.2 0.0 -0.201 0.065 -2.781 0.967 

Market model 99.6 100.0 0.0 100.0 100.0 0.0 -0.540 0.137 -8.280 2.448 

CAPM 65.2 73.6 0.0 84.0 90.0 0.0 -0.205 0.077 -3.105 1.187 

FF three-factor model 78.8 84.8 0.0 90.8 95.6 0.0 -0.204 0.070 -3.628 1.334 

Carhart four-factor model 75.6 80.8 0.0 87.6 92.0 0.0 -0.210 0.086 -3.977 1.796 

Note that the models applied are listed below: 

Market-adjusted model:                ;  

Market model:                       ;  

Capital asset pricing model:                                 

Fama-French three-factor model:                                ; 

Carhart four-factor model:                                              

     is denoted as market return which is measured as an equally-weighted market portfolio return,    and    are achieved by regressing monthly returns 

for security i on      over the estimation period.      is the risk-free rate which uses three-month market rates of Treasury bills as a proxy.      is the 

difference between returns on portfolios of high and low book-to-market-ratio securities, whilst      represents the difference between returns on portfolios 

of small and large market value securities.      is the difference between returns on a market index and risk-free investment.    are beta factors 

corresponding to different control factors and are achieved by regression over the estimation period.  
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Table 3.14 Rejection frequency of the null hypothesis of zero mean BHARs in large firms - Standard error over the test period 

This table reports the rejection frequency of the null hypothesis of zero mean buy-and-hold abnormal returns in 250 samples over the period of 1982 to 2008. 

Both one-tailed and two-tailed tests are examined at significance levels of 1% and 5%. To begin with, a firm is excluded from the population if it does not 

have 25 month returns. Then 200 large firms in size decile 10 with the largest market value are selected randomly. For each firm, I randomly select a month 

over the period of October 1982 to October 2007 for one year, October 1982 to October 2005 for three years and October 1982 to October 2003 for five years. 

The process is repeated 250 times. The estimation period is the previous 24 months before the event month. The test period starts from the event month. The 

investment horizons are one, three and five years. If a firm does not survive the whole test period, I only track the available returns. The returns over the 

estimation period are used to estimate the coefficients in the models through regression. I employ four models, the market-adjusted model, market model, 

Fama-French three-factor model and Carhart four-factor model. The abnormal returns are measured by buy-and-hold returns (BHARs). The standard error in 

test statistics are estimated based on the abnormal returns over the estimation period. BHARs are calculated as:         
        
 
   

 
, where         

            
   
     . 

The test statistics to test the null hypothesis of zero mean BHARs is:   
       

          
. 

The standard deviation of BHARs is based on test period:            
 

   
                   

 
         

    . 

  1% 5% 
Mean BHARs SD of BHARs Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel A: one year 

Market-adjusted model 16.4 23.6 0.0 33.6 46.0 0.0 -0.038 0.025 -1.559 1.058 

Market model 32.8 39.6 0.0 54.4 66.4 0.0 -0.063 0.030 -2.125 1.080 

CAPM 4.0 6.4 0.4 12.8 19.6 1.6 -0.021 0.027 -0.785 1.013 

FF three-factor model 4.8 6.0 0.0 12.0 21.2 0.8 -0.025 0.028 -0.883 1.000 

Carhart four-factor model 10.4 16.4 0.0 23.6 33.6 0.0 -0.039 0.031 -1.292 1.058 
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Table 3.14 continued 

  1% 5% 
Mean BHARs SD of BHARs Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel B: three years 

Market-adjusted model 51.6 60.4 0.0 71.2 77.2 0.0 -0.095 0.041 -2.629 1.217 

Market model 4.0 6.4 0.4 10.4 13.6 3.6 -0.012 0.081 -0.347 1.176 

CAPM 30.4 38.0 0.0 51.2 61.6 0.0 -0.077 0.044 -1.989 1.191 

FF three-factor model 44.8 50.4 0.0 62.8 74.4 0.0 -0.096 0.045 -2.393 1.184 

Carhart four-factor model 20.8 27.2 0.0 35.2 48.4 0.0 -0.072 0.051 -1.659 1.224 

 
Panel C: five years 

Market-adjusted model 90.0 94.4 0.0 97.2 98.0 0.0 -0.159 0.041 -4.203 1.325 

Market model 0.4 0.0 1.2 4.0 0.8 14.8 0 0 0.914 0.784 

CAPM 45.2 57.6 0.0 68.8 80.8 0.0 -0.111 0.046 -2.549 1.166 

FF three-factor model 72.8 81.2 0.0 87.6 92.0 0.0 -0.151 0.043 -3.403 1.243 

Carhart four-factor model 24.0 29.6 0.0 39.2 46.0 0.0 0 0 -1.735 1.257 

Note that the models applied are listed below: 

Market-adjusted model:                ;  

Market model:                       ;  

Capital asset pricing model:                                 

Fama-French three-factor model:                                ; 

Carhart four-factor model:                                              

     is denoted as market return which is measured as an equally-weighted market portfolio return,    and    are achieved by regressing monthly returns 

for security i on      over the estimation period.      is the risk-free rate which uses three-month market rates of Treasury bills as a proxy.      is the 

difference between returns on portfolios of high and low book-to-market-ratio securities, whilst      represents the difference between returns on portfolios 

of small and large market value securities.      is the difference between returns on a market index and risk-free investment.    are beta factors 

corresponding to different control factors and are achieved by regression over the estimation period.  
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Table 3.15 Rejection frequency of the null hypothesis of zero mean BHARs in 10 size deciles  

This table reports the rejection frequency of the null hypothesis of zero mean buy-and-hold abnormal returns in 250 samples over the period of 1982 to 2008. 

The two-tailed test is examined with the applications of the market-adjusted model and capital asset pricing model at a significance level of 5%. To begin with, 

a firm is excluded from the population if it does not have 25 month returns. Then 200 firms are selected randomly. For each firm, I randomly select a month 

over the period of October 1982 to October 2007 for one year, October 1982 to October 2005 for three years and October 1982 to October 2003 for five years. 

The process is repeated 250 times. 10 size deciles are investigated. The estimation period is the previous 24 months before the event month. The test period 

starts from the event month. The investment horizons are one, three and five years. If a firm does not survive the whole test period, I only track the available 

returns. The returns over the estimation period are used to estimate the coefficients in the models through regression. The abnormal returns are measured by 

buy-and-hold returns (BHARs). The standard error in test statistics are estimated based on the abnormal returns over the estimation period. BHARs are 

calculated as:         
        
 
   

 
, where                     

   
     . The test statistic is:   

       

          
. The standard deviation of BHARs is 

based on test period:            
 

   
                   

 
         

    . 

5% One year Three years Five years 

Size deciles  =0  <0  >0 Mean BHARs Mean Tests  =0  <0  >0 Mean BHARs Mean Tests  =0  <0  >0 Mean BHARs Mean Tests 

1 50.4 0.0 68.8 0.168  0.097  40.4  0.4  63.2  0.285  0.180  30.4  0.0  49.6  0.256  0.177  

2 23.6 0.4 39.6 0.080  1.373  56.0  0.0  72.0  0.195  2.111  60.0  0.0  80.0  0.268  2.133  

3 4.0 6.4 3.6 -0.001  -0.095  12.8  1.2  20.8  0.076  0.948  12.4  0.4  19.2  0.085  0.874  

4 8.0 12.0 2.8 -0.008  -0.300  4.4  4.0  6.0  0.026  0.266  7.6  8.0  6.0  0.011  -0.007  

5 8.0 8.8 1.6 -0.004  -0.211  4.4  9.2  0.8  0.005  -0.127  7.2  10.4  0.0  -0.013  -0.323  

6 6.8 10.8 2.8 -0.008  -0.354  14.4  20.0  0.0  -0.034  -0.782  16.4  22.0  0.8  -0.041  -0.823  

7 23.6 32.0 0.0 -0.037  -1.128  28.4  35.6  0.4  -0.064  -1.329  32.0  40.4  0.0  -0.078  -1.431  

8 14.0 23.2 0.4 -0.031  -1.014  16.0  24.0  0.0  -0.047  -1.016  42.4  52.0  0.0  -0.095  -1.816  

9 40.4 50.4 0.0 -0.047  -1.701  24.4  34.8  0.8  -0.056  -1.342  56.0  63.6  0.0  -0.104  -2.146  

10 33.6 46.0 0.0 -0.038  -1.559  71.2  77.2  0.0  -0.095  -2.629  97.2  98.0  0.0  -0.159  -4.203  
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Table 3.15 continued 

5% One year Three years Five years 

Size deciles  =0  <0  >0 Mean BHARs Mean Tests  =0  <0  >0 Mean BHARs Mean Tests  =0  <0  >0 Mean BHARs Mean Tests 

1 44.8  0.0  62.4  0.191  0.124  47.2  0.0  67.6  0.390  0.301  23.6  0.0  45.2  0.518  0.465  

2 24.4  0.4  42.8  0.092  1.380  65.6  0.0  80.0  0.223  2.278  76.0  0.0  87.2  0.349  2.403  

3 5.2  6.8  4.4  0.003  -0.021  13.6  0.0  22.4  0.090  1.047  18.0  0.4  30.8  0.131  1.187  

4 9.2  10.8  2.0  -0.008  -0.303  5.6  2.0  9.2  0.036  0.418  6.0  1.6  8.8  0.046  0.410  

5 2.8  5.2  2.0  0.008  0.085  4.4  6.4  3.2  0.014  0.027  5.6  7.2  2.0  0.013  0.012  

6 6.4  9.2  1.2  -0.009  -0.378  11.2  16.8  0.0  -0.028  -0.670  14.8  19.2  1.2  -0.028  -0.635  

7 18.8  28.4  0.4  -0.033  -1.016  24.8  32.4  0.4  -0.061  -1.195  28.0  35.6  0.8  -0.074  -1.297  

8 15.6  23.2  0.4  -0.027  -0.889  18.8  26.4  0.0  -0.053  -1.080  24.8  33.6  0.0  -0.069  -1.223  

9 17.6  26.0  0.0  -0.030  -1.017  47.6  60.8  0.0  -0.085  -1.948  63.6  69.6  0.0  -0.120  -2.330  

10 12.8  19.6  1.6  -0.021  -0.785  51.2  61.6  0.0  -0.077  -1.989  68.8  80.8  0.0  -0.111  -2.549  

Note that the models applied are listed below: 

Market-adjusted model:                ;  

Capital asset pricing model:                                 

     is denoted as market return which is measured as an equally-weighted market portfolio return,    is achieved by regressing monthly returns for security 

i on      over the estimation period.      is the risk-free rate which uses three-month market rates of Treasury bills as a proxy.  
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Table 3.16 Rejection frequency of the null hypothesis of zero mean CARs in firms with the lowest BTM- Standard error over the estimation period 

This table reports the rejection frequency of the null hypothesis of zero mean cumulative abnormal returns in 250 samples over a period of 1982 to 2008. Both 

one-tailed and two-tailed tests are examined at significance levels of 1% and 5%. A firm is excluded from the population if it does not have 25 month returns. 

Then, 200 firms in BTM decile 1 with the lowest BTM are selected randomly. For each firm, I randomly select a random month between October 1982 and 

October 2007 for one year, October 1982 to October 2005 for three years and October 1982 to October 2003 for five years. The process is repeated 250 times. 

The estimation period is the previous 24 months before the event month. The test period starts from the event month. The investment horizons are one, three 

and five years. If a firm does not survive the whole test period, I only track the available returns. The returns over the estimation period are used to estimate 

the coefficients in the models through regression. I employ four models: the market-adjusted model, market model, Fama-French three-factor model and 

Carhart four-factor model. The abnormal returns are measured by cumulative abnormal returns (CARs). The standard error in test statistics is estimated based 

on the abnormal returns over the 24-month estimation period.  

CARs are calculated as              
   
    where       

      
 
   

 
. The test statistic to test the null hypothesis of zero mean CARs is:   

      

            
., 

When the standard deviation of CARs is based on estimation period, this is shown as:                                     
 
     

      

Where                 
 

  
       
  
     . 

  1% 5% 
Mean CARs SD of CARs Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel A: one year 

Market-adjusted model 32.0 44.4 0.0 65.2 78.8 0.0 -0.145 0.044 -2.263 0.745 

Market model 98.8 99.6 0.0 99.6 99.6 0.0 -0.303 0.057 -5.233 1.184 

CAPM 31.2 44.8 0.0 68.0 80.0 0.0 -0.133 0.045 -2.287 0.831 

FF three-factor model 28.0 36.8 0.0 57.6 69.6 0.0 -0.117 0.050 -2.128 0.959 

Carhart four-factor model 54.0 66.8 0.0 76.8 82.8 0.0 -0.145 0.057 -2.734 1.137 
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Table 3.16 continued 

  1% 5% 
Mean CAR SD of CAR Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel B: three years 

Market-adjusted model 32.4 39.6 0.0 65.2 80.0 0.0 -0.249 0.076 -2.281 0.779 

Market model 100.0 100.0 0.0 100.0 100.0 0.0 -0.800 0.134 -8.130 1.715 

CAPM 61.6 72.4 0.0 84.0 91.2 0.0 -0.288 0.088 -2.921 0.973 

FF three-factor model 43.6 51.2 0.0 63.2 75.6 0.0 -0.225 0.099 -2.410 1.099 

Carhart four-factor model 58.8 66.4 0.0 74.8 80.4 0.0 -0.263 0.121 -2.908 1.415 

 
Panel C: five years 

Market-adjusted model 37.6 50.0 0.0 68.4 85.2 0.0 -0.324 0.094 -2.369 0.739 

Market model 100.0 100.0 0.0 100.0 100.0 0.0 -1.312 0.195 -10.652 1.976 

CAPM 72.0 80.8 0.0 90.4 96.0 0.0 -0.397 0.108 -3.178 0.932 

FF three-factor model 41.2 49.6 0.0 62.8 76.8 0.0 -0.284 0.116 -2.379 0.972 

Carhart four-factor model 67.2 74.0 0.0 82.0 86.8 0.0 -0.363 0.151 -3.153 1.347 

Note that the models applied are listed below: 

Market-adjusted model:                ;  

Market model:                       ;  

Capital asset pricing model:                                 

Fama-French three-factor model:                                ; 

Carhart four-factor model:                                              

     is denoted as market return which is measured as an equally-weighted market portfolio return,    and    are achieved by regressing monthly returns 

for security i on      over the estimation period.      is the risk-free rate which uses three-month market rates of Treasury bills as a proxy.      is the 

difference between returns on portfolios of high and low book-to-market-ratio securities, whilst      represents the difference between returns on portfolios 

of small and large market value securities.      is the difference between returns on a market index and risk-free investment.    are beta factors 

corresponding to different control factors and are achieved by regression over the estimation period.  
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Table 3.17 Rejection frequency of the null hypothesis of zero mean BHARs in firms with the lowest BTM- Standard error over the test period 

This table reports the rejection frequency of the null hypothesis of zero mean buy-and-hold abnormal returns in 250 samples over a period of 1982 to 2008. 

Both one-tailed and two-tailed tests are examined at significance levels of 1% and 5%. To begin with, a firm is excluded from the population if it does not 

have 25 month returns. Then 200 firms in BTM decile 1 with the lowest BTM are selected randomly. For each firm, I randomly select a random month over 

from October 1982 to October 2007 for one year, October 1982 to October 2005 for three years and October 1982 to October 2003 for five years. The process 

is repeated 250 times. The estimation period is the previous 24 months before the event month. The test period starts from the event month. The investment 

horizons are one, three and five years. If a firm does not survive the whole test period, I only track the available returns. The returns over the estimation 

period are used to estimate the coefficients in the models through regression. I employ four models: the market-adjusted model, market model, Fama-French 

three-factor model and Carhart four-factor model. The abnormal returns are measured by buy-and-hold returns (BHARs). The standard error in test statistics 

is estimated based on the abnormal returns over the estimation period. BHARs are calculated as:         
        
 
   

 
, where                

   

          . 

The test statistic to test the null hypothesis of zero mean BHARs is:   
       

          
. 

The standard deviation of BHARs is based on test period as: as:            
 

   
                   

 
         

    . 

  1% 5% 
Mean BHARs SD of BHARs Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel A: one year 

Market-adjusted model 71.2 76.8 0.0 82.4 86.4 0.0 -0.118 0.046 -3.395 1.590 

Market model 80.8 82.4 0.0 88.0 91.6 0.0 -0.175 0.081 -4.240 2.016 

CAPM 44.4 54.4 0.0 66.0 71.2 0.0 -0.093 0.056 -2.460 1.399 

FF three-factor model 22.0 27.6 0.0 36.0 47.6 0.0 -0.061 0.069 -1.546 1.342 

Carhart four-factor model 12.8 14.8 0.0 21.2 30.8 0.0 -0.039 0.097 -1.047 1.346 
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Table 3.17 continued 

  1% 5% 
Mean BHARs SD of BHARs Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel B: three years 

Market-adjusted model 91.6 94.0 0.0 97.2 98.4 0.0 -0.235 0.053 -5.027 1.846 

Market model 21.2 26.8 0.0 34.0 40.8 0.0 -0.107 0.248 -1.502 1.521 

CAPM 84.4 88.4 0.0 92.4 95.6 0.0 -0.233 0.059 -4.507 1.880 

FF three-factor model 52.4 56.8 0.0 63.2 67.2 0.0 -0.556 1.717 -2.936 1.951 

Carhart four-factor model 19.6 22.0 0.0 29.6 32.0 0.0 -1.656 25.732 -1.069 1.759 

 
Panel C: five years 

Market-adjusted model 87.2 92.0 0.0 94.4 97.2 0.0 -0.291 0.065 -5.399 2.358 

Market model 2.8 3.6 0.0 5.2 6.4 3.2 0 1 0.293 1.171 

CAPM 79.2 84.0 0.0 86.4 88.4 0.0 -0.256 0.167 -4.869 2.729 

FF three-factor model 55.2 60.0 0.0 64.8 71.2 0.0 -0.127 0.420 -3.226 2.567 

Carhart four-factor model 26.4 30.0 0.0 36.0 42.8 0.0 161043 1299378 -1.553 1.975 

Note that the models applied are listed below: 

Market-adjusted model:                ;  

Market model:                       ;  

Capital asset pricing model:                                 

Fama-French three-factor model:                                ; 

Carhart four-factor model:                                              

     is denoted as market return which is measured as an equally-weighted market portfolio return,    and    are achieved by regressing monthly returns 

for security i on      over the estimation period.      is the risk-free rate which uses three-month market rates of Treasury bills as a proxy.      is the 

difference between returns on portfolios of high and low book-to-market-ratio securities, whilst      represents the difference between returns on portfolios 

of small and large market value securities.      is the difference between returns on a market index and risk-free investment.    are beta factors 

corresponding to different control factors and are achieved by regression over the estimation period.  
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Table 3.18 Rejection frequency of the null hypothesis of zero mean CARs in firms with the highest BTM- Standard error over the estimation period 

This table reports the rejection frequency of the null hypothesis of zero mean cumulative abnormal returns in 250 samples over a period of 1982 to 2008. Both 

one-tailed and two-tailed tests are examined at significance levels of 1% and 5%. A firm is excluded from the population if it does not have 25 month returns. 

Then, 200 firms in the BTM decile 10 with the highest BTM are selected randomly. For each firm, I randomly select a random month over a period of 

October 1982 to October 2007 for one year, October 1982 to October 2005 for three years and October 1982 to October 2003 for five years. The process is 

repeated 250 times. The estimation period is the previous 24 months before the event month. The test period starts from the event month. The investment 

horizons are one, three and five years. If a firm does not survive the whole test period, I only track the available returns. The returns over the estimation 

period are used to estimate the coefficients in the models through regression. I employ four models: the market-adjusted model, market model, Fama-French 

three-factor model and Carhart four-factor model. The abnormal returns are measured by cumulative abnormal returns (CARs). The standard error in test 

statistics is estimated based on the abnormal returns over the 24-month estimation period.  

CARs are calculated as              
   
    where       

      
 
   

 
. The test statistic to test the null hypothesis of zero mean CARs is:   

      

            
., 

When the standard deviation of CARs is based on estimation period, it is shown as:                                     
 
     

      

Where                 
 

  
       
  
     . 

  1% 5% 
Mean CARs SD of CARs Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel A: one year 

Market-adjusted model 46.0 0.0 55.6 70.0 0.0 84.0 0.169 0.062 2.638 1.121 

Market model 100.0 0.0 100.0 100.0 0.0 100.0 0.378 0.077 6.458 1.852 

CAPM 35.2 0.0 46.8 56.8 0.0 70.8 0.140 0.067 2.395 1.287 

FF three-factor model 36.8 0.0 43.2 58.8 0.0 68.4 0.127 0.069 2.428 1.478 

Carhart four-factor model 70.0 0.0 76.8 86.8 0.0 91.2 0.186 0.073 3.655 1.694 
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Table 3.18 continued 

  1% 5% 
Mean CAR SD of CAR Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel B: three years 

Market-adjusted model 84.0 0.0 89.6 96.4 0.0 98.4 0.385 0.093 3.499 0.974 

Market model 100.0 0.0 100.0 100.0 0.0 100.0 0.906 0.153 9.183 2.189 

CAPM 59.6 0.0 69.2 80.8 0.0 88.8 0.289 0.102 2.912 1.107 

FF three-factor model 65.6 0.0 71.2 79.6 0.0 86.4 0.282 0.115 3.179 1.375 

Carhart four-factor model 84.0 0.0 87.2 93.2 0.0 94.8 0.382 0.137 4.422 1.769 

 
Panel C: five years 

Market-adjusted model 82.0 0.0 90.4 96.4 0.0 99.6 0.522 0.106 3.477 0.975 

Market model 100.0 0.0 100.0 100.0 0.0 100.0 1.366 0.216 10.327 2.820 

CAPM 62.0 0.0 75.6 83.2 0.0 91.2 0.405 0.121 3.047 1.150 

FF three-factor model 54.8 0.0 60.4 71.2 0.0 82.0 0.330 0.136 2.806 1.332 

Carhart four-factor model 86.4 0.0 89.2 93.2 0.0 95.2 0.510 0.179 4.458 1.914 

Note that the models applied are listed below: 

Market-adjusted model:                ;  

Market model:                       ;  

Capital asset pricing model:                                 

Fama-French three-factor model:                                ; 

Carhart four-factor model:                                              

     is denoted as market return which is measured as equally-weighted market portfolio return;     and    are achieved by regressing monthly returns for 

security i on      over the estimation period.      is the risk-free rate which use three-month market rates of Treasury bill as a proxy.      is the difference 

between returns on portfolios of high and low book-to-market-ratio securities, whilst      is the difference between returns on portfolios of small and large 

market value securities.      is the difference between returns on a market index and risk-free investment.    are beta factors corresponding to different 

control factors and are achieved by regression over the estimation period.  
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Table 3.19 Rejection frequency of the null hypothesis of zero mean BHARs in firms with the highest BTM- Standard error over the test period 

This table reports the rejection frequency of the null hypothesis of zero mean buy-and-hold abnormal returns in 250 samples over a period of 1982 to 2008. 

Both one-tailed and two-tailed tests are examined at significance levels of 1% and 5%. To begin with, a firm is excluded from the population if it does not 

have 25 month returns. Then 200 firms in BTM decile 10 with the highest BTM are selected randomly. For each firm, I randomly select a random month over 

a period of October 1982 to October 2007 for one year, October 1982 to October 2005 for three years and October 1982 to October 2003 for five years. This 

process is repeated 250 times. The estimation period is the previous 24 months before the event month. The test period starts from the event month. The 

investment horizons are one, three and five years. If a firm does not survive the whole test period, I only track the available returns. The returns over the 

estimation period are used to estimate the coefficients in the models through regression. I employ four models: the market-adjusted model, market model, 

Fama-French three-factor model and Carhart four-factor model. The abnormal returns are measured by buy-and-hold returns (BHARs). The standard error in 

test statistics is estimated based on the abnormal returns over the estimation period. BHARs are calculated as:         
        
 
   

 
, where         

            
   
     . 

The test statistic to test the null hypothesis of zero mean BHARs is:   
       

          
. 

The standard deviation of BHARs is based on the test period as: as:            
 

   
                   

 
         

    . 

  1% 5% 
Mean BHARs SD of BHARs Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel A: one year 

Market-adjusted model 14.0 0.0 23.6 38.0 0.0 56.0 0.129 0.104 1.763 0.782 

Market model 95.6 0.0 96.4 98.0 0.0 99.2 0.460 0.167 4.310 0.967 

CAPM 5.2 0.0 10.0 23.6 0.4 39.2 0.134 0.147 1.398 0.807 

FF three-factor model 3.2 0.0 6.0 16.8 0.4 30.0 0.124 0.141 1.226 0.809 

Carhart four-factor model 12.4 0.0 28.0 48.0 0.0 72.0 0.281 0.203 1.960 0.613 
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Table 3.19 continued 

  1% 5% 
Mean BHARs SD of BHARs Mean Tests SD of Tests 

Model α=0 α<0 α>0 α=0 α<0 α>0 

 
Panel B: three years 

Market-adjusted model 19.6 0.0 34.0 57.6 0.0 76.4 0.280 0.160 2.099 0.643 

Market model 81.6 0.0 86.8 96.0 0.0 98.4 2.934 1.241 3.326 0.835 

CAPM 6.0 0.0 13.2 27.2 0.0 49.2 0.323 0.281 1.660 0.608 

FF three-factor model 4.4 0.0 9.6 24.0 0.4 46.0 0.309 0.240 1.577 0.618 

Carhart four-factor model 33.2 0.0 49.2 69.2 0.0 85.6 0.994 6.841 2.304 0.611 

 
Panel C: five years 

Market-adjusted model 25.6 0.0 36.8 62.4 0.0 78.0 0.301 0.165 2.144 0.647 

Market model 44.8 0.0 58.4 74.0 0.0 86.0 15 22 2.573 0.830 

CAPM 6.4 0.0 13.2 34.4 0.0 52.0 0.568 0.767 1.710 0.618 

FF three-factor model 0.8 0.0 4.0 16.8 0.4 36.0 0.335 0.277 1.351 0.704 

Carhart four-factor model 17.6 0.0 29.6 49.2 0.0 66.0 1 3 1.826 0.894 

Note that the models applied are listed below: 

Market-adjusted model:                ;  

Market model:                       ;  

Capital asset pricing model:                                 

Fama-French three-factor model:                                ; 

Carhart four-factor model:                                              

     is denoted as market return which is measured as an equally-weighted market portfolio return,    and    are achieved by regressing monthly returns 

for security i on      over the estimation period.      is the risk-free rate which uses three-month market rates of Treasury bills as a proxy.      is the 

difference between returns on portfolios of high and low book-to-market-ratio securities, whilst      represents the difference between returns on portfolios 

of small and large market value securities.      is the difference between returns on a market index and risk-free investment.    are beta factors 

corresponding to different control factors and are achieved by regression over the estimation period.  
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Table 3.20 Rejection frequency of the null hypothesis of zero mean BHARs in 10 BTM deciles  

This table reports the rejection frequency of the null hypothesis of zero mean buy-and-hold abnormal returns in 250 samples over the period of 1982 to 2008. 

The two-tailed test is examined with the applications of the market-adjusted model and capital asset pricing model at a significance level of 5%. To begin with, 

a firm is excluded from the population if it does not have 25 month returns. Then 200 firms are selected randomly. For each firm, I randomly select a month 

over the period of October 1982 to October 2007 for one year, October 1982 to October 2005 for three years and October 1982 to October 2003 for five years. 

The process is repeated 250 times. 10 BTM deciles are investigated. The estimation period is the previous 24 months before the event month. The test period 

starts from the event month. The investment horizons are one, three and five years. If a firm does not survive the whole test period, I only track the available 

returns. The returns over the estimation period are used to estimate the coefficients in the models through regression. The abnormal returns are measured by 

buy-and-hold returns (BHARs). The standard error in test statistics are estimated based on the abnormal returns over the estimation period. BHARs are 

calculated as:         
        
 
   

 
, where                     

   
     . The test statistic is:   

       

          
. The standard deviation of BHARs is 

based on test period:            
 

   
                   

 
         

    . 

5% One year Three years Five years 

BTM deciles  =0  <0  >0 Mean BHARs Mean Tests  =0  <0  >0 Mean BHARs Mean Tests  =0  <0  >0 Mean BHARs Mean Tests 

1 82.4 86.4 0.0 -0.118  -3.395  97.2  98.4  0.0  -0.235  -5.027  94.4  97.2  0.0  -0.291  -5.399  

2 60.0 72.0 0.0 -0.079  -2.437  87.6  92.4  0.0  -0.174  -3.702  84.8  88.4  0.0  -0.202  -3.747  

3 26.0 35.2 0.0 -0.039  -1.255  44.0  51.6  0.0  -0.085  -1.827  67.6  79.6  0.0  -0.150  -2.836  

4 31.2 40.0 0.0 -0.043  -1.393  25.2  34.0  0.8  -0.038  -1.017  30.4  39.6  0.0  -0.070  -1.322  

5 6.0 9.2 2.0 0.003  -0.119  4.4  4.8  4.0  0.013  0.105  20.8  28.4  0.4  -0.048  -0.970  

6 3.2 6.4 3.6 0.000  -0.072  3.2  1.6  6.0  0.034  0.415  6.4  4.8  6.4  0.021  0.215  

7 4.0 2.0 5.6 0.018  0.300  11.6  1.2  23.2  0.075  0.990  4.0  2.4  10.4  0.048  0.562  

8 20.4 0.0 34.0 0.049  1.191  32.0  0.0  46.0  0.095  1.557  22.0  0.0  32.0  0.101  1.277  

9 28.8 0.0 44.0 0.070  1.540  51.2  0.0  68.0  0.136  1.947  33.2  0.0  51.2  0.145  1.639  

10 38.0 0.0 56.0 0.129  1.763  57.6  0.0  76.4  0.280  2.099  62.4  0.0  78.0  0.301  2.144  
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Table 3.20 continued 

5% One year Three years Five years 

BTM deciles  =0  <0  >0 Mean BHARs Mean Tests  =0  <0  >0 Mean BHARs Mean Tests  =0  <0  >0 Mean BHARs Mean Tests 

1 66.0  71.2  0.0  -0.093  -2.460  92.4  95.6  0.0  -0.233  -4.507  86.4  88.4  0.0  -0.256  -4.869  

2 38.4  47.6  0.0  -0.056  -1.619  76.8  83.2  0.0  -0.160  -3.052  79.6  86.4  0.0  -0.190  -3.239  

3 6.8  16.4  0.4  -0.020  -0.633  24.4  36.4  0.0  -0.063  -1.306  44.4  53.2  0.0  -0.104  -1.817  

4 20.4  29.2  0.0  -0.033  -1.007  11.2  15.2  1.6  -0.007  -0.436  10.0  15.6  0.0  -0.011  -0.406  

5 3.6  5.6  5.2  0.018  0.105  4.8  2.0  7.6  0.034  0.415  6.8  11.2  2.4  -0.006  -0.238  

6 3.6  4.0  5.6  0.013  0.207  12.4  0.4  19.2  0.075  0.947  12.0  1.2  22.8  0.088  0.985  

7 4.4  2.4  6.0  0.022  0.339  19.2  0.0  33.6  0.102  1.280  20.4  0.0  36.8  0.115  1.275  

8 16.8  0.0  24.0  0.045  1.044  29.2  0.0  47.6  0.100  1.552  26.0  0.0  42.8  0.132  1.508  

9 20.4  0.0  38.0  0.068  1.390  40.8  0.0  63.2  0.136  1.792  32.4  0.0  54.0  0.159  1.614  

10 23.6  0.4  39.2  0.134  1.398  27.2  0.0  49.2  0.323  1.660  34.4  0.0  52.0  0.568  1.710  

Note that the models applied are listed below: 

Market-adjusted model:                ;  

Capital asset pricing model:                                 

     is denoted as market return which is measured as an equally-weighted market portfolio return,    is achieved by regressing monthly returns for security 

i on      over the estimation period.      is the risk-free rate which uses three-month market rates of Treasury bills as a proxy.  
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Table 3.21 Distribution of CARs and BHARs  

This table reports the distribution of both CARs and BHARs based on different models. In order to address the issue of asymmetric distribution of CARs and 

BHARs, I examine the distributional properties of both CARs and BHARs with a sample of 50,000 randomly selected firms in one, three and five years over 

a period of 1982 to 2008. A similar simulation process is conducted as in the previous research. A firm is selected only if it has 25-month consecutive returns. 

50,000 long-run CARs and BHARs are eventually achieved to summarize the descriptive statistics over three investment horizons. Abnormal returns are 

tested based on four models: the market-adjusted model, market model, Fama-French three-factor model and Carhart four-factor model. 

  Cumulative Abnormal Returns (CARs)   Buy-and-Hold Returns (BHARs) 

 
MA MM CAPM FF CARHART 

 
MA MM CAPM FF CARHART 

 
Panel A: One year 

Mean 0.9  0.5  0.7  1.0  1.1  
 

0.4  4.9  0.9  2.0  4.6  

Median 0.1  -0.4  0.6  0.8  0.9  
 

-5.3  -6.0  -4.8  -5.3  -5.6  

Standard Deviation 48.6  60.5  51.0  55.3  61.6  
 

61.5  96.6  84.2  87.4  131.0  

Minimum -308.8  -589.6  -369.3  -383.0  -640.3  
 

-108.0  -161.2  -164.4  -510.1  -10365.8  

Maximum 1395.4  1396.1  1384.6  1384.4  1370.0  
 

6160.2  12122.9  11749.2  10485.4  16250.2  

Kurtosis 12.1  8.0  9.4  9.3  9.9  
 

324.9  1749.4  371.8  41009.6  45032.8  

Skewness 1.1  -0.2  0.7  0.7  0.6    10.1  34.5  13.0  -190.2  207.8  

 
Panel B: Three years 

Mean 2.7  0.2  1.9  1.9  1.6  
 

0.6  53.3  3.0  2.1  23.7  

Median 2.0  2.1  3.6  2.7  2.3  
 

-15.4  -15.6  -13.8  -16.9  -18.6  

Standard Deviation 78.8  128.1  85.1  92.0  106.1  
 

90.9  529.7  108.8  538.7  1892.5  

Minimum -549.9  -2237.4  -825.2  -993.8  -989.5  
 

-104.2  -149.1  -155.9  -114552.1  -8896.0  

Maximum 1308.8  1243.2  1159.9  1304.2  1481.7  
 

5095.4  35807.3  4762.1  25285.1  412180.1  

Kurtosis 12.1  8.0  9.4  9.3  9.9  
 

324.9  1749.4  371.8  41009.6  45032.8  

Skewness 1.1  -0.2  0.7  0.7  0.6    10.1  34.5  13.0  -190.2  207.8  
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Table 3.21 continued 

 
Cumulative Abnormal Returns (CARs) 

 
Buy-and-Hold Returns (BHARs) 

 
MA MM CAPM FF CARHART 

 
MA MM CAPM FF CARHART 

 
Panel C: Three years 

Mean 2.9  0.6  3.3  2.3  1.7  
 

-2.0  374.4  4.4  3.6  230.9  

Median 3.0  5.2  5.8  4.4  3.5  
 

-22.8  -21.4  -21.1  -26.3  -28.8  

Standard Deviation 93.0  180.5  102.0  110.3  135.2  
 

109.3  20082.7  177.6  280.5  30730.2  

Minimum -462.5  -3127.9  -1091.6  -1618.4  -2259.4  
 

-104.5  -1211.4  -4753.0  -4121.7  -336348.6  

Maximum 1047.3  1562.6  1136.8  1505.8  2444.8  
 

7336.7  4238245.0  16476.1  48955.4  6100327.0  

Kurtosis 7.0  7.6  7.3  9.5  12.1  
 

524.0  39772.6  3143.7  18712.1  32510.6  

Skewness 0.7  -0.3  0.5  0.3  0.4    12.6  191.1  40.8  111.5  173.2  

Note that the models applied are listed below: 

Market-adjusted model:                ;  

Market model:                       ;  

Capital asset pricing model:                                 

Fama-French three-factor model:                                ; 

Carhart four-factor model:                                              

     is denoted as market return which is measured as an equally-weighted market portfolio return,    and    are achieved by regressing monthly returns 

for security i on      over the estimation period.      is the risk-free rate which uses three-month market rates of Treasury bills as a proxy.      is the 

difference between returns on portfolios of high and low book-to-market-ratio securities, whilst      represents the difference between returns on portfolios 

of small and large market value securities.      is the difference between returns on a market index and risk-free investment.    are beta factors 

corresponding to different control factors and are achieved by regression over the estimation period.  
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Table 3.22 Average cumulative returns and buy-and-hold returns over the test period conditional on the pre-event survival period 

This table reports the average cumulative returns and buy-and-hold returns over the test period when there are different requirements of pre-event survival 

periods. To study the selection bias in the methodology, I compare returns over different test periods conditional on various pre-event survival periods. I start 

with the case when there is no requirement of pre-event returns. From October 1982, I keep firms with nonmissing return data in that month and track the 

returns from this month over the test periods of one, three and five years. If a firm does not survive the whole test period, I only track the available return data. 

I firstly calculate the cumulative return and buy-and-hold return of each firm. And then I take the average of cumulative returns of firms in the portfolio. The 

month is moved forward to November 1982. A similar process is repeated until October 2007. The number of observations declines with the length of 

pre-event survival periods.  

Pre-event survival period Observations Mean returns 
Return over test period 

One year Three years Five years 

None 303,970 CR 16.75 51.09 81.46 

  
BH 17.00 57.55 93.21 

12 months 287,377 CR 16.60 50.60 80.58 

  
BH 17.00 58.07 94.26 

24 months 272,041 CR 16.48 50.21 79.79 

  
BH 17.00 58.27 94.49 

36 months 267,440 CR 16.47 50.17 79.73 

  
BH 17.00 58.17 94.58 

48 months 263,505 CR 16.51 50.25 79.82 

  
 

BH 17.01 58.38 94.95 
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Chapter 4: Event-time approach: Simulation based on reference 

portfolios  

 

4.1Research questions and hypotheses 

Null hypothesis: the cross-sectional cumulative abnormal return or buy-and-hold abnormal return 

is zero over the investment horizons of one-, three- and five years. 

 

This chapter follows the studies undertaken by Lyon, Barber and Tsai (1999) who use 

reference portfolios and the control firm approach which match the event firm with reference 

firms according to similar characteristics such as size or book-to-market ratio. Rather than 

using pricing models to estimate the expected return, the returns of reference portfolios or 

control firm are applied so as to achieve abnormal returns. Both the event month and event 

are simulated without specific requirements. However, Lyon, Barber and Tsai (1999) conduct 

a simulation process with 1000 samples of 200 firms. The reason I use 250 samples of 200 

firms is because the total number of firms in the UK stock market is fewer than those listed in 

the US stock market. If 1000 samples of 200 firms are randomly selected to test the null 

hypothesis of zero abnormal returns, sampling bias could occur when the same firm is 

selected several times. The reference portfolios are constructed by firstly ranking market 

value or book-to-market ratio in September of each year. Then firms are deciled into ten 

groups according to the ranking. An event firm is matched with the reference portfolio as the 

benchmark which the event firm belongs to. When it comes to the control firm approach, the 

event firm is matched with only one firm with the closest market value or BTM or both. The 

skewness-adjusted t test, bootstrapped skewness-adjusted t test, empirical p value from 

pseudoportfolios are also examined, apart from the student t test. The percentage of rejection 

rates of 5% at a significance level of 5% indicates the test statistic is well-specified. The 

power of test is applied in order to identify which test statistic outperforms with the highest 

power, especially in the long run.  An open question exists regarding which characteristic of 

a firm should be used to match with the event firm. 

 



151 
 

4.2Data and reference portfolios construction 

4.2.1 Data 

As with the data I applied in the previous chapter, I keep firms with market value and positive 

book value as well as having ordinary shares based on Gregory, Tharyan and Huang‟s (2009) 

data. The market value in September of year t is derived from the LSPD Archive file with A4 

code representing the market value of the company‟s ordinary shares in £1 million. When a 

firm has market value less than £1 million which has an A4 denoted as zero, £0.5 million is 

used to replace the market value of zero. The same treatment is applied for firms with zero 

book value. The book value requires at least a 6-month lag from September due to firms‟ 

different accounting year ends. The market value and book value of firms are used to 

construct reference portfolios discussed in the next section. Compared with the data applied in 

event-time approach based on pricing models, there is no requirement of 25-month 

consecutive returns of a firm when applying even-time approach based on reference portfolios. 

However, the availability of market value and book value imply the requirement of stock 

returns in September of each year from 1982 to 2007. Since the last return observation ends in 

December 2008, the last event month ends in October 2007 for the one-year sample, October 

2005 for the three-year sample and October 2003 for the five-year sample. Returns of firms 

are tracked from event months. The test period starts from October 1982 to September 2008. 

The investment horizons are one year, three years and three years.  

 

Returns of delisted firms 

Since the portfolios are assumed to be held over the investment horizons, the missing returns 

and returns of delisted firms need to be carefully dealt with. Lyon et al. (1999) propose the 

replacement of missing values of delisted firms with average monthly returns of reference 

portfolios, whereas Liu and Strong (2008) suggest replacement with a risk-free rate or zero. 

This replacement could result in a potential upward bias in BHARs when delisting firms go 

bankrupt. Since LSPD provide reasons of delisting with a code of g10 and quote returns of 

delisting firms as missing values, Gregory et al. (2010) suggest the replacement is allowed 

only when the company still remains in another status such as merger or acquisition. If the 

company goes bankrupt, the missing value is kept as -1 since it has lost its value. As for 
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comparison with the US data, I apply the replacement of missing values with the mean 

monthly reference portfolio return introduced by Lyon et al. (1999). 

 

4.2.2 Reference portfolios construction 

Reference portfolios are constructed by size, by book-to-market ratio (BTM), by size and 

BTM following the methods proposed by Lyon and Barber (1997) and Lyon, Barber and Tsai 

(1999). They are comprised of either a number of firms or a single control firm by matching 

with different criteria. Returns of reference portfolios are taken as the benchmark returns 

when detecting abnormal returns of individual stocks.  

 

4.2.2.1 Reference portfolios by size 

When grouping reference portfolios by size, the following procedures are applied: 

1. I firstly rank market values of firms in September of year t. Since the market value of a 

firm changes in different years, the rankings of the same firm may differ in different years. 

Moreover, the composition of reference portfolios is different every time when this 

procedure is conducted because the market values of firms provided by LSPD are 

approximated to integers. The imprecision of market values cannot distinguish firms with 

different market values but with the same figures in LSPD.   

2. Firms are then deciled into ten groups based on the ranking in each year. Size 1 is 

consisted with firms with the smallest market values whereas size 10 has firms with the 

largest market values.  

3. Returns of stocks are tracked from October of each year. As described in the data, the 

missing returns or returns of delisted firms are replaced with the average returns of 

reference portfolios.  

 

4.2.2.2 Reference portfolios by book-to-market ratio (BTM) 

When grouping reference portfolios by book-to-market ratio, the following procedures are 

applied:  

1. With market values in September of each year derived from LSPD and 6-month lagged 

book values from data applied by Gregory, Tharyan and Huang (2009), the 
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book-to-market ratios (BTMs) are calculated by dividing book values by market values. 

2. In September of each year, firms are ranked according to their BTMs. I replace zero BTM 

with 0.5, firms with a book value of 0.5 cannot differentiate themselves in the ranking. 

Therefore, if the same procedure is repeated to rank firms by BTM, firms may be 

allocated to different groups. 

3. Firms are deciled into ten groups according to their BTM rankings in each year. BTM 1 

contains firms with the lowest BTMs whereas BTM 10 has firms with the highest BTMs.  

4. Stock returns are tracked from October of each year. The same treatment for missing 

returns and returns of delisted firms as size deciles is taken.   

 

4.2.2.3 Reference portfolios by size and book-to-market ratio (BTM) 

When grouping reference portfolios by size and book-to-market ratio, the following 

procedures are applied: 

1. I firstly decile firms into ten groups according to their market values in September of each 

year.  

2. In each size decile, firms are further quintiled into five groups based on book-to-market 

ratios. Therefore, in each year, there are 50 groups of reference portfolios.  

3. Stock returns are tracked from October of each year. The same treatment for missing 

returns and returns of delisted firms as size deciles is taken.   

 

4.2.2.4 Control firm approach 

The control firm approach is examined based on three criteria. The first is by size. A firm with 

the closest market value in September of year t is selected to match with the sample firm. If 

there are multiple firms with the same difference of market value to the sample firm, I 

randomly select one. This could occur when the market values are the same for multiple 

control firms because of the imprecision of market values provided by LSPD. The same rule 

is applied to the control firm approach matched by BTM. However, this method becomes 

more sophisticated when the matching criterion is both size and BTM. A list of firms in the 

same year, when the market value of the event firm is based, with market values in the range 

of 70%-130% of the event firm‟s market value is firstly created. Following this, a firm with 
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the closest BTM is chosen as the benchmark. If there are multiple firms in the benchmark, 

one firm will be randomly selected. Stock returns are tracked from October of each year. The 

same treatment for missing returns and returns of delisted firms as size deciles is taken.   

 

4.2.2.5 Rebalanced returns vs. Buy-and-hold returns 

The compounding of returns has two formats as follows: 

          
    
  
   

  
     

                           (4.1) 

     
        
   
     

  

  
                            (4.2) 

    is the return of individual stock i at time t and    is the number of stocks at time t. In the 

study, the number of stocks is always 200 when conducting buy-and-hold returns due to the 

replacement of missing data.      is the rebalancing buy-and-hold return which calculates 

the mean of individual stock returns in different months and then compounds them. Baber, 

Lyon and Tsai (1999) criticize this measurement on the issues of rebalancing bias which 

potentially increases portfolio returns and new listing bias which lowers portfolio returns due 

to underperformance of new listing firms as suggested by Ritter (1991). To mitigate the 

problems brought by the active rebalancing buy-and-hold strategy,     is used to calculate 

buy-and-hold returns of individual stocks over the investment horizon; then the average of 

these buy-and-hold stock returns comprising the portfolio is taken. This measurement is a 

passive investment strategy which assumes investors hold their stocks over the investment 

horizons even when a stock is delisted or a new stock is listed.  

 

Table 4.1 shows annualized reference portfolio returns for ten size portfolios and ten BTM 

portfolios when rebalanced returns and buy-and-hold returns are applied. Similar results are 

documented as studies carried out by Lyon, Barber and Tsai (1999). Regarding the size 

deciles, size 1 shows the highest annualized returns. When size deciles increase, there is a 

downward trend for the annualized returns for both rebalanced returns and buy-and-hold 

returns. For instance, the annualized buy-and-hold return in size 1 is 35.5% in five years and 

decreases to 12.5% in size 10. The magnitude of the annualized returns is larger in rebalanced 

returns in size 1, 2 and 3 when compared with the buy-and-hold returns. However, most 
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annualized returns are larger when the measurement is the conventional buy-and-hold returns. 

With respect to the BTM deciles, firms with low BTM show smaller annualized returns 

compared with firms with large BTM in most cases. BTM 1 shows an annualized rebalanced 

return of 11.2% whereas BTM 10 indicates the corresponding figure of 24.6%. Interestingly, 

the magnitude of the annualized returns is mostly larger when the rebalanced return is applied. 

It even reaches 10% when the investment horizon is five years in BTM 10 which is consisted 

with firms with the highest BTM. It can be concluded that when the rebalanced returns, which 

assumes the portfolios are rebalanced in each month based on an equal weighting scheme, are 

applied, small firms or firms with the highest BTM generate higher returns compared with the 

buy-and-hold returns which bear an assumption of holding a portfolio over the investment 

horizon. Compared with the US data presented by Lyon, Barber and Tsai (1999), the 

magnitude of returns under both measurements is mostly smaller in the UK stock market. For 

example, size 5 shows an annualized return of 18.3% in five years when the buy-and-hold 

returns are applied in the US stock market whereas the corresponding figure in the UK data 

indicates a return of 14.3%. Moreover, the UK evidence shows that the differences between 

the rebalanced returns and buy-and-hold returns are generally larger. Apart from establishing 

reference portfolios by size or BTM separately, I group reference portfolios by both size and 

BTM. Firstly I decile firms based on the ranking of market values in September of year t. 

Then, each size decile is quintiled into five groups based on the ranking of firms‟ BTMs. 

Therefore, 50 reference portfolios are constructed with criteria of both size and BTM. The last 

reference portfolio I adopt is equally weighted market return. Since the UK FTSE ALL 

SHARE index is value-weighted, the equally weighted market return needs to be computed 

by averaging stock returns across firms in each month of year. To obtain comprehensive 

market returns, I use the stock return file with all firms traded in London Stock Exchange 

without any screening from LSPD.  

 

4.3 Research methodology   

4.3.1 Models of abnormal returns  

This thesis examines monthly cumulative abnormal returns which calculate monthly 
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abnormal returns of individual stocks and then sum them up and buy-and-hold returns which 

compound individual stock returns over the holding period to compare with the compounding 

benchmark returns.  

 

Cumulative abnormal returns (CARs) 

Cumulative abnormal returns (CARs) calculate monthly abnormal returns for individual stock 

firstly by taking the difference of monthly returns of the sample firm and the monthly return 

of benchmark, then summing up the abnormal returns over the investment horizon. The 

expression is given as: 

              
 

  

 
       

  
                         (4.3) 

    is individual stock returns from reference portfolios. The benchmark could be a single 

firm or a portfolio of firms matching with similar characteristics such as size or BTM. In this 

study, I have seven types of reference portfolios to examine: 10 size portfolios, 10 BTM 

portfolios, 50 size/BTM portfolios, portfolios based on equally weighted market portfolio, 

control firm by size, BTM and both.  

 

Buy-and-hold returns 

Buy-and-hold abnormal returns (BHARs) take the differences between the compounded 

individual stock returns and compounded benchmark returns over the holding period as 

follows: 

BHARi T    1 Ri t 
T
t 1    1  Rb t 

T
t 1                  (4.4) 

Where Ri t is the monthly individual stock return in month t and Rb t is the benchmark 

return in month t. T is the holding period of investment including the event month. The 

benchmark portfolios are the same as applied in cumulative abnormal returns. 

 

Since a portfolio of different firms is studied over a period of one to five years, average 

cross-sectional returns need to be applied. This could be based on an equally-weighted or 

value-weighted scheme. Average monthly portfolio returns for buy-and-hold abnormal returns 

and cumulative abnormal returns are as follows: 

                       
 
                            (4.5) 
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BHARp T
              wi  BHARi T

n
i 1                       (4.6) 

where CARp t   wi  
n
i 1 ARi t with wi is the weight of firm i and n is the number of firms 

in the portfolio in the event month. Mean BHARs take weights into account over a period of 

time but mean CARs incorporate weights in each month before summation. In this chapter, I 

only focus on equal weight schemes which suggest that both BHARs and CARs of individual 

stock are computed first and then the average is taken.  

 

4.3.2 Statistical inferences 

Both parametric tests with an assumption of normal distribution of abnormal returns and 

nonparametric tests which are distribution-free are examined in this chapter. Since there are 

250 samples of firms, 250 test statistics are achieved. The percentages of rejection rates of the 

null hypothesis of zero CARs or BHARs are calculated to identify if the test is well-specified 

or not. If a test is well specified, the rejection frequency is expected to be 2.5% for each side 

in two-tailed test and 5% in one-tail test at a significance level of 5%. This indicates 

approximately 12-13 samples of 250 samples generate test statistics which reject the null 

hypothesis. The test statistic is conservative when the rejection frequency is less than 5%, 

whereas the test statistic is anticonservative when the rejection frequency is more than 5%.  

  

Parametric tests 

The two parametric tests: conventional student t test and skewness-adjusted test with an 

assumption of normal distribution of abnormal returns are applied.  

 

Student t test 

The parametric tests statistics, following studies by Lyon, Barber and Tsai (1999), are the 

conventional student t-test statistics and skewness-adjusted test statistics. The nonparametric 

tests include bootstrapped skewness-adjusted test statistics, p-value from pseudoportfolio and 

the Wilcoxon signed-rank test. The distribution is assumed to be normal distributed with zero 

mean and constant variance when conducting the parametric tests. The null hypothesis is zero 

mean buy-and-hold cross-sectional abnormal returns or zero mean cumulative abnormal 

returns. Both two-tailed and one-tailed tests are examined at significance level of 5%.  
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                           (4.7) 

student t test  
BHART          

  BHART  n 
                          (4.8) 

n is the number of firms in one sample. Since the missing returns are replaced with the mean 

equally weighted reference portfolio returns, the size of samples is always 200 firms.  

 

Skewness-adjusted t test 

Since most of the long-term stock performance shows right skewness (Lyon and Barber, 1997) 

with higher rejection rates on the lower tail in two-tailed test and one-tail test, an adjustment 

is made incorporating the skewness based on the conventional student t test shown as:  

skewness adjusted t  student t 
 n

3
 

BHART          

  BHART 
 skewness2  

 n

6n
 skewnss   (4.9) 

where 

 skewness  
  BHARi BHART           3n
i 1

n  BHART 
3

                     (4.10) 

The same formulas are applied on CARs. This transformed skewness-adjusted test statistic is 

originally introduced by Johnson (1978) and further developed by Sutton (1993).  

 

Nonparametric tests 

Although the skewness adjusted test deals with skewness, the assumption of normal 

distribution of abnormal returns is easily violated. Therefore, I turn to nonparametric tests 

such as the bootstrapped skewness-adjusted test, p-value test or Wilcoxon signed-rank test, 

which do not require normal distribution.  

 

Bootstrapped skewness-adjusted t test 

The bootstrapped skewness-adjusted test for long-run abnormal returns is transformed by 

Lyon, Barber and Tsai (1999). The essence of this test is to formulate critical values for 

rejection or non-rejection of the null hypothesis by using the endogenous distribution of 

skewness-adjusted test statistics. To begin with, the skewness-adjusted test of one sample is 

computed based on 200 cumulative abnormal returns or buy-and-hold returns over the 

investment horizon. Then the bootstrapping procedure is implemented by randomly drawing 
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1000 subsamples to construct the bootstrapped distribution. Each subsample consists of 50 

firms. Among these 50 firms, a new skewness-adjusted test is calculated as follows: 

bootstrapped skewness adjusted t
sub

  n P  
1

3
 P  S2  

1

6n
 S)        (4.11) 

 

where 

 P  
BHART

sub            
 BHART
          

  BHART
sub 

                             (4.12) 

skewness  
  BHARiT

sub BHART
sub            

 3
nsub
i 1

n  BHART
sub 3

                      (4.13) 

It is worth noting that the first part of the original skewness-adjusted test is supposed to be the 

student t test with the null hypothesis of zero mean buy-and-hold abnormal returns. However, 

when conducting this test on the subsamples, the null hypothesis is that the mean 

buy-and-hold abnormal return of 50 firms is equal to the mean buy-and-hold abnormal returns 

of the original sample with 200 firms. The computation of skewness still follows the original 

setup. Eventually I have 1000 skewness-adjusted test statistics for each sample. The critical 

values to determine whether the null hypothesis is rejected or not are formed by taking the 

percentiles of these 1000 test statistics. For instance, regarding two-tailed test at a significance 

level of 5%, I take the percentile of 2.5 as the critical value of the lower tail and 97.5 for the 

upper tail. The original skewness-adjusted test, but not the student t, for 200 firms in one 

sample is used to compare with the critical values to decide whether or not the null hypothesis 

is rejected. This approach not only approximates the empirical distribution of abnormal 

returns, but also takes skewness into account. The same formulas are applied on CARs. 

 

P-value from pseudoportfolios 

An alternative among the group of nonparametric tests is the p value from pseudoportfolios, 

introduced by Brock et al. (1992) and detailed by Lyon, Barber and Tsai (1999). In this 

approach, a control firm is randomly selected from the same reference group as the sample 

firm. Therefore, the reference group can be characterized by size, BTM, size/BTM and 

equally-weighted portfolio returns. As a result, a pseudoportfolio with 200 new firms is 

constructed. The same rule of no firms with the same event month is applied. This process 

continues 1000 times. For one sample, I achieve 1000 pseudoportfolios which are used to 
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construct the distribution of mean abnormal returns. One characteristic which distinguishes 

the pseudoportfolio approach with other tests is the critical value is mean abnormal return but 

not test statistics. The null hypothesis results in the fact that long-term abnormal return of one 

sample with 200 firms is equal to the mean return of 1000 pseudoportfolios. Therefore, the 

next step is to achieve the mean portfolio abnormal return for 1000 pseudoportfolio in order 

to construct an empirical distribution of abnormal returns. This distribution is used to 

determine the critical values to compare with the mean abnormal returns of the original 

sample. According to the findings demonstrated by Lyon, Barber and Tsai (1999), the critical 

value is determined by solving the following equation: 

        
                        

                
 

 
                   (4.15) 

where    is the critical value in the low tail and    is the critical value on the upper tail. If 

the mean cross-sectional abnormal return is larger than    or smaller than    at a 

significance level of  , the null hypothesis is rejected. The process is carried out for all 250 

samples. The percentages of rejection rates are calculated. The same formulas are applied on 

CARs. 

 

Wilcoxon Signed-rank test 

I also examine a popular nonparametric test which is a combination of the sign test and rank 

test, known as the Wilcoxon Signed-rank test introduced by Wilcoxon (1945). It bears the null 

hypothesis of an equal numbers of positive and negative returns under a framework of the 

binomial test. Firstly, the absolute values of 200 CARs or BHARs are ranked in each sample. 

Rank 1 relates to firms with the lowest CARs or BHARs. Then signs are allocated to 

observations. Afterwards, the additions of ranks with a positive sign and a negative sign are 

computed. Following this, the sum of these two figures is calculated for the purpose of 

determining whether the null hypothesis of zero median is rejected or not. The process is 

expressed as follows: 

          
 

                             (4.16) 

where                                  
                              (4.17) 

               )                        (4.18) 
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                                          (4.19) 

    
  is the positive rank of the absolute value of BHARs. When N is large, test statistics 

follow a normal distribution. N is the total number of firms. The test statistics Z is calculated 

based on mean and variance in order to compare this with critical values at a significance 

level of 5% on both one-sided and two-sided tests. For each sample, I achieve one Z. The 

number of Z totals 250 over one-, three- and five-year holding periods. The rejection 

frequency among 250 samples is computed. The same process is conducted for CARs. 

 

4.3.3 Simulation process 

I follow the simulation process on 250 samples of 200 firms as the studies undertaken by 

Lyon, Barber and Tsai (1999). The choice of 250 samples is due to a smaller sample in the 

UK compared with the US. I randomly select 200 event dates without replacement from a 

sample of dates covering October 1982 to October 2007 for a one-year investment horizon, to 

October 2005 for three-year investment, and October 2003 for five-year investment 

respectively. Then I randomly select 200 firms. The event firms are possibly the same, which 

is similar to the practice of when a firm has multiple events over a period of time. Moreover, I 

assure that no firms appear more than once with the same dates. The 200 firms eventually 

arrive at different event months; this reduces noise from event time clustering. For each firm 

in the sample, one reference portfolio including the event firm is created according to 

different criteria such as size or BTM. The post-event period includes the event month in this 

study. It demonstrates that the reference portfolios are constructed based on market value and 

BTM in September each year. Therefore, event months need to be allocated carefully to the 

appropriate reference portfolio calendar. That is, an event date between October of year t to 

September of year t+1 should be allocated to the size portfolio which is based on market 

value in September of year t. For instance, if an event firm experiences an event on January 

2000, it should be categorized into a size/BTM portfolio in September 1999. I summarize the 

rejection frequency in 250 samples. If a test is well specified, a rejection rate of 5% is 

expected at 5% significance level. Underrejection with less than 5% rejection rate and 

overrejection with more than 5% rejection rate at 5% significance level suggest the test is 

misspecified in a conservative way or an anticonservative way.  
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4.4 Simulation on random samples 

4.4.1 Cumulative Abnormal Returns (CARs) 

Lower rejection rates of CARs are found in Table 4.2 compared with BHARs, as consistent 

with Lyon, Barber and Tsai (1999). Test statistics are mostly negatively biased. However, the 

benchmark using equally-weighted market return shows positively biased test statistics 

regardless of investment horizons and test statistics applied. Since the asymmetric pattern of 

test statistics is shown when applying the conventional test statistics, the skewness-adjusted 

test and bootstrapped skewness-adjusted test improve the misspecification with higher 

rejection rates on the upper tail under the measurement of CARs. Although an improvement, 

the asymmetric pattern of test statistics still exists. No clear trend of CARs over the three 

investment horizons is exhibited since the results are mixed according to different 

benchmarks. For instance, when matching reference portfolios by size and BTM, the rejection 

rate decreases from 6.8% to 3.6% from one year to three years but increases to 4.8% in five 

years. However, the rejection rate increases to 7.2% in three years but declines to 5.2% in five 

years with the application of 10 size portfolios. In terms of two-tailed tests, the 

pseudoportfolio approach does not perform better when comparing this with the application 

of BHARs, especially when reference portfolios are matched by size in one and three years 

and by BTM in three years. The rejection rate when the benchmark is 10 size reference 

portfolios is 7.2% in one year and three years. The control firm approach shows 

well-specified results as in the pseudoportfolios approach with marginal improvement in 

skewness. It is worth commenting that the rejection rates in two-tailed test increase in 

bootstrapped skewness-adjusted test compared with conventional test statistics. Apart from 

parametric tests, I also test the null hypothesis of zero median abnormal returns with the 

application of the Wilcoxon signed-rank test which does not require normal distribution. 

Table 4.4 presents the results based on CARs and BHARs when benchmarks are reference 

portfolios and a control matched by size, BTM and size/BTM. Interestingly, the reference 

portfolios approach and control firm approach yield well-specified results in CARs in most 

cases. The distributions of abnormal returns based on different benchmarks are mixed. 

Additionally, the magnitude of rejection rates under CARs is mostly lower than BHARs. 

 



163 
 

4.4.2 Buy-and-hold Abnormal Returns (BHARs) 

The empirical results of rejection frequency are shown in Table 4.3 at a significance level of 

5%. The rebalanced buy-and-hold returns assuming investors rebalance portfolios monthly 

exhibit severe misspecification compared with other benchmarks when conventional test 

statistics are applied. The rejection rate with the application of rebalanced buy-and-hold 

returns in reference portfolios matched by size and BTM is 8.8% in one year, 22% in three 

years and 27.2% in five years. Moreover, test statistics are negatively biased with higher 

rejection rates on the lower tail. This is consistent with findings in Lyon et al. (1999) but with 

slightly higher rejection rates. The conventional BHARs, assuming investors hold the 

portfolios over the investment horizons, largely improve the misspecification in the 

rebalanced BHARs. This alleviates the new listing and rebalancing bias. The reference 

portfolios are matched by size, BTM and size/BTM, and equally-weighted market return. 

Regarding student t test, the rejection rates increase with the length of investment horizons 

except for the reference portfolios matching by BTM with a rejection rate of 8.4% in one year, 

7.6% in three years and 6.8% in five years. The student test statistics in one-tailed test for all 

benchmarks have higher rejection rates on the lower tail, indicating a negative bias on test 

statistics. Therefore, I conduct the skewness-adjusted test and bootstrapped skewness-adjusted 

test to overcome this issue. Although a significant improvement on asymmetry of test 

statistics for all benchmarks is demonstrated, the rejection rates in two-tailed test increase in 

most cases. However, the application of p value from pseudoportfolios yields well-specified 

tests. Furthermore, the control firm approach in conjunction with conventional test statistics 

reveals similar results as the empirical p value test. Consequently, it can be concluded that the 

reference portfolios together with p value and the control firm approach with student t, are 

appropriate to detect long-term abnormal performance. It is difficult to identify which 

benchmark is superior since the results are mixed over the investment horizons. For instance, 

in a one-year investment horizon, the control firm matched by size and BTM has a rejection 

rate of 4.4% while the control firm matched by BTM indicates a rejection rate of 4% in 

two-tailed test. The figures are 5.2% and 3.6% respectively in a three-year investment horizon. 

However, the symmetry of abnormal returns with rejection rates close to 5% is shown when 

matching firms by BTM.  
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The Wilcoxon signed-rank test, a nonparametric test, shows that when applying the approach 

based on reference portfolios, an increased trend of rejection with the length of investment 

horizons for all benchmarks is evident. Moreover, there is severe misspecification with high 

rejection rates. For instance, the rejection rate is 58.4% in one year and 62.8% in five years 

with the application of the benchmark matched by size and BTM. Overrejection clusters on 

the lower tail, indicating that the median of BHARs is significantly negative. In contrast, the 

control firm approach presents well-specified results in Table 4.4, regardless of benchmarks. 

For example, the rejection rate is 3.6% in one year, 5.2% in three years and 4.8% in five years 

when applying the benchmark matched by size. 

 

Power of test when the benchmark is reference portfolios based on size and BTM 

To find out which test statistic is superior in terms of power of test, all test statistics are 

examined under BHARs with negative and positive shocks when the benchmark is reference 

portfolios based on size and BTM. The power of test is the probability that I reject the null 

hypothesis when the null is false. To examine it, I introduce abnormal returns ranging from 

-20% to 20% at an incremental of 5% to stock returns which apply a benchmark matched by 

size and BTM. If the test is superior, the rejection rates are expected to be 100%, which 

indicates 250 null hypotheses of zero BHARs are all rejected, when abnormal returns exist. 

Mixed results are shown in Table 4.5 and Figure 4.1 over three investment horizons but with 

a general conclusion that the bootstrapped skewness-adjusted t test is the most powerful test 

with positive shocks whereas the student t test is more appropriate with negative shocks. The 

rejection rates with the application of student t test on induced abnormal return of -20% are 

90.4%, 56% and 28.4% when the holding periods are one-, three- and five years. The 

corresponding figures with the application of bootstrapped skewness-adjusted t test when the 

induced abnormal return is 20% are 95.6%, 55.2% and 22.8%, respectively. A dramatic 

decline for all test statistics is evident in rejection rates when the investment horizon 

lengthens. For example, the skewness-adjusted test shows a decrease in rejection rates from 

91.6% to 12.4% from one year to five years when abnormal return of 15% is introduced. Ang 

and Zhang (2004) also indicate similar findings. Comparison among the bootstrapped 

skewness-adjusted t test, p-vale from pseudoportfolios and student t test in control firm 
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approach, findings of the bootstrapped skewness-adjusted t test with the highest power when 

induced abnormal returns are positive and the student t test in control firm approach with the 

least power when induced abnormal returns are negative are in line with studies over an 

investment horizon of three years undertaken by Lyon, Barber and Tsai (1999). However, 

there are some differences. First, Lyon et al. (1999) document the lowest power of test with 

the application of student t test in control firm approach when induced abnormal returns are 

positive whereas the results suggest p-value from pseudoportfolios has lowest power when 

there is a positive shock. Second, the bootstrapped skewness-adjusted t test has the highest 

power when negative shocks are introduced in the UK data. However, Lyon et al. (1999) 

shows p-vale from pseudoportfolios is the most appropriate test to be applied based on the US 

data when there is a negative shock. Last but most importantly, compared with the UK results, 

the magnitude of rejection rates is much higher when the US data is applied.  

 

4.5 Simulation on non-random samples 

4.5.1 Large/Small size 

Among all types of reference portfolios based on CARs or BHARs, I investigate the size 

effect. The issue of small firms is always the focus in empirical studies due to their volatile 

and abnormal returns. Therefore, I decile firms based on ranking of market value in 

September each year and choose the one with the highest market value and the one with the 

lowest market value for robustness check. I repeat the previous process by randomly selecting 

250 samples of 200 firms from a large size group and small size group, separately. It is should 

be noted that although firms belong to different size groups, the benchmark portfolio is still 

the same as the original setup. Tables 4.6-4.7 highlight the fact that that CARs and BHARs 

share similar findings in small firms and large firms. The misspecification is wildly 

documented together with positive skewness of abnormal returns when using benchmarks 

matched with BTM or equally weighted market returns in both small and large firms. In 

contrast, the benchmarks matched with size/BTM and size generate well-specified results for 

large firms in both the reference portfolios approach and control firm approach. Although the 

small size effect is reduced significantly compared with approaches based on the model and 
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conventional calendar-time approach, it is still evident when applying the reference portfolio 

approach in conjunction with conventional test statistics, skewness-adjusted test, bootstrapped 

skewness adjusted test, on samples filled with small firms. It is important to note that the 

control firm approach based on benchmarks matched with size and size/BTM yield 

well-specified results, particularly for small firms. Furthermore, the approach based on 

reference portfolios with p value from pseudoportfolios slightly overrejects the null 

hypothesis of zero abnormal returns. In addition, the control firm eliminates the 

misspecification in large firms with the application of benchmark matched by BTM but fails 

in small firms. The major difference between CARs and BHARs is that the magnitude of 

rejection rates under CARs is mostly smaller than those under BHARs.  

 

4.5.2 High/Low book-to-market ratio (BTM) 

Firms are categorized into ten groups based on rankings of BTM in September each year. I 

choose the group with the highest BTM and lowest BTM for robustness check. For each 

group, 250 samples of 200 firms are randomly selected from the group in order to obtain the 

statistical inferences. Similar bias to the robustness check on large/small size appears. For 

instance, the firms in the high BTM group do not fall into the reference portfolios based on 

Size/BTM. When firms are classified according to size/BTM, initially they are deciled 

according to ranking in size. For each size, firms are quintiled into five groups based on 

rankings in BTM. Therefore, the number of firms in the reference portfolio is smaller than the 

number of firms in the high BTM group. This bias can be reduced by applying a reference 

portfolio based on BTM as suggested but undone by Lyon, Barber and Tsai (1999). As 

expected, the benchmark matched with BTM produces more specified test statistics compared 

with the benchmark matched with size/BTM in most cases, as demonstrated in Table 4.8-4.9. 

BHARs and CARs present similar findings except that the magnitude of rejection rate is 

slightly higher under BHARs, particularly in the long run. Samples of firms with high BTM 

represent slight overrejection on the null hypothesis of zero abnormal returns compared with 

samples of firms with low BTM when applying the approach based on reference portfolios. 

This may be partially attributed to small size effect since the samples of firms with high BTM 

potentially include small firms. As in the case of non-random samples based on size, the 
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benchmark is crucial when detecting long-run abnormal returns on firms in different BTM 

groups. The benchmarks matched by size and equally weighted market returns generate 

misspecification. Despite the control firm approach eliminating the small size effect, it yields 

misspecification in the samples of firms with low BTM when the matching criterion of the 

benchmark is size.  

 

4.5.3 Industry clustering 

It is inevitable that most firms in the same industry or sector share the same event date or 

event period in the stock market. For example, in an economic downturn, a surge of mergers 

and acquisitions is evident in firms in the same industry. Therefore, I expect to see higher 

rejection rates with more significant evidence of abnormal returns. I start with G17, which 

stands for stock exchange industrial classification, in G records from the London Stock Price 

Database. The industry classification system in the UK follows the Industry Classification 

Benchmark (ICB) as Dow Jones since Jan, 2006. Two systems were applied, namely, the 

Stock Exchange Industrial Classification system and the Financial Time Actuaries Index 

Classification system before 1994. These two systems are merged after 1994 until the ICB 

appears in 2006. The popular ICB system has 10 industries with 20 supersectors that are 

separated into 41 sectors with 114 subsectors. The ten industries are:  oil and gas (0001), 

basic materials (1000), industrials (2000), consumer goods (3000), health care (4000), 

consumer services (5000), telecommunications (6000), utilities (7000), financials (8000), 

technology (9000). The data provided by Gregory, Tharyan and Huang (2009) reclassifies 

firms before 2006 to match with the ICB system according to G17. I conduct the simulation 

process in two steps. The first is to randomly draw an industry from 10 industries. I then 

randomly select 200 firms with 200 event dates with replacements from this industry. This 

completes one sample. I repeat the same simulation procedure until there are 250 samples of 

200 firms. Note that to avoid overlapping returns, if one firm appears more than once, the 

next event month is dropped if this falls in both the event period and pre-event period. For 

instance, if firm A has one event month in January, 2000, its next event month cannot be in 

any month during the period of January, 1999 to December, 1999 or the period of February, 

2000 to January, 2001, when the event period is 12 months. The reference portfolio returns 



168 
 

are defined as mean monthly cumulative or buy-and-hold stock returns in the same industry. 

Table 4.10 reveals that the different benchmarks on CARs yields well-specified results, 

particularly in the long run. The benchmark matched with equally-weighted market returns, 

surprisingly, produces well-specified test statistics. For instance, the rejection rate for this 

benchmark together with skewness-adjusted test based on CARs is 5.6% in one year, 6.4% in 

three years and 3.6% in five years. There is little difference when comparing the rejection 

frequencies of the reference portfolios approach and control firm approach. This indicates that 

the industry clustering is not a significant issue in long-run event studies with the application 

of methodologies based on the portfolios approach and control firm approach under BHARs. 

However, it is important to note that test statistics are negatively biased with higher rejection 

rates on the lower tail when applying CARs. With respect to BHARs, even the control firm 

approach generates misspecified results when using the benchmark matched with size/BTM. 

The reference portfolios approach also yields misspecified results.  

 

4.6 Cross-sectional dependence of returns  

4.6.1 Overlapping returns 

Suppose Apple experiences an announcement of stock dividends and launch of a new product 

in February 2006 and April 2006, respectively. Both events affect the stock price not only as 

far as the event date is concerned;  the effect may last for a few days or even months. This 

suggests cross-sectional returns which mean the stock returns of Apple reflect the impact from 

both events from April 2006 till December 2006, or even longer. The cross-sectionally related 

returns potentially result in misspecified tests due to violation of independence of returns in 

event studies. Since the simulation could generate firms with multiple event months without 

the special requirement of a gap between event months, the previous results possibly yield 

misspecified test statistics due to dependence of returns. Therefore, it is worth investigating 

the level of impact from overlapping returns with special cases according to the procedures 

designed by Lyon, Barber and Tsai (1999). I firstly select 100 event months without 

replacement over the event period. Following this, 100 event firms are randomly selected to 

match with the event months. Firms are not allowed to have more than one event month. For 
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each event firm, I assume it experience another event either within a period of the previous 11 

months ending in the event month or in a period over the following 11 months after the event 

month. The same rules are applied to three- and five-year investment horizons. I eventually 

arrive at 200 firms with 200 event months where one firm has two event months which 

generate the issue of overlapping returns. The process is repeated 250 times. All the 

benchmarks are examined at a significance level of 5% over three event windows. Table 4.11 

illustrates that the reference portfolios approach and control firm approach cannot resolve the 

issue of overlapping returns; this is one severe type of cross-sectional dependent returns. Both 

BHARs and CARs with different benchmarks and test statistics indicate severe 

misspecification as in prior research but with a smaller magnitude of rejection rates. When 

firms have multiple events in the study period, even the control firm approach, which yields 

well-specified tests in random samples and non-random samples, loses its advantages. Lyon, 

Barber and Tsai (1999) advocate applying Loughran and Ritter‟s studies in 1995 thereby 

establishing a requirement of pre-event returns to keep a „clean‟ dataset for the event studies. 

However, as discussed in the previous chapter regarding the event-time approach based on 

models, the stock returns increase when the survival period lengthens.  

 

4.6.2 Calendar clustering 

Calendar clustering also creates cross-sectional returns which lead to overstated test statistics 

(Brown and Warner, 1980; Fama, 1998). Firms sharing the same event month generate returns 

having impact from events at the same time over the event studies window. This mix-up 

influence can be overcome by applying the monthly calendar-time portfolio approach with the 

price of lower power of test (Mitchell and Stafford, 2000). I follow the design as Lyon, Barber 

and Tsai (1999) by randomly selecting 250 event firms initially without replacement. 

Subsequently, for each event firm, I randomly select 200 firms without replacement. 

Eventually I reach 250 samples of 200 firms; the event month in each sample is the same but 

differs across samples. All benchmarks are examined at a significance level of 5%. Both 

BHARs and CARs show the ability to resolve the issue of cross-sectional returns with the 

application of the reference portfolios approach and control firm approach except for the case 

when the benchmark is equally weighted market portfolio returns. It interesting to note that 
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when applying the equally-weighted market portfolio returns as the benchmark under BHARs, 

the rejection rate declines with the length of investment horizons. For example, the rejection 

rate based on student t test decreases from 14.2% in one year to 4.4% in five years. However, 

the application of CARs shows the opposite results with a higher rejection rate in one year. 

Table 4.12 demonstrates some evidence of negatively skewed test statistics, particularly when 

applying CARs. Compared with the results presented by Lyon, Barber and Tsai (1999), the 

rejection rates based on the UK data are slightly higher but with similar distribution when 

using BHARs with a benchmark matched by size and BTM.  

 

4.7 Summary 

This chapter follows the methodology of another event-time approach applied by Lyon, 

Barber and Tsai (1999). This approach is based on reference portfolios or control firm which 

are matched with the event firm according to similar characteristics. According to the results 

documented by Agarwal and Taffler (2008), 30
th
 September of each year is a better choice to 

construct the reference portfolios since 22% of firms‟ accounting year ends in March whereas 

37% of firms release their report in December. Therefore, this study rank market value of 

firms in September of each year but use the book value of firms with a six-month lag starting 

from September. Three types of reference portfolios are established. One is by size which 

firstly ranks market value of firms in September of each year and then decile firms into ten 

groups according to their rankings. Another is by book-to-market ratio which ranks BTMs in 

September of each year and then decile firms into ten groups according to their rankings. The 

last type is by size and book-to-market ratio which firstly decile firms into ten groups based 

on their rankings by size and then for each size decile, firms are quintiled into five groups 

based on their rankings by book-to-market ratio, Stock returns are tracked from October of 

each year. Control firm approach is also found by size, book-to-market ratio or both. When a 

control firm is matched by size or book-to-market ratio, a firm with the closest market value 

or book-to-market ratio to the event firm is taken as the control firm. However, when both 

criteria is used to find the control firm, a list of firms with market values in the range of 

70%-130% of the event firm‟s market value in the same year is firstly created. Following this, 
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a firm with the closest BTM is chosen as the control firm. The null hypothesis of zero 

cross-sectional cumulative abnormal return or buy-and-hold return over investment horizons 

of one-, three- and five years is tested. Apart from the traditional student-t test statistic, other 

parametric tests such as skewness-adjusted t test and nonparametric tests such as bootstrapped 

skewness-adjusted t test, p-value from pseudoportfolios and Wilcoxon signed-rank test are 

examined. Since the UK firms are fewer than firms listed in the US, he simulation process is 

based on 250 samples of 200 firms. If a test is well specified, a rejection rate of 5% is 

expected at 5% significance level. Underrejection with less than 5% rejection rate and 

overrejection with more than 5% rejection rate at 5% significance level suggest the test is 

misspecified in a conservative way or an anticonservative way.  

 

The studies document similar findings as prior research undertaken by Lyon and Barber (1997) 

and Lyon, Barber and Tsai (1999). Firstly, the magnitude of rejection rates is smaller in CARs, 

especially with the conventional test statistics, skewness-adjusted test statistics and 

bootstrapped skewness-adjusted test statistics. Secondly, the negatively skewed test statistics 

under CARs and BHARs is evidenced with higher rejection rates on the left tail. Thirdly, the 

skewness-adjusted test and bootstrapped skewness-adjusted test, to some extent, improve the 

skewness with higher rejection rates on the upper tail, regardless of measurement of abnormal 

returns. Although an improvement, the asymmetric pattern of test statistics still exists. 

Moreover, the rejection rates in two-tailed test increase in the bootstrapped skewness-adjusted 

test compared with conventional test statistics. Fourthly, the control firm approach based on 

different criteria with conventional test statistics shows superior ability when detecting 

long-run abnormal returns compared with the reference portfolios approach. Furthermore, 

similar as findings documented by Ang and Zhang (2004), the Wilcoxon signed-rank tests 

under CARs mostly generate well-specified test statistics when applying reference portfolios 

and control firm approach whereas BHARs based on reference portfolios overreject the null 

hypothesis of zero median. However, the reference portfolio approach in conjunction with 

empirical p value also generates well-specified test statistics.  

Apart from the similarities to prior studies, I also document some differences that may be 

attributed to the market structure of the UK stock market. To begin with, compared with 
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event-time approach based on models, the reference portfolios and control firm approach 

yield well-specified results in both CARs and BHARs in random samples. Secondly, although 

an improvement is indicated regarding the asymmetric pattern of test statistics under CARs 

and BHARs with the application of skewness-adjusted tests and bootstrapped 

skewness-adjusted tests, I discover higher rejection rates in two-tailed tests compared with the 

conventional test statistics. Additionally, the Wilcoxon signed-rank test is well specified when 

applying the control firm approach regardless of measurement of abnormal returns. However, 

CARs based on the reference portfolios approach yield well-specified results whereas BHARs 

show severe misspecification. The issues regarding overlapping returns cannot be resolved 

based on the application of both reference portfolios approach and control firm approach. To 

conclude, the reference portfolios approach in conjunction of the p-value from 

pseudoportfolios and the control firm approach with the conventional student t test statistics 

are advocated to be applied in detecting long-term abnormal stock performance in both 

random and non-random samples. It is worth mentioning that the power of test loses its 

advantage when applying these two approaches. Moreover, when the firms in the sample have 

overlapping returns, the misspecification cannot be eliminated with the application of these 

two approaches. Additionally, the matching criteria can be size, BTM or both. It is important 

to note that when the non-random samples are examined based on size or BTM, the matching 

criterion of reference portfolios is required to have the same characteristic as the event firms.  

 

In summary, the application of BHARs in conjunction with p-value from pseudoportfolios is 

appropriate for application in the context of long-run event studies. Furthermore, the control 

firm approach together with student t-test statistics is proved to yield well-specified test 

statistics in both random and non-random samples. Firms in reference portfolios and control 

firms are selected on the basis of size, BTM or both. However, in terms of power of test, these 

two approaches have the least power whereas the skewness-adjusted test and bootstrapped 

skewness-adjusted test have the highest power. It is worth noting that when the non-random 

samples are examined, the benchmark portfolio or control firm needs to share at least one 

characteristic with the event firm. 
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Figures and Tables of Chapter 4 

Table 4.1 Annualized buy-and-hold returns of reference portfolios 

Panel A displays annualized returns of reference portfolios in terms of size. Market value of 

each stock in September each year is used as a basis to categorize the size group. Size 1 

contains 10% of stocks which have the smallest market cap while size 10 has 10% of stock 

with the largest market cap. The returns of each stock are tracked from October of each year 

over one, three and five years. Panel B shows the annualized returns of reference portfolios 

based on book-to-market ratio (BTM). The book-to-market ratios in September each year are 

ranked to categorize stocks with ten deciles. Decile 1 contains 10% of stocks with the 

smallest BTM and decile 10 has 10% of stocks with the largest BTM. The remainder of the 

process is similar to Panel A. Buy-and-hold rebalanced returns compound the mean portfolio 

returns over the study period 

          
    
 
   

 
   

   

   

 

Buy-and-hold returns assume investors keep the portfolio over the holding period. Note that 

stocks with missing returns or those that are delisted are still taken as a constituent of the 

portfolio. So the missing returns are replaced by the average return of the portfolio to which 

the stock belongs. The buy-and-hold return of each stock is computed. Then all buy-and-hold 

stock returns in the portfolio are taken the average based on the number of stocks.  

       
         

   
      

 

 

   

 

Decile Rebalanced returns (%) 
 

Buy-and-hold returns (%) 
 

Differences (%) 

 
1y 3y  5y 

 
1y 3y  5y 

 
1y 3y  5y 

  Panel A: Size decile portfolio returns 

1 49.8  39.9  32.6  
 

40.7  30.6  25.5  
 

9.1  9.2  7.2  

2 24.8  25.9  24.3  
 

20.4  21.1  19.9  
 

4.4  4.8  4.4  

3 18.7  18.8  18.4  
 

16.5  17.5  16.2  
 

2.2  1.4  2.2  

4 13.8  15.0  15.4  
 

13.8  15.4  14.3  
 

0.0  -0.4  1.1  

5 12.5  13.0  14.4  
 

13.6  14.9  14.3  
 

-1.1  -1.9  0.1  

6 13.6  12.8  13.8  
 

15.4  14.6  14.3  
 

-1.8  -1.8  -0.5  

7 11.6  11.4  12.3  
 

13.7  13.6  13.2  
 

-2.2  -2.2  -0.8  

8 12.1  11.9  12.5  
 

13.9  12.9  13.0  
 

-1.8  -1.0  -0.5  

9 12.0  12.8  12.7  
 

13.4  13.2  12.6  
 

-1.4  -0.4  0.1  

10 13.1  13.0  12.8    13.8  13.2  12.5    -0.6  -0.2  0.3  
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Table 4.1 continued 

  Panel B: Book-to-market decile portfolio returns 

1 11.2  7.7  8.6  
 

12.7  8.6  7.7  
 

-1.5  -0.9  0.9  

2 11.2  11.0  11.6  
 

12.1  9.8  8.9  
 

-0.9  1.2  2.7  

3 10.4  12.2  12.4  
 

10.8  10.3  9.3  
 

-0.3  1.9  3.1  

4 12.9  14.7  14.4  
 

12.8  11.8  10.6  
 

0.1  2.8  3.9  

5 13.5  17.3  16.3  
 

13.1  12.3  10.8  
 

0.4  5.0  5.5  

6 15.0  17.6  17.8  
 

14.0  12.4  12.4  
 

1.0  5.2  5.5  

7 15.0  19.5  18.1  
 

14.3  13.6  11.7  
 

0.7  5.9  6.5  

8 15.5  21.2  20.2  
 

14.2  14.0  12.6  
 

1.3  7.2  7.6  

9 17.9  24.8  22.3  
 

16.2  16.2  13.6  
 

1.7  8.6  8.7  

10 24.6  28.3  26.0    22.7  19.1  16.0    1.9  9.2  10.0  
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Table 4.2 Rejection frequency using cumulative abnormal returns in random samples 

This table shows the rejection rates (as a percentage) of 250 random samples with 200 firms at a significance level of 5% in one-tailed and two-tailed tests 

over a period of October 1982 to September 2008, under the null hypothesis of zero one-, three-year, five-year cumulative abnormal returns. The test is 

specified if the overall rejection rate is the same as the significance level together with equal rejection rate on both sides. The abnormal return is defined as the 

difference between the actual return of a stock and benchmark return. The benchmark is categorized into five types: 50 portfolios by size and book-to-market 

ratio (BTM) which decile firms by market value in September each year and then quintile firms based on BTM; 10 portfolios ranked by market value; 10 

portfolios ranked by BTM, equally weighted market portfolio and control firm which is matched by size, or BTM or size/BTM with sample firm. Apart from 

conventional student test statistics, skewness-adjusted test statistics, bootstrapped skewness-adjusted test statistics and p-value (Barber, Lyon and Tsai 1999) 

derived from pseudoportfolios are examined. The descriptive statistics of abnormal returns are summarized as follows.  

5%   One year   Three years   Five years 

Test statistics Benchmarks  =0  <0  >0 
 

 =0  <0  >0 
 

 =0  <0  >0 

Conventional t test 50 size/BTM portfolios 6.8  8.4  3.6  
 

3.6  6.8  2.4  
 

4.8  3.6  4.8  

 
10 size portfolios 6.4  8.8  2.0  

 
7.2  7.6  3.6  

 
5.2  6.4  6.4  

 
10 BTM portfolios 4.4  8.4  4.0  

 
8.0  4.8  8.4  

 
4.8  5.6  4.0  

  Equally-weighted market return 6.8  3.2  8.4    5.2  2.0  9.6    7.6  1.6  12.0  

Skewness-adjusted test 50 size/BTM portfolios 8.0  9.2  4.8  
 

3.6  6.8  2.8  
 

5.2  4.8  6.4  

 
10 size portfolios 7.2  8.4  4.0  

 
8.4  7.6  4.8  

 
7.6  6.8  8.0  

 
10 BTM portfolios 5.6  8.0  6.4  

 
9.6  5.2  8.4  

 
6.4  5.6  4.4  

  Equally-weighted market return 9.2  2.8  9.6    7.6  2.0  11.6    10.0  1.6  14.0  

Bootstrapped skewness-adjusted test 50 size/BTM portfolios 7.6  7.6  4.0  
 

3.6  5.6  3.2  
 

6.0  3.6  5.6  

 
10 size portfolios 7.2  6.8  4.0  

 
7.2  7.2  5.2  

 
5.6  6.0  6.4  

 
10 BTM portfolios 4.8  5.6  4.8  

 
9.2  4.8  8.8  

 
4.4  5.2  4.4  

  Equally-weighted market return 7.6  2.8  9.2    8.0  2.0  12.8    7.6  1.2  12.4  
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Table 4.2 continued 

5%   One year   Three years   Five years 

Test statistics Benchmarks  =0  <0  >0 
 

 =0  <0  >0 
 

 =0  <0  >0 

P value from Pseudoportfolios 50 size/BTM portfolios 5.6  6.8  6.0  
 

4.8  8.8  3.6  
 

5.2  3.2  6.0  

 
10 size portfolios 7.2  7.2  3.2  

 
7.2  6.8  4.0  

 
6.0  6.4  7.6  

  10 BTM portfolios 4.8  6.0  5.2    7.2  4.0  8.8    5.2  4.8  4.8  

Control firm approach  by size and BTM 6.0  8.0  5.2  
 

4.8  6.8  4.0  
 

6.0  6.8  4.8  

 
by size 5.6  6.4  5.2  

 
6.0  6.4  4.0  

 
5.2  4.8  5.6  

  by BTM 4.4  5.2  2.4    6.8  4.4  6.8    4.8  4.8  4.8  

 

Abnormal return is defined as the difference of actual individual i stock return and benchmark return as follows:              . 

The cumulative abnormal returns (CARs) calculate abnormal returns of individual stocks in month t by taking the difference between the stock return and 

equally weighted benchmark return.               
 

  

 
       

  
    . I replace the missing returns with average portfolio return. The conventional 

student test statistics is formulated as:                     whereas n is the number of firms in one sample which is 200 in this study. The 

skewness-adjusted test is calculated as:                                         whereas   is skewness of cross-sectional abnormal 

returns and     is student t test. The bootstrapped skewness-adjusted t test bootstraps abnormal returns in each sample 1000 times with size of 50. Then 

skewness-adjusted test for each subsample of 50 firms is computed in order to construct a distribution which is used to determine the critical value for 

rejection of the null hypothesis for each sample. Note that skewness-adjusted test calculated in the full sample is used to compare with the critical value. 

The Pseudo portfolio approach firstly randomly selects a benchmark firm from the same group (by size, BTM or size/BTM) as the sample firm. Then one 

mean buy-and-hold return for each sample is achieved. With all 250 mean returns, a distribution is constructed for the hypothesis test. Note that the null 

hypothesis is the equality of sample mean return with critical value. 
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Table 4.3 Rejection frequency using buy-and-hold returns in random samples 

This table shows the rejection rates (as a percentage) of 250 random samples with 200 firms at a significance level of 5% in one-tailed and two-tailed tests 

over a period of October 1982 to September 2008, under the null hypothesis of zero one-, three-year, five-year buy-and-hold abnormal returns. The test is 

specified if the overall rejection rate is the same as the significance level together with equal rejection rate on both sides. The abnormal return is defined as the 

difference between the actual return of a stock and benchmark return. The benchmark is categorized into five types: 50 portfolios by size and book-to-market 

ratio (BTM) which decile firms by market value in September each year and then quintile firms based on BTM; 10 portfolios ranked by market value; 10 

portfolios ranked by BTM, equally weighted market portfolio and control firm which is matched by size, or BTM or size/BTM with sample firm. Apart from 

conventional student test statistics, skewness-adjusted test statistics, bootstrapped skewness-adjusted test statistics and p-value (Barber, Lyon and Tsai 1999) 

derived from pseudoportfolios are examined. The descriptive statistics of abnormal returns are summarized as follows.  

5%   One year   Three years   Five years 

Test statistics Benchmarks  =0  <0  >0 
 

 =0  <0  >0 
 

 =0  <0  >0 

Conventional t test 50 size/BTM rebalanced portfolios 8.8  15.2  0.4  
 

22.0  26.4  0.0  
 

27.2  42.4  0.0  

 
50 size/BTM buy-and-hold portfolios 6.0  11.6  1.6  

 
7.2  10.8  1.2  

 
8.0  8.8  2.0  

 
10 size buy-and-hold  portfolios 5.6  10.4  2.4  

 
8.8  12.8  1.6  

 
8.0  9.2  1.2  

 
10 BTM buy-and-hold  portfolios 8.4  14.0  1.6  

 
7.6  13.2  3.6  

 
6.8  11.6  0.8  

  Equally-weighted market return 6.8  8.4  4.8    8.4  11.6  0.4    8.8  13.6  1.2  

Skewness-adjusted test 50 size/BTM buy-and-hold portfolios 8.0  10.0  6.0  
 

7.6  10.4  4.4  
 

7.2  10.0  4.0  

 
10 size buy-and-hold  portfolios 6.8  8.8  6.0  

 
8.0  10.8  4.4  

 
7.6  10.0  4.8  

 
10 BTM buy-and-hold  portfolios 8.0  12.0  4.0  

 
8.4  10.0  6.8  

 
7.6  8.8  2.8  

  Equally-weighted market return 8.4  6.8  7.6    5.6  9.6  2.4    10.8  11.6  4.0  

Bootstrapped skewness-adjusted test 50 size/BTM buy-and-hold portfolios 10.8  8.0  8.0  
 

5.6  6.8  6.0  
 

6.4  7.6  4.4  

 
10 size buy-and-hold  portfolios 8.0  6.8  7.2  

 
7.6  8.4  6.0  

 
8.8  7.6  5.6  

 
10 BTM buy-and-hold  portfolios 7.2  9.2  4.0  

 
6.8  6.4  8.0  

 
8.8  6.8  5.2  

  Equally-weighted market return 8.8  4.4  8.4    5.6  6.4  4.4    8.4  8.0  4.8  
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Table 4.3 continued 

5% 
 

One year   Three years   Five years 

Test statistics Benchmarks  =0  <0  >0 
 

 =0  <0  >0 
 

 =0  <0  >0 

P value from Pseudoportfolios 50 size/BTM buy-and-hold portfolios 7.6  6.0  7.6  
 

4.8  4.8  6.4  
 

5.2  3.6  4.4  

 
10 size buy-and-hold  portfolios 4.4  3.6  4.8  

 
5.2  4.8  4.4  

 
4.4  5.2  5.2  

  10 BTM buy-and-hold  portfolios 5.2  6.8  3.6    6.0  6.0  4.0    4.4  5.2  4.8  

Control firm approach  by size and BTM 4.4  6.0  3.6  
 

5.2  7.6  5.2  
 

6.0  4.0  5.2  

 
by size 4.0  3.6  5.6  

 
3.6  5.2  5.2  

 
4.0  6.0  2.4  

  by BTM 3.6  5.2  2.8    6.0  4.0  7.2    6.4  4.8  6.0  

 

Abnormal return is defined as the difference of actual individual i stock return and benchmark return as follows:              . 

Rebalanced buy-and-hold return assumes investors rebalance portfolios monthly. The monthly portfolio return needs to calculate every month and then 

compound and average it over the investment horizon.           
    
 
   

 
      

   .The conventional buy-and-hold return assumes rather than rebalancing 

monthly, investors tend to hold the same portfolio over the investment horizon. Stocks in the portfolios are supposed have return data over the study period. 

So I replace the missing returns with average portfolio return.        
         

   
      

 

 
   . The conventional student test statistics is formulated as:   

                  whereas n is the number of firms in one sample which is 200 in this study. The skewness-adjusted test is calculated as:          

                               whereas   is skewness of cross-sectional abnormal returns and     is student t test. The bootstrapped 

skewness-adjusted t test bootstraps abnormal returns in each sample 1000 times with size of 50. Then skewness-adjusted test for each subsample of 50 firms 

is computed in order to construct a distribution which is used to determine the critical value for rejection of the null hypothesis for each sample. Note that 

skewness-adjusted test calculated in the full sample is used to compare with the critical value. The Pseudo portfolio approach firstly randomly selects a 

benchmark firm from the same group (by size, BTM or size/BTM) as the sample firm. Then one mean buy-and-hold return for each sample is achieved. With 

all 250 mean returns, a distribution is constructed for the hypothesis test. Note that the null hypothesis is the equality of sample mean return with critical 

value. 
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Table 4.4 Wilcoxon signed-rank test in random samples 

This table shows the rejection rates (as a percentage) of 250 random samples with 200 firms at a significance level of 5% in one-tailed and two-tailed tests 

over a period of October 1982 to September 2008, under the null hypothesis of zero one-, three-year, five-year cumulative abnormal returns and buy-and-hold 

returns. The test is specified if the overall rejection rate is the same as the significance level together with equal rejection rate on both sides. The abnormal 

return is defined as the difference between the actual return of a stock and benchmark return. The benchmark is categorized into five types: 50 portfolios by 

size and book-to-market ratio (BTM) which decile firms by market value in September each year and then quintile firms based on BTM; 10 portfolios ranked 

by market value; 10 portfolios ranked by BTM, equally weighted market portfolio and control firm which is matched by size, or BTM or size/BTM with 

sample firm. Apart from conventional student test statistics, skewness-adjusted test statistics, bootstrapped skewness-adjusted test statistics and p-value 

(Barber, Lyon and Tsai 1999) derived from pseudoportfolios are examined. The descriptive statistics of abnormal returns are summarized as follows.  

Abnormal return is defined as the difference of actual individual i stock return and benchmark return as follows:              . 

The conventional buy-and-hold return assumes rather than rebalancing monthly, investors tend to hold the same portfolio over the investment horizon. Stocks 

in the portfolios are supposed have return data over the study period. So I replace the missing returns with average portfolio return. 

       
         

   
      

 
 
   . The cumulative abnormal returns (CARs) calculate abnormal returns of individual stocks in month t by taking the difference 

between the stock return and equally weighted benchmark return.               
 

  

 
       

  
    . 

The Wilcoxon signed-rank test is conducted in three steps. Firstly, the absolute values of 200 CARs or BHARs are ranked in each sample. Rank 1 is with 

firms with the lowest CARs or BHARs. Then signs are allocated to observations. Afterwards, the additions of ranks with a positive sign and with a negative 

signs are computed. Then the sum of these two figures is calculated for the purpose of determine if the null hypothesis of zero median is rejected or not. The 

process is given as:            
 

  where,               
       ,                ),                        .     

  is the 

positive rank of the absolute value of BHARs. 
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Table 4.4 continued 

    CARs   BHARs 

5% 

 

 =0  <0  >0 

 

 =0  <0  >0 

  

Panel A: One year 

Reference portfolios by size/BTM 6.4 7.6 1.6 

 

29.6 40.4 0.0 

 

by size 3.6 4.8 4.4 

 

28.4 39.2 0.4 

 

by BTM 7.2 10.4 3.2 

 

43.6 53.6 0.0 

Control firm by size/BTM 4.8 5.2 3.2 

 

4.4 6.4 3.2 

 

by size 3.2 3.6 4.8 

 

3.6 3.2 5.2 

  by BTM 4.8 4.8 4.8   3.6 3.6 6.4 

  

Panel B: Three years 

Reference portfolios by size/BTM 5.2 6.4 2.0 

 

58.4 74.0 0.0 

 

by size 6.0 6.0 4.8 

 

60.4 71.6 0.0 

 

by BTM 7.2 6.4 4.8 

 

66.8 79.2 0.0 

Control firm by size/BTM 4.8 7.6 3.2 

 

5.6 6.0 3.6 

 

by size 4.4 6.4 6.0 

 

5.2 6.0 6.8 

  by BTM 5.2 3.2 6.8   5.6 4.0 6.4 

  

Panel C: Five years 

Reference portfolios by size/BTM 5.2 3.2 7.2 

 

62.8 76.0 0.4 

 

by size 6.8 4.0 9.2 

 

66.0 76.4 0.0 

 

by BTM 4.4 6.0 2.4 

 

80.0 86.8 0.0 

Control firm by size/BTM 6.8 6.4 5.2 

 

5.2 5.2 5.2 

 

by size 4.8 6.0 5.6 

 

4.8 4.0 4.8 

  by BTM 5.6 3.2 5.6   4.4 2.4 4.8 
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Table 4.5 Power of test in random samples 

This table shows the rejection rates of null hypothesis of zero abnormal returns when shocks are introduced. To measure the power of test, which examines 

the ability of the test to reject the null hypothesis of zero mean buy-and-hold returns based on benchmark matching by size and book-to-market ratio when it 

is false, I introduce abnormal returns range from -20% to 20% at an interval of 5% to each event firm. For example, I add abnormal return of 5% to the 

buy-and-hold return of an event firm over the holding period. The percentages of rejection rates in 250 samples are computed at a significance level of 5% 

over three investment horizons (one, three and five years).  

 

-20% -15% -10% -5% 0% 5% 10% 15% 20% 

 

Panel A: One year 

Student t test 90.4  83.6  66.4  32.8  6.0  12.0  56.4  87.2  95.6  

Skewness-adjusted t test 78.8  76.0  60.0  31.2  8.0  20.8  64.4  91.6  96.0  

Bootstrapped skewness-adjusted t test 74.4  67.2  50.0  25.2  10.8  23.6  62.0  88.0  95.6  

P value from pseudoportfolios 78.0  75.0  74.0  30.8  7.6  12.0  36.0  60.0  78.8  

Control firm  82.0  69.2  41.2  15.6  4.4  16.0  36.0  63.2  82.0  

 

Panel B: Three years 

Student t test 56.0  45.6  30.8  16.8  7.2  3.6  8.0  21.6  42.0  

Skewness-adjusted t test 49.6  39.2  24.8  14.4  7.6  6.8  16.0  30.4  54.4  

Bootstrapped skewness-adjusted t test 36.0  27.6  18.4  10.4  5.6  8.4  17.6  33.2  55.2  

P value from pseudoportfolios 33.0  25.0  15.0  11.6  4.8  5.6  9.2  17.2  27.2  

Control firm  32.4  24.8  14.4  8.8  5.2  6.8  12.0  20.0  30.8  

 

Panel C: Five years 

Student t test 28.4  20.8  13.2  9.6  8.0  4.4  3.2  7.2  10.0  

Skewness-adjusted t test 25.2  20.4  13.2  11.6  7.2  7.6  8.8  12.4  19.6  

Bootstrapped skewness-adjusted t test 20.4  14.8  10.8  8.0  6.4  7.6  10.8  14.8  22.8  

P value from pseudoportfolios 27.6  16.8  11.6  7.6  5.2  4.4  6.0  6.8  12.0  

Control firm  14.8  9.2  6.4  4.8  6.0  6.0  6.4  9.6  12.4  
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Figure 4.1 Power of test in random samples 

This table shows the specification of test statistics based on reference portfolios approach 

matching by size and BTM when shocks are introduced. To measure the power of test, which 

examines the ability of the test to reject the null hypothesis of zero mean buy-and-hold returns 

based on benchmark matching by size and book-to-market ratio when it is false, I introduce 

abnormal returns range from -20% to 20% at an interval of 5% to each event firm. For 

example, I add abnormal return of 5% to the buy-and-hold return of an event firm over the 

holding period. The percentages of rejection rates in 250 samples are computed at a 

significance level of 5% over three investment horizons (one, three and five years).  
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Figure 4.1 continued 

Five years 
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Table 4.6 Rejection frequency using cumulative abnormal returns and buy-and-hold abnormal returns in small firms  

This table shows the rejection rates (as a percentage) of 250 samples with 200 small firms in size decile 1 which has firms with the smallest market value in 

September of each year at a significance level of 5% in one-tailed and two-tailed tests over a period of October 1982 to September 2008, under the null 

hypothesis of zero one-, three-year, five-year cumulative abnormal returns/buy-and-hold abnormal returns. The test is specified if the overall rejection rate is 

the same as the significance level together with equal rejection rate on both sides. The abnormal return is defined as the difference between the actual return 

of a stock and benchmark return. The benchmark is categorized into five types: 50 portfolios by size and book-to-market ratio (BTM) which decile firms by 

market value in September each year and then quintile firms based on BTM; 10 portfolios ranked by market value; 10 portfolios ranked by BTM, equally 

weighted market portfolio and control firm which is matched by size, or BTM or size/BTM with sample firm. Apart from conventional student test statistics, 

skewness-adjusted test statistics, bootstrapped skewness-adjusted test statistics and p-value (Barber, Lyon and Tsai 1999) derived from pseudoportfolios are 

examined. The event window is one, three and five years. The descriptive statistics of abnormal returns are summarized as follows.  

Abnormal return is defined as the difference of actual individual i stock return and benchmark return as follows:              . 

The cumulative abnormal returns (CARs) calculate abnormal returns of individual stocks in month t by taking the difference between the stock return and 

equally weighted benchmark return.               
 

  

 
       

  
    . The conventional buy-and-hold return assumes investors tend to hold the same 

portfolio over the investment horizon:        
         

   
      

 

 
   . Stocks in the portfolios are supposed have return data over the study period. So I replace 

the missing returns with average portfolio return.. The conventional student test statistics is formulated as:                     whereas n is the number of 

firms in one sample which is 200 in this study. The skewness-adjusted test is calculated as:                                         

whereas   is skewness of cross-sectional abnormal returns and     is student t test. The bootstrapped skewness-adjusted t test bootstraps abnormal returns 

in each sample 1000 times with size of 50. Then skewness-adjusted test for each subsample of 50 firms is computed in order to construct a distribution which 

is used to determine the critical value for rejection of the null hypothesis for each sample. Note that skewness-adjusted test calculated in the full sample is 

used to compare with the critical value. The Pseudo portfolio approach firstly randomly selects a benchmark firm from the same group (by size, BTM or 

size/BTM) as the sample firm. Then one mean buy-and-hold return for each sample is achieved. With all 250 mean returns, a distribution is constructed for 

the hypothesis test. Note that the null hypothesis is the equality of sample mean return with critical value. 
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Table 4.6 continued 

CARs 5% One year   Three years   Five years 

    α=0 α<0 α>0   α=0 α<0 α>0   α=0 α<0 α>0 

Conventional t test 50 size/BTM portfolios 7.2 10.8 2.8   7.2 9.6 2.8   5.2 11.6 2.0 

  10 size portfolios 6.4 8.0 2.8   6.0 9.2 2.0   5.6 11.6 2.0 

  10 BTM portfolios 62.4 0.4 76.8   75.6 0.0 90.4   76.0 0.0 84.8 

  Equally-weighted market return 90.0 0.0 94.4   98.8 0.0 99.6   98.4 0.0 99.6 

Skewness-adjusted test 50 size/BTM portfolios 8.0 10.0 4.8   8.8 9.6 6.0   6.4 10.4 6.0 

  10 size portfolios 7.6 6.8 5.6   6.8 8.4 6.0   6.4 10.4 4.0 

  10 BTM portfolios 76.4 0.4 83.2   86.4 0.0 94.0   81.6 0.0 87.6 

  Equally-weighted market return 95.6 0.0 97.6   99.6 0.0 99.6   99.2 0.0 99.6 

Bootstrapped skewness-adjusted test 50 size/BTM portfolios 6.8 5.2 7.6   8.0 6.0 7.2   7.6 7.6 6.4 

  10 size portfolios 6.4 4.8 9.2   8.4 6.0 6.8   6.4 7.2 5.2 

  10 BTM portfolios 76.0 0.4 83.6   85.2 0.0 92.0   80.4 0.0 87.6 

  Equally-weighted market return 95.6 0.0 97.6   99.6 0.0 99.6   99.2 0.0 99.6 

P value from Pseudoportfolios 50 size/BTM portfolios 5.2 4.4 6.4   8.0 6.8 6.8   6.8 8.0 6.4 

  10 size portfolios 4.8 2.4 6.0   5.6 5.6 5.6   5.2 4.8 4.4 

  10 BTM portfolios 69.6 0.4 84.4   81.6 0.0 93.2   80.4 0.0 88.8 

Control firm approach  by size and BTM 4.0 3.2 4.8   6.4 3.6 7.6   2.8 7.2 2.4 

  by size 4.0 3.6 6.0   3.2 4.8 6.4   4.8 6.0 4.8 

  by BTM 45.2 0.4 58.0   50.8 0.0 69.6   48.8 0.0 62.8 
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Table 4.6 continued 

BHARs 5% One year   Three years   Five years 

    α=0 α<0 α>0   α=0 α<0 α>0   α=0 α<0 α>0 

Conventional t test 50 size/BTM portfolios 11.6 14.4 0.4   8.8 13.2 0.8   8.4 15.2 0.8 

  10 size portfolios 12.0 16.0 0.0   9.6 13.6 1.2   14.0 21.6 0.4 

  10 BTM portfolios 13.2 0.8 27.2   7.2 2.0 12.8   4.4 4.4 7.6 

  Equally-weighted market return 32.0 0.4 50.4   22.8 0.0 40.4   16.8 0.0 28.0 

Skewness-adjusted test 50 size/BTM portfolios 12.4 16.0 3.2   8.4 10.8 2.4   17.6 23.6 2.0 

  10 size portfolios 13.2 14.8 3.6   9.2 11.2 4.4   16.8 21.6 2.0 

  10 BTM portfolios 37.2 0.4 49.2   19.2 2.0 29.2   8.8 3.2 12.4 

  Equally-weighted market return 60.4 0.4 71.2   46.0 0.0 59.2   31.6 0.0 44.4 

Bootstrapped skewness-adjusted test 50 size/BTM portfolios 12.4 13.2 7.6   8.0 7.2 6.8   17.2 21.6 2.4 

  10 size portfolios 12.0 11.2 7.6   9.2 7.6 6.8   12.4 16.0 3.6 

  10 BTM portfolios 45.6 0.4 52.8   26.8 1.2 33.6   11.2 2.8 16.0 

  Equally-weighted market return 65.6 0.4 74.8   54.8 0.0 64.0   36.8 0.0 48.4 

P value from Pseudoportfolios 50 size/BTM portfolios 6.8 4.8 4.4   8.0 6.8 7.2   6.4 6.0 5.6 

  10 size portfolios 4.4 3.6 5.2   6.4 6.0 7.2   3.2 2.8 2.8 

  10 BTM portfolios 23.2 0.8 40.8   14.4 0.4 14.0   6.4 0.8 12.4 

Control firm approach  by size and BTM 2.4 2.8 6.0   4.0 5.2 6.0   4.8 5.6 6.4 

  by size 2.0 1.6 4.0   5.6 2.4 7.6   6.4 4.8 8.8 

  by BTM 19.6 1.2 30.8   8.8 1.6 14.8   3.2 4.0 9.6 
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Table 4.7 Rejection frequency using cumulative abnormal returns and buy-and-hold abnormal returns in large firms  

This table shows the rejection rates (as a percentage) of 250 samples with 200 large firms in size decile 10 which has firms with the largest market value in 

September of each year at a significance level of 5% in one-tailed and two-tailed tests over a period of October 1982 to September 2008, under the null 

hypothesis of zero one-, three-year, five-year cumulative abnormal returns/buy-and-hold abnormal returns. The test is specified if the overall rejection rate is 

the same as the significance level together with equal rejection rate on both sides. The abnormal return is defined as the difference between the actual return 

of a stock and benchmark return. The benchmark is categorized into five types: 50 portfolios by size and book-to-market ratio (BTM) which decile firms by 

market value in September each year and then quintile firms based on BTM; 10 portfolios ranked by market value; 10 portfolios ranked by BTM, equally 

weighted market portfolio and control firm which is matched by size, or BTM or size/BTM with sample firm. Apart from conventional student test statistics, 

skewness-adjusted test statistics, bootstrapped skewness-adjusted test statistics and p-value (Barber, Lyon and Tsai 1999) derived from pseudoportfolios are 

examined. The event window is one, three and five years. The descriptive statistics of abnormal returns are summarized as follows.  

Abnormal return is defined as the difference of actual individual i stock return and benchmark return as follows:              . 

The cumulative abnormal returns (CARs) calculate abnormal returns of individual stocks in month t by taking the difference between the stock return and 

equally weighted benchmark return.               
 

  

 
       

  
    . The conventional buy-and-hold return assumes investors tend to hold the same 

portfolio over the investment horizon:        
         

   
      

 

 
   . Stocks in the portfolios are supposed have return data over the study period. So I replace 

the missing returns with average portfolio return.. The conventional student test statistics is formulated as:                     whereas n is the number of 

firms in one sample which is 200 in this study. The skewness-adjusted test is calculated as:                                         

whereas   is skewness of cross-sectional abnormal returns and     is student t test. The bootstrapped skewness-adjusted t test bootstraps abnormal returns 

in each sample 1000 times with size of 50. Then skewness-adjusted test for each subsample of 50 firms is computed in order to construct a distribution which 

is used to determine the critical value for rejection of the null hypothesis for each sample. Note that skewness-adjusted test calculated in the full sample is 

used to compare with the critical value. The Pseudo portfolio approach firstly randomly selects a benchmark firm from the same group (by size, BTM or 

size/BTM) as the sample firm. Then one mean buy-and-hold return for each sample is achieved. With all 250 mean returns, a distribution is constructed for 

the hypothesis test. Note that the null hypothesis is the equality of sample mean return with critical value. 
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Table 4.7 continued 

CARs 5% One year   Three years   Five years 

    α=0 α<0 α>0   α=0 α<0 α>0   α=0 α<0 α>0 

Conventional t test 50 size/BTM portfolios 5.2 4.0 6.4   4.0 4.0 5.2   4.0 3.6 6.4 

  10 size  portfolios 4.8 4.4 7.2   3.6 3.6 4.8   4.0 3.6 4.8 

  10 BTM portfolios 10.0 16.8 1.2   20.0 29.6 0.8   34.4 52.4 0.0 

  Equally-weighted market return 20.0 29.2 0.4   36.4 47.6 0.0   58.0 68.8 0.0 

Skewness-adjusted test 50 size/BTM portfolios 6.4 5.6 6.4   4.8 4.0 5.2   4.0 3.6 5.6 

  10 size portfolios 6.4 5.2 6.4   4.4 3.6 4.4   4.8 4.4 4.0 

  10 BTM portfolios 12.4 19.2 1.2   23.2 31.6 0.8   38.8 55.2 0.0 

  Equally-weighted market return 22.8 30.8 0.4   38.4 49.2 0.0   61.6 70.8 0.0 

Bootstrapped skewness-adjusted test 50 size/BTM portfolios 6.0 5.2 5.2   4.4 4.0 4.8   3.2 3.6 3.6 

  10 size portfolios 4.4 6.0 6.4   3.6 3.6 4.0   4.4 4.4 2.4 

  10 BTM portfolios 10.8 17.6 0.8   22.0 30.8 0.8   34.8 53.2 0.0 

  Equally-weighted market return 21.6 32.0 0.0   35.2 49.6 0.0   59.6 68.4 0.0 

P value from Pseudoportfolios 50 size/BTM portfolios 6.4 8.8 6.4   5.2 4.4 5.2   5.6 4.4 5.6 

  10 size portfolios 6.8 6.8 6.0   4.4 3.2 5.2   4.8 4.4 4.8 

  10 BTM portfolios 0.4 3.2 0.0   2.4 8.0 0.0   9.6 18.8 0.0 

Control firm approach  by size and BTM 5.6 7.2 6.0   3.2 4.0 4.0   6.4 5.2 5.2 

  by size 6.8 5.6 5.6   4.8 4.0 6.0   3.6 4.4 4.4 

  by BTM 6.0 8.4 4.0   11.6 17.2 0.8   14.8 19.2 0.0 
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Table 4.7 continued 

BHARs 5% One year   Three years   Five years 

    α=0 α<0 α>0   α=0 α<0 α>0   α=0 α<0 α>0 

Conventional t test 50 size/BTM portfolios 5.2 6.8 4.4   6.8 7.6 4.8   5.6 4.8 4.0 

  10 size portfolios 4.0 5.2 3.6   8.0 6.0 4.8   7.2 6.4 4.0 

  10 BTM portfolios 22.0 30.8 0.0   38.8 48.8 0.0   47.6 56.8 0.0 

  Equally-weighted market return 43.2 55.6 0.0   80.0 87.2 0.0   90.0 94.4 0.0 

Skewness-adjusted test 50 size/BTM portfolios 6.0 6.0 5.2   7.2 6.8 6.4   5.2 4.8 5.2 

  10 size portfolios 4.4 5.2 6.4   8.0 6.0 6.0   7.2 5.6 4.8 

  10 BTM portfolios 22.4 29.6 0.0   36.8 48.8 0.0   44.8 55.6 0.0 

  Equally-weighted market return 43.2 54.0 0.0   77.2 86.4 0.0   89.6 93.6 0.0 

Bootstrapped skewness-adjusted test 50 size/BTM portfolios 6.4 5.6 4.8   6.4 5.6 5.2   7.6 4.4 6.0 

  10 size  portfolios 5.2 4.8 6.8   7.2 5.6 5.6   6.8 5.2 5.6 

  10 BTM portfolios 20.4 28.4 0.0   32.4 45.6 0.0   40.0 50.4 0.0 

  Equally-weighted market return 38.4 52.0 0.0   68.8 80.8 0.0   85.2 90.0 0.0 

P value from Pseudoportfolios 50 size/BTM portfolios 7.6 6.8 7.2   8.0 7.2 6.0   6.8 4.8 6.4 

  10 size portfolios 4.8 5.6 6.0   7.6 5.2 6.0   6.8 5.6 5.6 

  10 BTM portfolios 2.0 4.0 0.0   6.0 11.6 0.0   5.2 12.4 0.0 

Control firm approach  by size and BTM 6.8 8.4 6.8   6.8 7.2 6.4   5.2 5.6 5.6 

  by size 8.4 6.0 5.2   5.2 7.6 4.8   3.6 5.6 4.0 

  by BTM 5.2 10.4 4.0   10.0 16.0 1.2   7.2 14.4 0.8 
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Table 4.8 Rejection frequency using cumulative abnormal returns and buy-and-hold abnormal returns in firms with low book-to-market ratio  

This table shows the rejection rates (as a percentage) of 250 random samples with 200 firms in BTM decile 1 which has firms with the smallest BTM at a 

significance level of 5% in one-tailed and two-tailed tests over a period of October 1982 to September 2008, under the null hypothesis of zero one-, three-year, 

five-year cumulative abnormal returns/buy-and-hold abnormal returns. The test is specified if the overall rejection rate is the same as the significance level 

together with equal rejection rate on both sides. The abnormal return is defined as the difference between the actual return of a stock and benchmark return. 

The benchmark is categorized into five types: 50 portfolios by size and book-to-market ratio (BTM) which decile firms by market value in September each 

year and then quintile firms based on BTM; 10 portfolios ranked by market value; 10 portfolios ranked by BTM, equally weighted market portfolio and 

control firm which is matched by size, or BTM or size/BTM with sample firm. Apart from conventional student test statistics, skewness-adjusted test statistics, 

bootstrapped skewness-adjusted test statistics and p-value (Barber, Lyon and Tsai 1999) derived from pseudoportfolios are examined. The event window is 

one, three and five years. The descriptive statistics of abnormal returns are summarized as follows.  

Abnormal return is defined as the difference of actual individual i stock return and benchmark return as follows:              . 

The cumulative abnormal returns (CARs) calculate abnormal returns of individual stocks in month t by taking the difference between the stock return and 

equally weighted benchmark return.               
 

  

 
       

  
    . The conventional buy-and-hold return assumes investors tend to hold the same 

portfolio over the investment horizon:        
         

   
      

 

 
   . Stocks in the portfolios are supposed have return data over the study period. So I replace 

the missing returns with average portfolio return.. The conventional student test statistics is formulated as:                     whereas n is the number of 

firms in one sample which is 200 in this study. The skewness-adjusted test is calculated as:                                         

whereas   is skewness of cross-sectional abnormal returns and     is student t test. The bootstrapped skewness-adjusted t test bootstraps abnormal returns 

in each sample 1000 times with size of 50. Then skewness-adjusted test for each subsample of 50 firms is computed in order to construct a distribution which 

is used to determine the critical value for rejection of the null hypothesis for each sample. Note that skewness-adjusted test calculated in the full sample is 

used to compare with the critical value. The Pseudo portfolio approach firstly randomly selects a benchmark firm from the same group (by size, BTM or 

size/BTM) as the sample firm. Then one mean buy-and-hold return for each sample is achieved. With all 250 mean returns, a distribution is constructed for 

the hypothesis test. Note that the null hypothesis is the equality of sample mean return with critical value. 

 

 



191 
 

Table 4.8 continued 

CARs 5% One year   Three years   Five years 

    α=0 α<0 α>0   α=0 α<0 α>0   α=0 α<0 α>0 

Conventional t test 50 size/BTM portfolios 4.8 4.8 6.0   4.4 6.4 3.2   5.2 6.8 2.8 

  10 size  portfolios 38.0 48.4 0.0   54.8 64.0 0.0   52.4 66.8 0.0 

  10 BTM  portfolios 5.6 4.8 6.8   4.4 6.4 3.2   5.2 6.4 3.2 

  Equally-weighted market return 52.0 59.6 0.0   72.4 78.8 0.0   68.4 78.8 0.0 

Skewness-adjusted test 50 size/BTM portfolios 6.0 5.2 6.8   4.4 5.6 3.6   6.0 6.8 3.6 

  10 size  portfolios 36.0 48.0 0.0   53.6 62.4 0.0   52.4 65.6 0.0 

  10 BTM  portfolios 7.6 4.8 8.0   4.4 6.0 4.0   4.8 6.4 4.0 

  Equally-weighted market return 49.6 58.4 0.0   68.0 75.6 0.0   65.6 75.6 0.0 

Bootstrapped skewness-adjusted test 50 size/BTM portfolios 5.6 5.2 7.2   4.4 5.2 3.6   5.6 6.4 3.6 

  10 size  portfolios 31.2 42.8 0.0   48.4 57.6 0.0   46.8 61.2 0.0 

  10 BTM  portfolios 6.8 3.6 7.2   4.8 5.2 3.6   4.0 5.2 4.0 

  Equally-weighted market return 42.0 53.6 0.0   61.2 71.2 0.0   60.8 70.8 0.0 

P value from Pseudoportfolios 50 size/BTM portfolios 9.2 5.6 8.0   6.4 8.8 3.6   7.2 8.8 4.4 

  10 size  portfolios 52.8 59.2 0.4   69.6 78.8 0.0   70.0 76.8 0.0 

  10 BTM  portfolios 4.8 4.8 6.0   4.4 6.4 3.6   4.4 6.4 4.8 

Control firm approach  by size and BTM 38.0 48.4 0.0   4.0 4.8 2.8   5.6 7.6 2.0 

  by size 5.6 4.8 6.8   34.4 46.0 0.0   29.6 43.2 0.0 

  by BTM 52.0 59.6 0.0   4.4 3.2 4.0   4.4 4.8 4.8 
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Table 4.8 continued 

BHARs 5% One year   Three years   Five years 

    α=0 α<0 α>0   α=0 α<0 α>0   α=0 α<0 α>0 

Conventional t test 50 size/BTM portfolios 5.6 6.4 2.0   3.2 5.2 2.8   7.2 10.8 2.0 

  10 size portfolios 21.2 29.2 0.4   46.4 54.8 0.0   49.2 55.2 0.0 

  10 BTM portfolios 6.0 9.6 2.4   5.6 7.6 2.0   9.2 12.8 1.6 

  Equally-weighted market return 39.2 49.6 0.0   68.8 76.8 0.0   68.8 73.6 0.0 

Skewness-adjusted test 50 size/BTM portfolios 5.6 6.0 4.4   4.4 4.0 4.4   7.2 7.6 7.6 

  10 size  portfolios 18.4 24.4 1.2   34.0 45.2 0.0   38.4 46.4 0.0 

  10 BTM  portfolios 7.2 8.8 4.8   4.8 6.4 3.2   6.4 9.6 5.6 

  Equally-weighted market return 30.4 41.6 0.4   55.2 64.4 0.0   50.0 59.6 0.0 

Bootstrapped skewness-adjusted test 50 size/BTM portfolios 8.0 5.2 8.4   4.0 2.0 4.8   9.2 4.0 9.2 

  10 size portfolios 15.2 20.4 2.8   23.6 30.8 0.0   23.6 32.4 0.0 

  10 BTM portfolios 6.8 6.4 5.2   5.2 2.4 4.0   7.2 5.6 8.0 

  Equally-weighted market return 23.6 32.0 0.4   36.8 47.6 0.0   34.0 42.8 0.0 

P value from Pseudoportfolios 50 size/BTM portfolios 9.2 5.6 8.0   5.6 2.8 6.8   12.0 7.2 11.2 

  10 size portfolios 28.8 34.8 4.8   58.4 66.0 0.4   60.0 67.6 0.4 

  10 BTM  portfolios 5.6 5.6 4.0   5.6 4.4 3.6   8.8 5.6 6.4 

Control firm approach  by size and BTM 5.6 2.4 6.0   2.0 2.4 3.6   4.8 4.8 4.8 

  by size 13.2 19.2 0.8   21.2 29.6 0.0   26.8 33.6 0.0 

  by BTM 5.2 5.2 5.2   3.6 6.0 3.6   3.2 4.0 5.2 
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Table 4.9 Rejection frequency using cumulative abnormal returns and buy-and-hold abnormal returns in firms with high book-to-market ratio  

This table shows the rejection rates (as a percentage) of 250 random samples with 200 firms in BTM decile 10 which has firms with the highest BTM at a 

significance level of 5% in one-tailed and two-tailed tests over a period of October 1982 to September 2008, under the null hypothesis of zero one-, three-year, 

five-year cumulative abnormal returns/buy-and-hold abnormal returns. The test is specified if the overall rejection rate is the same as the significance level 

together with equal rejection rate on both sides. The abnormal return is defined as the difference between the actual return of a stock and benchmark return. 

The benchmark is categorized into five types: 50 portfolios by size and book-to-market ratio (BTM) which decile firms by market value in September each 

year and then quintile firms based on BTM; 10 portfolios ranked by market value; 10 portfolios ranked by BTM, equally weighted market portfolio and 

control firm which is matched by size, or BTM or size/BTM with sample firm. Apart from conventional student test statistics, skewness-adjusted test statistics, 

bootstrapped skewness-adjusted test statistics and p-value (Barber, Lyon and Tsai 1999) derived from pseudoportfolios are examined. The event window is 

one, three and five years. The descriptive statistics of abnormal returns are summarized as follows.  

Abnormal return is defined as the difference of actual individual i stock return and benchmark return as follows:              . 

The cumulative abnormal returns (CARs) calculate abnormal returns of individual stocks in month t by taking the difference between the stock return and 

equally weighted benchmark return.               
 

  

 
       

  
    . The conventional buy-and-hold return assumes investors tend to hold the same 

portfolio over the investment horizon:        
         

   
      

 

 
   . Stocks in the portfolios are supposed have return data over the study period. So I replace 

the missing returns with average portfolio return.. The conventional student test statistics is formulated as:                     whereas n is the number of 

firms in one sample which is 200 in this study. The skewness-adjusted test is calculated as:                                         

whereas   is skewness of cross-sectional abnormal returns and     is student t test. The bootstrapped skewness-adjusted t test bootstraps abnormal returns 

in each sample 1000 times with size of 50. Then skewness-adjusted test for each subsample of 50 firms is computed in order to construct a distribution which 

is used to determine the critical value for rejection of the null hypothesis for each sample. Note that skewness-adjusted test calculated in the full sample is 

used to compare with the critical value. The Pseudo portfolio approach firstly randomly selects a benchmark firm from the same group (by size, BTM or 

size/BTM) as the sample firm. Then one mean buy-and-hold return for each sample is achieved. With all 250 mean returns, a distribution is constructed for 

the hypothesis test. Note that the null hypothesis is the equality of sample mean return with critical value. 
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Table 4.9 continued 

CARs 5% One year   Three years   Five years 

    α=0 α<0 α>0   α=0 α<0 α>0   α=0 α<0 α>0 

Conventional t test 50 size/BTM portfolios 6.0 6.0 4.0   4.8 4.4 3.6   4.0 6.8 4.0 

  10 size  portfolios 4.4 2.4 9.6   7.2 0.4 14.0   13.2 0.8 18.8 

  10 BTM  portfolios 8.0 11.2 1.6   5.6 7.6 1.6   3.6 6.0 0.8 

  Equally-weighted market return 56.4 0.0 66.8   84.8 0.0 95.6   92.8 0.0 97.6 

Skewness-adjusted test 50 size/BTM portfolios 7.2 6.0 5.6   5.6 4.4 6.8   6.0 6.8 8.4 

  10 size  portfolios 8.0 2.4 15.2   12.0 0.4 20.4   18.4 0.8 27.6 

  10 BTM  portfolios 9.2 10.8 4.4   6.0 6.8 5.2   4.0 4.8 4.4 

  Equally-weighted market return 64.4 0.0 73.6   92.8 0.0 96.4   95.6 0.0 98.4 

Bootstrapped skewness-adjusted test 50 size/BTM portfolios 8.4 6.0 8.0   8.0 4.0 9.2   6.8 4.4 8.0 

  10 size  portfolios 9.6 1.6 15.2   14.0 0.4 21.2   19.2 0.4 28.0 

  10 BTM  portfolios 7.6 9.2 6.4   6.4 5.6 7.2   5.2 3.6 6.8 

  Equally-weighted market return 64.4 0.0 71.6   91.2 0.0 96.0   93.2 0.0 98.0 

P value from Pseudoportfolios 50 size/BTM portfolios 7.6 4.8 6.8   10.4 4.4 9.2   8.8 3.2 9.2 

  10 size  portfolios 4.4 0.4 8.0   8.0 0.4 14.4   11.6 0.4 21.2 

  10 BTM  portfolios 5.2 6.0 3.6   6.0 5.2 5.6   6.8 3.2 6.4 

Control firm approach  by size and BTM 4.4 5.2 2.4   5.2 3.6 5.6   3.6 7.6 4.4 

  by size 4.4 2.0 9.2   7.6 1.2 12.4   6.4 2.0 11.6 

  by BTM 6.8 4.0 6.4   3.2 6.4 6.8   4.0 5.6 5.6 
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Table 4.9 continued 

BHARs 5% One year   Three years   Five years 

    α=0 α<0 α>0   α=0 α<0 α>0   α=0 α<0 α>0 

Conventional t test 50 size/BTM portfolios 6.4 10.8 1.6   10.0 14.0 0.8   3.2 9.2 1.2 

  10 size  portfolios 6.4 4.4 3.6   6.0 0.4 14.0   13.6 0.8 23.2 

  10 BTM  portfolios 10.8 15.2 1.2   13.6 19.2 0.4   10.0 15.6 0.4 

  Equally-weighted market return 16.0 1.2 25.2   29.2 0.0 44.8   41.6 0.0 57.6 

Skewness-adjusted test 50 size/BTM portfolios 7.6 10.0 4.8   12.4 13.6 4.0   13.6 16.8 4.0 

  10 size  portfolios 8.0 5.2 6.0   16.4 0.0 28.8   24.8 0.8 35.2 

  10 BTM  portfolios 10.0 13.6 3.6   11.6 16.8 2.0   12.4 16.4 3.2 

  Equally-weighted market return 29.6 1.2 39.2   54.0 0.0 64.8   65.2 0.0 76.0 

Bootstrapped skewness-adjusted test 50 size/BTM portfolios 6.8 7.6 8.0   10.8 12.0 8.8   18.8 19.6 6.0 

  10 size  portfolios 10.4 4.8 11.6   24.4 0.0 34.4   29.6 0.8 38.0 

  10 BTM  portfolios 10.8 10.0 7.2   11.2 10.4 5.6   10.4 12.4 4.0 

  Equally-weighted market return 36.8 1.2 45.2   59.2 0.0 68.8   70.0 0.0 77.2 

P value from Pseudoportfolios 50 size/BTM portfolios 6.4 4.8 4.8   8.4 6.0 8.8   8.0 2.4 8.8 

  10 size  portfolios 3.2 1.6 4.8   11.2 0.0 19.2   10.0 0.0 21.6 

  10 BTM  portfolios 5.2 6.4 2.4   4.8 5.2 5.6   6.4 4.0 6.8 

Control firm approach  by size and BTM 3.6 4.4 2.4   4.4 4.0 3.2   3.2 4.0 4.8 

  by size 6.0 3.6 8.4   8.4 1.2 15.2   12.0 0.8 17.6 

  by BTM 4.0 4.4 5.2   4.0 2.8 7.2   3.6 3.2 6.4 
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Table 4.10Rejection frequency using cumulative abnormal returns and buy-and-hold abnormal returns in firms with industry clustering  

This table shows the rejection rates (as a percentage) of 250 random samples with 200 firms which are clustered in industry at a significance level of 5% in 

one-tailed and two-tailed tests over a period of October 1982 to September 2008, under the null hypothesis of zero one-, three-year, five-year cumulative 

abnormal returns/buy-and-hold abnormal returns. The test is specified if the overall rejection rate is the same as the significance level together with equal 

rejection rate on both sides. The abnormal return is defined as the difference between the actual return of a stock and benchmark return. The benchmark is 

categorized into five types: 50 portfolios by size and book-to-market ratio (BTM) which decile firms by market value in September each year and then 

quintile firms based on BTM; 10 portfolios ranked by market value; 10 portfolios ranked by BTM, equally weighted market portfolio and control firm which 

is matched by size, or BTM or size/BTM with sample firm. Apart from conventional student test statistics, skewness-adjusted test statistics, bootstrapped 

skewness-adjusted test statistics and p-value (Barber, Lyon and Tsai 1999) derived from pseudoportfolios are examined. The event window is one, three and 

five years. The descriptive statistics of abnormal returns are summarized as follows.  

Abnormal return is defined as the difference of actual individual i stock return and benchmark return as follows:              . 

The cumulative abnormal returns (CARs) calculate abnormal returns of individual stocks in month t by taking the difference between the stock return and 

equally weighted benchmark return.               
 

  

 
       

  
    . The conventional buy-and-hold return assumes investors tend to hold the same 

portfolio over the investment horizon:        
         

   
      

 

 
   . Stocks in the portfolios are supposed have return data over the study period. So I replace 

the missing returns with average portfolio return.. The conventional student test statistics is formulated as:                     whereas n is the number of 

firms in one sample which is 200 in this study. The skewness-adjusted test is calculated as:                                         

whereas   is skewness of cross-sectional abnormal returns and     is student t test. The bootstrapped skewness-adjusted t test bootstraps abnormal returns 

in each sample 1000 times with size of 50. Then skewness-adjusted test for each subsample of 50 firms is computed in order to construct a distribution which 

is used to determine the critical value for rejection of the null hypothesis for each sample. Note that skewness-adjusted test calculated in the full sample is 

used to compare with the critical value. The Pseudo portfolio approach firstly randomly selects a benchmark firm from the same group (by size, BTM or 

size/BTM) as the sample firm. Then one mean buy-and-hold return for each sample is achieved. With all 250 mean returns, a distribution is constructed for 

the hypothesis test. Note that the null hypothesis is the equality of sample mean return with critical value. 
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Table 4.10 continued 

CARs 5% One year   Three years   Five years 

    α=0 α<0 α>0   α=0 α<0 α>0   α=0 α<0 α>0 

Conventional t test 50 size/BTM portfolios 5.6 6.0 3.6   8.0 12.8 2.8   5.6 8.0 4.4 

  10 size  portfolios 5.6 7.2 5.6   8.4 12.8 1.2   7.2 9.6 1.6 

  10 BTM  portfolios 5.6 5.6 4.8   8.8 12.8 2.8   6.8 8.4 2.8 

  Equally-weighted market return 6.0 4.4 6.8   5.6 7.2 6.8   1.2 2.0 4.0 

Skewness-adjusted test 50 size/BTM portfolios 6.8 6.4 6.0   8.8 13.6 3.6   6.0 8.0 5.2 

  10 size  portfolios 6.0 8.0 6.0   9.6 13.2 3.2   7.6 9.6 2.8 

  10 BTM  portfolios 5.6 6.8 7.2   10.8 12.8 3.6   7.6 8.4 3.6 

  Equally-weighted market return 6.4 4.8 9.2   6.4 7.2 8.4   3.6 2.0 6.8 

Bootstrapped skewness-adjusted test 50 size/BTM portfolios 6.8 6.4 6.0   8.4 12.0 3.2   5.2 6.4 4.0 

  10 size  portfolios 5.6 6.4 6.0   8.0 12.8 3.2   7.6 9.2 2.4 

  10 BTM  portfolios 6.8 5.2 7.6   9.6 13.2 4.0   6.8 7.2 4.4 

  Equally-weighted market return 9.2 4.0 10.0   5.6 5.6 6.0   4.0 2.0 6.8 

P value from Pseudoportfolios 50 size/BTM portfolios 6.8 5.6 6.0   8.8 10.0 3.2   7.2 9.6 4.8 

  10 size  portfolios 5.6 3.6 4.4   7.2 10.8 2.0   8.0 9.2 2.4 

  10 BTM  portfolios 6.8 5.2 6.4   8.0 10.8 2.8   6.4 7.6 2.8 

Control firm approach  by size and BTM 4.4 5.2 5.2   6.8 10.0 3.2   6.8 10.0 3.2 

  by size 6.8 6.0 6.0   4.4 6.4 2.8   5.2 6.0 2.8 

  by BTM 5.2 4.0 5.6   4.4 8.0 4.0   6.4 6.0 4.4 
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Table 4.10 continued 

5% One year   Three years   Five years 

   =0  <0  >0    =0  <0  >0    =0  <0  >0 

50 size/BTM portfolios 8.4 11.2 3.2   13.6 16.8 1.2   6.4 11.6 2.4 

10 size  portfolios 9.6 13.2 2.8   14.0 20.4 1.6   8.0 12.8 2.0 

10 BTM  portfolios 10.8 11.6 2.8   14.8 17.6 0.8   8.8 12.4 2.4 

Equally-weighted market return 10.0 12.0 2.8   13.2 17.6 0.8   8.8 11.6 2.0 

50 size/BTM portfolios 10.0 10.8 5.2   12.4 16.4 2.8   9.2 11.2 6.0 

10 size  portfolios 11.6 13.2 4.8   13.2 18.0 2.8   9.2 11.6 4.4 

10 BTM  portfolios 11.6 11.2 3.6   12.8 15.6 2.8   8.0 10.0 4.0 

Equally-weighted market return 10.4 10.0 4.8   12.4 16.0 3.6   6.0 8.4 5.6 

50 size/BTM portfolios 10.4 11.2 6.0   9.6 13.2 4.0   8.8 8.8 6.4 

10 size  portfolios 10.8 11.6 7.2   12.0 14.0 4.8   7.6 8.4 4.8 

10 BTM  portfolios 10.8 10.8 6.4   9.2 11.6 4.4   5.6 6.4 5.2 

Equally-weighted market return 10.0 7.2 5.6   11.2 11.6 4.0   6.0 6.0 5.2 

50 size/BTM portfolios 6.4 6.8 5.6   8.4 10.0 3.6   4.8 3.2 5.2 

10 size  portfolios 5.2 8.0 4.4   7.6 9.6 3.6   3.6 4.4 2.8 

10 BTM  portfolios 5.2 6.8 4.0   14.4 0.4 14.0   4.4 3.6 4.8 

by size and BTM 8.4 11.2 3.2   13.6 17.2 1.2   6.8 11.6 2.4 

by size 5.2 8.4 4.8   5.6 6.0 5.6   4.4 2.8 5.2 

by BTM 4.8 6.0 4.0   7.6 6.8 5.2   4.4 2.8 6.8 
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Table 4.11Rejection frequency using cumulative abnormal returns and buy-and-hold abnormal returns in firms with overlapping returns 

This table shows the rejection rates (as a percentage) of 250 random samples with 200 firms which have multiple events within the study period at a 

significance level of 5% in one-tailed and two-tailed tests over a period of October 1982 to September 2008, under the null hypothesis of zero one-, three-year, 

five-year cumulative abnormal returns/buy-and-hold abnormal returns. The test is specified if the overall rejection rate is the same as the significance level 

together with equal rejection rate on both sides. The abnormal return is defined as the difference between the actual return of a stock and benchmark return. 

The benchmark is categorized into five types: 50 portfolios by size and book-to-market ratio (BTM) which decile firms by market value in September each 

year and then quintile firms based on BTM; 10 portfolios ranked by market value; 10 portfolios ranked by BTM, equally weighted market portfolio and 

control firm which is matched by size, or BTM or size/BTM with sample firm. Apart from conventional student test statistics, skewness-adjusted test statistics, 

bootstrapped skewness-adjusted test statistics and p-value (Barber, Lyon and Tsai 1999) derived from pseudoportfolios are examined. The event window is 

one, three and five years. The descriptive statistics of abnormal returns are summarized as follows.  

Abnormal return is defined as the difference of actual individual i stock return and benchmark return as follows:              . 

The cumulative abnormal returns (CARs) calculate abnormal returns of individual stocks in month t by taking the difference between the stock return and 

equally weighted benchmark return.               
 

  

 
       

  
    . The conventional buy-and-hold return assumes investors tend to hold the same 

portfolio over the investment horizon:        
         

   
      

 

 
   . Stocks in the portfolios are supposed have return data over the study period. So I replace 

the missing returns with average portfolio return.. The conventional student test statistics is formulated as:                     whereas n is the number of 

firms in one sample which is 200 in this study. The skewness-adjusted test is calculated as:                                         

whereas   is skewness of cross-sectional abnormal returns and     is student t test. The bootstrapped skewness-adjusted t test bootstraps abnormal returns 

in each sample 1000 times with size of 50. Then skewness-adjusted test for each subsample of 50 firms is computed in order to construct a distribution which 

is used to determine the critical value for rejection of the null hypothesis for each sample. Note that skewness-adjusted test calculated in the full sample is 

used to compare with the critical value. The Pseudo portfolio approach firstly randomly selects a benchmark firm from the same group (by size, BTM or 

size/BTM) as the sample firm. Then one mean buy-and-hold return for each sample is achieved. With all 250 mean returns, a distribution is constructed for 

the hypothesis test. Note that the null hypothesis is the equality of sample mean return with critical value. 
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Table 4.11 continued 

CARs 5% One year   Three years   Five years 

    α=0 α<0 α>0   α=0 α<0 α>0   α=0 α<0 α>0 

Conventional t test 50 size/BTM portfolios 18.0 20.4 6.4   22.4 20.0 11.2   18.8 15.6 12.0 

  10 size  portfolios 16.8 20.8 6.4   23.2 22.4 8.4   16.4 16.4 7.2 

  10 BTM  portfolios 18.8 20.0 8.0   21.6 18.0 10.4   15.2 10.0 14.8 

  Equally-weighted market return 18.0 19.6 6.8   24.0 21.6 9.6   18.0 10.0 14.8 

Skewness-adjusted test 50 size/BTM portfolios 19.2 20.8 7.2   25.2 20.4 11.6   20.4 14.8 12.8 

  10 size  portfolios 18.8 21.6 6.4   23.6 23.2 8.8   17.6 16.8 8.4 

  10 BTM  portfolios 19.2 19.2 8.4   23.2 18.0 10.4   17.2 9.6 15.6 

  Equally-weighted market return 19.2 19.6 7.6   24.8 21.2 10.8   19.6 10.4 17.2 

Bootstrapped skewness-adjusted test 50 size/BTM portfolios 18.4 18.8 6.8   22.0 20.0 11.2   18.8 13.6 12.4 

  10 size  portfolios 16.4 16.4 5.6   23.2 22.4 8.0   15.6 16.8 7.2 

  10 BTM  portfolios 17.2 17.2 8.8   22.0 18.0 10.8   16.8 8.8 16.0 

  Equally-weighted market return 16.0 17.2 6.8   21.6 17.6 11.2   20.4 9.2 16.0 

P value from Pseudoportfolios 50 size/BTM portfolios 16.0 16.8 5.6   14.0 13.6 9.6   9.2 7.6 8.4 

  10 size  portfolios 14.8 17.6 5.2   15.2 17.6 6.8   8.4 9.2 5.2 

  10 BTM  portfolios 13.6 17.6 6.8   15.2 13.6 9.2   9.6 5.6 10.4 

Control firm approach  by size and BTM 16.4 15.6 11.2   19.2 14.4 11.6   17.6 13.2 14.4 

  by size 19.2 18.4 6.8   20.4 22.4 9.6   13.6 13.2 5.2 

  by BTM 18.8 16.0 11.2   22.0 13.6 16.0   20.0 10.0 19.6 
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Table 4.11 continued 

BHARs 5% One year   Three years   Five years 

    α=0 α<0 α>0   α=0 α<0 α>0   α=0 α<0 α>0 

Conventional t test 50 size/BTM portfolios 19.6 20.0 5.6   20.0 21.6 9.6   21.2 12.4 16.0 

  10 size  portfolios 18.4 23.6 5.2   21.2 24.0 7.2   20.4 17.6 10.4 

  10 BTM  portfolios 20.0 20.0 4.8   21.6 22.4 6.4   17.6 14.4 11.2 

  Equally-weighted market return 20.0 23.6 3.6   25.6 28.8 4.8   17.6 14.8 11.2 

Skewness-adjusted test 50 size/BTM portfolios 20.8 21.2 9.2   24.4 20.8 11.6   23.6 12.8 21.6 

  10 size  portfolios 19.2 22.0 7.6   22.0 22.0 8.8   22.0 17.2 14.4 

  10 BTM  portfolios 20.0 20.0 9.6   22.0 20.0 9.6   20.8 13.2 14.0 

  Equally-weighted market return 19.2 22.0 6.4   24.4 26.8 6.8   20.8 13.2 14.4 

Bootstrapped skewness-adjusted test 50 size/BTM portfolios 19.2 18.0 9.2   23.6 18.0 12.4   26.0 12.0 20.4 

  10 size  portfolios 19.6 15.6 8.0   20.4 18.0 10.0   24.8 15.6 15.6 

  10 BTM  portfolios 17.6 16.4 10.4   18.4 16.4 10.8   20.8 11.6 15.2 

  Equally-weighted market return 17.2 18.0 8.4   21.2 21.2 8.0   21.2 13.6 14.8 

P value from Pseudoportfolios 50 size/BTM portfolios 13.2 13.2 6.4   5.6 3.6 6.4   10.0 3.6 11.2 

  10 size  portfolios 9.6 12.0 7.6   4.0 5.2 4.4   5.6 4.0 6.8 

  10 BTM  portfolios 13.6 14.0 6.0   14.4 0.4 14.0   5.6 2.4 6.8 

Control firm approach  by size and BTM 20.0 20.4 5.6   20.0 21.6 10.0   21.2 12.0 16.8 

  by size 12.8 12.0 9.6   13.2 12.8 8.4   10.8 8.0 12.8 

  by BTM 14.0 14.4 12.0   16.8 9.6 16.8   21.6 8.0 26.0 
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Table 4.12Rejection frequency using cumulative abnormal returns and buy-and-hold abnormal returns in firms with calendar clustering 

This table shows the rejection rates (as a percentage) of 250 random samples with 200 firms which have the same event month at a significance level of 5% in 

one-tailed and two-tailed tests over a period of October 1982 to September 2008, under the null hypothesis of zero one-, three-year, five-year cumulative 

abnormal returns/buy-and-hold abnormal returns. The test is specified if the overall rejection rate is the same as the significance level together with equal 

rejection rate on both sides. The abnormal return is defined as the difference between the actual return of a stock and benchmark return. The benchmark is 

categorized into five types: 50 portfolios by size and book-to-market ratio (BTM) which decile firms by market value in September each year and then 

quintile firms based on BTM; 10 portfolios ranked by market value; 10 portfolios ranked by BTM, equally weighted market portfolio and control firm which 

is matched by size, or BTM or size/BTM with sample firm. Apart from conventional student test statistics, skewness-adjusted test statistics, bootstrapped 

skewness-adjusted test statistics and p-value (Barber, Lyon and Tsai 1999) derived from pseudoportfolios are examined. The event window is one, three and 

five years. The descriptive statistics of abnormal returns are summarized as follows.  

Abnormal return is defined as the difference of actual individual i stock return and benchmark return as follows:              . 

The cumulative abnormal returns (CARs) calculate abnormal returns of individual stocks in month t by taking the difference between the stock return and 

equally weighted benchmark return.               
 

  

 
       

  
    . The conventional buy-and-hold return assumes investors tend to hold the same 

portfolio over the investment horizon:        
         

   
      

 

 
   . Stocks in the portfolios are supposed have return data over the study period. So I replace 

the missing returns with average portfolio return.. The conventional student test statistics is formulated as:                     whereas n is the number of 

firms in one sample which is 200 in this study. The skewness-adjusted test is calculated as:                                         

whereas   is skewness of cross-sectional abnormal returns and     is student t test. The bootstrapped skewness-adjusted t test bootstraps abnormal returns 

in each sample 1000 times with size of 50. Then skewness-adjusted test for each subsample of 50 firms is computed in order to construct a distribution which 

is used to determine the critical value for rejection of the null hypothesis for each sample. Note that skewness-adjusted test calculated in the full sample is 

used to compare with the critical value. The Pseudo portfolio approach firstly randomly selects a benchmark firm from the same group (by size, BTM or 

size/BTM) as the sample firm. Then one mean buy-and-hold return for each sample is achieved. With all 250 mean returns, a distribution is constructed for 

the hypothesis test. Note that the null hypothesis is the equality of sample mean return with critical value. 
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Table 4.12 continued 

CARs 5% One year   Three years   Five years 

    α=0 α<0 α>0   α=0 α<0 α>0   α=0 α<0 α>0 

Conventional t test 50 size/BTM portfolios 6.0 5.2 2.8   1.2 1.6 2.4   1.6 2.8 1.6 

  10 size  portfolios 5.6 6.4 3.6   4.0 4.0 4.0   2.8 2.8 2.0 

  10 BTM  portfolios 4.8 6.4 3.2   3.2 3.6 4.0   2.8 3.6 3.2 

  Equally-weighted market return 8.4 5.6 8.0   12.8 4.4 16.0   17.6 5.6 18.4 

Skewness-adjusted test 50 size/BTM portfolios 6.0 5.6 2.8   2.0 2.0 4.4   2.0 2.8 2.4 

  10 size  portfolios 5.6 6.4 4.0   5.2 4.8 5.6   2.8 2.8 4.0 

  10 BTM  portfolios 5.6 6.8 4.4   4.4 3.6 5.2   3.6 3.6 4.0 

  Equally-weighted market return 9.6 5.6 8.8   14.8 4.4 17.6   19.6 5.2 20.0 

Bootstrapped skewness-adjusted test 50 size/BTM portfolios 3.6 5.2 3.6   2.0 1.2 4.4   2.4 2.0 2.0 

  10 size  portfolios 4.4 6.0 3.6   2.8 3.6 5.6   2.8 3.2 4.4 

  10 BTM  portfolios 5.2 5.6 4.0   5.6 3.2 5.2   3.2 2.4 3.6 

  Equally-weighted market return 8.4 5.2 8.8   15.2 2.8 18.4   20.4 4.4 22.0 

P value from Pseudoportfolios 50 size/BTM portfolios 4.8 6.0 4.8   6.0 4.8 8.0   3.6 4.4 5.2 

  10 size  portfolios 4.4 6.0 4.0   5.2 3.2 6.4   2.0 2.8 5.2 

  10 BTM  portfolios 4.4 5.6 6.0   4.0 3.6 5.2   2.8 2.4 4.8 

Control firm approach  by size and BTM 3.2 3.6 3.2   2.4 1.2 4.4   1.6 3.6 2.0 

  by size 4.4 2.4 5.2   3.6 3.6 5.6   2.0 4.4 4.0 

  by BTM 6.4 6.4 6.0   2.4 4.0 4.4   3.2 2.8 5.2 
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Table 4.12 continued 

BHARs 5% One year   Three years   Five years 

    α=0 α<0 α>0   α=0 α<0 α>0   α=0 α<0 α>0 

Conventional t test 50 size/BTM portfolios 6.0 6.8 2.8   2.8 6.4 2.8   3.6 4.4 2.0 

  10 size  portfolios 5.2 7.2 2.8   5.2 7.2 2.4   3.6 4.4 2.0 

  10 BTM  portfolios 6.0 7.6 2.8   4.8 6.8 1.2   2.4 4.4 1.6 

  Equally-weighted market return 14.2 11.6 6.4   4.8 6.8 0.8   4.4 6.4 3.2 

Skewness-adjusted test 50 size/BTM portfolios 6.4 6.4 5.6   4.8 5.2 5.2   5.2 4.4 4.8 

  10 size  portfolios 6.0 6.8 5.6   6.4 5.2 5.6   5.2 4.0 4.0 

  10 BTM  portfolios 5.2 6.4 6.4   5.2 4.8 4.0   4.0 2.4 3.6 

  Equally-weighted market return 13.6 10.8 9.2   4.4 5.2 4.4   5.6 4.8 6.4 

Bootstrapped skewness-adjusted test 50 size/BTM portfolios 5.2 4.8 5.2   5.2 3.2 8.0   4.4 4.0 5.6 

  10 size  portfolios 4.8 3.6 6.4   6.4 4.8 8.0   5.2 2.8 6.4 

  10 BTM  portfolios 4.8 4.4 6.8   4.8 4.0 7.2   3.6 2.8 5.2 

  Equally-weighted market return 10.8 8.4 10.0   5.2 2.8 6.0   5.6 4.0 6.4 

P value from Pseudoportfolios 50 size/BTM portfolios 6.4 4.0 6.4   4.8 4.0 6.4   5.6 3.6 6.4 

  10 size  portfolios 4.8 5.2 6.8   4.4 4.0 6.8   3.6 3.2 5.6 

  10 BTM  portfolios 4.0 5.2 5.6   14.4 0.4 14.0   2.4 1.6 4.8 

Control firm approach  by size and BTM 6.0 6.8 2.8   3.2 6.4 2.8   3.6 4.4 2.0 

  by size 6.8 2.4 7.6   1.2 2.4 4.0   4.8 4.0 4.0 

  by BTM 5.2 5.2 6.8   2.4 2.0 5.6   3.2 2.4 4.8 
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Chapter 5: Calendar-time approach 

 

5.1 Research questions and hypotheses 

Null hypothesis: the intercept implying the abnormal return of the portfolio is zero.  

 

To resolve the issue of cross-sectional dependence of returns when applying the event-time 

approach based on reference portfolios and control firm approach, the calendar-time approach 

proposed by Jaffe (1974) and Mandelker (1974) is employed to detect the long-term abnormal 

stock performance based on the UK data. The Fama-French three-factor model and the 

Carhart-four-factor model, the two most popular asset-pricing models with factors of market 

risk premium, size, book-to-market ratio and momentum, are examined. Both value-weighted 

and equally-weighted portfolios are expected to achieve zero portfolio abnormal returns. The 

weighted least square technique advocated by Fama (1998), the Huber/sandwich variance 

estimators (1982) and the generalized least squares proposed by Gregory, Guermat and 

Al-Shawawreh (2010) are compared discover the most effective way to deal with 

heteroskedasticity caused by varying numbers of firms in each calendar month. Therefore, 

with 250 random samples of 200 firms, a rejection rate of 5% at 5% significance level 

suggests the test is well-specified. When misspecification exists, this may indicate that the 

model applied is not an equilibrium model, since the factors cannot fully capture the 

characteristics of the event firms. Therefore, the mean monthly calendar-time abnormal 

returns, a variant of the calendar-time portfolio approach, recommended by Lyon, Barber and 

Tsai (1999), are investigated. The underlying concept is to take abnormal returns of a stock as 

the difference of observed returns and reference portfolio returns in calendar months. This is 

similar to the methodology applied in chapter 4 in terms of using reference portfolio returns 

as benchmark returns. A difference exists in that this chapter uses the calendar month, 

whereas the previous chapter uses/focuses on the event month. The null hypothesis of this 

method is zero grand mean monthly abnormal return over the calendar months of T. The 

percentage of rejection rates determines whether the test is well-specified or not.  
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5.2 Data  

I employ the same data as the studies of the event-time approach based on reference portfolios 

in the previous chapter. Therefore, stock returns with available market values and book values 

are applied. Market values of stocks are mainly used to allocate weights to individual stocks 

so as to measure portfolio returns. Both an equally-weighted scheme which allocate weights 

evenly to individual stocks in the portfolio and a value-weighted scheme which assign 

weights based on market values of stocks are applied. However, the missing returns and 

returns of delisted firms are treated differently in the calendar-time approach when compared 

with event-time approach based on reference portfolios. Since the number of firms is allowed 

to differ when applying the Fama-French three-factor model and Carhart four-factor model, 

missing returns and returns of delisted firms over the test period are left as they are. Therefore, 

stock returns of a firm are tracked based on its availability. This treatment is the same as the 

event-time approach based on models. I thus apply average abnormal returns (AAR) to 

achieve monthly portfolio returns in this approach.  

 

5.3 Research methodology 

5.3.1 Models and statistical inferences 

5.3.1.1 Fama-French three-factor model 

Fama and French (1993) introduce an asset pricing model with three factors of market risk 

premium, size, and BTM. Although this model is questionable regarding its accuracy to 

capture the characteristics of an asset, it is still advocated as an alternative to measure and test 

long-term stock performance due to its elimination of cross-sectional returns. (Fama, 1998). 

The model is transformed to be utilized in event studies by Jaffe (1974) and Mandelker (1974) 

as follows: 

                                                  (5.1) 

Rp t is the monthly equally-weighted or value-weighted portfolio return. Rf t is the monthly 

risk-free rate defined as the 90-day treasury bill rate. RPMt  is the difference between 

value-weighted market return and risk-free rate. HMLt is the difference between returns of 

value-weighted portfolios of stocks with high BTM and low BTM.  SMBt is the difference 

between returns of value-weighted portfolios of stocks with small market value and large 
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market value. These factors for the UK stock market are downloaded from the website of Xfi 

centre of Exeter University. The regression estimates intercept   and other coefficients  .   

stands for the error term which reflects returns which are not captured by the three factors. 

The intercept   is a proxy to test if the null hypothesis of zero abnormal return is rejected or 

not at a given significance level. The test statistics for   is assumed to be normally distributed 

with zero mean and constant variance as follows: 

t  
 

Standard Error   
                             (5.2) 

Since the error term  t could be heteroskedastic due to the change in the number of firms 

each month, I apply weighted least squares (WLS) in addition to ordinary least squares to 

correct this. The weights applied in WLS are the number of event firms in the portfolio.  

 

5.3.1.2 Carhart four-factor model 

Ang and Zhang (2004) initially conduct simulation on the four-factor model in event studies 

and conclude that higher rejection rates exist compared with the three-factor model. The 

four-factor model is developed by Carhart (1997) with incorporation of momentum factor 

which compares winners and losers. He suggests the persistence in fund performance can be 

explained by one-year momentum based on studies by Jegadeesh and Titman (1993). The 

transformed formula for event studies is illustrated as follows: 

                                                      (5.3) 

UMDt is the zero-investment portfolio which takes the difference between the previous 

12-month winners in long position and the previous 12-month losers in short position. Other 

variables are the same as the three-factor model. Similar test statistics are computed as well. 

Both OLS and WLS techniques are applied in the model. 

 

5.3.1.3 Mean Monthly Calendar-Time Abnormal Returns 

Fama (1998) and Lyon, Barber and Tsai (1999) strongly recommend the application of mean 

monthly calendar-time abnormal returns which is a variant of the calendar-time portfolio 

approach aiming at eliminating the issue of cross-sectional returns. The underlying concept is 

to take abnormal return of a stock as the difference of observed return and reference portfolio 

returns in a calendar month. The reference portfolios are the same as in the previous chapter. 
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They include reference portfolios formed by size, BTM, size/BTM; and prevent-event returns. 

In each calendar month, the benchmark return for an individual stock is the reference 

portfolio return which the event firm belongs to. The abnormal return is identified as the 

difference of individual stock return and benchmark return in calendar month t. It is shown as: 

ARi t  Ri t  Rb t                           (5.4) 

The portfolio return with sample firms is then computed as: 

CTARt   wit  ARit
n
i 1                        (5.5) 

wit is the weight of the sample firm in a calendar month. It can be either equally weighted by 

simply dividing the total sum of abnormal returns by the number of sample firms in the 

portfolio or value weighted by taking the percentage of market value of the sample firm 

relative to the total market value of the portfolio. A grand mean monthly abnormal return over 

the calendar months of T is computed as: 

MCTAR   CTARt
T
t 1 T                        (5.6) 

The rejection of the null hypothesis of zero abnormal return over a period of time T is 

determined by the following statistics with time-series of stock returns: 

t  
MCTAR

  MCTARt  T 
                            (5.7) 

 

5.3.1.4 Techniques of regression 

The most commonly applied statistical technique for regression is ordinary least squares 

(OLS). This bears the assumption that stock returns are normally distributed with zero mean 

and constant variance. It attempts to minimize the sum of the squared error term. Under the 

Gaus Markov assumptions, the OLS estimators are the best linear unbiased estimators. One 

key condition under the Gaus Markov assumption is homoskedasticity which assumes 

constant variance. However, in the calendar-time approach, heteroskedasticity exists because 

of different numbers of firms in each calendar month (Mitchell and Stafford, 2000). When 

there is an issue of heteroskedasticity, although the estimators are still unbiased and consistent, 

they are no longer efficient. This will result in incorrect statistical inferences. Three 

approaches are suggested to overcome this issue. One is weighted least squares technique 

(WLS) advocated by Fama (1998) and Ang and Zhang (2004). Instead of distributing equal 
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weight in the OLS, WLS takes the number of firms in the portfolio in each calendar month as 

weights. Another alternative is to use sandwich variance estimators based on OLS/WLS 

introduced by Huber (1967) and White (1982) which deals with inconsistent covariance 

matrix caused by heteroskedasticity of disturbances. The new covariance matrix estimator 

incorporating the presence of heteroskedasticity is not affected by the model. Therefore, the 

statistical inferences are correct even when heteroskedasticity cannot be eliminated. The last 

technique to resolve heteroskedasticity is generalized least squares (GLS) proposed by 

Gregory, Guermat and Al-Shawawreh (2010). With an assumption of a linear function of the 

number of firms in portfolios in each calendar month, the authors firstly run basic regression 

by taking an example of the market model: 

R  t     Rbt  ut                           (5.8) 

With the disturbances from the regression, another regression is undertaken as: 

log u t
2   0   1log nt  errort                    (5.9) 

The last is to equalize Var  ut  to exp    0    1 log nt  . The authors claim the GLS provides 

similar standard errors as in the sandwich variance estimators with OLS but has better 

adjusted-R square. In this study, I apply all four techniques to find out if there is any 

difference exists when either ignoring or incorporating heteroskedasticity.  

 

5.3.2 Simulation process 

I firstly randomly select 250 samples of 200 event months with replacement from a period of 

September, 1982 to September 2007 for a one-year investment horizon, to September 2005 

for three-year investment horizon and to September 2003 for a five-year investment horizon 

as Ang and Zhang (2004). Then 200 firms are randomly selected to match with the event 

months. Event months possibly turn out to be the same with different firms. A firm is not 

allowed to have multiple events in the same month. But Firms could have more than one 

different event month. Returns of event firm are tracked following the event month according 

to the event window, suggesting exclusion of return in the event month. Suppose the event 

window is one year. For a calendar month, a portfolio consisting of firms which experience 

events in the previous 12 months ending in the calendar month is constructed. The monthly 

portfolio return is computed based on mean return of individuals stocks comprising the 
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portfolio in the calendar month. The mean return is measured on the basis of 

equally-weighted and value-weighted scheme. This mean portfolio monthly return is applied 

on the left-hand side of the regression formula, but not the individual stock returns as Kothari 

and Warner (1997). The number of firms in a portfolio varies across calendar months due to 

different event months of firms. If there is no company in a calendar month, this month is 

excluded in the regression. Since the calendar-time approach screens out months without 

event firms, the missing returns are not replaced. If an event firm has a missing return, it is 

considered as a drop-out from the portfolio in the calendar month. This further indicates that 

if an event firm is delisted in the test period, the same treatment, which tracks returns of the 

event firm until it is delisted, is taken as the event-time approach based on models. The 

regression based on ordinary least squares is conducted according to the Fama-French 

three-factor model and Carhart four-factor model. To control the bias of heteroskedasticity 

due to the inconstant number of firms, I implement the weighted least squares technique. The 

intercept from regression is the ultimate estimate to determine whether absence of long-run 

abnormal returns exists. Therefore, the conventional test statistics is computed for the 

intercept. Each sample yields one student-t test statistic. If there is no abnormal return, the 

intercept is expected to be zero. The rejection frequency among 250 samples is reported at a 

significance level of 1%, 5% and 10% on both one-tail and two-tailed tests. If the test is 

well-specified, the rejection frequency is expected to be 5% at a significance level of 5%.  

 

5.3.3 Power of test 

A well-specified test needs to control for Type I error which is the probability of rejecting the 

null hypothesis when it is true and Type II error which is the probability of failing to reject the 

null when it is false. The power of test is one minus the probability of a Type II error. In other 

words, it is the probability of rejecting the null when it is false. To examine the power of test, 

I introduce abnormal returns in a range of -20% to 20% at an interval of 5% to event firms. If 

this is a „good model‟ and a test is well specified, 100% rejection rates are expected with 

levels of shocks. The shock needs to be spread evenly across the event window for an event 

firm. For instance, suppose there is a 15% shock. For each event firm in each month over the 

event period of 12 months, 1.25% of extra return is added to original returns.  
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5.4 Conventional calendar-time approach 

5.4.1 Simulation on random samples 

5.4.1.1 Equally-weighted portfolios 

Equally-weighted portfolios 

Table 5.1 reports rejection frequency of the null hypothesis of zero abnormal returns for both 

three-factor and four-factor models based on an equally-weighted scheme. The high rejection 

rates show severe misspecification over three investment horizons at all significance levels. 

The two factor models exhibit nonzero abnormal returns in 9.2% to 14.4% of all samples over 

one year, 29.2% to 37.2% of all samples over three years and 36% to 54.8% of all samples 

over five years at a significance level of 5%. Moreover, the rejection frequency increases with 

the length of investment horizons. At 5% significance level, the rejection rates are 10%, 29.2% 

and 36% when applying the three-factor mode under OLS over one-, three- and five years, 

respectively. Compared with three techniques in the regressions based on two models, OLS 

shows less misspecified results with lower rejection rates than WLS and GLS. For instance, 

when applying the three-factor model over an investment horizon of five years, the rejection 

rates are 48.4%, 55.6% and 58% under OLS, WLS, and GLS, respectively. The one-sided 

tests show an asymmetric pattern of test statistics with greater rejection rates on the right tail 

and close to 0% of rejection rate on the left tail. This positively biased test statistics indicates 

positive abnormal returns are found more often than negative abnormal returns. Compared 

with the three-factor model, the four-factor model does not improve misspecification since it 

has higher rejection rates in most cases. For example, when the investment horizon is five 

years, the rejection rate is 55.2% with the application of the four-factor model but 48.4% 

when applying the three-factor model under OLS. Tables 5.2 and 5.3 display the coefficients 

and R square from regressions based on the three-factor and four-factor models under equal 

weights. Regarding the three-factor model with all techniques, the mean abnormal return, 

which is measured by the intercept from the regression, ranges from 0.33% to 0.4% with 

smaller median over all investment horizons. Among those mean alphas, OLS demonstrates 

results of 0.33%, 0.4% and 0.38% over one-, three- and five years. The mean test statistics for 

alpha under OLS increase from 0.7518 to 1.5263 in five years. The same pattern is found in 
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other two techniques. Both coefficients of the market risk premium and size factor with the 

application of all techniques have a mean close to 0.8 and mean test statistics larger than 5. 

This indicates a significant correlation between market risk premium or size factor with 

market portfolio return. However, the coefficient of the book-to-market ratio factor is 

relatively small with values ranging from -0.0023 to 0.0221. The adjusted R square, that 

provides the explanatory power of the model, demonstrates higher power when the 

investment horizon lengthens. Furthermore, the highest value of the adjusted R square when 

applying WLS, indicates the three-factor model under WLS is the most appropriate model to 

be applied in term of explanatory power of the model, since the portfolio returns can be better 

explained by the three factors. 64.4% of independent variables are able to explain dependent 

variable with the application of WLS in five years. With respect to the four-factor model, the 

mean alpha increases slightly in all cases ranging from 0.38% to 0.45%. Compared with the 

three-factor model, the four-factor model shows higher explanatory power with higher 

adjusted R-squared. For instance, the highest explanatory power is presented by WLS in five 

year years with an adjusted R square of 64.63% whereas the corresponding figure for the 

four-factor model is 64.4%. It is interesting to note that the coefficients for the BTM ratio 

factor are all negative in the four-factor model. The estimates of the momentum factor reveal 

small correlation with portfolio returns. Additionally, the means of coefficients of the 

momentum factor are all negative. The four-factor model exhibits similar characteristics as 

the three-factor model. In terms of the fitness of models, the four-factor model outperforms 

the three-factor model. However, it generates severer misspecification with higher rejection 

rates of the null hypothesis of zero abnormal returns. It is important to note that compared 

with the empirical results in the US data documented by Lyon, Barber and Tsai (1999) and 

Ang and Zhang (2004), the misspecification is presented with the application of the 

three-factor model in the studies based on the UK data. I find the rejection rate is 29.2% when 

applying the three-factor model under OLS over an investment horizon of three years whereas 

Ang and Zhang (2004) show the corresponding figure of 4%. Moreover, the misspecification 

is severer when applying the four-factor model under both OLS and WLS in the UK data. The 

rejection rates are 32.8% and 54% under WLS in the US data and the UK data, respectively. 
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Winsorized equally-weighted portfolios 

With the results of severe misspecification, I cast doubts on one potential cause which is the 

outliers of raw returns. Therefore, I winsorize 1% of stock raw returns in each tail within 

observations of 200 firms in each sample. Tables 5.4-5.6 display the winsorized results based 

on equal weights. Although the magnitude of rejection rates is smaller compared with the 

original sample, there is still overrejection. For instance, the rejection rate is 25.6% in five 

years at a significance level of 10% with the application of the four-factor model under OLS 

whereas the corresponding figure for the original sample is 55.2%.The positively biased test 

statistics with overrejection on the right tail are documented as the original sample but with 

lower rejection rates. WLS only shows little evidence of outperformance. For example, the 

three-factor model over a five-year investment horizon generates lower rejection rate than 

OLS. However, GLS show improved performance with lower rejection rates compared to 

WLS but not as good as OLS. The winsorized mean intercepts ranging from 0.09% to 0.15% 

are much smaller compared with the original sample. However, in the four-factor model, the 

coefficients for all variables are positive. The results indicate winsorization does significantly 

improve the misspecification. In addition, the explanatory power of independent variables to 

dependent variables is higher when returns are winsorized. The mean adjusted R square is 

52.58% with the application of the three-factor model under OLS over five years when the 

stock returns are unwinsorized whereas the corresponding figure is 58.81% with the 

winsorized returns. Therefore, the results conclude that the winsorization on returns is 

applicable to reduce misspecification with lower rejection rates. Moreover, the explanatory 

power of models is enhanced after the winsorization process. However, it cannot eliminate the 

misspecification which is caused by the equally-weighted scheme that allocates more weights 

to small firms with higher returns. 

 

Descriptive statistics of abnormal returns  

To further examine the distributional properties of alphas derived from the two-factor models, 

I compare the descriptive statistics based on equal weights in Table 5.7-5.8. Regarding the 

three-factor model based on the original data, the mean intercepts are in the range of 0.00332 
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to 0.00403 over three investment horizons. Moreover, the mean intercept shows a pattern of 

an increase from one year to three years but a decline from three years to five years. The 

medians are slightly lower than means. This is further proved with positive skewness ranging 

from 0.19 to 1.57. The kurtosis is above 3 except the case when applying the three-factor 

model under OLS over three years. The leptokurtic distribution of alphas is more evident 

when WLS and GLS are applied over three- and five years. For instance, kurtosis is 12.43 

with the application of WLS over one year. The winsorized results present smaller magnitude 

of mean alphas ranging from 0.00088 to 0.00151. However, the medians show mixed results 

compared with the mean. This is reflected by the distribution of alphas with positive and 

negative skewness. Negative skewness is exhibited when applying the three-factor model 

under all techniques in one year and under OLS in five years. Furthermore, skewness close to 

zero together with kurtosis close to 3 indicates an approximate normal distribution. The 

winsorization process, therefore, adjusts the asymmetric distribution of abnormal returns to a 

normal distribution. This results in improvement on misspecification based on the original 

data. The four-factor model shows similar results as the three-factor model. Compared with 

the three-factor model, the four-factor model generates higher values of means and medians. 

Moreover, skewness is mostly higher whereas kurtosis is mostly smaller.  

 

All techniques based on equally-weighted portfolios  

Heteroskedasticity, which suggests the changing variance of disturbance, is one concerning 

issue when conducting the long-run event studies. Apart from the White correction test (1980), 

WLS taking the number of firms in calendar months as weights (Ang and Zhang, 2004) and 

GLS with an assumption of a linear function of the number of firms in portfolios in each 

calendar month (Gregory, Guermat and Al-Shawawreh, 2010) are proposed to handle the 

issue. Table 5.9 summarizes all techniques with the application of both the three-factor and 

four-factor model under an equal-weight scheme. sandwich variance estimators imposed on 

OLS and WLS based on the two factor models improves misspecification with slightly lower 

rejection rates in two-tailed test. For instance, the rejection rate is 29.2% when applying the 

three-factor model under WLS whereas the sandwich variance estimators generates a 

rejection rate of 26.8%. Since OLS outperforms WLS with lower rejection rates and sandwich 
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variance estimators further reduces misspecification, WLS loses its attractiveness to control 

heteroskedasticity. The rejection rate is 30.4% when applying the three-factor model under 

OLS together with sandwich variance estimators whereas WLS yields a rejection rate of 41.2% 

over five years. Moreover, GLS yields higher rejection rates than OLS in conjunction with 

sandwich variance estimators. For example, the four-factor model under OLS with sandwich 

variance estimators generates a rejection rate of 35.2% whereas GLS yields a rejection rate of 

54.8% over an investment horizon of five years. Additionally, it is difficult to identify whether 

GLS outperforms WLS since the results are mixed. Over an investment of three years, the 

three-factor model shows rejection rates of 34.4% and 31.6% under WLS and GLS whereas 

the corresponding figures for the four-factor model are 36.4% and 37.2%. The same pattern is 

found in one-tailed tests. Moreover, test statistics are positively biased. This can be attributed 

to the asymmetric distribution of abnormal returns. Consequently, OLS together with 

sandwich variance estimators is the most appropriate technique to be applied in the long run 

event studies based on the UK data.  

 

Power of test based on equally-weighted portfolios 

When conducting null hypothesis tests, type II error occurs when the null hypothesis is false 

but is not rejected. The statistical power is worth investigating in event studies because it can 

measure the ability of a test to detect the presence of abnormal returns following an event. In 

the studies, I introduce shocks ranging from -20% to 20% at an interval of 5% to individual 

stocks. As explained in the methodology, the stock returns are added in each month with 

average monthly returns achieved by dividing the shock by the investment months. Table 

5.10 displays the power of test based on equally-weighted portfolios. Regarding negative 

shocks, in one year, rejection rates decline when abnormal return is -5% but start increasing 

with higher shocks. The three-factor model generates rejection rates of 10% when there is no 

abnormal returns introduced and 5.6% when abnormal return of -5% is introduced. But the 

rejection rate increases to 24.4% when introducing a shock of -10%. It is interesting to note 

that for longer horizons, for example three years and five years, the power of test reduces 

significantly. The same patterns are documented when positive shocks are induced. However, 

with the same absolute value of shocks, the rejection rates are higher with positive shocks. 
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For instance, the four-factor model under WLS in three years yields a rejection rate of 50.8% 

when the shock is 5% and 14.8% when the shock is -5%. This can be attributed to the 

properties of intercepts reported in Table 5.11 when there is no abnormal return introduced. 

The mean intercepts are positive in all cases without any introduction of abnormal returns. 

For instance, the mean intercepts are 0.33%, 0.4% and 0.38% when the three-factor model is 

applied under OLS over one-, three- and five years, respectively. The overrejection on the 

right tail with an indication of more positive abnormal returns in the original data makes test 

statistics more powerful when abnormal returns are positive but less powerful when abnormal 

returns are negative. Because positive shocks enhance positive intercepts whereas negative 

shocks offset positive intercepts. Rejection rates close to 5% when abnormal returns are -15% 

and -20% suggest intercepts are reduced close to zero with the introduction of negative 

shocks, which satisfy with the null hypothesis of zero abnormal returns. For example, the 

mean intercept is 0.38% when there is no abnormal return but is still positive when negative 

shock is introduced. Even when the abnormal return is -20%, the mean intercept is 0.05%, 

which is close to zero. The one-tailed tests shown in Table 5.12 further confirm the 

conclusion that the test loses more power when negative shocks are introduced. The 

four-factor model under OLS shows more positive abnormal returns with a rejection rate of 

55.2% on one-tailed test with the alternative hypothesis of positive abnormal returns and no 

negative abnormal returns with a rejection rate of 0% on one-tailed test with the alternative 

hypothesis of negative abnormal returns over five years. When abnormal return is -20%, the 

rejection rates are 2% under one-tailed test and 5.2% under two-tailed test. However, the 

rejection rates are 51.6% under one-tailed test and 88.4% under two-tailed test with induced 

abnormal return of 20%. The reason to focus on the one-tailed test is that the overrejection of 

the null hypothesis of zero intercept suggests there is presence of abnormal returns when there 

is no shock is introduced. Moreover, the test loses power in longer time horizons. For instance, 

based on the three-factor model under OLS, the rejection rates are 99.6%, 95.6% and 80% in 

one-, three-, and five years when introducing abnormal return of 20%. Studies undertaken by 

Ang and Zhang (2004) document similar patterns but higher rejection rates, especially in the 

three-factor model, compared with the results. They advocate the application of WLS with an 

argument of its higher power of test. Although the results indicates higher power of test when 
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applying WLS, when heteroskedasticity is taken into account, OLS in conjunction with 

sandwich variance estimators is advocated based on the UK data due to it less severe 

misspecification.  

 

5.4.1.2 Value-weighted portfolios 

Value-weighted portfolios 

Table 5.13 reports rejection rates in 250 samples based on the three-factor and four-factor 

models under a value-weighted scheme. The misspecification is less severe in one year 

compared with the equally-weighted portfolios. Furthermore, both models yield 

well-specified results in three- and five years. For instance, the two-sided tests at a 

significance level of 5% with the application of both two models under OLS have the same 

rejection frequency of 4.8% in three years whereas five years witness 5.6% in three-factor 

model and 3.6% in four-factor model. However, in one-year investment horizon, the rejection 

rates are 10.4% and 7.2% when applying the three-factor and four-factor model, respectively. 

WLS and GLS improve the misspecification occasionally and marginally. One-tail tests show 

an asymmetric pattern of test statistics with mixed results. Take one year as an example. At 5% 

significance level, test statistics are negatively biased with higher rejection rates on the left 

tail when the three-factor model is applied with all techniques, whilst positively biased test 

statistics are found when employing the four-factor model with all techniques. However, 

positively biased test statistics with an indication of more positive abnormal returns are 

documented over three- and five years. The coefficients displayed in Tables 5.14-5.15 show 

similar patterns of coefficients as the equally-weighted portfolios. However, there are some 

differences. Firstly, a smaller magnitude of intercept, which is a proxy of abnormal return, is 

found when compared with the results based on the equally-weighted scheme. The mean 

intercepts range from -0.06% to 0.03% whereas the corresponding figures under equal 

weights are 0.33% to 0.4%. Secondly, the estimates of market risk premium based on value 

weights are larger. The means of coefficients of market risk premium are larger than one in 

the three-factor model, regardless of techniques. The figures become less than one but close to 

one in the four-factor model. This indicates a larger impact from the market portfolio which is 

measured by value-weighted market returns. Thirdly, the coefficients of size factor are mostly 
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half of those under equal weights, indicating smaller size effect when conducted under 

value-weighted scheme. For instance, the mean coefficients of the size factor are 0.259 under 

value weights and 0.709 under equal weights when applying the four-factor model under OLS 

in five years. This can be explained with the fact that the value-weighted scheme gives 

smaller weights to small firms and larger weights to large firms according to firms‟ market 

value. Fourthly, although the estimates of BTM factor are larger under value weights, they are 

still comparably smaller than other factors. The mean coefficients of BTM factor are 0.0012 

under equal weights and 0.119 under value weights with the application of the three-factor 

model in three years. Last but most importantly, smaller adjusted R-squared in three-factor 

and four-factor model compared with equal weights suggest a lower explanatory power of 

factors on portfolio returns under value weighting although test statistics are well-specified, 

especially in three and five years. Interestingly, the means of intercepts are 0% in five years 

under all techniques when the three-factor model is applied. Similar as the portfolios returns 

based on an equal weighting scheme, the four-factor model is proved to be a better fit than the 

three-factor model under the value-weighted schemes.  

 

Winsorized value-weighted portfolios 

I also conduct the winsorization process to test if the impact of outliers can be reduced under 

value weights. Tables 5.16-5.18 show the empirical results with well-specified test statistics 

in particularly three- and five years, which are similar as the original data based on value 

weights. However, the magnitudes of coefficients are mostly smaller compared with the 

results based on the original data. Moreover, the explanatory power of two factor models is 

higher when returns are winsorized. Compared with results based on the original data, there is 

not much difference in the rejection frequency after winsorizing the data. Although there is an 

improvement on the explanatory power after winsorization, it is better to apply the factor 

models based on the original data since the value-weighted scheme resolves the issue of 

misspecification brought by small firms.  

 

Descriptive statistics of abnormal returns  

The descriptive statistics of abnormal returns in Table 5.19-5.20 based on the value-weighted 
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scheme show some similarities as the equally-weighted scheme. The mean intercept increases 

from one year to three years and declines from three years to five years. Moreover, positive 

mean intercepts are documented when applying the four-factor models under all techniques. 

Additionally, the mean intercepts after winsorization are smaller than that based on the 

original data. However, there are still some differences. First of all, positive and negative 

mean intercepts are found with the application of the three-factor model. For instance, over an 

investment horizon of one year, negative mean intercepts are documented based on the 

original data and winsorized data. Second, the magnitude of the mean intercepts is much 

smaller based on value weights than that based on equal weights. For instance, the mean 

intercept is 0.001% under value weights and 0.382% under equal weights when applying the 

three-factor model under OLS over five years. Last but most important, the distribution of 

abnormal returns is approximately normal with skewness close to zero and kurtosis close to 3. 

More specifically, skewness is mostly negative in both the three-factor and four-factor 

models.  

 

All techniques based on value-weighted portfolios 

Table 5.21 lists the specification of tests including the sandwich variance estimators under all 

techniques. The mean alphas are negative when applying the three-factor model in one year. 

Moreover, the magnitude is much smaller compared with the results based on equal weights. 

Similar as the equally-weighted portfolios, sandwich variance estimators controls 

heteroskedasticity more efficiently with lower rejection rates compared with the original tests. 

For instance, the four-factor model under OLS yields a rejection rate of 3.6% with the 

application of the original test and 3.2% when applying sandwich variance estimators. WLS 

does not perform better than sandwich variance estimators except the case when the 

three-factor model is applied over five years. The rejection rate under OLS with sandwich 

variance estimators is 5.6% whereas WLS yields a rejection rate of 5.2%. Different findings 

are documented when applying two factor models when compared sandwich variance 

estimators under OL with GLS. Regarding the three-factor model, rejection rates are the same 

for these two techniques over one- (10.4%) and three year (4.8%) whereas sandwich variance 

estimators under OLS yields a rejection rate of 5.6% and GLS generates a rejection rate of 4% 
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over five years. With respect to the four-factor model, GLS yield higher rejection rates than 

sandwich variance estimators under OLS over all investment horizons. Moreover, GLS 

outperforms WLS with lower rejection rates except the case when the three-factor model is 

applied over an investment of one year. The same conclusion of the application of sandwich 

variance estimators under OLS based on a value-weighted scheme in the long run event 

studies is drawn as the equally-weighted portfolios.  

 

Power of test-value-weighted portfolios 

Similar findings regarding the power of test based on the value-weighted scheme .as 

equally-weighted portfolios are presented in Table 5.22 First of all, the rejection rates 

decrease when investment horizon lengthens under each technique. For instance, the rejection 

rates are 94.8%, 36.8% and 20% over investment horizons of one-, three- and five years when 

applying the three-factor model under OLS. Moreover, the power of the approach based on 

the four-factor model decrease more significantly than the three-factor model. Second, the 

rejection rates are smaller when negative shocks are introduced compared with the case when 

positive shocks are introduced when applying the four-factor model over one year and both 

factor models over the three- and five years. For example, the rejection rate is 36.8% when 

abnormal return of 20% is introduced and 8.4% when abnormal return of -20% is introduced. 

This asymmetric power can be explained by positive intercepts derived from the factor 

models. Table 5.23 shows that the mean intercepts are mostly positive with some exceptions 

when there is no shock induced. Positive intercepts are enhanced when positive abnormal 

returns are introduced whereas intercepts are reduced close to 0 firstly and then reach 

negative level when negative shock are introduced. For instance, the three-factor model under 

OLS over five years shows a mean intercept of 0.001% when there is no abnormal return 

introduced. The corresponding figures are -0.082% when abnormal return of -5% is 

introduced and 0.084% with induced abnormal return of 5%. The rejection rates under 

two-tailed test are 7.2% with negative shock and 7.6% with positive shock. The rejection 

frequency based on two-tailed test with the same magnitude of positive and negative 

abnormal returns is similar. This is different from the results based on equally-weighted 

portfolios which suggest the test loses more power when negative shocks are introduced. This 
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difference can be illustrated with the statement of much smaller magnitude of intercepts based 

on a value-weighted scheme compared with an equally-weighted scheme. To further address 

the power of test, one-tailed test is conducted and the results are exhibited Table 5.24. Since 

the factor models based on different techniques yield well-specified test statistics in the 

original samples when there is no shock introduced, one-tailed test confirmed the conclusion 

of similar pattern and magnitude of rejection rates as the two-tailed test. The exception of 

higher power with the introduction of negative shocks when applying the three-factor model 

over one year is attributed to negative intercepts from regressions. Finally, WLS shows the 

highest power compared with OLS and GLS. This is consistent as studies undertaken by Ang 

and Zhang (2004). As the previous discussion, although WLS shows superior power, it 

generates higher rejection rates than OLS.  

 

Summary: equally-weighted portfolios vs. value-weighted portfolios 

In summary, the difference of weighting schemes generates widely divergent results. The 

equally-weighted scheme allocates equal weights to individual stocks while the 

value-weighted scheme assigns weights according to market value of individual stocks. The 

following findings regarding the random samples are consistent with prior research (Lyon, 

Barber and Tsai, 1999, Ang and Zhang, 2004). First of all, the explanatory power of both the 

three-factor and four-factor models, which is measured by the adjusted R square, increases 

with investment horizons. In addition, the four-factor model has higher explanatory power 

compared with the three-factor model. Secondly, the test loses power in longer holding period, 

especially when the induced abnormal return is negative. Lastly, the magnitude of intercepts 

is similar when applying the four-factor model under OLS over three investment horizons. 

However, interesting findings exist which differentiate the study based on the UK market 

from other studies based on the US market. To begin with, overrejection rates of the null 

hypothesis of zero abnormal returns are extremely high, especially in the long run, under 

equal weights. With the adjustment of the winsorization on stock returns, the misspecification 

still exists over three investment horizons but with lower rejection rates. Value-weighted 

portfolio returns applied in regression also improved the misspecification in the 

equally-weighted portfolio returns. Both factor models produce better specified results in the 
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two-sided test but still show an asymmetric pattern of test statistics. Therefore, it can be 

concluded that the weighting schemes matter in detecting the long-run abnormal stock returns. 

This finding is inconsistent with the results documented by Lyon, Barber and Tsai (1999). The 

US data shows well-specified test statistics regardless of weighting schemes. The anomalies 

in the findings can be attributed to the specific characteristic of the UK market structure 

which is filled with mostly small firms. However, the finding of misspecification when 

applying the four-factor model is in line with findings documented by Ang and Zhang (2004). 

Second, although WLS incorporates the number of firms in calendar months as weights to 

control heteroskedasticity, the rejection rates are higher compared with sandwich variance 

estimators under OLS, regardless of weighting schemes. GLS generates lower rejection rates 

compared with WLS but similar rejection rates compared with sandwich variance estimators 

under OLS. Therefore, OLS together with sandwich variance estimators is advocated to be 

applied in the long-run event studies. Last but not the least, in the case of equally-weighted 

portfolio returns, the power of test shows considerable small rejection rates when negative 

shock is introduced, especially in three- and five years. Furthermore, the rejection rates 

decrease significantly with higher magnitude of negative shocks.  

 

5.4.2 Simulation on non-random samples 

5.4.2.1 Large/Small size  

All size deciles 

Firms are deciled into ten groups based on their market value in September each year. Firms 

with the smallest market cap are classified as size decile 1 while firms with the largest market 

cap are classified as size decile 10. Small size firms in decile 1 are randomly selected with 

replacements to achieve 250 samples of 200 firms. A similar process is conducted for large 

firms. Table 5.25 shows the rejection frequency over 250 samples for ten sizes under both 

equal-weighted and value-weighted schemes at a significance level of 5% in both two-tailed 

and one-tailed tests when applying the three-factor model. Regardless of weighting schemes, 

size decile 1 presents the highest rejection rates, most of which are larger than 90%, compared 

with other deciles. The rejection rates of size decile 1 are 99.6% under equal weights and 94.8% 

under value weights over five years. The rejection rates decline significantly to at least half 



223 
 

from size decile 3 to 10. For instance, the rejection rates under equal weights are 96.4% in 

size decile 3 and 4.8% in size decile 10 when the investment horizon is five years. 

Winsorization improves the misspecification with slightly lower rejection rates in size decile 

1 but does not work better than the original sample in size decile 10. From size 1 to size 6, 

test statistics are positively biased with higher rejection in the right tail. However, the findings 

of bias in test statistics are mixed in the remaining deciles. Under equal weights, the findings 

of rejection rates of 2.8% on the right tail and 2.4% on the left tail in size decile 7 over an 

investment horizon of five years indicate a positive bias of test statistics while the rest deciles 

over all investment horizons show negatively biased test statistics. Under value weights, size 

decile 7 to 9 present negative biased test statistics over three investment horizons whereas 

size decile 10 shows positively biased test statistics. Compared with the value-weighted 

scheme, rejection rates are higher in the first 6 deciles under the equally-weighted scheme. 

Although test statistics are well-specified in the random samples, small firms show 

misspecification under both weighting schemes. This suggests although the three-factor 

model under value-weighted scheme yields well-specified results in random samples, it is 

strongly affected by small firms which generate the small size effect. The findings in the 

four-factor model are similar as the three-factor model. The results in Table 5.26 show other 

differences compared with Table 5.21. The rejection rates are lower in size decile 1 and higher 

in size decile 10. For example, the three-factor model yields a rejection rate of 94.8% while 

the four-factor model generates a rejection rate of 82% in size decile 1 over five years under 

value weights. However, in size decile 10 under value weights, the rejection rates are 6% with 

the application of the three-factor model and 14% when applying the four-factor model. 

Additionally, test statistics are positively biased except the case when the size deciles are 7 

and 8 with an investment horizon of one year. The overrejection for size 1-3 of firms with 

small market values indicates small firm effect have significant impact on specification of 

tests regardless of weighting schemes.  

 

Small size 

Small size effect is well-documented in the literature with a summary of inability of 

three-factor to capture prices of small firms by Fama and French (1993). Long-run abnormal 
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returns have potential issues which are brought in by small firms.
6
 Therefore, I randomly 

select 250 samples of 200 firms from a population of small firms defined as the size decile 1 

with the smallest capitalization. Tables 5.27-5.32 show the empirical results based on firms in 

decile 1 with the smallest market value. Similar findings are documented as random samples. 

For instance, the rejection rates increase from investment horizons of one year to three years 

but decline in five years. Moreover, the positively biased test statistics are similar as random 

samples but with much higher rejection rates. However, some differences are noted. To begin 

with, the rejection rates in 250 samples are extremely high, almost reaching 100%. This 

indicates more severe misspecification in small firms, regardless of weighting schemes. 

Secondly, the intercepts are in the range of 1.29% to 2.26% in the three-factor model. This is 

much higher than random samples (0.33%- 0.4%), based on equal weighting. Similar pattern 

is documented when the value weighting scheme is applied. Thirdly, the coefficients of size 

factor are closer to 1 whereas the estimates of the BTM are all negative. This suggests a 

strong relationship between size factor and portfolio returns. Fourthly, although the 

four-factor model still shows higher explanatory power than the three-factor model in small 

firms, the adjusted R-squared are much smaller when compared with random samples under 

equal weights. For instance, the adjusted R square is 24.8% in five years based on the 

three-factor model with OLS. However, the same figure is 52.58% for random samples. The 

fitness of models loses its attractiveness when detecting abnormal returns of small firms. 

However, the explanatory power of the two factor models under value weights is higher in 

small firms. The adjusted R-squared are 46.32% and 48.23% in random samples and small 

firms when applying the three-factor model under value weights. Finally, although there is an 

improvement on misspecification when applying the models based on the value-weighted 

scheme compared with the equally-weighted scheme, there is still overrejection.  

 

Large size 

With respect to large firms in decile 10, Tables 5.33-5.36 show the portfolios‟ performance 

based on an equally-weighted and value weighted schemes over one-, three- and five years. 

Compared with random samples, large firms produce well-specified test statistics in one year 

                                                             
6
 Fama (1998), Brav, Geczy and Gompers (2000) 
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regardless of weighting schemes. However, over an investment horizon of three years, 

well-specified results are indicated when applying the three-factor model based on both 

weighting schemes under OLS and WLS. GLS yields misspecified test statistics with higher 

rejection rates. When applying the four-factor model under OLS and WLS, well specified 

results are generated under value weights. But the rejection rates are 1.6% under WLS, 16.4% 

under OLS and 16% under GLS with the application of the four-factor model under equal 

weights. The asymmetry of test statistics with negatively biased test statistics are found when 

applying the three-factor model and with positively biased test statistics are shown when 

applying the four-factor model regardless of weighting schemes. The mean intercepts are all 

negative and close to 0 based on an equally-weighted scheme. However, when the three-factor 

model based on a value-weighted scheme, the mean intercepts are mostly 0, especially over 

longer horizons. The distribution of abnormal returns under a value-weighted scheme is 

normal over three- and five years. There is a significant decrease in the value of coefficients 

of size factor. It is worth noting that the explanatory power of models increases to the highest 

level compared with random samples in both weighting schemes and models. However, for 

large firms, the value-weighted scheme reduces the explanatory power of models.  

 

Summary: small size vs. large size 

To conclude, small size effect dominating in the studies cause the misspecification in both 

random samples and non-random samples categorizing by size of firms when the 

equally-weighted scheme is applied. Moreover, large firms show misspecified test statistics 

with higher rejection rates when the four-factor model under equal weights is applied over 

three and five years. In addition, GLS yields misspecified results with the application of the 

three-factor model under both weighting schemes. The asymmetric distributions of abnormal 

returns vary in different size deciles. Although abnormal returns of firms in decile 10 with the 

largest market value are less misspecified, the power of test reduces with longer investment 

horizons. Compared with the previous studies based on the US data, different results are 

documented based on the UK data. Lyon, Barber and Tsai (1999) conduct the calendar-time 

portfolio approach based on both weighting schemes and find well-specified test statistics for 

both small firms and large firms. For instance, the rejection rates are 3.3% over an investment 
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horizon of three years when applying the three-factor model under equal weights in small 

firms based on the US data whereas the corresponding figure is 92.4% based on the UK data. 

Regarding large firms, the three-factor model under value weights based on the US data 

yields a rejection rate of 5.4% in three years whereas the corresponding figure is 4% based on 

the UK data. The findings in small and large firms based on the UK stock market confirm a 

strong impact from small firms in non-random samples categorized by size. Furthermore, Ang 

and Zhang (2004) test the abnormal returns in the long run by using the four-factor model 

under equal weights based on the US data. The misspecification is demonstrated with high 

rejection rates over three investment horizons as the results based on the UK data, but with a 

much smaller magnitude. For instance, the rejection rates are 58% when the four-factor model 

under WLS is applied based equal weights in the US stock market over an investment horizon 

of five years whereas the corresponding figure based on the UK stock market is 100%.  

 

5.4.2.2 High/Low book-to-market ratio (BTM) 

All BTM deciles 

To evaluate the impact of firms with different book-to-market ratios, I decile firms into ten 

groups based on their book-to-market ratios which are achieved according to market value in 

September of each year and 6-month-lagged book value. For each BTM decile, I randomly 

select 250 samples of 200 firms to construct portfolio returns for regressions. Tables 

5.37-5.38 list the percentages of rejection rates of intercept test for the two factor models 

under equally and value weighting schemes. The lowest and highest rejection rates do not 

always appear in BTM decile 1 and 10. The three-factor model yields the lowest rejection rate 

of 4.4% in BTM decile 1 and the highest rejection rate of 91.6% in BTM decile 10 when 

applying the three-factor model under equal weights in five years. However, the lowest 

rejection rate is in BTM decile 4 under value weights. When the four-factor model under 

value weights is applied, the lowest rejection rate is found in BTM decile 3. Winsorization 

improves the misspecification with smaller rejections for BTM decile 10 but worse performs 

for BTM decile 1. Similar findings are documented in random samples and non-random 

samples by size. For instance, the four-factor model shows lower rejection rates compared 

with the three-factor model. Moreover, the equally-weighted scheme yields higher rejection 



227 
 

rates than the value-weighted scheme, except for BTM decile 1 with the application of the 

three-factor model. It should be noted that with an increase value of BTM, the pattern of test 

statistics shift from a negative bias to a positive bias, mostly from the BTM decile 4 onwards.  

 

Low BTM 

Regarding the BTM decile 1 with the lowest BTM, Tables 5.39-5.40 detail the rejection 

frequency with all techniques in three-factor and four-factor models over three investment 

horizons. The misspecification is more severe when applying the value-weighted scheme, 

especially when the three-factor model is applied. The rejection rate is 14.8% when the 

three-factor model under OLS is applied with the equally-weighted scheme in one year 

whereas the corresponding figure is 24% when the value-weighted scheme is used. It is 

interesting to note that the value-weighted scheme does not improve misspecification as other 

non-random samples. The rejection rates are 10.8% based on equal weights and 24.4% based 

on value weights when the three-factor model is applied under OLS in three years. Negatively 

biased test statistics are shown in most cases. Moreover, the four-factor model improves the 

misspecification with lower rejection rates under both weighting schemes.  

 

High BTM 

However, the results displayed in Tables 5.41-5.42 show more severe misspecification with 

high rejection rates, even reaching 100% for BTM decile 10 with the highest BTM. The high 

rejection rates can be explained by small firms which fall into the BTM decile 10. Moreover, 

the repetition of firms in one sample generates overlapping returns which yields biased results. 

Interestingly, although the value-weighted scheme yields misspecified results, it improves the 

misspecification with lower rejection rates. For instance, the rejection rate is 73.2% when the 

four-factor model under OLS is applied based on the equal-weighting scheme whereas the 

corresponding figure under value weights is 21.6%. This is in contrast with the findings in 

BTM decile 1, which shows an equal weighting scheme is better with lower rejection rates. 

The test statistics are positively biased with mostly zero rejection rates on the left tail. The 

four-factor model still shows greater ability to adjust misspecification to achieve lower 

rejection rates. However, it cannot alleviate the misspecification.  
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Summary: low BTM vs. high BTM 

In summary, the results are in line with findings shown by Lyon, Barber and Tsai (1999) 

based on the US data. They only examine the three-factor model under OLS based on two 

weighting schemes. Regarding an equally-weighted scheme, the misspecification is 

documented with high rejection rates in both firms with the highest and lowest BTM. The US 

market presents a rejection rate of 16.8% over an investment horizon of five years in BTM 

decile 1 whereas the corresponding figure based on the UK market shows a rejection rate of 

1.6%. However, BTM decile 10 shows rejection rates of 17.1% based on the US data and 82.8% 

based on the UK data over an investment horizon of three years. The test statistics are 

negatively biased in firms with the lowest BTM and positively biased in firms with the 

highest BTM for data from both the US and UK stock markets. With respect to the 

value-weighted scheme, the improvement of misspecification is shown when the US data is 

applied. The rejection rates are 10.3% under value weights and 16.8% under equal weights in 

BTM decile 1 over five years. Moreover, the US stocks illustrate well-specified results in 

BTM decile 10 whereas the opposite results are found in the UK market.  

 

5.4.2.3 Industry clustering 

In practice, it is common to observe that firms in the same industry have similar events in a 

certain period. The industry clustering may potentially increase the magnitude of abnormal 

returns. Therefore, I take the extreme case of firms in one sample clustering in one industry 

with different event months. I randomly choose one industry and then randomly choose 200 

firms with event months in this industry. The same process is repeated 250 times. In order to 

alleviate the effect from overlapping returns, one firm is allowed to appear more than once but 

is not allowed to have an event month in the previous or latter T-1 months.  

 

When the portfolio return is based on equal weighting, Table 5.43 shows overrejection from 

one year to five years. The misspecification increases with higher rejection rates in longer 

time horizon. In five years, the rejection rate reaches 80.8% with the application of the 

four-factor model under WLS. Positive biased test statistics are shown with higher rejection 

rates on the upper tail. The four-factor model does not show superior ability to reduce the 
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misspecification. Furthermore, OLS performs better than WLS and GLS with lower rejection 

rates in most cases. However, Table 5.44 shows misspecification is significantly reduced to a 

level of well-specification when measuring portfolio returns based on a value-weighted 

scheme. In one year, the rejection frequency among 250 samples is 4.4% and 6.8% in 

two-tailed test based on three-factor model and four-factor model under OLS at a significance 

level of 5%. The techniques of WLS and GLS improve marginally on rejection rates. 

However, one-tailed tests still show an asymmetry of test statistics. It is interesting to note 

that the three-factor model under WLS and GLS shows negatively biased test statistics while 

the four-factor model in all techniques shows positively biased test statistics. In three years, 

the test is underrejected with 3.2% and 2.4% in two-tailed test based on three-factor model 

and four-factor model under OLS at a significance level of 5%, respectively. The three-factor 

model under WLS improves two-tailed test with a rejection rate of 5.2% but has negatively 

biased test statistics. In five years, similar results are documented for three years. To 

summarize, factor models based on value-weighted scheme shows well-specified tests in one 

year but underreject the null hypothesis of zero abnormal returns in longer term.  

 

5.4.3 Cross-sectional dependence of returns 

5.4.3.1 Calendar time clustering 

One of the cross-sectional dependence of abnormal returns is calendar time clustering. I thus 

take the extreme case when a sample is consisted with firms having the same event month. 

One firm is not allowed to appear more than once in one sample. 250 samples of 200 firms 

are randomly selected. Table 5.45 shows rejection rates based on an equal weighting scheme. 

The overrejection is enhanced with the length of investment horizons with positively biased 

test statistics. The four-factor model generates marginally higher rejection rates compared 

with the three-factor model. The misspecification is strengthened to 42.8% of rejection rates 

in two-tailed test in five years at a significance level of 5% with the application of the 

three-factor model under OLS. However, when converting to value-weighted scheme, the 

misspecification tends to disappear. The results are displayed in Table 5.46. The rejection rate 

in two-tailed test is 6.8% in one year and increases to 8.8% in three years but declines to 6% 

in five years at a significance level of 5% when employing the three-factor model under OLS. 
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It indicates the three-factor model works better in longer investment horizon, particularly in 

five years. The distribution of abnormal returns is still positively skewed but not as severe as 

the case in equally-weighted scheme. The four-factor model does improve the specification 

with lower rejection rates, especially in five years. The most specified test appears as rejection 

rate of 5.2% in two-tailed test at a significance level of 5% with the application of the 

four-factor model under OLS and GLS in five years.  

Compared with the equally-weighted scheme, the value-weighted scheme generates 

well-specified results in two-tailed test despite of positively biased test statistics. 

Value-weighted scheme indicates the four-factor model improves the test with lower rejection 

frequency while equally-weighted scheme suggests marginally change in rejection rates when 

applying four-factor model. The severe misspecification based on equal weights gives a hint 

on the weighting scheme matters as other previous non-random samples when detecting the 

long-term performance of stocks in a case of calendar time clustering. The WLS technique 

works better in value-weighted scheme rather than equally-weighted scheme while GLS 

generates mixed results.  

 

5.4.3.2 Overlapping returns 

Apart from the calendar time clustering, another case of cross-sectional dependence is caused 

by overlapping returns which have firms with multiple events clustering in the same event 

window. From Table 5.47-5.48, different weighting schemes generate different results as 

previous random samples and non-random samples. The equal-weighted scheme still 

produces higher rejection compared with the value-weighted scheme. Other differences are 

highlighted as follows. Firstly, the rejection rate of two-tailed test increases from 7.2% in one 

year to 20.4% in five years with the application of the three-factor model under OLS at a 

significance level of 5% based on equal weights. However, the corresponding figure under 

value weights is 6% in one year and increases to 9.6% in three years and declines to 8.4% in 

five years. Secondly, positively biased test statistics are documented based on equal weights 

apart from four-factor model under WLS. The pattern of test statistics is mixed under value 

weights. Test statistics are negatively biased in one year whereas there are positively biased 

test statistics in both three and five years. Thirdly, the four-factor model generates lower 
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rejection rates under OLS for all investment horizons based on equal weights. However, when 

applying four-factor model under OLS over a period of five years, the rejection rate increases 

to 10.4% (8.4% in three-factor model) based on value weights. Fourthly, the WLS technique 

generates more misspecified results with higher rejection rates compared OLS under both 

weighting schemes with two exceptions in three years based on equal weights. The rejection 

rates in two-tailed test at a significance level of 5% are 12.8% and 10.4% when applying 

three-factor model and four-factor model under OLS based on equal weights. The figures turn 

to be 8.8% and 10% after taking into consideration of the number of firms in regression as 

weights. Fifthly, when compared GLS with OLS, the results are mixed with an uncertain 

answer if GLS outperforms OLS. However, GLS is still superior to WLS. Last but not least, it 

is worth mentioning that to compare with calendar time clustering under equal weights, which 

is another cross-section dependence issue, the magnitude of rejection rates is smaller in the 

case of overlapping returns. However, the magnitude is higher in the case of overlapping 

returns under value weights. It indicates the value-weighted scheme has stronger positive 

impact to improve misspecification caused by calendar time clustering.  

 

5.5 Mean Monthly Calendar-Time (MMAR) 

5.5.1 Simulation on random samples 

Equally-weighted scheme vs. Value-weighted scheme 

The analysis of the percentages of rejection rates of the null hypothesis of zero mean monthly 

calendar-time abnormal return at a significance level of 5% is listed Table 5.49. This 

approach based on different benchmarks produce well-specified test statistics at a significance 

level of 5% over three investment horizons. The rejection rates over five years are 4.4% and 

4.8% when the reference portfolios are matched by size and by BTM, respectively. Regarding 

the pattern of test statistics under MMARs, there are negatively biased test statistics with 

higher rejection rates on the lower tail under equally weighted scheme. For instance, the 

rejection rates over an investment horizon of five years are 6% on the lower tail and 2.4% on 

the upper tail when the reference portfolios are matched by size and BTM. The underrejection 

on the upper tail indicates negative abnormal returns are observed more often than positive 

returns. The mean of abnormal returns does not show a consistent trend for all benchmarks 
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with the length of investment horizons. However, it is all negative over an investment horizon 

of one year. Moreover, the benchmark matched by BTM shows an upward trend with negative 

means of abnormal returns from one year to five years. Regarding value-weighted portfolio 

returns, the results are mixed. However, well-specified test statistics based on different 

benchmarks are yielded over three investment horizons. Test statistics are also negatively 

biased as the results based on the equally-weighted scheme except the case when applying the 

benchmark matched by size and BTM over three years. The mean of abnormal returns is 

mostly negative apart from the case of matching by size in three years. It is worth noting that 

portfolios measured based on value weights show smaller rejection returns compared with 

equal weights in most circumstances. When compared rejection rates across different 

investment horizons, there is not a clear trend with the length of investment horizons. 

Different benchmarks yield different trends of rejection rates from one year to five years. For 

instance, regarding matching by BTM, the rejection rate is 3.6% in one year and declines to 

7.2% in three years but increases to 4.8% in five years under equal weights. However, when 

the value weighted scheme is applied, the rejection rate increases to 6.4% in three years from 

6% in one year and decreases to 3.6% in five years. Lyon, Barber and Tsai (1999) report the 

rejection rates in two-tailed test at a significance level of 5% with a benchmark of size and 

BTM under equal weights are 4%, 2.5%, 3.6% over one-, three- and five years. I achieve the 

results of 2.4%, 3.2% and 3.6% over the same investment horizon. With respect to the 

value-weighted scheme, the rejection rates documented by Lyon et al. (1999) are 3.6%, 4.8% 

and 4.4% whereas UK market presents 4%, 3.6% and 2.8%. This comparison shows 

consistent well-specified test statistics in the UK market but different magnitudes. The pattern 

of test statistics are different in the US and UK market as well. It is difficult to tell which 

benchmark is superior with well specified results since each benchmark presents inconsistent 

performance in three periods, including rejection rates and mean abnormal returns. However, 

if compared with conventional calendar time approach with extremely high rejection rates 

under equal weights but with reasonable rejection rate under value weights, the mean monthly 

abnormal returns approach based on different criteria such as size, BTM shows superior 

ability to detect long-run abnormal returns with lower and stable rejection rates, especially in 

random samples which potentially include many small firms. This is consistent with the 
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findings shown by Lyon et al. (1999). They attribute this phenomenon to two causes: the 

violation of assumption of linearity of controlling factors and interactions among factors.  

 

Descriptive statistics of abnormal returns 

To further examine the distribution properties of abnormal returns, Table 5.50 compares the 

descriptive statistics of abnormal returns based on both an equally-weighted scheme and 

value-weighted scheme. As discussed in the previous section, most means of abnormal returns 

are negative with a few exceptions. For instance, over an investment horizon of three years, 

the mean abnormal return based on equal weights is 0.013% when the reference benchmark is 

matched by size and BTM and is -0.015% when the reference benchmark is matched by BTM. 

The magnitude of mean abnormal returns is mostly larger under value weights. For example, 

the mean abnormal return is -0.005% under equal weights and is -0.135% under value 

weights when the reference portfolios matched by BTM is applied over three years. 

Regarding the equally-weighted portfolios, skewness is all positive except when the 

benchmark is matched by size over five years. Moreover, the value of skewness is very close 

to zero. Kurtosis is close to 3 in most cases. This approximates normal distribution of 

abnormal returns. With respect to the value-weighted portfolios, although most of skewness is 

negative, it has smaller magnitude compared with the equally-weighted portfolios. In addition, 

kurtosis is more close to 3. Therefore, when a value-weighted scheme is applied, abnormal 

returns are normally distributed.  

 

Power of test 

I also analyze the power of test with all the benchmarks over three investment horizons. Table 

5.51 based on an equal weighting scheme shows a downward trend of rejection rates with the 

increasing length of investment horizons for all benchmarks. For instance, the rejection rates 

with abnormal return of -20% induced are 96%, 63.6% and 36% over one-, three- and five 

year when the reference portfolios are matched by size. Moreover, the power of test increases 

when higher abnormal returns are introduced except two cases which are when matching by 

BTM with abnormal return of 5% in three years and when matching by size and BTM with 

abnormal return of 5% in five years. The exception can be attributed to negative mean 
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abnormal returns. When compared with positive and negative shocks, the power of test is 

more sensitive with higher rejection rates when the abnormal returns are positive. The most 

powerful tests are exhibited when the reference portfolios are matched by size and size/BTM. 

With respect to the value-weighted scheme on portfolio returns in Table 5.52, most of the 

power of test is reduced compared with the equally-weighted portfolios. For instance, the 

rejection rate based on reference portfolios matched by size is 22% under value weights over 

five years whereas the corresponding figure under equal weights is 36%. This may be 

attributed to the mismatch that the portfolios of event firms are value-weighted but the 

reference portfolios are equally-weighted. The longer time horizon still reduces the power of 

test as equally weighted portfolio returns. The benchmarks matching by BTM and 

equally-weighted market returns show the poorest power of test, especially in five years. For 

instance, the rejection rate is 4.8% with abnormal return of 20% in five years under 

benchmark of BTM benchmark and 2% under benchmark of equally-weighted market return. 

MMAR does improve the power of test with higher rejection rates when abnormal returns are 

induced compared with the conventional calendar time approach. Take an investment horizon 

of five years as an example, the three-factor model under OLS based on value weights yields 

a rejection rate of 20% whilst the mean monthly calendar-time portfolio returns under value 

weights using reference portfolios matched by size produce a rejection of 22%.  

 

Therefore, when calendar-time approach is applied based on the UK data or data with many 

small firms in the long-run event studies, the approach based on mean monthly calendar-time 

portfolio returns is more appropriate to be applied in random samples. Because not only the 

weighting schemes have limited impact on abnormal returns, but also, this approach has 

higher power compared with the conventional calendar-time approach based on factor models. 

When compared with other approaches such as event-time based on reference portfolios, this 

approach outperforms with higher power. In addition, the reference portfolios can be matched 

by size, BTM or both.  
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5.5.2 Simulation on non-random samples 

5.5.2.1 Large/Small size 

Small size 

The results based on small firms in size decile 1 with the smallest market value in September 

year t are reported in Table 5.53. When the benchmark is according to book-to-market ratio or 

equally weighted market return, it yields misspecified test statistics with high rejection rates 

under both weighting schemes, even compared with random samples. For benchmark 

matched by BTM under equal weights, the rejection rate increases from 34% to 43.2% from 

one year to three years but declines to 25.2% in five years at a significance level of 5%. This 

finding suggests characteristics of the event firm should be matched with characteristics of the 

reference portfolios when non-random sample is examined. Therefore, in this case, reference 

portfolios are required to share at least one common characteristic as the event firm in order 

to generate well-specified results. The other two MMARs under equal weights based on 

reference portfolios matched by size and size/BTM underrejects the null hypothesis of zero 

abnormal returns over three investment horizons. For instance, the rejection rates for these 

two MMARs are 2.8% when the investment horizon is five years. The value-weighted 

MMARs based on reference portfolios matched by size and size/BTM produce well-specified 

results in two-tailed test except the case of a rejection of 8% when the reference portfolios are 

matched by size over an investment horizon of five years. MMARs based on reference 

portfolios matched by size produce a rejection of 5.2% over three years at a significance level 

of 5%. Both of these two benchmarks show negatively biased test statistics with higher 

rejection rates on the lower tail. Take reference portfolios matched by size and BTM as an 

example, the rejection rates are 0.4% on the upper tail and 10.4% on the lower tail over five 

years. The value-weighted scheme improves the underrejection of the null hypothesis of zero 

abnormal returns under equal weights, but it bears higher rejection rates on the lower tail 

compared with random samples for the benchmarks matched by size and size/BTM. It is 

important to note that the magnitude of mean abnormal returns in small firms is larger than in 

random samples. For example, random samples using reference portfolios matched by size 

and BTM yields mean abnormal return of -0.029% over five years whereas the corresponding 

figure for small firms is -0.165%.  
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Large size 

Firms in decile 10 with the largest market value generate similar results as random samples in 

Table 5.54. However, the null hypothesis of zero abnormal returns is underrejected when the 

reference portfolios are matched by BTM. This confirms the finding of matched 

characteristics of the event firm and reference portfolios in small firms. The other two 

benchmarks, namely reference portfolios by size and by size/BTM, generate well-specified 

results over three investment horizons when an equally-weighted scheme is applied. For 

instance, when reference portfolios matched by size is applied, the rejection rates are 6%, 4.4% 

and 5.6% over one-, three- and five years, respectively. Similar results are documented when 

reference portfolios are matched by size and BTM. However, mixed results are indicated 

when value-weighted scheme is employed. Over an investment horizon of one year, the 

rejection rates are 5.2% when reference portfolios are matched by size and by size/BTM. 

However, the corresponding figures are 0.8% and 0% over three years. This indicates severe 

underrejection of the null hypothesis of zero abnormal returns. When it comes to an 

investment horizon of five years, the corresponding figures are 3.2% and 2.4%. It is 

interesting to note that test statistics are mostly negatively biased under both weighting 

schemes when size is used as a matching criterion whereas reference portfolios matched by 

size and BTM show positively biased test statistics. For instance, the rejection rates over one 

year are 5.2% on the lower tail and 4.4% on the upper tail when the reference portfolios are 

matched by size. However, when size and BTM are used as matching criteria for reference 

portfolios, the rejection rates are 4.8% on the lower tail and 6% on the upper tail. Compared 

with random samples, the magnitude of mean abnormal return is smaller in large firms. For 

instance, when the reference portfolios are matched by size under equal weights over five 

years, the mean abnormal return is 0.008% in random samples whereas large firms exhibit the 

mean abnormal return of 0.002%.  

 

Compared with conventional calendar-time approach, MMARs under equal weights based on 

reference portfolios matched with at least one common characteristic as the event firm yield 

well-specified test statistics in small or large firms although there is an asymmetry of test 

statistics.  
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5.5.2.2 High/Low book-to-market ratio (BTM) 

Low BTM 

Firms in BTM decile 1 with the lowest BTM prefer benchmark matched by BTM and 

size/BTM as shown in Table 5.55. Similar as non-random samples categorized by size, 

reference portfolios are required to share at least one common characteristic as the event firm, 

so as to generate well-specified test statistics. In this case, BTM is one essential criterion 

when constructing reference portfolios. Therefore, it is not surprised to observe high rejection 

rate when the reference portfolios are matched by size only. The rejection rates reach 24.4% 

under equal weights and 13.2% under value weights at a significance level of 5% when 

applying the reference portfolios based on BTM over an investment horizon of five years. 

Although the other two benchmarks yield well-specified results in two-tailed test, there is an 

underrejection when an equally-weighted scheme is applied over three years. The rejection 

rates are 2.8% and 1.6% when the reference portfolios are matched by BTM and size/BTM, 

respectively. The asymmetry of test statistics varies when different weighting schemes and 

benchmarks are employed. For instance, the reference portfolios matched by BTM generate 

higher rejection rates on the lower tail whereas the reference portfolios based on size and 

BTM yields higher rejection rates on the upper tail.  

 

High BTM 

Table 5.56 exhibits the percentages of rejection rates for firms with highest BTM from BTM 

decile 10. It shows similar results as firms with lowest BTM but with smaller magnitude of 

rejection rates when applying benchmark matched by size and larger magnitude of rejection 

rates when matching by BTM and size/BTM under equal weights. For instance, under an 

equally-weighted scheme, the rejection rate is 13.6% in one year when matching by size for 

firms with the highest BTM and 25.6% for firms with the smallest BTM. However, the 

rejection increases from 6.8% to 11.2% in one year for firms with the lowest BTM and firms 

with the largest BTM when matching the reference portfolios by BTM only. Moreover, the 

magnitude of means of abnormal returns is higher when compared with firms with the 

smallest BTM. For instance, under a value-weighted scheme, the mean abnormal return is 

0.061% for firms with the highest BTM and 0.041% for firms with the lowest BTM when the 
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reference portfolios are matched by size and BTM over an investment horizon of five years. 

Most of benchmarks over the three investment horizons show positively biased statistics with 

two exceptions. One is when matching by BTM in one-, three- and five years under both 

weighting schemes. The other is when matching by size/BTM in three and five years under 

value weights.  

 

Compared with conventional calendar-time approach based on factor models which generates 

misspecification, MMARs with reference portfolios matched by BTM or size/BTM yield 

well-specified results in most circumstances for firms with the lowest and highest BTM.  

 

5.6 Summary 

This chapter focuses on the conventional calendar-time approach which is based on the 

Fama-French three-factor model and Carhart four-factor model, and mean monthly calendar 

time portfolio return which is a combination of reference portfolios and calendar months. The 

methodology applied in this chapter follows the studies undertaken by Lyon, Barber and Tsai 

(1999) and Ang and Zhang (2004). Both an equally-weighted scheme which allocate weights 

evenly to individual stocks in the portfolio and a value-weighted scheme which assign 

weights based on market values of stocks are applied. The numbers of firms are different in 

different calendar months due to missing returns of firms and delisted firms. However, the 

previous chapter applying the event-time approach based on reference portfolios and control 

firm replace the missing returns with the benchmark returns. Since the ordinary least squares 

bears the assumption of normally distributed returns, the weighted least squares advocated by 

Fama (1998), sandwich variance estimators (1982) and the generalized least squares proposed 

by Gregory, Guermat and Al-Shawawreh (2010) in the regression are examined to deal with 

heteroskedasticity caused by different number of firms in each calendar month. The null 

hypothesis is zero intercept which indicates abnormal return of a portfolio over T period when 

applying the calendar-time approach based on models. However, the null hypothesis is zero 

grand mean monthly abnormal return over the calendar months of T when applying the mean 

monthly calendar-time abnormal returns. 250 samples of 200 event months with replacement 
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from a period of September, 1982 to September 2007 are firstly randomly selected. Then 200 

firms are randomly selected to match with the event months. Event months possibly turn out 

to be the same with different firms. A firm is not allowed to have multiple events in the same 

month but firms could have more than one different event months. If the test is well-specified, 

the rejection frequency is expected to be 5% at a significance level of 5%.  

There are a few conclusions to be drawn from the empirical results. Firstly, the weighting 

schemes play an important role when detecting long-run abnormal returns. This finding is 

inconsistent with the results documented by Lyon, Barber and Tsai (1999). The US data 

shows well-specified test statistics regardless of weighting schemes. When applying an 

equally-weighted scheme, there is severe misspecification with high rejection rates, 

particularly in longer investment horizons with the application of the conventional 

calendar-time approach. The winsorization does improve the misspecification but still cannot 

turn around the whole situation. However, when applying the value-weighted scheme, the 

misspecification is significantly improved and disappears in longer investment horizons. The 

anomalies in this study can be attributed to the specific characteristic of the UK market 

structure which is filled with mostly small firms. It is worth mentioning that the magnitude of 

rejection rates under equal weights is much higher when compared with the results 

documented by Lyon, Barber and Tsai (1999). Secondly, the pattern of test statistics is 

asymmetric regardless of the approaches or weighting schemes over all investment horizons. 

Moreover, these patterns vary on random samples and non-random samples. Thirdly, small 

size effect dominates in both random and non-random samples when conventional 

calendar-time approach is applied, especially under an equal-weighted scheme. Lyon, Barber 

and Tsai (1999) document a rejection rate of 3.3% over an investment horizon of three years 

when applying the three-factor model under equal weights in small firms based on the US 

data whereas the corresponding figure is 92.4% based on the UK data in this study. Since the 

UK market is filled with mostly firms with small capitalization, the results are consistent with 

the UK market structure. Fourthly, the power of test decreases with the length of investment 

horizons, which is consistent as prior research (Ang and Zhang, 2004). Moreover, in the case 

of equally-weighted portfolio returns, the power of test shows considerable small rejection 

rates when negative shock is introduced, especially in three- and five years. Additionally, the 
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rejection rates decrease significantly with higher magnitude of negative shocks. Fifthly, the 

explanatory power of both the three-factor and four-four factor models, which is measured by 

the adjusted R square, increases with investment horizons. In addition, the four-factor model 

generates results with lower rejection rates and with higher explanatory power of the 

independent variables to dependent variables compared with the three-factor model. However, 

the four-factor model is not favourable as suggested by Ang and Zhang (2004). The 

misspecification is demonstrated with high rejection rates over three investment horizons by 

Ang and Zhang (2004) as the results based on the UK data in this study, but with a much 

smaller magnitude. For instance, the rejection rates are 58% when the four-factor model under 

WLS is applied based equal weights in the UK stock market over an investment horizon of 

five years whereas the corresponding figure based on the UK stock market is 100%. Sixthly, 

the three-factor model under OLS together with sandwich variance estimators outperforms in 

the conventional calendar-time approach. Although WLS incorporates the number of firms in 

calendar months as weights to control heteroskedasticity, the rejection rates are higher 

compared with the White estimator under OLS, regardless of weighting schemes. GLS 

generates lower rejection rates compared with WLS but similar rejection rates compared with 

the White estimator under OLS. Therefore, OLS with White estimator is advocated to be 

applied in the long-run event studies. Last but not least, the mean monthly abnormal portfolio 

return largely improves the misspecification regardless of the weighting scheme. This is 

consistent as Lyon, Barber and Tsai (1999). Moreover, this method has the highest power of 

test compared with all other approaches. It is more robust in non-random samples when the 

matching criteria are similar as the characteristics of the sample firms.  

 

In summary, the Fama-French three-factor model under a value-weighted scheme is more 

appropriate to apply in the long-run event studies to detect the long-term abnormal stock 

performance in random samples because of its well-specified test statistics and higher power 

of test especially in the long run. MMAR is also suitable, especially in non-random samples. 

When the power of test and non-random samples are taken into consideration, MMAR 

outperforms the Fama-French three-factor model under OLS with White estimator. 
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Figures and Tables of Chapter 5 

Table 5.1 Rejection frequency of intercept tests from calendar-time approach-Equally weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are equally weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor (    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of 

return of three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped 

out from the time series. 200 event months are randomly selected with replacement firstly and then 200 firms are randomly selected based on event months. 

The process is repeated 250 times to achieve 250 samples of 200 firms. Three techniques including conventional ordinary least squares, weighted least 

squares which considers different number of firms in each calendar month and generalized least squares which is an alternative to correct heteroskedasticity, 

are applied in both models over three investment horizons. Both one-tail and two-tailed tests are examined at significance level of 1%, 5% and 10%, 

respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection frequency. If the model is well specified, this figure is 

expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides are expected.  

Significance level   1% 5% 10% 1% 5% 10% 

Null hypothesis 
 

α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

Models Techniques Panel A: One year 

Three-factor model OLS 2.0 10.0 16.4 0.4 3.2 0.8 15.6 2.4 28 

 
WLS 2.4 13.2 21.2 0.0 4.0 0.8 20.4 2.8 31.2 

 
GLS 2.4 13.6 20.0 0.0 4.4 1.2 18.8 2.0 31.6 

Four-factor model OLS 1.6 9.2 20.0 0.0 3.6 1.2 18.8 1.2 32.4 

 
WLS 2.8 14.4 24.4 0.4 5.6 0.4 24.0 1.6 36.0 

  GLS 2.4 13.6 26.4 0.0 4.8 1.2 25.2 1.2 34.4 
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Table 5.1 continued 

 
  1% 5% 10% 1% 5% 10% 

  
α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

  
Panel B: Three years 

Three-factor model OLS 9.2 29.2 42.0 0.0 15.6 0.0 42.0 0.0 55.6 

 
WLS 13.6 34.4 44.4 0.0 19.6 0.0 44.4 0.0 62.0 

 
GLS 18.8 36.4 54.4 0.0 28.0 0.0 54.4 0.0 72.4 

Four-factor model OLS 11.6 34.0 45.6 0.0 17.6 0.0 45.6 0.0 60.8 

 
WLS 14.4 31.6 42.8 0.0 21.6 0.0 42.8 0.0 62.4 

  GLS 18.8 37.2 52.4 0.0 26.8 0.0 52.4 0.0 72.4 

  
Panel C: Five years 

Three-factor model OLS 10.0 36.0 48.4 0.0 18.4 0.0 48.4 0.4 60.4 

 
WLS 14.8 41.2 55.6 0.0 23.6 0.0 55.6 0.0 73.2 

 
GLS 15.2 40.4 58.0 0.0 24.0 0.0 58.0 0.0 72.8 

Four-factor model OLS 16.0 40.0 55.2 0.0 25.2 0.0 55.2 0.4 67.6 

 
WLS 24.8 54.0 70.0 0.0 39.6 0.0 70.0 0.0 84.8 

  GLS 25.6 54.8 70.4 0.0 38.4 0.0 70.4 0.0 85.2 
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Table 5.2 Coefficients and R-squared from three-factor model -Equally weighted portfolios 

This table reports coefficients from regression based on Fama-French three-factor model to test the null hypothesis of zero abnormal return which is 

represented by   when portfolio returns are equally weighted.  

                                            

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), and market risk premium(      are obtained directly from website of 

Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of return of three-month Treasury bill. 

Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from the time series. 200 event 

months are randomly selected with replacement firstly and then 200 firms are randomly selected based on event months. The process is repeated 250 times to 

achieve 250 samples of 200 firms. Three techniques including conventional ordinary least squares, weighted least squares which considers different number 

of firms in each calendar month and generalized least squares which is an alternative to correct heteroskedasticity, are applied in both models over three 

investment horizons. The means and medians of coefficients among 250 samples are calculated for comparison. 

 

  One year Three years Five years 

 
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

 
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

OLS 

  

α 0.0033 0.0032 0.7518 0.8151 0.0040 0.0038 1.4513 1.3854 0.0038 0.0036 1.5263 1.6085 

β_rp 0.8670 0.8655 9.8495 10.0521 0.8658 0.8611 14.5507 14.5634 0.8601 0.8569 16.2497 16.6023 

β_smb 0.7285 0.7113 6.0942 6.1592 0.7223 0.7208 9.0591 9.0680 0.7041 0.6958 9.8525 10.0030 

β_hml 0.0103 0.0225 0.1360 0.2376 0.0012 0.0108 0.0475 0.1499 0.0221 0.0287 0.4002 0.4928 

   0.3074 0.3124 
  

0.4835 0.4948 
  

0.5305 0.5477 
  

       0.3006 0.3056 
  

0.4784 0.4898 
  

0.5258 0.5432 
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Table 5.2 continued 

 
One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

WLS 

  

α 0.0033  0.0032  0.8517  0.8791  0.0038  0.0036  1.6057  1.5505  0.0036  0.0035  1.7720  1.7397  

β_rp 0.8566  0.8578  10.8511  11.0784  0.8583  0.8566  16.9641  17.0374  0.8529  0.8574  20.3404  20.3220  

β_smb 0.7408  0.7258  6.7892  6.8394  0.7470  0.7441  10.9797  11.0588  0.7325  0.7280  13.0400  13.1563  

β_hml -0.0032  0.0068  0.0267  0.0695  -0.0023  0.0026  -0.0273  0.0437  0.0207  0.0338  0.5026  0.7102  

   0.3494  0.3541  
  

0.5650  0.5738  
  

0.6474  0.6549  
  

       0.3430  0.3478      0.5607  0.5696      0.6440  0.6515      

GLS 

  

α 0.0033  0.0030  0.8362  0.8299  0.0038  0.0036  1.6007  1.5417  0.0037  0.0035  1.7746  1.7767  

β_rp 0.8571  0.8585  10.7416  10.9466  0.8589  0.8613  16.8131  16.9871  0.8541  0.8580  19.8105  19.8971  

β_smb 0.7399  0.7210  6.7148  6.7313  0.7432  0.7385  10.8159  10.8742  0.7263  0.7234  12.5512  12.6129  

β_hml -0.0023  0.0090  0.0443  0.0926  -0.0023  0.0032  -0.0272  0.0583  0.0197  0.0313  0.4697  0.6262  

   0.3445  0.3494  
  

0.5596  0.5705  
  

0.6338  0.6427  
  

       0.3381  0.3430      0.5553  0.5663      0.6302  0.6392      
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Table 5.3 Coefficients and R-squared from four-factor model -Equally weighted portfolios 

This table reports coefficients from regression based on Carhart four-factor model to test the null hypothesis of zero abnormal return which is represented 

by   when portfolio returns are equally weighted.  

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of 

return of three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped 

out from the time series. 200 event months are randomly selected with replacement firstly and then 200 firms are randomly selected based on event months. 

The process is repeated 250 times to achieve 250 samples of 200 firms. Three techniques including conventional ordinary least squares, weighted least 

squares which considers different number of firms in each calendar month and generalized least squares which is an alternative to correct heteroskedasticity, 

are applied in both models over three investment horizons. The means and medians of coefficients among 250 samples are calculated for comparison. 

    One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

OLS α 0.0038  0.0038  0.8145  0.8935  0.0044  0.0045  1.5294  1.5153  0.0045  0.0044  1.7043  1.7497  

 
β_rp 0.8627  0.8551  9.7182  9.9052  0.8619  0.8550  14.3579  14.4627  0.8537  0.8477  16.0019  16.3456  

 
β_smb 0.7318  0.7175  6.1069  6.1997  0.7253  0.7257  9.0823  9.0590  0.7091  0.6982  9.9072  10.0489  

 
β_hml -0.0089  0.0088  -0.0346  0.0757  -0.0161  -0.0025  -0.1888  -0.0348  -0.0065  0.0008  -0.0469  0.0100  

 
β_umd -0.0405  -0.0337  -0.3191  -0.2734  -0.0366  -0.0398  -0.4811  -0.5152  -0.0602  -0.0593  -0.8196  -0.8607  

 
   0.3114  0.3147  

  
0.4866  0.4980  

  
0.5340  0.5509  

  
         0.3024  0.3057      0.4799  0.4914      0.5279  0.5451      
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Table 5.3 continued 

  One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

WLS α 0.0039  0.0036  0.9548  0.9428  0.0045  0.0041  1.8130  1.7501  0.0044  0.0042  2.0996  2.1354  

 
β_rp 0.8510  0.8533  10.6781  10.8952  0.8507  0.8497  16.6376  16.7521  0.8425  0.8461  19.8663  19.8785  

 
β_smb 0.7448  0.7294  6.8074  6.8217  0.7526  0.7509  11.0315  11.0727  0.7395  0.7352  13.1507  13.2487  

 
β_hml -0.0285  -0.0158  -0.2052  -0.1552  -0.0330  -0.0223  -0.4806  -0.3400  -0.0186  -0.0130  -0.2654  -0.2367  

 
β_umd -0.0546  -0.0512  -0.4668  -0.4497  -0.0657  -0.0653  -0.9256  -0.8692  -0.0811  -0.0743  -1.3705  -1.3386  

 
   0.3529  0.3587  

  
0.5679  0.5752  

  
0.6509  0.6571  

  
         0.3444  0.3503      0.5622  0.5697      0.6463  0.6526      

GLS α 0.0038  0.0035  0.9327  0.9083  0.0044  0.0042  1.7969  1.6860  0.0044  0.0042  2.0726  2.0979  

 
β_rp 0.8519  0.8526  10.5731  10.7748  0.8516  0.8507  16.5025  16.6740  0.8445  0.8466  19.3750  19.3890  

 
β_smb 0.7440  0.7274  6.7333  6.7682  0.7487  0.7461  10.8664  10.9081  0.7333  0.7295  12.6548  12.6710  

 
β_hml -0.0262  -0.0087  -0.1775  -0.0766  -0.0319  -0.0227  -0.4583  -0.3484  -0.0174  -0.0144  -0.2378  -0.2537  

 
β_umd -0.0528  -0.0520  -0.4519  -0.4777  -0.0635  -0.0632  -0.8890  -0.8637  -0.0771  -0.0741  -1.2713  -1.2317  

 
   0.3480  0.3547  

  
0.5624  0.5723  

  
0.6372  0.6444  

  
         0.3394  0.3463      0.5567  0.5667      0.6324  0.6397      
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Table 5.4 Rejection frequency of intercept tests from calendar-time approach-Winsorized equally weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are equally weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of 

return of three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped 

out from the time series. 200 event months are randomly selected with replacement firstly and then 200 firms are randomly selected based on event months. 

The process is repeated 250 times to achieve 250 samples of 200 firms. Three techniques including conventional ordinary least squares, weighted least 

squares which considers different number of firms in each calendar month and generalized least squares which is an alternative to correct heteroskedasticity, 

are applied in both models over three investment horizons. Both one-tail and two-tailed tests are examined at significance level of 1%, 5% and 10%, 

respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection frequency. If the model is well specified, this figure is 

expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides are expected. Winsorization process is taken as 

winsorizing 1% of stock raw returns of each sample in each tail.  

Significance level   1% 5% 10% 1% 5% 10% 

Null hypothesis 
 

α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

Models Techniques Panel A: One year 

Three-factor model OLS 2.0 5.6 13.2 0.8 2.0 3.6 9.6 8.4 17.2 

 
WLS 1.2 8.4 16.0 0.8 3.2 4.4 11.6 8.4 18.4 

 
GLS 2.0 8.0 15.2 0.8 3.2 4.0 11.2 7.6 16.8 

Four-factor model OLS 2.0 4.8 12.8 0.8 2.0 3.6 9.2 6.8 16.4 

 
WLS 2.8 9.2 15.2 0.8 4.0 4.0 11.2 5.2 19.6 

  GLS 2.4 7.2 13.6 1.2 3.6 3.2 10.4 5.6 19.6 
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Table 5.4 Continued 

 
1% 5% 10% 1% 5% 10% 

  
α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

  
Panel B: Three years 

Three-factor model OLS 2.4 8.8 15.6 0.0 4.4 0.4 15.2 2.4 29.2 

 
WLS 2.8 10.4 18.4 0.0 6.0 0.4 18.0 2.8 30.0 

 
GLS 4.4 17.2 23.6 0.0 7.6 0.0 23.6 0.8 34.4 

Four-factor model OLS 2.4 12.8 20.0 0.0 6.8 0.8 19.2 3.2 31.6 

 
WLS 2.8 10.0 19.2 0.0 5.6 0.4 18.8 2.0 28.0 

  GLS 4.4 17.2 23.6 0.0 7.6 0.0 23.6 0.8 34.4 

  
Panel C: Five years 

Three-factor model OLS 2.4 10.0 18.8 0.0 4.0 0.4 18.4 2.4 29.2 

 
WLS 0.4 6.8 15.6 0.0 2.4 0.0 15.6 0.4 28.0 

 
GLS 0.8 7.6 17.6 0.0 2.4 0.0 17.6 0.0 27.2 

Four-factor model OLS 3.6 13.6 25.6 0.0 6.0 1.6 24.0 1.6 37.2 

 
WLS 2.4 14.8 28.4 0.0 6.0 0.0 28.4 0.0 40.0 

  GLS 2.8 15.2 28.0 0.0 5.6 0.0 28.0 0.0 41.2 
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Table 5.5 Coefficients and R-squared from three-factor model –Winsorized equally weighted portfolios 

This table reports coefficients from regression based on Fama-French three-factor model to test the null hypothesis of zero abnormal return which is 

represented by   when portfolio returns are equally weighted.  

                                            

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), and market risk premium(      are obtained directly from website of 

Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of return of three-month Treasury bill. 

Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from the time series. 200 event 

months are randomly selected with replacement firstly and then 200 firms are randomly selected based on event months. The process is repeated 250 times to 

achieve 250 samples of 200 firms. Three techniques including conventional ordinary least squares, weighted least squares which considers different number 

of firms in each calendar month and generalized least squares which is an alternative to correct heteroskedasticity, are applied in both models over three 

investment horizons. The means and medians of coefficients among 250 samples are calculated for comparison. Winsorization process is taken as winsorizing 

1% of stock raw returns of each sample in each tail. 

    One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

 

OLS 

  

α 0.0009  0.0010  0.2522  0.3080  0.0015  0.0015  0.6653  0.6548  0.0014  0.0016  0.6974  0.7418  

β_rp 0.8333  0.8318  11.3441  11.2568  0.8282  0.8247  16.7769  16.8392  0.8289  0.8264  18.6002  18.5863  

β_smb 0.6559  0.6558  6.6538  6.6392  0.6554  0.6578  9.9070  9.8466  0.6376  0.6316  10.6759  10.6467  

β_hml 0.0324  0.0293  0.3856  0.3613  0.0316  0.0349  0.5618  0.5919  0.0468  0.0457  0.9083  0.9134  

   0.3606  0.3581  
  

0.5471  0.5560  
  

0.5921  0.6000  
  

       0.3544  0.3518      0.5426  0.5516      0.5881  0.5961      
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Table 5.5 continued 

  
One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

 

WLS 

  

α 0.0009  0.0010  0.3083  0.3165  0.0013  0.0013  0.7092  0.6809  0.0012  0.0011  0.7252  0.6980  

β_rp 0.8279  0.8256  12.6141  12.6148  0.8234  0.8194  19.8493  19.7478  0.8215  0.8234  23.5538  23.5398  

β_smb 0.6663  0.6635  7.4704  7.4414  0.6781  0.6752  12.1568  12.1518  0.6618  0.6597  14.2934  14.1661  

β_hml 0.0215  0.0235  0.2890  0.3296  0.0276  0.0283  0.5657  0.6070  0.0455  0.0456  1.1534  1.0909  

   0.4105  0.4120  
  

0.6333  0.6330  
  

0.7070  0.7088  
  

       0.4047  0.4063      0.6297  0.6294      0.7041  0.7060      

 

GLS 

  

α 0.0009  0.0009  0.3023  0.2963  0.0014  0.0013  0.7158  0.6650  0.0012  0.0012  0.7623  0.7133  

β_rp 0.8272  0.8242  12.5095  12.5132  0.8238  0.8213  19.6854  19.5517  0.8226  0.8236  23.0602  22.9488  

β_smb 0.6653  0.6610  7.4102  7.4063  0.6760  0.6753  12.0142  12.0425  0.6574  0.6559  13.8644  13.7715  

β_hml 0.0225  0.0288  0.2971  0.3582  0.0274  0.0291  0.5545  0.6094  0.0449  0.0456  1.1105  1.0957  

   0.4062  0.4089  
  

0.6287  0.6292  
  

0.6971  0.6973  
  

       0.4004  0.4031      0.6251  0.6256      0.6941  0.6944      
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Table 5.6 Coefficients and R-squared from four-factor model –Winsorized equally weighted portfolios 

This table reports coefficients from regression based on Carhart four-factor model to test the null hypothesis of zero abnormal return which is represented 

by   when portfolio returns are equally weighted.  

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of 

return of three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped 

out from the time series. 200 event months are randomly selected with replacement firstly and then 200 firms are randomly selected based on event months. 

The process is repeated 250 times to achieve 250 samples of 200 firms. Three techniques including conventional ordinary least squares, weighted least 

squares which considers different number of firms in each calendar month and generalized least squares which is an alternative to correct heteroskedasticity, 

are applied in both models over three investment horizons. The means and medians of coefficients among 250 samples are calculated for comparison. 

Winsorization process is taken as winsorizing 1% of stock raw returns of each sample in each tail. 

    One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

OLS α 0.0012  0.0013  0.3221  0.3628  0.0018  0.0018  0.7697  0.7486  0.0019  0.0020  0.8916  0.9245  

 
β_rp 0.8303  0.8282  11.2067  11.1710  0.8251  0.8218  16.5661  16.6156  0.8240  0.8203  18.3363  18.3163  

 
β_smb 0.6581  0.6618  6.6624  6.6895  0.6578  0.6592  9.9260  9.8665  0.6414  0.6373  10.7217  10.7165  

 
β_hml 0.0194  0.0342  0.2069  0.3288  0.0180  0.0180  0.2738  0.2790  0.0252  0.0220  0.4289  0.3799  

 
β_umd -0.0273  -0.0376  -0.2707  -0.3595  -0.0290  -0.0314  -0.4535  -0.4499  -0.0454  -0.0472  -0.7533  -0.8205  

 
   0.3643  0.3628  

  
0.5498  0.5597  

  
0.5950  0.6018  

  
         0.3559  0.3544      0.5439  0.5539      0.5897  0.5965      
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Table 5.6 Continued 

  One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

WLS α 0.0013  0.0013  0.4171  0.4105  0.0019  0.0018  0.9487  0.8656  0.0018  0.0018  1.0927  1.0855  

 
β_rp 0.8241  0.8212  12.4335  12.4562  0.8174  0.8147  19.4895  19.3562  0.8131  0.8144  23.0374  23.0113  

 
β_smb 0.6693  0.6686  7.4839  7.4617  0.6826  0.6784  12.2009  12.1857  0.6674  0.6676  14.3996  14.2589  

 
β_hml 0.0036  0.0099  0.0487  0.1080  0.0031  0.0004  0.0458  0.0072  0.0138  0.0122  0.2980  0.2558  

 
β_umd -0.0381  -0.0413  -0.4051  -0.4329  -0.0523  -0.0491  -0.9003  -0.7979  -0.0655  -0.0655  -1.3609  -1.3448  

 
   0.4136  0.4193  

  
0.6355  0.6356  

  
0.7096  0.7110  

  
         0.4058  0.4117      0.6307  0.6308      0.7058  0.7071      

GLS α 0.0013  0.0012  0.4117  0.3840  0.0019  0.0018  0.9464  0.8934  0.0019  0.0019  1.1021  1.0680  

 
β_rp 0.8236  0.8215  12.3390  12.3514  0.8180  0.8160  19.3228  19.1261  0.8150  0.8152  22.5826  22.4392  

 
β_smb 0.6686  0.6662  7.4238  7.4179  0.6800  0.6784  12.0422  12.0478  0.6629  0.6595  13.9589  13.8563  

 
β_hml 0.0049  0.0079  0.0627  0.0976  0.0036  0.0018  0.0531  0.0356  0.0148  0.0150  0.3124  0.3194  

 
β_umd -0.0381  -0.0411  -0.4051  -0.4479  -0.0514  -0.0490  -0.8781  -0.8485  -0.0623  -0.0632  -1.2717  -1.2910  

 
   0.4094  0.4120  

  
0.6305  0.6309  

  
0.6995  0.6992  

  
         0.4016  0.4042      0.6256  0.6261      0.6956  0.6953      
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Table 5.7 Descriptive statistics of alphas from the Fama-French three-factor model based on equally-weighted portfolios 

This table reports descriptive statistics of alphas derived from the Fama-French three-factor model when portfolio returns are equally weighted.  

                                            

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), and market risk premium(      are obtained directly from website of 

Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of return of three-month Treasury bill. 

Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from the time series. 200 event 

months are randomly selected with replacement firstly and then 200 firms are randomly selected based on event months. The process is repeated 250 times to 

achieve 250 samples of 200 firms. 

Three-factor model Equally-weighted portfolios   Winsorized equally-weighted portfolios 

One year Mean Median Skewness Kurtosis   Mean Median Skewness Kurtosis 

OLS 0.00333  0.00316  0.98  8.97  
 

0.00088  0.00101  -0.28  3.53  

WLS 0.00332  0.00316  1.41  12.43  
 

0.00094  0.00098  -0.16  3.23  

GLS 0.00328  0.00304  1.36  11.95  
 

0.00092  0.00092  -0.13  3.24  

Three years 
         

OLS 0.00403  0.00380  0.19  2.65  
 

0.00151  0.00147  0.14  2.78  

WLS 0.00377  0.00361  0.53  3.82  
 

0.00134  0.00131  0.21  3.44  

GLS 0.00379  0.00357  0.56  3.65  
 

0.00136  0.00129  0.24  3.41  

Five years 
         

OLS 0.00382  0.00364  0.22  3.81  
 

0.00142  0.00157  -0.10  2.96  

WLS 0.00356  0.00345  1.57  10.44  
 

0.00116  0.00111  0.08  2.54  

GLS 0.00365  0.00351  1.45  9.66    0.00125  0.00118  0.03  2.44  
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Table 5.8 Descriptive statistics of alpha from the Carhart four-factor model based on equally-weighted portfolios 

This table reports descriptive statistics of alpha derived from the Carhart four-factor model when portfolio returns are equally weighted.  

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of 

return of three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped 

out from the time series. 200 event months are randomly selected with replacement firstly and then 200 firms are randomly selected based on event months. 

The process is repeated 250 times to achieve 250 samples of 200 firms. 

Four-factor model Equally-weighted portfolios   Winsorized equally-weighted portfolios 

One year Mean Median Skewness Kurtosis   Mean Median Skewness Kurtosis 

OLS 0.00376  0.00384  1.05  8.44  
 

0.00117  0.00126  -0.34  3.31  

WLS 0.00388  0.00358  1.32  10.81  
 

0.00133  0.00127  -0.14  3.21  

GLS 0.00383  0.00345  1.26  10.43  
 

0.00132  0.00124  -0.17  3.24  

Three years 
         

OLS 0.00441  0.00450  -0.01  2.79  
 

0.00181  0.00176  -0.01  2.99  

WLS 0.00445  0.00412  0.57  3.48  
 

0.00188  0.00177  0.29  3.39  

GLS 0.00445  0.00416  0.55  3.37  
 

0.00188  0.00180  0.29  3.33  

Five years 
         

OLS 0.00446  0.00445  0.28  4.40  
 

0.00190  0.00196  -0.23  3.18  

WLS 0.00439  0.00415  1.89  11.45  
 

0.00183  0.00183  0.10  2.46  

GLS 0.00444  0.00423  1.85  11.19    0.00188  0.00189  0.04  2.37  
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Table 5.9 Rejection frequency of all tests in calendar-time approach-Equally-weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are equally weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of 

return of three-month Treasury bill. 250 samples of 200 firms are random selected. Conventional ordinary least squares and three approaches correcting 

heteroskedasticity including weighted least squares (WLS), sandwich variance estimators (1980) combing OLS and WLS, and generalized least squares 

(GLS), are applied in both models over three investment horizons. Both one-tail and two-tailed tests are examined at a significance level of 5%. The overall 

rejection rates among 250 samples are accumulated to compute the rejection frequency. If the model is well specified, this figure is expected to be the same as 

the significance level. Moreover, symmetrical rejection rates for both sides are expected.  

        5% 
Mean Alpha 

Holding period Model Technique   α=0 α<0 α>0 

One year 

Three-factor model 

OLS 
Original test 10.0  0.8  15.6  0.0033328 

sandwich variance estimators 9.2  1.2  16.0  0.0033328 

WLS 
Original test 13.2  0.8  20.4  0.0033168 

sandwich variance estimators 13.2  1.2  19.6  0.0033168 

GLS Original test 13.6  1.2  18.8  0.0032835 

Four-factor model 

OLS 
Original test 9.2  1.2  18.8  0.0037594 

sandwich variance estimators 7.6  1.2  16.0  0.0037594 

WLS 
Original test 14.4  0.4  24.0  0.0038844 

sandwich variance estimators 12.4  0.8  20.8  0.0038844 

GLS Original test 13.6  1.2  25.2  0.0038269 
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Table 5.9 continued 

        5% 
Mean Alpha 

Holding period Model Technique   α=0 α<0 α>0 

Three years 

Three-factor model 

OLS 
Original test 29.2  0.0  42.0  0.0040342 

sandwich variance estimators 26.8  0.0  41.6  0.0040342 

WLS 
Original test 34.4  0.0  44.4  0.0037734 

sandwich variance estimators 33.6  0.0  44.8  0.0037734 

GLS Original test 31.6  0.0  42.8  0.0037921 

Four-factor model 

OLS 
Original test 34.0  0.0  45.6  0.0044149 

sandwich variance estimators 28.8  0.0  41.2  0.0044149 

WLS 
Original test 36.4  0.0  54.4  0.0044528 

sandwich variance estimators 36.0  0.0  54.4  0.0044528 

GLS Original test 37.2  0.0  52.4  0.0044492 

Five years 

Three-factor model 

OLS 
Original test 36.0  0.0  48.4  0.0038232 

sandwich variance estimators 30.4  0.0  46.0  0.0038232 

WLS 
Original test 41.2  0.0  55.6  0.0035599 

sandwich variance estimators 37.2  0.0  53.2  0.0035599 

GLS Original test 40.4  0.0  58.0  0.0036509 

Four-factor model 

OLS 
Original test 40.0  0.0  55.2  0.0044571 

sandwich variance estimators 35.2  0.0  48.4  0.0044571 

WLS 
Original test 54.0  0.0  70.0  0.0043857 

sandwich variance estimators 48.8  0.0  65.6  0.0043857 

GLS Original test 54.8  0.0  70.4  0.0044366 
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Table 5.10 Power of test-Equally-weighted portfolios (two-tailed test) 

This table reports percentages of rejection rates of the null hypothesis of zero intercept on two-tailed test. The intercepts are derived from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are equally weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is the study period (12-. 36- and 60 months). The independent variables 

such as size factor (    ), book-to-market ratio factor (    ), market risk premium (     , and momentum factors (    ) are obtained from the website 

of Exeter University based on studies done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of return of three-month Treasury bill. 

Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out. 200 event months are randomly 

selected with replacement firstly and then 200 firms are randomly selected based on event months. The process is repeated 250 times to achieve 250 samples 

of 200 firms. Three techniques including conventional ordinary least squares, weighted least squares which considers different number of firms in each 

calendar month and generalized least squares which is an alternative to correct heteroskedasticity, are applied in both models over three investment horizons. 

The two-tailed tests are examined at significance level of 5%. The overall rejection rates among 250 samples are accumulated to compute the rejection 

frequency. If the model is well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides 

are expected. Abnormal returns in the range of -20% to 20% at an interval of 5% are introduced to individual stocks in order to test the power of test.  

    Induced abnormal returns  

    -20% -15% -10% -5% 0% 5% 10% 15% 20% 

  
Panel A: one year 

Three-factor model 

OLS 89.2 65.2 24.4 5.6 10.0 42.0 84.0 97.6 99.6 

WLS 92.8 72.0 30.0 6.0 13.2 51.6 90.0 99.2 100 

GLS 93.6 73.2 30.4 5.2 13.6 50.0 88.8 99.2 100 

Four-factor model 

OLS 87.2 57.6 19.6 5.6 9.2 45.6 80.8 97.6 99.2 

WLS 90.4 63.2 23.6 4.4 14.4 53.2 90.4 98.4 100 

GLS 91.2 65.2 22.4 4.4 13.6 52.8 90.0 98.4 100 
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Table 5.10 continued 

  
Induced abnormal returns  

  
-20% -15% -10% -5% 0% 5% 10% 15% 20% 

  
Panel B: three years 

Three-factor model 

OLS 6.8 2.0 5.2 12.4 29.2 48.0 70.0 87.6 95.6 

WLS 8.8 2.8 3.6 14.4 34.4 60.0 82.4 94.4 100.0 

GLS 9.6 2.8 3.6 15.6 36.4 58.8 82.4 95.2 100.0 

Four-factor model 

OLS 5.6 2.8 5.6 14.8 34.0 50.8 73.2 85.2 93.6 

WLS 4.4 2.0 6.4 21.2 31.6 64.4 90.0 97.6 99.6 

GLS 4.0 1.6 6.4 20.8 37.2 64.8 88.8 98.4 99.2 

  
Panel C: five years 

Three-factor model 

OLS 4.0 6.0 10.4 20.4 36.0 49.6 62.0 70.8 80.0 

WLS 0.8 3.6 8.8 22.8 41.2 62.4 79.6 93.2 97.2 

GLS 1.6 3.2 9.6 23.2 40.4 62.0 78.4 92.8 96.8 

Four-factor model 

OLS 5.2 9.2 14.4 27.2 40.0 54.8 68.0 78.4 88.4 

WLS 2.8 7.6 19.6 39.2 54.0 74.4 89.6 97.6 99.6 

GLS 2.8 6.8 19.2 36.0 54.8 72.8 88.4 97.2 99.2 
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Table 5.11 Mean intercepts in power of test-Equally-weighted portfolios  

This table reports mean intercepts in power of test based on two-tailed test under equal weights. The intercepts are derived from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are equally weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is the study period (12-. 36- and 60 months). The independent variables 

such as size factor (    ), book-to-market ratio factor (    ), market risk premium (     , and momentum factors (    ) are obtained from the website 

of Exeter University based on studies done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of return of three-month Treasury bill. 

Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out. 200 event months are randomly 

selected with replacement firstly and then 200 firms are randomly selected based on event months. The process is repeated 250 times to achieve 250 samples 

of 200 firms. Three techniques including conventional ordinary least squares, weighted least squares which considers different number of firms in each 

calendar month and generalized least squares which is an alternative to correct heteroskedasticity, are applied in both models over three investment horizons. 

The two-tailed tests are examined at significance level of 5%. The overall rejection rates among 250 samples are accumulated to compute the rejection 

frequency. If the model is well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides 

are expected. Abnormal returns in the range of -20% to 20% at an interval of 5% are introduced to individual stocks in order to test the power of test.  

  
Induced abnormal returns  

  
-20% -15% -10% -5% 0% 5% 10% 15% 20% 

  
Panel A: one year 

Three-factor model OLS -0.01333  -0.00917  -0.00500  -0.00083  0.00333  0.00750  0.01167  0.01583  0.02000  

 
WLS -0.01335  -0.00918  -0.00502  -0.00085  0.00332  0.00748  0.01165  0.01582  0.01998  

 
GLS -0.01338  -0.00922  -0.00505  -0.00088  0.00328  0.00745  0.01162  0.01578  0.01995  

Four-factor model OLS -0.01291  -0.00874  -0.00457  -0.00041  0.00376  0.00793  0.01209  0.01626  0.02043  

 
WLS -0.01278  -0.00862  -0.00445  -0.00028  0.00388  0.00805  0.01222  0.01638  0.02055  

  GLS -0.01284  -0.00867  -0.00451  -0.00034  0.00383  0.00799  0.01216  0.01633  0.02049  

 



260 
 

Table 5.11 continued 

  
Induced abnormal returns  

  
-20% -15% -10% -5% 0% 5% 10% 15% 20% 

  
Panel B: three years 

Three-factor model OLS -0.00152  -0.00013  0.00126  0.00265  0.00403  0.00542  0.00681  0.00820  0.00959  

 
WLS -0.00178  -0.00039  0.00100  0.00238  0.00377  0.00516  0.00655  0.00794  0.00933  

 
GLS -0.00176  -0.00037  0.00101  0.00240  0.00379  0.00518  0.00657  0.00796  0.00935  

Four-factor model OLS -0.00114  0.00025  0.00164  0.00303  0.00441  0.00580  0.00719  0.00858  0.00997  

 
WLS -0.00110  0.00029  0.00168  0.00306  0.00445  0.00584  0.00723  0.00862  0.01001  

  GLS -0.00111  0.00028  0.00167  0.00306  0.00445  0.00584  0.00723  0.00862  0.01000  

  
Panel C: five years 

Three-factor model OLS 0.00049  0.00132  0.00216  0.00299  0.00382  0.00466  0.00549  0.00632  0.00716  

 
WLS 0.00023  0.00106  0.00189  0.00273  0.00356  0.00439  0.00523  0.00606  0.00689  

 
GLS 0.00032  0.00115  0.00198  0.00282  0.00365  0.00448  0.00532  0.00615  0.00698  

Four-factor model OLS 0.00112  0.00196  0.00279  0.00362  0.00446  0.00529  0.00612  0.00696  0.00779  

 
WLS 0.00105  0.00189  0.00272  0.00355  0.00439  0.00522  0.00605  0.00689  0.00772  

  GLS 0.00110  0.00194  0.00277  0.00360  0.00444  0.00527  0.00610  0.00694  0.00777  

 

 

 

 

 

 

 

 

 



261 
 

Table 5.12 Power of test-Equally-weighted portfolios (one-tailed test) 

This table reports percentages of rejection rates on one-tailed test. The alternative hypotheses are positive intercept when positive abnormal returns are 

induced and negative intercept when negative abnormal returns are induced. The intercepts are derived from regression based on Fama-French three-factor 

model and Carhart four-factor model when portfolio returns are equally weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is the study period (12-. 36- and 60 months). The independent variables 

such as size factor (    ), book-to-market ratio factor (    ), market risk premium (     , and momentum factors (    ) are obtained from the website 

of Exeter University based on studies done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of return of three-month Treasury bill. 

Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out. 200 event months are randomly 

selected with replacement firstly and then 200 firms are randomly selected based on event months. The process is repeated 250 times to achieve 250 samples 

of 200 firms. Three techniques including conventional ordinary least squares, weighted least squares which considers different number of firms in each 

calendar month and generalized least squares which is an alternative to correct heteroskedasticity, are applied in both models over three investment horizons. 

The one-tailed tests are examined at significance level of 5%. The overall rejection rates among 250 samples are accumulated to compute the rejection 

frequency. If the model is well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides 

are expected. Abnormal returns in the range of -20% to 20% at an interval of 5% are introduced to individual stocks in order to test the power of test.  

  
-20% -15% -10% -5% 0% 5% 10% 15% 20% 

    α<0 α<0 α>0 α>0 

  
Panel A: one year 

Three-factor model OLS 91.2  73.6  36.0  7.2  0.8  15.6  60.0  88.8  99.2  99.6  

 
WLS 94.8  79.6  41.6  8.8  0.8  20.4  67.6  93.6  99.6  100.0  

 
GLS 94.8  80.4  42.4  7.6  1.2  18.8  66.0  93.6  99.6  100.0  

Four-factor model OLS 92.0  67.6  29.6  8.4  1.2  18.8  59.2  88.0  98.4  100.0  

 
WLS 94.0  73.2  33.6  6.4  0.4  24.0  68.4  94.4  100.0  100.0  

  GLS 94.0  72.0  32.4  7.6  1.2  25.2  70.0  94.0  99.2  100.0  
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Table 5.12 continued 

  
-20% -15% -10% -5% 0% 5% 10% 15% 20% 

  
α<0 α<0 α>0 α>0 

  
Panel B: three years 

Three-factor model OLS 12.4  4.4  0.4  0.0  0.0  42.0  62.4  82.8  93.2  97.6  

 
WLS 18.0  4.8  0.4  0.0  0.0  44.4  74.0  92.0  98.0  100.0  

 
GLS 16.4  4.4  0.0  0.0  0.0  54.4  73.6  91.6  99.2  100.0  

Four-factor model OLS 10.8  4.4  0.8  0.0  0.0  45.6  67.2  82.8  92.8  95.6  

 
WLS 7.2  2.0  0.0  0.0  0.0  42.8  81.6  96.4  98.8  100.0  

  GLS 7.2  1.6  0.0  0.0  0.0  52.4  81.6  95.2  98.4  100.0  

  
Panel C: five years 

Three-factor model OLS 3.6  2.0  1.2  0.4  0.0  48.4  60.8  69.2  78.8  91.2  

 
WLS 2.0  0.8  0.0  0.0  0.0  55.6  75.6  89.2  96.8  99.6  

 
GLS 0.8  0.8  0.0  0.0  0.0  58.0  75.6  89.6  96.4  99.2  

Four-factor model OLS 2.0  1.2  0.8  0.4  0.0  55.2  66.4  78.4  87.6  92.0  

 
WLS 0.0  0.0  0.0  0.0  0.0  70.0  86.8  96.4  99.6  100.0  

  GLS 0.0  0.0  0.0  0.0  0.0  70.4  86.4  95.6  99.2  100.0  

 

 

 

 

 

 

 

 

 



263 
 

Table 5.13 Rejection frequency of intercept tests from calendar-time approach-Value weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are value weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is the study period (12-. 36- and 60 months). The independent variables 

such as size factor (    ), book-to-market ratio factor (    ), market risk premium (     , and momentum factors (    ) are obtained from the website 

of Exeter University based on studies done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of return of three-month Treasury bill. 

Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out. 200 event months are randomly 

selected with replacement firstly and then 200 firms are randomly selected based on event months. The process is repeated 250 times to achieve 250 samples 

of 200 firms. Three techniques including conventional ordinary least squares, weighted least squares which considers different number of firms in each 

calendar month and generalized least squares which is an alternative to correct heteroskedasticity, are applied in both models over three investment horizons. 

The two-tailed tests are examined at significance level of 5%. The overall rejection rates among 250 samples are accumulated to compute the rejection 

frequency. If the model is well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides 

are expected. Abnormal returns in the range of -20% to 20% at an interval of 5% are introduced to individual stocks in order to test the power of test.   

Significance level   1% 5% 10% 1% 5% 10% 

Null hypothesis 
 

α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

Models Techniques Panel A: One year 

Three-factor model OLS 2.4 10.4 15.6 1.6 2.4 10.0 5.6 16.8 9.6 

 
WLS 4.0 8.8 16.4 2.8 2.4 9.6 6.8 18.0 12.4 

 
GLS 3.2 10.4 17.2 2.0 2.8 10.4 6.8 17.2 12.0 

Four-factor model OLS 2.8 7.2 14.4 0.4 2.4 5.6 8.8 8.8 15.2 

 
WLS 2.4 8.0 12.4 0.8 3.6 4.0 8.4 8.4 17.2 

  GLS 2.4 7.2 12.0 0.4 3.2 3.6 8.4 9.6 16.0 
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Table 5.13 continued 

  
1% 5% 10% 1% 5% 10% 

  
α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

  
Panel B: Three years 

Three-factor model OLS 0.0 4.8 8.8 0.4 0.4 4.0 4.8 8.8 10.4 

 
WLS 0.4 6.8 12.8 0.4 2.0 5.2 7.6 12.8 11.6 

 
GLS 1.6 8.4 11.2 0.0 3.2 0.4 10.8 2.8 21.2 

Four-factor model OLS 0.8 4.8 14.4 0.0 2.0 2.0 12.4 4.0 20.8 

 
WLS 0.4 4.8 11.2 0.0 1.2 4.4 6.8 11.2 12.0 

  GLS 1.6 6.8 10.8 0.0 2.8 0.4 10.4 2.4 22.0 

  
Panel C: Five years 

Three-factor model OLS 0.0 5.6 12.8 0.4 1.2 6.0 6.8 13.2 10.0 

 
WLS 0.4 5.2 10.8 0.8 0.8 5.6 5.2 12.0 11.2 

 
GLS 0.0 4.0 11.6 0.8 0.8 6.4 5.2 10.8 9.2 

Four-factor model OLS 0.8 3.6 8.4 0.0 2.8 0.8 7.6 2.8 19.2 

 
WLS 0.8 5.2 12.4 0.0 2.0 0.8 11.6 2.8 21.6 

  GLS 0.8 4.4 10.8 0.0 2.0 0.4 10.4 1.6 19.2 
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Table 5.14 Coefficients and R-squared from three-factor model -Value weighted portfolios 

This table reports coefficients from regression based on Fama-French three-factor model to test the null hypothesis of zero abnormal return which is 

represented by   when portfolio returns are value weighted.  

                                            

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), and market risk premium(      are obtained directly from website of 

Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of return of three-month Treasury bill. 

Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from the time series. 200 event 

months are randomly selected with replacement firstly and then 200 firms are randomly selected based on event months. The process is repeated 250 times to 

achieve 250 samples of 200 firms. Three techniques including conventional ordinary least squares, weighted least squares which considers different number 

of firms in each calendar month and generalized least squares which is an alternative to correct heteroskedasticity, are applied in both models over three 

investment horizons. The means and medians of coefficients among 250 samples are calculated for comparison. 

    One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

OLS α -0.0004  -0.0002  -0.1060  -0.0396  0.0003  0.0004  0.1138  0.1318  0.0000  0.0003  0.0312  0.0883  

 
β_rp 1.0121  1.0069  10.8534  10.8551  1.0097  1.0049  14.5236  14.5256  1.0057  1.0002  15.9314  16.2787  

 
β_smb 0.4708  0.4752  3.7311  3.5951  0.3011  0.3106  3.1469  3.3514  0.2483  0.2454  2.7924  2.8481  

 
β_hml 0.0747  0.0971  0.6975  0.8549  0.1190  0.1216  1.4661  1.5699  0.1358  0.1396  1.8255  1.9139  

 
   0.3070  0.3062  

  
0.4213  0.4293  

  
0.4617  0.4789  

  
         0.3002  0.2994      0.4156  0.4237      0.4564  0.4737      
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Table 5.14 continued 

  
One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

WLS α -0.0006  -0.0005  -0.1429  -0.1197  0.0000  0.0004  0.0674  0.1429  0.0000  0.0003  0.0344  0.1094  

 
β_rp 1.0166  1.0171  11.8401  11.8077  1.0148  1.0142  16.3129  16.2936  1.0103  1.0045  18.8260  19.0332  

 
β_smb 0.4552  0.4631  3.8649  3.8605  0.2900  0.2997  3.3667  3.4361  0.2284  0.2135  3.0592  3.2248  

 
β_hml 0.0682  0.0754  0.6704  0.7832  0.1236  0.1195  1.6763  1.6859  0.1458  0.1549  2.3561  2.6270  

 
   0.3413  0.3393  

  
0.4766  0.4807  

  
0.5431  0.5535  

  
         0.3348  0.3328      0.4715  0.4756      0.5386  0.5492      

GLS α -0.0005  -0.0006  -0.1195  -0.1440  0.0001  0.0004  0.0675  0.1514  0.0000  0.0003  0.0490  0.1165  

 
β_rp 1.0139  1.0138  11.6254  11.6827  1.0135  1.0132  16.0489  16.0091  1.0089  1.0016  18.1704  18.3234  

 
β_smb 0.4601  0.4630  3.8613  3.7858  0.2927  0.3009  3.3482  3.4540  0.2317  0.2141  2.9977  3.1106  

 
β_hml 0.0686  0.0852  0.6707  0.8067  0.1228  0.1215  1.6390  1.6976  0.1418  0.1557  2.2029  2.4286  

 
   0.3339  0.3335  

  
0.4687  0.4707  

  
0.5260  0.5372  

  
         0.3273  0.3269      0.4635  0.4655      0.5213  0.5327      
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Table 5.15 Coefficients and R-squared from four-factor model -Value weighted portfolios 

This table reports coefficients from regression based on Carhart four-factor model to test the null hypothesis of zero abnormal return which is represented 

by   when portfolio returns are value weighted.  

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of 

return of three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped 

out from the time series. 200 event months are randomly selected with replacement firstly and then 200 firms are randomly selected based on event months. 

The process is repeated 250 times to achieve 250 samples of 200 firms. Three techniques including conventional ordinary least squares, weighted least 

squares which considers different number of firms in each calendar month and generalized least squares which is an alternative to correct heteroskedasticity, 

are applied in both models over three investment horizons. The means and medians of coefficients among 250 samples are calculated for comparison. 

    One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

OLS α 0.0008  0.0008  0.1791  0.1785  0.0016  0.0013  0.4929  0.4060  0.0014  0.0016  0.4726  0.5345  

 
β_rp 0.9990  0.9989  10.6599  10.7271  0.9961  0.9898  14.2809  14.3085  0.9918  0.9914  15.6652  15.9594  

 
β_smb 0.4807  0.4824  3.8147  3.7289  0.3115  0.3223  3.2660  3.5002  0.2590  0.2567  2.9297  3.0563  

 
β_hml 0.0168  0.0231  0.1526  0.1777  0.0588  0.0667  0.6583  0.6835  0.0741  0.0736  0.8772  0.8361  

 
β_umd -0.1226  -0.1146  -0.9545  -0.9401  -0.1275  -0.1124  -1.3044  -1.2726  -0.1303  -0.1280  -1.5013  -1.4756  

 
   0.3154  0.3190  

  
0.4303  0.4402  

  
0.4701  0.4871  

  
         0.3064  0.3100      0.4228  0.4329      0.4632  0.4803      

 

 

 



268 
 

Table 5.15 continued 

  One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

WLS α 0.0009  0.0008  0.2115  0.2120  0.0016  0.0017  0.5664  0.5701  0.0014  0.0015  0.5705  0.6094  

 
β_rp 1.0016  1.0055  11.6099  11.6157  0.9977  0.9933  15.9775  16.0808  0.9926  0.9902  18.3831  18.5709  

 
β_smb 0.4655  0.4723  3.9599  3.9696  0.3032  0.3076  3.5329  3.5847  0.2406  0.2261  3.2454  3.3951  

 
β_hml 0.0017  0.0066  0.0330  0.0590  0.0528  0.0485  0.6476  0.6069  0.0771  0.0729  1.0914  1.0702  

 
β_umd -0.1432  -0.1237  -1.1485  -1.0666  -0.1515  -0.1377  -1.6656  -1.6585  -0.1419  -0.1348  -1.8511  -1.9310  

 
   0.3504  0.3498  

  
0.4859  0.4894  

  
0.5516  0.5626  

  
         0.3418  0.3412      0.4792  0.4827      0.5457  0.5569      

GLS α 0.0009  0.0011  0.2101  0.2668  0.0016  0.0016  0.5571  0.5636  0.0014  0.0016  0.5627  0.6205  

 
β_rp 0.9999  1.0009  11.4107  11.4159  0.9968  0.9934  15.7438  15.7611  0.9919  0.9861  17.7422  17.8802  

 
β_smb 0.4702  0.4678  3.9529  3.9059  0.3055  0.3113  3.5077  3.6189  0.2438  0.2327  3.1645  3.3795  

 
β_hml 0.0051  0.0117  0.0642  0.1029  0.0523  0.0478  0.6329  0.6120  0.0747  0.0753  1.0241  1.1032  

 
β_umd -0.1351  -0.1254  -1.0813  -1.0774  -0.1504  -0.1365  -1.6399  -1.5615  -0.1396  -0.1322  -1.7692  -1.7761  

 
   0.3424  0.3414  

  
0.4782  0.4822  

  
0.5331  0.5448  

  
         0.3338  0.3328      0.4713  0.4755      0.5270  0.5388      
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Table 5.16 Rejection frequency of intercept tests from calendar-time approach-Winsorized value weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are value weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of 

return of three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped 

out from the time series. 200 event months are randomly selected with replacement firstly and then 200 firms are randomly selected based on event months. 

The process is repeated 250 times to achieve 250 samples of 200 firms. Three techniques including conventional ordinary least squares, weighted least 

squares which considers different number of firms in each calendar month and generalized least squares which is an alternative to correct heteroskedasticity, 

are applied in both models over three investment horizons. Both one-tail and two-tailed tests are examined at significance level of 1%, 5% and 10%, 

respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection frequency. If the model is well specified, this figure is 

expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides are expected. Winsorization process is taken as 

winsorizing 1% of stock raw returns of each sample in each tail.  

Significance level   1% 5% 10% 1% 5% 10% 

Null hypothesis 
 

α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

Models Techniques Panel A: One year 

Three-factor model OLS 3.6 9.6 15.2 3.6 2.4 9.6 5.6 15.6 10.4 

 WLS 3.2 10.8 17.2 3.2 2.8 10.4 6.8 18.8 11.2 

 GLS 3.2 12.4 17.2 3.2 2.8 10.4 6.8 17.2 13.2 

Four-factor model OLS 3.2 9.6 15.6 0.8 2.4 6.8 8.8 11.2 14.4 

 WLS 2.8 8.8 14.4 1.6 3.2 5.6 8.8 11.6 14.4 

  GLS 2.4 8.8 14.0 1.2 3.2 5.2 8.8 10.4 14.4 



270 
 

Table 5.16 continued 

 
 

1% 5% 10% 1% 5% 10% 

 
 

α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

 
 

Panel B: Three years 

Three-factor model OLS 0.0 4.8 8.8 0.8 0.4 4.4 4.4 7.6 10.0 

 WLS 0.4 7.6 12.0 0.8 1.6 4.8 7.2 11.2 10.0 

 GLS 2.0 7.2 10.4 0.0 3.2 0.4 10.0 3.2 22.4 

Four-factor model OLS 1.2 5.2 12.4 0.0 1.6 1.6 10.8 3.6 19.6 

 WLS 0.4 4.8 11.6 0.4 1.2 5.6 6.0 11.2 10.8 

  GLS 1.6 6.0 10.8 0.0 2.8 0.4 10.4 4.0 22.8 

 
 

Panel C: Five years 

Three-factor model OLS 0.0 4.8 14.4 1.2 1.2 7.6 6.8 13.6 10.0 

 WLS 1.6 6.0 12.8 1.2 0.8 7.2 5.6 12.8 10.4 

 GLS 0.8 5.2 11.6 0.8 0.4 6.8 4.8 12.0 10.0 

Four-factor model OLS 0.8 4.0 8.8 0.0 2.0 0.8 8.0 4.4 17.6 

 WLS 0.0 5.2 12.4 0.0 2.0 0.8 11.6 4.4 21.6 

  GLS 0.0 3.6 11.2 0.0 2.0 0.4 10.8 3.2 19.6 
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Table 5.17 Coefficients and R-squared from three-factor model –Winsorized value weighted portfolios 

This table reports coefficients from regression based on Fama-French three-factor model to test the null hypothesis of zero abnormal return which is 

represented by   when portfolio returns are value weighted.  

                                            

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), and market risk premium(      are obtained directly from website of 

Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of return of three-month Treasury bill. 

Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from the time series. 200 event 

months are randomly selected with replacement firstly and then 200 firms are randomly selected based on event months. The process is repeated 250 times to 

achieve 250 samples of 200 firms. Three techniques including conventional ordinary least squares, weighted least squares which considers different number 

of firms in each calendar month and generalized least squares which is an alternative to correct heteroskedasticity, are applied in both models over three 

investment horizons. The means and medians of coefficients among 250 samples are calculated for comparison. Winsorization process is taken as winsorizing 

1% of stock raw returns of each sample in each tail. 

    One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

OLS α -0.0006  -0.0006  -0.1506  -0.1584  0.0001  0.0003  0.0662  0.1201  -0.0001  0.0001  -0.0066  0.0406  

 
β_rp 0.9906  0.9916  11.3034  11.3181  0.9909  0.9880  15.0820  15.0457  0.9878  0.9845  16.5483  16.7122  

 
β_smb 0.4466  0.4503  3.7764  3.7406  0.2823  0.2965  3.1589  3.2767  0.2294  0.2265  2.7790  2.9133  

 
β_hml 0.0767  0.0937  0.7617  0.9212  0.1182  0.1190  1.5386  1.5655  0.1317  0.1409  1.8935  2.1138  

 
   0.3225  0.3217  

  
0.4392  0.4473  

  
0.4810  0.4915  

  
         0.3159  0.3150      0.4336  0.4418      0.4759  0.4865      

 

 

 



272 
 

Table 5.17 continued 

  
One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

WLS α -0.0007  -0.0007  -0.1862  -0.1813  -0.0001  0.0002  0.0173  0.0785  -0.0001  0.0001  -0.0093  0.0564  

 
β_rp 0.9978  0.9999  12.2964  12.3700  0.9975  1.0000  16.8602  16.6551  0.9921  0.9891  19.3884  19.4121  

 
β_smb 0.4312  0.4419  3.8860  3.8856  0.2708  0.2817  3.3497  3.4295  0.2092  0.2009  2.9963  3.0974  

 
β_hml 0.0708  0.0784  0.7403  0.8558  0.1224  0.1204  1.7596  1.8406  0.1417  0.1533  2.4281  2.6269  

 
   0.3567  0.3581  

  
0.4925  0.4904  

  
0.5579  0.5625  

  
         0.3503  0.3518      0.4875  0.4854      0.5535  0.5582      

GLS α -0.0007  -0.0006  -0.1655  -0.1832  -0.0001  0.0002  0.0191  0.0884  -0.0001  0.0001  0.0084  0.0598  

 
β_rp 0.9950  0.9951  12.0741  12.1400  0.9960  0.9989  16.5629  16.3929  0.9907  0.9856  18.7391  18.7578  

 
β_smb 0.4358  0.4375  3.8854  3.8500  0.2733  0.2861  3.3289  3.3886  0.2127  0.2092  2.9413  3.1671  

 
β_hml 0.0711  0.0823  0.7362  0.8765  0.1217  0.1220  1.7206  1.8216  0.1378  0.1532  2.2742  2.4504  

 
   0.3490  0.3495  

  
0.4838  0.4858  

  
0.5414  0.5450  

  
         0.3426  0.3431      0.4787  0.4807      0.5368  0.5405      
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Table 5.18 Coefficients and R-squared from four-factor model –Winsorized value weighted portfolios 

This table reports coefficients from regression based on Carhart four-factor model to test the null hypothesis of zero abnormal return which is represented 

by   when portfolio returns are value weighted.  

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of 

return of three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped 

out from the time series. 200 event months are randomly selected with replacement firstly and then 200 firms are randomly selected based on event months. 

The process is repeated 250 times to achieve 250 samples of 200 firms. Three techniques including conventional ordinary least squares, weighted least 

squares which considers different number of firms in each calendar month and generalized least squares which is an alternative to correct heteroskedasticity, 

are applied in both models over three investment horizons. The means and medians of coefficients among 250 samples are calculated for comparison. 

Winsorization process is taken as winsorizing 1% of stock raw returns of each sample in each tail. 

    One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

OLS α 0.0005  0.0005  0.1283  0.1150  0.0014  0.0012  0.4518  0.4003  0.0012  0.0013  0.4326  0.4711  

 
β_rp 0.9787  0.9866  11.1100  11.1247  0.9780  0.9753  14.8332  14.8613  0.9747  0.9752  16.2764  16.3314  

 
β_smb 0.4556  0.4605  3.8573  3.8289  0.2921  0.3072  3.2782  3.3945  0.2395  0.2415  2.9140  3.1469  

 
β_hml 0.0239  0.0467  0.2225  0.3746  0.0613  0.0634  0.7152  0.7442  0.0741  0.0796  0.9429  0.9720  

 
β_umd -0.1118  -0.1043  -0.9266  -0.9381  -0.1204  -0.1205  -1.3198  -1.3351  -0.1216  -0.1216  -1.4886  -1.4912  

 
   0.3305  0.3319  

  
0.4477  0.4522  

  
0.4890  0.5008  

  
         0.3217  0.3231      0.4405  0.4449      0.4823  0.4943      
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Table 5.18 continued 

  One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

WLS α 0.0006  0.0007  0.1595  0.1868  0.0014  0.0014  0.5129  0.4912  0.0012  0.0012  0.5242  0.5126  

 
β_rp 0.9841  0.9847  12.0679  12.1100  0.9817  0.9805  16.5258  16.4218  0.9754  0.9743  18.9414  18.9236  

 
β_smb 0.4407  0.4468  3.9796  3.9717  0.2830  0.2896  3.5144  3.5133  0.2206  0.2168  3.1806  3.3154  

 
β_hml 0.0102  0.0204  0.1081  0.1913  0.0569  0.0569  0.7292  0.7556  0.0773  0.0742  1.1610  1.1361  

 
β_umd -0.1302  -0.1130  -1.1153  -1.0098  -0.1400  -0.1276  -1.6483  -1.6088  -0.1332  -0.1285  -1.8371  -1.8336  

 
   0.3654  0.3645  

  
0.5014  0.5024  

  
0.5660  0.5702  

  
         0.3570  0.3561      0.4949  0.4959      0.5603  0.5646      

GLS α 0.0006  0.0010  0.1629  0.2257  0.0014  0.0013  0.5039  0.4408  0.0013  0.0013  0.5175  0.5648  

 
β_rp 0.9814  0.9883  11.8563  11.9513  0.9808  0.9799  16.2756  16.2499  0.9752  0.9706  18.3364  18.4494  

 
β_smb 0.4455  0.4423  3.9763  3.9383  0.2852  0.3028  3.4911  3.5987  0.2237  0.2223  3.1096  3.3841  

 
β_hml 0.0126  0.0262  0.1312  0.2341  0.0563  0.0580  0.7123  0.7721  0.0758  0.0759  1.1016  1.1088  

 
β_umd -0.1237  -0.1152  -1.0547  -1.0159  -0.1392  -0.1265  -1.6235  -1.5393  -0.1295  -0.1191  -1.7419  -1.6902  

 
   0.3572  0.3530  

  
0.4935  0.4981  

  
0.5490  0.5520  

  
         0.3488  0.3446      0.4868  0.4914      0.5431  0.5461      
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Table 5.19 Descriptive statistics of alphas from the Fama-French three-factor model based on value-weighted portfolios 

This table reports descriptive statistics of alphas derived from the Fama-French three-factor model when portfolio returns are value weighted.  

                                            

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor (    ), book-to-market ratio factor(    ), and market risk premium(      are obtained directly from website of 

Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of return of three-month Treasury bill. 

Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from the time series. 200 event 

months are randomly selected with replacement firstly and then 200 firms are randomly selected based on event months. The process is repeated 250 times to 

achieve 250 samples of 200 firms. 

Three-factor model Value-weighted portfolios   Winsorized value-weighted portfolios 

One year Mean Median Skewness Kurtosis   Mean Median Skewness Kurtosis 

OLS -0.00045  -0.00017  -0.15  2.87  
 

-0.00064  -0.00060  -0.14  2.98  

WLS -0.00063  -0.00050  -0.19  3.08  
 

-0.00075  -0.00068  -0.10  3.14  

GLS -0.00054  -0.00058  -0.11  2.98  
 

-0.00068  -0.00063  -0.04  3.04  

Three years 
         

OLS 0.00030  0.00040  -0.43  3.40  
 

0.00012  0.00032  -0.34  3.18  

WLS 0.00004  0.00042  -0.31  3.44  
 

-0.00007  0.00022  -0.15  3.14  

GLS 0.00006  0.00044  -0.33  3.39  
 

-0.00005  0.00023  -0.19  3.14  

Five years 
         

OLS 0.00001  0.00027  -0.24  3.52  
 

-0.00009  0.00011  -0.15  3.05  

WLS -0.00005  0.00028  -0.55  3.84  
 

-0.00011  0.00013  -0.32  2.99  

GLS -0.00001  0.00032  -0.59  3.86    -0.00007  0.00015  -0.39  3.08  
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Table 5.20 Descriptive statistics of alpha from the Carhart four-factor model based on value-weighted portfolios 

This table reports descriptive statistics of alpha derived from the Carhart four-factor model when portfolio returns are value weighted.  

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of 

return of three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped 

out from the time series. 200 event months are randomly selected with replacement firstly and then 200 firms are randomly selected based on event months. 

The process is repeated 250 times to achieve 250 samples of 200 firms. 

Four-factor model Value-weighted portfolios   Winsorized value weighted portfolios 

One year Mean Median Skewness Kurtosis   Mean Median Skewness Kurtosis 

OLS 0.00084  0.00085  0.05  3.09  
 

0.00053  0.00050  -0.02  3.21  

WLS 0.00086  0.00085  -0.06  2.91  
 

0.00061  0.00068  -0.09  2.96  

GLS 0.00087  0.00105  0.05  3.01  
 

0.00063  0.00097  0.00  3.08  

Three years 
         

OLS 0.00163  0.00134  -0.03  3.12  
 

0.00138  0.00124  0.00  3.03  

WLS 0.00161  0.00169  -0.07  2.93  
 

0.00138  0.00143  -0.04  2.89  

GLS 0.00162  0.00157  -0.06  2.93  
 

0.00138  0.00133  -0.02  2.94  

Five years 
         

OLS 0.00138  0.00157  -0.28  3.04  
 

0.00119  0.00127  -0.20  2.82  

WLS 0.00139  0.00149  -0.27  2.72  
 

0.00124  0.00123  -0.22  2.64  

GLS 0.00143  0.00158  -0.19  3.44    0.00126  0.00134  -0.28  2.78  
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Table 5.21 Rejection frequency of all tests in calendar-time approach-Value-weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are value weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of 

return of three-month Treasury bill. 250 samples of 200 firms are randomly selected. Conventional ordinary least squares and three approaches correcting 

heteroskedasticity including weighted least squares (WLS), sandwich variance estimators (1980) combing OLS and WLS, and generalized least squares 

(GLS), are applied in both models over three investment horizons. Both one-tail and two-tailed tests are examined at a significance level of 5%. The overall 

rejection rates among 250 samples are accumulated to compute the rejection frequency. If the model is well specified, this figure is expected to be the same as 

the significance level. Moreover, symmetrical rejection rates for both sides are expected.  

        5% 
Mean Alpha 

Holding period Model Technique   α=0 α<0 α>0 

One year 

Three-factor model 

OLS 
Original test 10.4 10.0 5.6 -0.0004497 

sandwich variance estimators 10.4 10.0 5.2 -0.0004497 

WLS 
Original test 8.8 9.6 6.8 -0.0006334 

sandwich variance estimators 8.0 8.4 6.4 -0.0006334 

GLS Original test 10.4 10.4 6.8 -0.0005352 

Four-factor model 

OLS 
Original test 7.2 5.6 8.8 0.0008357 

sandwich variance estimators 6.0 5.2 6.0 0.0008357 

WLS 
Original test 8.0 4.0 8.4 0.0008586 

sandwich variance estimators 7.2 3.2 6.8 0.0008586 

GLS Original test 7.2 3.6 8.4 0.0008721 
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Table 5.21 continued 

        5% 
Mean Alpha 

Holding period Model Technique   α=0 α<0 α>0 

Three years 

Three-factor model 

OLS 
Original test 4.8  4.0  4.8  0.0002991 

sandwich variance estimators 4.8  4.4  4.4  0.0002991 

WLS 
Original test 6.8  5.2  7.6  0.0000429 

sandwich variance estimators 6.0  4.0  6.4  0.0000429 

GLS Original test 4.8  4.4  6.8  0.000061 

Four-factor model 

OLS 
Original test 4.8  2.0  12.4  0.0016313 

sandwich variance estimators 4.4  1.2  10.4  0.0016313 

WLS 
Original test 8.4  0.4  10.8  0.0016109 

sandwich variance estimators 7.2  0.4  10.8  0.0016109 

GLS Original test 6.8  0.4  10.4  0.0016232 

Five years 

Three-factor model 

OLS 
Original test 5.6  6.0  6.8  0.0000106 

sandwich variance estimators 5.6  6.0  5.6  0.0000106 

WLS 
Original test 5.2  5.6  5.2  -0.0000495 

sandwich variance estimators 5.2  4.4  5.2  -0.0000495 

GLS Original test 4.0  6.4  5.2  -0.0000113 

Four-factor model 

OLS 
Original test 3.6  0.8  7.6  0.001376 

sandwich variance estimators 3.2  0.4  7.2  0.001376 

WLS 
Original test 5.2  0.8  11.6  0.0013931 

sandwich variance estimators 3.2  0.8  9.2  0.0013931 

GLS Original test 4.4  0.4  10.4  0.0014268 
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Table 5.22 Power of test-Value-weighted portfolios (two-tailed test) 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are value weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is the study period (12-. 36- and 60 months). The independent variables 

such as size factor (    ), book-to-market ratio factor (    ), market risk premium (     , and momentum factors (    ) are obtained from the website 

of Exeter University based on studies done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of return of three-month Treasury bill. 

Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out. 200 event months are randomly 

selected with replacement firstly and then 200 firms are randomly selected based on event months. The process is repeated 250 times to achieve 250 samples 

of 200 firms. Three techniques including conventional ordinary least squares, weighted least squares which considers different number of firms in each 

calendar month and generalized least squares which is an alternative to correct heteroskedasticity, are applied in both models over three investment horizons. 

The two-tailed tests are examined at significance level of 5%. The overall rejection rates among 250 samples are accumulated to compute the rejection 

frequency. If the model is well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides 

are expected. Abnormal returns in the range of -20% to 20% at an interval of 5% are introduced to individual stocks in order to test the power of test.   

    Induced abnormal returns  

    -20% -15% -10% -5% 0% 5% 10% 15% 20% 

  
Panel A: one year 

Three-factor model 

OLS 94.8 80.8 51.2 22.8 10.4 16.0 46.8 77.2 92.4 

WLS 97.6 85.6 59.2 30.0 8.8 21.6 51.6 82.8 96.0 

GLS 96.8 85.2 59.2 26.4 10.4 20.4 50.8 81.6 95.2 

Four-factor model 

OLS 92.4 71.2 41.6 16.0 7.2 18.8 53.2 82.8 94.4 

WLS 94.8 78.4 45.6 17.6 8.0 24.8 63.6 88.0 97.2 

GLS 94.4 78.0 44.4 18.8 7.2 24.0 61.6 86.4 97.6 
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Table 5.22 continued 

  
Induced abnormal returns  

  
-20% -15% -10% -5% 0% 5% 10% 15% 20% 

  
Panel B: three years 

Three-factor model 

OLS 36.8 22.8 13.2 5.2 4.8 6.4 16.0 31.6 49.6 

WLS 47.2 28.8 15.2 7.6 6.8 9.2 17.6 36.8 53.2 

GLS 46.8 29.2 15.6 7.6 8.4 10.0 17.6 35.6 52.8 

Four-factor model 

OLS 19.6 10.0 4.8 4.0 4.8 14.0 27.2 42.0 56.4 

WLS 24.0 11.2 5.6 4.4 4.8 13.6 32.8 51.6 70.8 

GLS 23.2 10.8 5.2 4.0 6.8 14.8 30.4 51.6 70.4 

  
Panel C: five years 

Three-factor model 

OLS 20.0 16.4 9.6 7.2 5.6 7.6 8.4 13.6 20.8 

WLS 28.4 16.4 10.8 6.8 5.2 6.4 11.6 18.8 30.4 

GLS 24.0 14.4 9.6 7.2 4.0 6.4 10.8 17.6 28.4 

Four-factor model 

OLS 8.4 4.4 2.8 3.6 3.6 8.0 14.8 24.0 36.8 

WLS 8.0 4.0 2.8 2.8 5.2 12.0 20.8 36.4 49.6 

GLS 7.6 4.0 2.0 3.2 4.4 10.4 18.0 32.0 46.4 
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Table 5.23 Mean intercepts in power of test-Value-weighted portfolios  

This table reports mean intercepts in power of test based on two-tailed test under value weights. The intercepts are derived from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are value weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is the study period (12-. 36- and 60 months). The independent variables 

such as size factor (    ), book-to-market ratio factor (    ), market risk premium (     , and momentum factors (    ) are obtained from the website 

of Exeter University based on studies done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of return of three-month Treasury bill. 

Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out. 200 event months are randomly 

selected with replacement firstly and then 200 firms are randomly selected based on event months. The process is repeated 250 times to achieve 250 samples 

of 200 firms. Three techniques including conventional ordinary least squares, weighted least squares which considers different number of firms in each 

calendar month and generalized least squares which is an alternative to correct heteroskedasticity, are applied in both models over three investment horizons. 

The two-tailed tests are examined at significance level of 5%. The overall rejection rates among 250 samples are accumulated to compute the rejection 

frequency. If the model is well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides 

are expected. Abnormal returns in the range of -20% to 20% at an interval of 5% are introduced to individual stocks in order to test the power of test.  

  
Induced abnormal returns  

  
-20% -15% -10% -5% 0% 5% 10% 15% 20% 

  
Panel A: one year 

Three-factor model OLS -0.01712  -0.01295  -0.00878  -0.00462  -0.00045  0.00372  0.00788  0.01205  0.01622  

 
WLS -0.01730  -0.01313  -0.00897  -0.00480  -0.00063  0.00353  0.00770  0.01187  0.01603  

 
GLS -0.01720  -0.01304  -0.00887  -0.00470  -0.00054  0.00363  0.00780  0.01196  0.01613  

Four-factor model OLS -0.01583  -0.01166  -0.00750  -0.00333  0.00084  0.00500  0.00917  0.01334  0.01750  

 
WLS -0.01581  -0.01164  -0.00747  -0.00331  0.00086  0.00503  0.00919  0.01336  0.01753  

  GLS -0.01579  -0.01163  -0.00746  -0.00329  0.00087  0.00504  0.00921  0.01337  0.01754  
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Table 5.23 continued 

  
Induced abnormal returns  

  
-20% -15% -10% -5% 0% 5% 10% 15% 20% 

  
Panel B: three years 

Three-factor model OLS -0.00526  -0.00387  -0.00248  -0.00109  0.00030  0.00169  0.00308  0.00447  0.00585  

 
WLS -0.00551  -0.00412  -0.00273  -0.00135  0.00004  0.00143  0.00282  0.00421  0.00560  

 
GLS -0.00549  -0.00411  -0.00272  -0.00133  0.00006  0.00145  0.00284  0.00423  0.00562  

Four-factor model OLS -0.00392  -0.00254  -0.00115  0.00024  0.00163  0.00302  0.00441  0.00580  0.00719  

 
WLS -0.00394  -0.00256  -0.00117  0.00022  0.00161  0.00300  0.00439  0.00578  0.00717  

  GLS -0.00393  -0.00254  -0.00115  0.00023  0.00162  0.00301  0.00440  0.00579  0.00718  

  
Panel C: five years 

Three-factor model OLS -0.00332  -0.00249  -0.00166  -0.00082  0.00001  0.00084  0.00168  0.00251  0.00334  

 
WLS -0.00338  -0.00255  -0.00172  -0.00088  -0.00005  0.00078  0.00162  0.00245  0.00328  

 
GLS -0.00334  -0.00251  -0.00168  -0.00084  -0.00001  0.00082  0.00166  0.00249  0.00332  

Four-factor model OLS -0.00196  -0.00112  -0.00029  0.00054  0.00138  0.00221  0.00304  0.00388  0.00471  

 
WLS -0.00194  -0.00111  -0.00027  0.00056  0.00139  0.00223  0.00306  0.00389  0.00473  

  GLS -0.00191  -0.00107  -0.00024  0.00059  0.00143  0.00226  0.00309  0.00393  0.00476  
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Table 5.24 Power of test-Value-weighted portfolios (one-tailed test) 

This table reports percentages of rejection rates on one-tailed test. The alternative hypotheses are positive intercept when positive abnormal returns are 

induced and negative intercept when negative abnormal returns are induced. The intercepts are derived from regression based on Fama-French three-factor 

model and Carhart four-factor model when portfolio returns are equally weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is the study period (12-. 36- and 60 months). The independent variables 

such as size factor (    ), book-to-market ratio factor (    ), market risk premium (     , and momentum factors (    ) are obtained from the website 

of Exeter University based on studies done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of return of three-month Treasury bill. 

Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out. 200 event months are randomly 

selected with replacement firstly and then 200 firms are randomly selected based on event months. The process is repeated 250 times to achieve 250 samples 

of 200 firms. Three techniques including conventional ordinary least squares, weighted least squares which considers different number of firms in each 

calendar month and generalized least squares which is an alternative to correct heteroskedasticity, are applied in both models over three investment horizons. 

The two-tailed tests are examined at significance level of 5%. The overall rejection rates among 250 samples are accumulated to compute the rejection 

frequency. If the model is well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides 

are expected. Abnormal returns in the range of -20% to 20% at an interval of 5% are introduced to individual stocks in order to test the power of test.   

  
-20% -15% -10% -5% 0% 5% 10% 15% 20% 

    α<0 α<0 α>0 α>0 

  
Panel A: one year 

Three-factor model OLS 98.4  87.2  62.0  33.6  10.0  5.6  25.2  56.8  85.2  94.8  

 
WLS 99.2  90.8  68.8  37.6  9.6  6.8  28.8  61.2  87.2  96.8  

 
GLS 98.4  90.0  70.0  34.8  10.4  6.8  28.4  61.2  87.2  96.8  

Four-factor model OLS 95.6  80.8  51.6  22.8  5.6  8.8  30.4  66.4  86.4  96.4  

 
WLS 96.8  86.4  57.6  22.0  4.0  8.4  36.0  71.6  90.8  98.8  

  GLS 96.8  84.8  54.4  20.8  3.6  8.4  33.6  70.8  90.4  98.0  
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Table 5.24 continued 

  
-20% -15% -10% -5% 0% 5% 10% 15% 20% 

  
α<0 α<0 α>0 α>0 

  
Panel B: three years 

Three-factor model OLS 49.2  32.4  19.2  10.0  4.0  4.8  12.4  27.6  44.0  61.6  

 
WLS 58.8  39.2  23.6  13.2  5.2  7.6  13.2  27.2  48.0  64.0  

 
GLS 58.8  37.6  22.8  12.4  0.4  10.8  13.2  26.0  46.8  64.4  

Four-factor model OLS 31.2  16.0  8.0  4.0  2.0  12.4  22.4  38.0  54.0  71.6  

 
WLS 37.2  18.4  7.2  3.6  4.4  6.8  26.0  46.0  64.8  76.0  

  GLS 37.6  17.6  7.6  3.2  0.4  10.4  24.4  45.2  64.8  78.4  

  
Panel C: five years 

Three-factor model OLS 29.6  20.4  16.8  11.2  6.0  6.8  8.8  13.6  20.8  35.6  

 
WLS 36.8  27.2  16.4  11.2  5.6  5.2  10.4  18.4  30.4  42.8  

 
GLS 33.6  23.2  15.6  10.4  6.4  5.2  10.0  16.8  28.0  42.0  

Four-factor model OLS 15.6  10.4  5.2  1.6  0.8  7.6  16.0  25.6  38.8  51.6  

 
WLS 15.6  8.4  4.0  2.8  0.8  11.6  20.4  36.0  49.2  62.4  

  GLS 13.2  8.0  4.4  1.6  0.4  10.4  18.8  33.2  45.6  62.4  
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Table 5.25 Rejection frequency of intercept tests from three-factor model by size 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which 

also means zero abnormal return, from regression based on Fama-French three-factor model 

when portfolio returns are value weighted.  

                                            

Portfolio returns in calendar months from October 1982 to September 2008 are dependent 

variables. A firm including in the portfolio in a calendar month is required to experience an 

event in the last n month prior to the calendar month. N is denoted as the study period which 

is 12-. 36- and 60 months. The independent variables such as size factor(     ), 

book-to-market ratio factor(    ), market risk premium(      are obtained directly from 

website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). 

The risk free rate      is a proxy of return of three-month Treasury bill. Missing returns and 

returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is 

dropped out from the time series. 200 event months are randomly selected with replacement 

firstly and then 200 firms are randomly selected based on event months. The process is 

repeated 250 times to achieve 250 samples of 200 firms. Three techniques including ordinary 

least squares, weighted least squares and generalized least squares are applied in both models 

over three investment horizons. Both one-tail and two-tailed tests are examined at 

significance level of 5%. The overall rejection rates among 250 samples are accumulated to 

compute the rejection frequency. If the model is well specified, this figure is expected to be 

the same as the significance level. Moreover, symmetrical rejection rates for both sides are 

expected. Winsorization process is taken as winsorizing 1% of stock raw returns of each 

sample in each tail. Firm sizes are deciled according to size rank in September each year. Size 

1 has firms with the smallest size whereas size 10 has firms with the largest size. 

  One year Three years Five years 

5% α=0 α<0 α>0 α=0 α<0 α>0 α=0 α<0 α>0 

EW sizes 
         

1 93.2 0.0 96.4 99.6 0.0 100.0 98.8 0.0 99.6 

1* 85.6 0.0 93.2 94.4 0.0 98.0 87.2 0.0 93.2 

2 57.2 0.0 69.6 94.0 0.0 97.6 96.4 0.0 97.6 

3 15.2 0.4 26.4 40.8 0.0 57.6 54.0 0.0 68.4 

4 4.4 1.6 10.0 17.2 0.0 24.8 20.8 0.0 40.0 

5 4.0 3.6 6.0 6.4 2.0 10.8 12.8 0.0 22.8 

6 4.8 4.8 4.8 4.4 2.0 6.4 10.0 0.0 16.8 

7 9.2 12.8 2.4 5.2 6.8 2.8 2.4 2.4 2.8 

8 8.0 14.4 2.4 2.8 4.0 2.8 3.2 6.0 1.6 

9 5.6 8.8 2.0 4.4 7.6 2.8 1.6 3.6 2.8 

10 6.4 8.0 2.8 3.6 4.4 3.6 2.8 4.8 1.2 

10* 5.6 6.4 4.0 4.4 6.0 2.8 3.6 6.4 2.4 

1*winsorized size 1 with the smallest market cap 

10*winsorized size 10 with the largest market cap 
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Table 5.25 continued 

 
One year Three years Five years 

VW sizes α=0 α<0 α>0 α=0 α<0 α>0 α=0 α<0 α>0 

1 80.4 0.0 92.4 98.4 0.0 100.0 94.8 0.0 98.4 

1* 73.2 0.0 84.4 92.0 0.0 95.6 76.0 0.0 89.6 

2 52.8 0.0 68.0 93.2 0.0 97.2 95.2 0.0 98.0 

3 15.2 0.4 24.4 38.0 0.0 52.0 50.4 0.0 67.2 

4 3.2 2.0 7.2 14.4 0.4 23.6 19.6 0.0 32.4 

5 4.8 3.6 7.2 5.2 2.8 8.0 10.4 0.0 17.6 

6 5.6 4.8 5.2 4.0 2.4 4.0 6.0 0.4 14.8 

7 7.6 13.2 2.8 2.8 4.8 3.6 2.8 4.4 2.8 

8 8.0 15.2 2.4 3.6 5.6 2.0 4.4 6.8 0.4 

9 6.0 9.2 2.4 5.2 8.0 3.2 1.6 3.2 3.2 

10 8.4 7.6 6.8 3.6 2.8 4.4 6.0 5.2 6.4 

10* 7.6 7.6 4.8 6.4 5.6 6.0 7.2 4.8 8.0 

1*winsorized size 1 with the smallest market cap 

10*winsorized size 10 with the largest market cap 
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Table 5.26 Rejection frequency of intercept tests from four-factor model by size 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which 

also means zero abnormal return, from regression based on Fama-French four-factor model 

when portfolio returns are value weighted.  

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent 

variables. A firm including in the portfolio in a calendar month is required to experience an 

event in the last n month prior to the calendar month. N is denoted as the study period which 

is 12-. 36- and 60 months. The independent variables such as size factor(     ), 

book-to-market ratio factor(     ), market risk premium(      , and momentum 

factors(    ) are obtained directly from website of Exeter University based on the work 

done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of return of 

three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If 

there is no firm in a calendar month, the month is dropped out from the time series. 200 event 

months are randomly selected with replacement firstly and then 200 firms are randomly 

selected based on event months. The process is repeated 250 times to achieve 250 samples of 

200 firms. Three techniques including ordinary least squares, weighted least squares and 

generalized least squares are applied in both models over three investment horizons. Both 

one-tail and two-tailed tests are examined at significance level of 5%. The overall rejection 

rates among 250 samples are accumulated to compute the rejection frequency. If the model is 

well specified, this figure is expected to be the same as the significance level. Moreover, 

symmetrical rejection rates for both sides are expected. Winsorization process is taken as 

winsorizing 1% of stock raw returns of each sample in each tail. Firm sizes are deciled 

according to size rank in September each year. Size 1 has firms with the smallest size whereas 

size 10 has firms with the largest size.  

  One year Three years Five years 

5% α=0 α<0 α>0 α=0 α<0 α>0 α=0 α<0 α>0 

EW sizes 
         

1 81.2 0.0 90.8 94.8 0.0 98.8 91.6 0.0 98.0 

1* 70.0 0.0 82.8 87.6 0.0 92.0 66.8 0.0 79.2 

2 48.0 0.0 59.6 86.4 0.0 92.4 93.2 0.0 96.0 

3 14.8 0.4 22.8 34.4 0.0 45.6 41.6 0.0 57.2 

4 3.6 2.0 6.4 16.4 0.0 24.4 24.8 0.0 39.6 

5 6.8 2.0 10.0 10.0 0.8 14.0 17.6 0.0 28.8 

6 6.0 3.2 7.6 5.6 0.8 11.2 16.0 0.0 24.0 

7 8.4 10.4 3.2 3.2 2.4 6.0 4.4 1.6 8.0 

8 3.6 7.2 2.8 5.6 2.8 6.8 6.0 0.0 11.6 

9 4.4 2.0 9.6 8.8 2.4 15.6 10.0 0.0 20.8 

10 9.2 0.8 12.0 13.2 0.0 24.0 18.0 0.0 29.2 

10* 10.0 2.0 15.2 14.4 0.8 24.0 14.0 0.4 25.6 

1*winsorized size 1 with the smallest market cap 

10*winsorized size 10 with the largest market cap 
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Table 5.26 continued 

  One year Three years Five years 

5% α=0 α<0 α>0 α=0 α<0 α>0 α=0 α<0 α>0 

VW sizes 
         

1 70.4 0.0 79.2 88.4 0.0 95.6 82.0 0.0 90.4 

1* 54.4 0.0 69.6 79.6 0.0 86.8 50.0 0.0 66.8 

2 44.8 0.0 58.8 85.2 0.0 92.4 91.2 0.0 96.0 

3 13.6 0.4 22.8 29.2 0.0 42.0 39.2 0.0 53.6 

4 2.8 2.8 4.4 13.6 0.4 22.4 22.4 0.0 33.2 

5 6.8 1.6 10.4 10.0 1.6 13.2 12.4 0.0 20.8 

6 5.6 4.0 7.2 3.6 1.2 9.6 12.4 0.0 21.6 

7 6.4 9.6 4.0 4.4 2.0 6.8 4.0 2.4 7.2 

8 3.2 6.0 2.8 5.6 2.8 6.8 4.4 1.2 10.4 

9 5.6 2.0 8.8 10.0 1.2 15.6 11.6 0.0 24.8 

10 8.8 0.8 13.2 9.6 0.0 14.8 14.0 0.0 25.2 

10* 7.6 2.0 12.8 11.6 0.0 19.2 13.2 1.2 23.6 

1*winsorized size 1 with the smallest market cap 

10*winsorized size 10 with the largest market cap 
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Table 5.27 Rejection frequency of intercept tests for small firms-Equally weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are equally weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is return of 

three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from 

the time series. Three techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models over three 

investment horizons. Ten size deciles are grouped according to their market value in September of each year. Small firms are those in size decile 1 which has 

the smallest market value. 250 samples of 100 events are randomly selected from small firms with replacement. Both one-tail and two-tailed tests are 

examined at significance level of 1%, 5% and 10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection 

frequency. If the model is well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides 

are expected. 

Significance level 1% 5% 10% 1% 5% 10% 

Null hypothesis α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

Models Techniques Panel A: One year 

Three-factor model OLS 70.8 92.4 96.4 0.0 80.4 0.0 96.4 0.0 99.6 

 
WLS 82.8 95.6 98.4 0.0 88.4 0.0 98.4 0.0 99.2 

 
GLS 80.4 95.2 97.6 0.0 88.0 0.0 97.6 0.0 99.2 

Four-factor model OLS 51.2 82.8 89.2 0.0 64.8 0.0 89.2 0.0 97.2 

 
WLS 58.8 91.6 96.8 0.0 76.4 0.0 96.8 0.0 98.8 

  GLS 53.2 89.6 95.6 0.0 72.4 0.0 95.6 0.0 98.8 
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Table 5.27 continued 

 
1% 5% 10% 1% 5% 10% 

  
α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

  
Panel B: Three years 

Three-factor model OLS 94.4 99.6 100.0 0.0 97.6 0.0 100.0 0.0 100.0 

 
WLS 95.6 100.0 100.0 0.0 98.8 0.0 100.0 0.0 100.0 

 
GLS 89.6 99.2 100.0 0.0 94.4 0.0 100.0 0.0 100.0 

Four-factor model OLS 81.2 97.2 99.6 0.0 92.4 0.0 99.6 0.0 100.0 

 
WLS 96.0 100.0 100.0 0.0 98.4 0.0 100.0 0.0 100.0 

  GLS 90.4 99.2 100.0 0.0 94.8 0.0 100.0 0.0 100.0 

  
Panel C: Five years 

Three-factor model OLS 84.0 97.6 99.2 0.0 90.4 0.0 99.2 0.0 100.0 

 
WLS 98.0 100.0 100.0 0.0 100.0 0.0 100.0 0.0 100.0 

 
GLS 97.6 100.0 100.0 0.0 100.0 0.0 100.0 0.0 100.0 

Four-factor model OLS 68.4 89.6 94.8 0.0 76.4 0.0 94.8 0.0 99.6 

 
WLS 91.6 100.0 100.0 0.0 96.8 0.0 100.0 0.0 100.0 

  GLS 89.2 100.0 100.0 0.0 96.0 0.0 100.0 0.0 100.0 
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Table 5.28 Coefficients and R-squared from three-factor model for small firms-Equally weighted portfolios 

This table reports coefficients from regression based on Fama-French three-factor model to test the null hypothesis of zero abnormal return which is 

represented by   when portfolio returns are equally weighted.  

                                            

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), and market risk premium(      are obtained directly from website of 

Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of return of three-month Treasury bill. 

Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from the time series. Three 

techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models over three investment horizons. 

Ten size deciles are grouped according to their market value in September of each year. Small firms are those in size decile 1 which has the smallest market 

value. 250 samples of 100 events are randomly selected from small firms with replacement. Both one-tail and two-tailed tests are examined at significance 

level of 1%, 5% and 10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection frequency. If the model is 

well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides are expected. 

    One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

Three-factor model 
 

Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

OLS α 0.0226  0.0214  2.6325  2.6302  0.0175  0.0165  3.3386  3.3221  0.0134  0.0134  3.0673  3.1154  

 
β_rp 0.6437  0.6645  3.6617  3.6959  0.6612  0.6664  5.9297  6.1425  0.6909  0.7017  7.2777  7.4285  

 
β_smb 1.0502  0.9920  4.1761  4.2013  0.9887  0.9497  6.4654  6.5366  0.8742  0.8616  6.8535  6.9595  

 
β_hml -0.2995  -0.2006  -1.2123  -1.0026  -0.3070  -0.2773  -2.2801  -2.3036  -0.2163  -0.1972  -1.9633  -1.8369  

 
   0.1078  0.1069  

  
0.2164  0.2183  

  
0.2553  0.2597  

  
         0.0990  0.0982      0.2087  0.2106      0.2480  0.2524      
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Table 5.28 continued 

  
One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

WLS α 0.0216  0.0205  2.8450  2.8396  0.0166  0.0159  3.5861  3.5494  0.0129  0.0127  3.6156  3.6187  

 
β_rp 0.6259  0.6367  3.9476  3.9569  0.6175  0.6312  6.2918  6.5827  0.6409  0.6523  8.3650  8.4816  

 
β_smb 1.0433  0.9969  4.6127  4.6868  0.9920  0.9532  7.3931  7.4667  0.8953  0.8829  8.8994  8.9348  

 
β_hml -0.2963  -0.2165  -1.3164  -1.1576  -0.3277  -0.2892  -2.7589  -2.7577  -0.2451  -0.2249  -2.8397  -2.7384  

 
   0.1235  0.1222  

  
0.2548  0.2621  

  
0.3413  0.3426  

  
         0.1148  0.1136      0.2475  0.2548      0.3348  0.3361      

GLS α 0.0217  0.0203  2.7805  2.7813  0.0169  0.0161  3.5801  3.5374  0.0131  0.0131  3.5679  3.5759  

 
β_rp 0.6279  0.6402  3.8724  3.9353  0.6246  0.6389  6.2465  6.5256  0.6499  0.6590  8.1993  8.3254  

 
β_smb 1.0440  0.9937  4.4993  4.6168  0.9944  0.9535  7.2639  7.3198  0.8931  0.8816  8.5378  8.5917  

 
β_hml -0.2958  -0.2072  -1.2836  -1.1300  -0.3257  -0.2853  -2.6882  -2.6782  -0.2420  -0.2251  -2.6894  -2.6309  

 
   0.1187  0.1201  

  
0.2490  0.2548  

  
0.3266  0.3312  

  
         0.1100  0.1113      0.2416  0.2473      0.3200  0.3246      
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Table 5.29 Coefficients and R-squared from four-factor model for small firms-Equally weighted portfolios 

This table reports coefficients from regression based on Carhart four-factor model to test the null hypothesis of zero abnormal return which is represented 

by   when portfolio returns are equally weighted.  

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), and market risk premium(      and momentum factors(    )are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of 

return of three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped 

out from the time series. Three techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models 

over three investment horizons. Ten size deciles are grouped according to their market value in September of each year. Small firms are those in size decile 1 

which has the smallest market value. 250 samples of 100 events are randomly selected from small firms with replacement. Both one-tail and two-tailed tests 

are examined at significance level of 1%, 5% and 10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection 

frequency. If the model is well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides 

are expected. 

    One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

OLS α 0.0245  0.0226  2.6031  2.6146  0.0183  0.0174  3.2207  3.1771  0.0142  0.0139  2.9607  2.9747  

 
β_rp 0.6424  0.6869  3.5689  3.7335  0.6507  0.6773  5.7813  6.1542  0.6917  0.7022  7.0785  7.4067  

 
β_smb 1.0348  0.9622  3.9278  3.9735  1.0206  0.9604  6.3776  6.4268  0.9034  0.8870  6.8335  6.9202  

 
β_hml -0.2721  -0.1396  -0.8367  -0.6155  -0.2770  -0.2233  -1.6253  -1.6139  -0.1739  -0.1411  -1.2812  -1.1841  

 
β_umd 0.1439  0.1642  0.6468  0.6878  0.1467  0.1502  0.9753  1.0266  0.1337  0.1341  1.0481  1.0116  

 
   0.1075  0.1040  

  
0.2181  0.2246  

  
0.2560  0.2640  

  
         0.0957  0.0922      0.2078  0.2144      0.2462  0.2542      
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Table 5.29 continued 

  One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

WLS α 0.0234  0.0211  2.7988  2.7314  0.0175  0.0167  3.4727  3.4540  0.0136  0.0133  3.5627  3.5775  

 
β_rp 0.6189  0.6526  3.8105  3.9562  0.6045  0.6380  6.0984  6.4986  0.6339  0.6483  8.1002  8.3805  

 
β_smb 1.0267  0.9506  4.3164  4.3343  1.0309  0.9622  7.3195  7.3616  0.9335  0.9144  9.0428  9.1517  

 
β_hml -0.2823  -0.1681  -0.9707  -0.7805  -0.3185  -0.2696  -2.1223  -2.1138  -0.2345  -0.2107  -2.2274  -2.1559  

 
β_umd 0.1315  0.1589  0.6360  0.7155  0.1096  0.1059  0.8267  0.7485  0.0879  0.0957  0.8571  0.8937  

 
   0.1210  0.1162  

  
0.2567  0.2633  

  
0.3466  0.3535  

  
         0.1094  0.1046      0.2469  0.2536      0.3380  0.3450      

GLS α 0.0236  0.0216  2.7405  2.6671  0.0178  0.0170  3.4497  3.4295  0.0138  0.0135  3.4950  3.5349  

 
β_rp 0.6242  0.6564  3.7665  3.9145  0.6112  0.6437  6.0568  6.4955  0.6439  0.6582  7.9458  8.2494  

 
β_smb 1.0260  0.9548  4.2174  4.2557  1.0321  0.9618  7.1752  7.2248  0.9304  0.9115  8.6446  8.6857  

 
β_hml -0.2763  -0.1662  -0.9255  -0.7545  -0.3128  -0.2562  -2.0331  -2.0027  -0.2266  -0.2015  -2.0593  -1.9908  

 
β_umd 0.1369  0.1661  0.6557  0.7076  0.1182  0.1146  0.8721  0.8169  0.0961  0.1040  0.8946  0.9650  

 
   0.1170  0.1116  

  
0.2503  0.2602  

  
0.3307  0.3363  

  
         0.1054  0.0998      0.2404  0.2504      0.3218  0.3276      

 

 

 

 

 

 

 

 



295 
 

Table 5.30 Rejection frequency of intercept tests for small firms-Value weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are value weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is return of 

three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from 

the time series. Three techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models over three 

investment horizons. Ten size deciles are grouped according to their market value in September of each year. Small firms are those in size decile 1 which has 

the smallest market value. 250 samples of 100 events are randomly selected from small firms with replacement. Both one-tail and two-tailed tests are 

examined at significance level of 1%, 5% and 10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection 

frequency. If the model is well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides 

are expected. 

Significance level   1% 5% 10% 1% 5% 10% 

Null hypothesis 
 

α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

Models Techniques Panel A: One year 

Three-factor model OLS 51.2 84.4 90.4 0.0 66.8 0.0 90.4 0.0 96.4 

 
WLS 66.0 88.4 93.6 0.0 78.0 0.0 93.6 0.0 98.4 

 
GLS 62.0 88.0 94.0 0.0 74.8 0.0 94.0 0.0 97.6 

Four-factor model OLS 36.0 70.0 81.2 0.0 48.0 0.0 81.2 0.0 91.2 

 
WLS 43.2 75.6 88.4 0.0 58.8 0.0 88.4 0.0 95.2 

  GLS 41.6 73.2 87.2 0.0 56.0 0.0 87.2 0.0 94.4 
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Table 5.30 continued 

 
  1% 5% 10% 1% 5% 10% 

  
α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

  
Panel B: Three years 

Three-factor model OLS 86.8 98.4 99.6 0.0 92.4 0.0 99.6 0.0 100.0 

 
WLS 93.2 99.2 100.0 0.0 96.0 0.0 100.0 0.0 100.0 

 
GLS 75.6 96.0 98.8 0.0 84.8 0.0 98.8 0.0 99.2 

Four-factor model OLS 63.6 91.2 97.2 0.0 78.0 0.0 97.2 0.0 99.2 

 
WLS 94.0 99.6 100.0 0.0 96.8 0.0 100.0 0.0 100.0 

  GLS 76.8 95.6 98.8 0.0 89.6 0.0 98.8 0.0 99.2 

  
Panel C: Five years 

Three-factor model OLS 74.0 90.8 97.2 0.0 82.0 0.0 97.2 0.0 99.2 

 
WLS 94.4 100.0 100.0 0.0 99.2 0.0 100.0 0.0 100.0 

 
GLS 93.2 99.6 100.0 0.0 99.2 0.0 100.0 0.0 100.0 

Four-factor model OLS 50.8 80.4 87.6 0.0 62.8 0.0 87.6 0.0 96.8 

 
WLS 80.0 98.0 100.0 0.0 86.4 0.0 100.0 0.0 100.0 

  GLS 76.8 97.2 100.0 0.0 86.0 0.0 100.0 0.0 100.0 
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Table 5.31 Coefficients and R-squared from three-factor model for small firms-Value weighted portfolios 

This table reports coefficients from regression based on Fama-French three-factor model to test the null hypothesis of zero abnormal return which is 

represented by   when portfolio returns are value weighted.  

                                            

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), and market risk premium(      are obtained directly from website of 

Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of return of three-month Treasury bill. 

Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from the time series. Three 

techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models over three investment horizons. 

Ten size deciles are grouped according to their market value in September of each year. Small firms are those in size decile 1 which has the smallest market 

value. 250 samples of 100 events are randomly selected from small firms with replacement. Both one-tail and two-tailed tests are examined at significance 

level of 1%, 5% and 10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection frequency. If the model is 

well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides are expected. 

    One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

OLS α 0.0226  0.0214  2.6325  2.6302  0.0175  0.0165  3.3386  3.3221  0.0134  0.0134  3.0673  3.1154  

 
β_rp 0.6437  0.6645  3.6617  3.6959  0.6612  0.6664  5.9297  6.1425  0.6909  0.7017  7.2777  7.4285  

 
β_smb 1.0502  0.9920  4.1761  4.2013  0.9887  0.9497  6.4654  6.5366  0.8742  0.8616  6.8535  6.9595  

 
β_hml -0.2995  -0.2006  -1.2123  -1.0026  -0.3070  -0.2773  -2.2801  -2.3036  -0.2163  -0.1972  -1.9633  -1.8369  

 
   0.1078  0.1069  

  
0.2164  0.2183  

  
0.2553  0.2597  

  
         0.0990  0.0982      0.2087  0.2106      0.2480  0.2524      
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Table 5.31 continued 

  
One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

WLS α 0.0216  0.0205  2.8450  2.8396  0.0166  0.0159  3.5861  3.5494  0.0129  0.0127  3.6156  3.6187  

 
β_rp 0.6259  0.6367  3.9476  3.9569  0.6175  0.6312  6.2918  6.5827  0.6409  0.6523  8.3650  8.4816  

 
β_smb 1.0433  0.9969  4.6127  4.6868  0.9920  0.9532  7.3931  7.4667  0.8953  0.8829  8.8994  8.9348  

 
β_hml -0.2963  -0.2165  -1.3164  -1.1576  -0.3277  -0.2892  -2.7589  -2.7577  -0.2451  -0.2249  -2.8397  -2.7384  

 
   0.1235  0.1222  

  
0.2548  0.2621  

  
0.3413  0.3426  

  
         0.1148  0.1136      0.2475  0.2548      0.3348  0.3361      

GLS α 0.0217  0.0203  2.7805  2.7813  0.0169  0.0161  3.5801  3.5374  0.0131  0.0131  3.5679  3.5759  

 
β_rp 0.6279  0.6402  3.8724  3.9353  0.6246  0.6389  6.2465  6.5256  0.6499  0.6590  8.1993  8.3254  

 
β_smb 1.0440  0.9937  4.4993  4.6168  0.9944  0.9535  7.2639  7.3198  0.8931  0.8816  8.5378  8.5917  

 
β_hml -0.2958  -0.2072  -1.2836  -1.1300  -0.3257  -0.2853  -2.6882  -2.6782  -0.2420  -0.2251  -2.6894  -2.6309  

 
   0.1187  0.1201  

  
0.2490  0.2548  

  
0.3266  0.3312  

  
         0.1100  0.1113      0.2416  0.2473      0.3200  0.3246      
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Table 5.32 Coefficients and R-squared from four-factor model for small firms-Value weighted portfolios 

This table reports coefficients from regression based on Carhart four-factor model to test the null hypothesis of zero abnormal return which is represented 

by   when portfolio returns are value weighted.  

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), and market risk premium(      and momentum factors(    )are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of 

return of three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped 

out from the time series. Three techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models 

over three investment horizons. Ten size deciles are grouped according to their market value in September of each year. Small firms are those in size decile 1 

which has the smallest market value. 250 samples of 100 events are randomly selected from small firms with replacement. Both one-tail and two-tailed tests 

are examined at significance level of 1%, 5% and 10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection 

frequency. If the model is well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides 

are expected. 

    One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

OLS α 0.0005  0.0005  0.1283  0.1150  0.0014  0.0012  0.4518  0.4003  0.0012  0.0013  0.4326  0.4711  

 
β_rp 0.9787  0.9866  11.1100  11.1247  0.9780  0.9753  14.8332  14.8613  0.9747  0.9752  16.2764  16.3314  

 
β_smb 0.4556  0.4605  3.8573  3.8289  0.2921  0.3072  3.2782  3.3945  0.2395  0.2415  2.9140  3.1469  

 
β_hml 0.0239  0.0467  0.2225  0.3746  0.0613  0.0634  0.7152  0.7442  0.0741  0.0796  0.9429  0.9720  

 
β_umd -0.1118  -0.1043  -0.9266  -0.9381  -0.1204  -0.1205  -1.3198  -1.3351  -0.1216  -0.1216  -1.4886  -1.4912  

 
   0.3305  0.3319  

  
0.4477  0.4522  

  
0.4890  0.5008  

  
         0.3217  0.3231      0.4405  0.4449      0.4823  0.4943      
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Table 5.32 continued 

  One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

WLS α 0.0006  0.0007  0.1595  0.1868  0.0014  0.0014  0.5129  0.4912  0.0012  0.0012  0.5242  0.5126  

 
β_rp 0.9841  0.9847  12.0679  12.1100  0.9817  0.9805  16.5258  16.4218  0.9754  0.9743  18.9414  18.9236  

 
β_smb 0.4407  0.4468  3.9796  3.9717  0.2830  0.2896  3.5144  3.5133  0.2206  0.2168  3.1806  3.3154  

 
β_hml 0.0102  0.0204  0.1081  0.1913  0.0569  0.0569  0.7292  0.7556  0.0773  0.0742  1.1610  1.1361  

 
β_umd -0.1302  -0.1130  -1.1153  -1.0098  -0.1400  -0.1276  -1.6483  -1.6088  -0.1332  -0.1285  -1.8371  -1.8336  

 
   0.3654  0.3645  

  
0.5014  0.5024  

  
0.5660  0.5702  

  
         0.3570  0.3561      0.4949  0.4959      0.5603  0.5646      

GLS α 0.0006  0.0010  0.1629  0.2257  0.0014  0.0013  0.5039  0.4408  0.0013  0.0013  0.5175  0.5648  

 
β_rp 0.9814  0.9883  11.8563  11.9513  0.9808  0.9799  16.2756  16.2499  0.9752  0.9706  18.3364  18.4494  

 
β_smb 0.4455  0.4423  3.9763  3.9383  0.2852  0.3028  3.4911  3.5987  0.2237  0.2223  3.1096  3.3841  

 
β_hml 0.0126  0.0262  0.1312  0.2341  0.0563  0.0580  0.7123  0.7721  0.0758  0.0759  1.1016  1.1088  

 
β_umd -0.1237  -0.1152  -1.0547  -1.0159  -0.1392  -0.1265  -1.6235  -1.5393  -0.1295  -0.1191  -1.7419  -1.6902  

 
   0.3572  0.3530  

  
0.4935  0.4981  

  
0.5490  0.5520  

  
         0.3488  0.3446      0.4868  0.4914      0.5431  0.5461      
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Table 5.33 Rejection frequency of intercept tests for large firms-Equally weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are equally weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is return of 

three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from 

the time series. Three techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models over three 

investment horizons. Ten size deciles are grouped according to their market value in September of each year. Large firms are those in size decile 10 which has 

the largest market value. 250 samples of 100 events are randomly selected from small firms with replacement. Both one-tail and two-tailed tests are examined 

at significance level of 1%, 5% and 10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection frequency. If 

the model is well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides are expected. 

Significance level 1% 5% 10% 1% 5% 10% 

Null hypothesis α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

Models Techniques Panel A: One year 

Three-factor model OLS 0.8 4.4 10.0 1.2 0.8 8.0 2.0 12.0 6.0 

 
WLS 0.4 4.0 6.8 0.0 0.4 4.8 2.0 9.6 6.4 

 
GLS 0.4 3.2 6.8 0.4 0.4 4.8 2.0 9.2 7.2 

Four-factor model OLS 1.2 6.0 13.2 0.0 2.4 1.6 11.6 4.0 24.0 

 
WLS 1.6 6.8 12.4 0.0 2.0 0.4 12.0 0.8 25.6 

  GLS 1.6 6.8 12.8 0.0 2.0 0.4 12.4 1.2 24.0 
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Table 5.33 continued 

    1% 5% 10% 1% 5% 10% 

  
α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

  
Panel B: Three years 

Three-factor model OLS 0.4 2.8 8.4 0.0 0.4 4.8 3.6 9.6 8.4 

 
WLS 0.0 2.0 6.0 0.0 0.0 4.0 2.0 7.2 6.8 

 
GLS 4.4 16.8 23.2 0.0 8.8 0.0 23.2 0.0 42.0 

Four-factor model OLS 4.0 16.4 29.6 0.0 6.4 0.0 29.6 0.8 43.6 

 
WLS 0.0 1.6 5.6 0.0 0.0 3.6 2.0 6.8 6.4 

  GLS 4.0 16.0 23.6 0.0 8.0 0.0 23.6 0.0 42.0 

  
Panel C: Five years 

Three-factor model OLS 0.0 3.2 7.2 0.4 0.0 4.0 3.2 10.4 6.0 

 
WLS 0.0 1.6 3.2 0.4 0.4 2.0 1.2 8.0 3.6 

 
GLS 0.0 1.2 2.8 0.0 0.4 2.0 0.8 7.2 3.6 

Four-factor model OLS 3.6 18.4 32.0 0.0 7.2 0.4 31.6 1.2 48.4 

 
WLS 2.0 14.0 24.8 0.0 6.4 0.0 24.8 0.0 46.0 

  GLS 1.6 12.8 25.2 0.0 4.8 0.0 25.2 0.0 45.6 
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Table 5.34 Coefficients and R-squared from three-factor model for large firms-Equally weighted portfolios 

This table reports coefficients from regression based on Fama-French three-factor model to test the null hypothesis of zero abnormal return which is 

represented by   when portfolio returns are equally weighted.  

                                            

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), and market risk premium(      are obtained directly from website of 

Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of return of three-month Treasury bill. 

Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from the time series. Three 

techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models over three investment horizons. 

Ten size deciles are grouped according to their market value in September of each year. Large firms are those in size decile 10 which has the largest market 

value. 250 samples of 100 events are randomly selected from small firms with replacement. Both one-tail and two-tailed tests are examined at significance 

level of 1%, 5% and 10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection frequency. If the model is 

well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides are expected. 

 

    One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

OLS α -0.0004  -0.0003  -0.1368  -0.1338  -0.0001  -0.0001  -0.0420  -0.0818  -0.0002  -0.0001  -0.0816  -0.0890  

 
β_rp 1.0613  1.0582  21.6231  21.6127  1.0601  1.0538  30.2943  30.3624  1.0534  1.0518  32.7270  33.2999  

 
β_smb 0.1848  0.1836  2.7466  2.7361  0.1927  0.1914  4.0748  4.1257  0.1963  0.1936  4.4936  4.4737  

 
β_hml 0.0823  0.0941  1.4504  1.6337  0.1364  0.1358  3.3688  3.3001  0.1531  0.1537  4.1112  4.1473  

 
   0.6073  0.6111  

  
0.7499  0.7563  

  
0.7765  0.7890  

  
         0.6035  0.6073      0.7475  0.7539      0.7743  0.7869      
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Table 5.34 continued 

  
One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

WLS α -0.0002  -0.0002  -0.0907  -0.1033  -0.0001  -0.0002  -0.0934  -0.1443  -0.0002  -0.0002  -0.1394  -0.1571  

 
β_rp 1.0604  1.0584  24.1636  24.2258  1.0700  1.0705  35.6013  35.5151  1.0615  1.0616  40.1831  40.3660  

 
β_smb 0.1786  0.1779  2.9471  3.0693  0.1854  0.1830  4.5578  4.5899  0.1782  0.1749  5.0284  4.9838  

 
β_hml 0.0841  0.0889  1.6158  1.7611  0.1460  0.1471  4.2111  4.2062  0.1667  0.1658  5.5364  5.5030  

 
   0.6580  0.6611  

  
0.8070  0.8076  

  
0.8421  0.8440  

  
         0.6547  0.6578      0.8051  0.8057      0.8406  0.8424      

GLS α -0.0002  -0.0003  -0.0742  -0.1364  -0.0001  -0.0002  -0.0840  -0.1369  -0.0002  -0.0001  -0.1137  -0.1201  

 
β_rp 1.0596  1.0576  24.1748  24.3713  1.0685  1.0661  35.2241  35.2404  1.0597  1.0597  39.0030  39.0654  

 
β_smb 0.1786  0.1780  2.9479  3.0665  0.1852  0.1856  4.5067  4.5114  0.1807  0.1784  4.9494  4.8538  

 
β_hml 0.0826  0.0923  1.5813  1.7793  0.1453  0.1462  4.1374  4.1449  0.1639  0.1640  5.2825  5.2835  

 
   0.6579  0.6637  

  
0.8034  0.8053  

  
0.8339  0.8365  

  
         0.6545  0.6604      0.8014  0.8034      0.8323  0.8349      
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Table 5.35 Rejection frequency of intercept tests for large firms-Value weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are equally weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is return of 

three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from 

the time series. Three techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models over three 

investment horizons. Ten size deciles are grouped according to their market value in September of each year. Large firms are those in size decile 10 which has 

the largest market value. 250 samples of 100 events are randomly selected from small firms with replacement. Both one-tail and two-tailed tests are examined 

at significance level of 1%, 5% and 10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection frequency. If 

the model is well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides are expected. 

Significance level 1% 5% 10% 1% 5% 10% 

Null hypothesis α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

Models Techniques Panel A: One year 

Three-factor model OLS 0.8 6.4 12.4 0.8 1.2 6.4 6.0 11.6 9.6 

 
WLS 1.2 8.0 13.2 0.4 2.0 6.8 6.4 8.8 10.4 

 
GLS 0.8 7.6 12.4 0.8 1.6 5.6 6.8 8.4 10.4 

Four-factor model OLS 1.6 8.0 13.2 1.2 3.6 2.0 11.2 4.0 19.2 

 
WLS 2.4 6.8 10.0 0.4 4.4 1.2 8.8 3.2 17.6 

  GLS 2.4 6.4 9.6 0.0 4.8 1.2 8.4 3.6 17.2 
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Table 5.35 continued 

 
1% 5% 10% 1% 5% 10% 

  
α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

  
Panel B: Three years 

Three-factor model OLS 0.0 4.0 9.2 0.0 0.4 5.6 3.6 12.0 10.4 

 
WLS 0.0 3.2 7.6 0.4 0.4 4.0 3.6 10.8 10.8 

 
GLS 1.6 11.6 17.2 0.0 5.2 0.0 17.2 0.4 27.2 

Four-factor model OLS 2.0 7.6 18.0 0.0 4.4 0.4 17.6 0.8 31.2 

 
WLS 0.0 3.6 7.2 0.4 0.0 3.2 4.0 11.2 11.6 

  GLS 1.2 11.6 16.8 0.0 6.0 0.0 16.8 0.4 28.4 

  
Panel C: Five years 

Three-factor model OLS 0.0 3.6 9.6 0.0 1.2 4.4 5.2 9.2 10.0 

 
WLS 0.0 3.2 6.0 0.0 0.4 2.0 4.0 5.6 8.8 

 
GLS 0.0 2.0 5.6 0.0 0.4 1.6 4.0 4.8 9.2 

Four-factor model OLS 2.4 9.6 18.0 0.0 3.6 0.0 18.0 0.4 36.0 

 
WLS 0.8 8.0 16.4 0.0 2.4 0.0 16.4 0.0 34.4 

  GLS 0.8 7.6 14.8 0.0 3.6 0.0 14.8 0.0 36.0 
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Table 5.36 Coefficients and R-squared from three-factor model for large firms-Value weighted portfolios 

This table reports coefficients from regression based on Fama-French three-factor model to test the null hypothesis of zero abnormal return which is 

represented by   when portfolio returns are value weighted.  

                                            

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), and market risk premium(      are obtained directly from website of 

Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of return of three-month Treasury bill. 

Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from the time series. Three 

techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models over three investment horizons. 

Ten size deciles are grouped according to their market value in September of each year. Large firms are those in size decile 10 which has the largest market 

value. 250 samples of 100 events are randomly selected from small firms with replacement. Both one-tail and two-tailed tests are examined at significance 

level of 1%, 5% and 10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection frequency. If the model is 

well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides are expected. 

    One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

OLS α -0.0002  0.0000  -0.0379  -0.0152  0.0000  0.0001  0.0419  0.0487  0.0001  0.0002  0.1027  0.1029  

 
β_rp 1.0045  1.0000  18.4093  18.4239  0.9947  0.9899  24.8008  24.9224  0.9893  0.9837  28.3022  28.4193  

 
β_smb 0.0282  0.0201  0.2839  0.2761  -0.0066  -0.0130  -0.1921  -0.2429  -0.0087  -0.0123  -0.2936  -0.2910  

 
β_hml 0.0537  0.0625  0.8698  0.9736  0.1188  0.1131  2.5509  2.3839  0.1196  0.1148  2.9445  2.9654  

 
   0.5277  0.5315  

  
0.6660  0.6728  

  
0.7190  0.7272  

  
         0.5231  0.5270      0.6627  0.6696      0.7163  0.7246      
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Table 5.36 continued 

  
One year Three years Five years 

  
Coefficients Test statistics Coefficients Test statistics Coefficients Test statistics 

  
Mean Median Mean Median Mean Median Mean Median Mean Median Mean Median 

WLS α 0.0000  0.0000  0.0252  -0.0113  0.0000  0.0000  0.0223  0.0088  0.0000  0.0001  0.0760  0.1005  

 
β_rp 0.9979  0.9925  20.1382  20.2110  1.0002  0.9974  28.5298  28.8111  0.9934  0.9893  35.0890  35.4853  

 
β_smb 0.0131  0.0018  0.1076  0.0274  -0.0183  -0.0244  -0.4602  -0.5045  -0.0218  -0.0213  -0.6895  -0.6174  

 
β_hml 0.0566  0.0636  0.9776  1.1355  0.1264  0.1188  3.1024  3.0602  0.1290  0.1241  3.9672  3.8485  

 
   0.5715  0.5768  

  
0.7255  0.7317  

  
0.7980  0.8055  

  
         0.5673  0.5727      0.7228  0.7290      0.7961  0.8036      

GLS α 0.0000  0.0000  0.0428  -0.0180  0.0000  0.0000  0.0344  0.0178  0.0001  0.0002  0.0931  0.1124  

 
β_rp 0.9972  0.9899  20.0239  20.0916  0.9988  0.9960  28.3128  28.4868  0.9926  0.9880  34.3228  34.5439  

 
β_smb 0.0138  0.0015  0.1201  0.0201  -0.0177  -0.0263  -0.4452  -0.5379  -0.0200  -0.0188  -0.6389  -0.4933  

 
β_hml 0.0549  0.0607  0.9452  1.1072  0.1254  0.1153  3.0453  3.0567  0.1275  0.1226  3.8334  3.7231  

 
   0.5686  0.5748  

  
0.7222  0.7291  

  
0.7907  0.7976  

  
         0.5643  0.5707      0.7194  0.7264      0.7887  0.7956      
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Table 5.37 Rejection frequency of intercept tests from three-factor model by 

book-to-market ratio 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which 

also means zero abnormal return, from regression based on Fama-French three-factor model 

when portfolio returns are value weighted.  

                                            

Portfolio returns in calendar months from October 1982 to September 2008 are dependent 

variables. A firm including in the portfolio in a calendar month is required to experience an 

event in the last n month prior to the calendar month. N is denoted as the study period which 

is 12-. 36- and 60 months. The independent variables such as size factor(     ), 

book-to-market ratio factor(    ), market risk premium(      are obtained directly from 

website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). 

The risk free rate      is a proxy of return of three-month Treasury bill. Missing returns and 

returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is 

dropped out from the time series. 200 event months are randomly selected with replacement 

firstly and then 200 firms are randomly selected based on event months. The process is 

repeated 250 times to achieve 250 samples of 200 firms. Three techniques including ordinary 

least squares, weighted least squares and generalized least squares are applied in both models 

over three investment horizons. Both one-tail and two-tailed tests are examined at 

significance level of 5%. The overall rejection rates among 250 samples are accumulated to 

compute the rejection frequency. If the model is well specified, this figure is expected to be 

the same as the significance level. Moreover, symmetrical rejection rates for both sides are 

expected. Winsorization process is taken as winsorizing 1% of stock raw returns of each 

sample in each tail. Book-to-market ratios (BTM) of firms are deciled according to BTM rank 

in September each year. BTM 1 has firms with the lowest BTM whereas BTM 10 has firms 

with the highest BTM.  

  One year Three years Five years 

5% α=0 α<0 α>0 α=0 α<0 α>0 α=0 α<0 α>0 

EW sizes 
         

1 14.8 21.2 1.2 10.0 14.4 0.0 4.4 7.2 0.8 

1* 42.8 51.6 0.0 42.0 56.4 0.0 30.4 42.0 0.0 

2 9.6 13.6 1.2 4.4 6.4 3.2 4.8 1.6 7.2 

3 3.6 6.4 4.4 3.2 1.6 4.8 5.2 1.2 12.4 

4 10.4 4.8 9.6 11.6 0.8 15.2 8.0 0.0 17.2 

5 14.0 0.4 22.4 26.0 0.0 42.0 23.6 0.4 39.6 

6 10.0 0.8 18.8 26.4 0.0 40.4 44.8 0.0 57.6 

7 18.0 0.0 25.6 45.6 0.0 59.2 46.0 0.0 64.0 

8 43.2 0.0 60.4 68.4 0.0 76.4 83.2 0.0 88.8 

9 48.8 0.0 64.0 95.2 0.0 97.6 88.4 0.0 93.2 

10 48.0 0.0 66.8 88.0 0.0 94.4 91.6 0.0 95.2 

10* 43.6 0.4 55.2 64.0 0.0 76.8 78.0 0.0 83.2 

1*winsorized size 1 with the lowest book-to-market ratio 

10*winsorized size 10 with the highest book-to-market ratio 
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Table 5.37 continued 

  One year Three years Five years 

5% α=0 α<0 α>0 α=0 α<0 α>0 α=0 α<0 α>0 

VW sizes 
         

1 22.0 30.4 0.8 17.6 28.4 0.8 10.0 18.8 0.8 

1* 22.4 35.6 0.8 16.8 25.2 0.0 12.8 21.2 0.8 

2 15.2 22.8 0.0 10.8 16.8 1.2 9.6 17.2 2.4 

3 10.4 13.6 3.6 5.2 9.6 0.4 5.6 12.0 0.4 

4 7.6 8.8 4.8 2.4 2.0 7.6 3.6 2.0 6.8 

5 5.2 4.4 6.4 7.2 4.4 10.8 5.6 2.4 12.0 

6 5.2 3.2 7.6 9.6 0.8 18.0 13.2 0.4 22.0 

7 12.0 2.0 16 16.8 0.4 23.2 8.0 0.8 15.6 

8 11.2 0.4 17.6 13.2 0.0 22.0 14.8 0.0 28.0 

9 16.8 0.0 24.0 27.2 0.0 41.6 26.0 0.0 34.4 

10 23.2 0.0 33.2 34.8 0.4 46.0 30.4 0.0 45.6 

10* 22.4 0.0 35.2 32.4 0.0 42.8 39.2 0.0 53.6 

1*winsorized size 1 with the lowest book-to-market ratio 

10*winsorized size 10 with the highest book-to-market ratio 
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Table 5.38 Rejection frequency of intercept tests from four-factor model by 

book-to-market ratio 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which 

also means zero abnormal return, from regression based on Fama-French four-factor model 

when portfolio returns are value weighted.  

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent 

variables. A firm including in the portfolio in a calendar month is required to experience an 

event in the last n month prior to the calendar month. N is denoted as the study period which 

is 12-. 36- and 60 months. The independent variables such as size factor(     ), 

book-to-market ratio factor(     ), market risk premium(      , and momentum 

factors(    ) are obtained directly from website of Exeter University based on the work 

done by Gregory, Tharyan and Huang (2009). The risk free rate      is a proxy of return of 

three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If 

there is no firm in a calendar month, the month is dropped out from the time series. 200 event 

months are randomly selected with replacement firstly and then 200 firms are randomly 

selected based on event months. The process is repeated 250 times to achieve 250 samples of 

200 firms. Three techniques including ordinary least squares, weighted least squares and 

generalized least squares are applied in both models over three investment horizons. Both 

one-tail and two-tailed tests are examined at significance level of 5%. The overall rejection 

rates among 250 samples are accumulated to compute the rejection frequency. If the model is 

well specified, this figure is expected to be the same as the significance level. Moreover, 

symmetrical rejection rates for both sides are expected. Winsorization process is taken as 

winsorizing 1% of stock raw returns of each sample in each tail. Book-to-market ratios (BTM) 

of firms are deciled according to BTM rank in September each year. BTM 1 has firms with 

the lowest BTM whereas BTM 10 has firms with the highest BTM.  

  One year Three years Five years 

5% α=0 α<0 α>0 α=0 α<0 α>0 α=0 α<0 α>0 

EW sizes 
         

1 8.4 13.6 2.0 3.6 7.6 0.8 4.4 2.8 5.2 

1* 32.8 41.6 0.0 26.4 36.4 0.0 10.8 18.8 0.0 

2 6.0 9.6 3.6 7.6 3.6 10.8 9.6 0.4 16.4 

3 3.2 2.4 5.2 4.8 1.2 11.6 12.8 1.2 19.6 

4 8.8 4.0 11.6 14.4 0.8 22.4 19.6 0.8 29.2 

5 12.8 0.0 24.8 34.4 0.0 49.6 31.6 0.0 51.6 

6 9.6 1.2 16.8 29.6 0.0 43.2 48.8 0.0 63.2 

7 17.6 0.0 25.6 44.8 0.0 59.2 48.4 0.0 62.0 

8 43.6 0.0 54.8 64.4 0.0 76.4 75.6 0.0 85.6 

9 42.4 0.0 57.2 90.4 0.0 94.4 80.0 0.0 90.8 

10 44.8 0.0 58.8 73.6 0.0 88.8 79.6 0.0 88.4 

10* 32.8 0.4 48.4 48.4 0.0 64.0 60.8 0.0 72.0 

1*winsorized size 1 with the lowest book-to-market ratio 

10*winsorized size 10 with the highest book-to-market ratio 
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Table 5.38 continued 

  One year Three years Five years 

5% α=0 α<0 α>0 α=0 α<0 α>0 α=0 α<0 α>0 

VW sizes 
         

1 8.0 12.4 2.0 6.4 8.4 2.0 4.4 6.8 5.2 

1* 11.6 18.0 1.6 2.8 6.8 1.2 3.6 5.2 3.6 

2 6.0 10.4 1.6 5.2 5.2 7.6 7.2 4.0 8.4 

3 6.4 6.0 8.4 2.8 4.0 5.2 2.0 1.6 2.8 

4 6.0 5.6 8.0 7.2 1.6 12.4 5.6 0.8 9.2 

5 6.8 2.8 8.4 7.6 0.4 16.8 12.8 0.8 18.8 

6 4.0 1.6 5.6 13.6 0.4 21.2 12.8 0.4 24.0 

7 10.0 0.8 18.0 17.6 0.0 32.4 12.8 0.0 22.8 

8 11.2 0.4 18.8 12.0 0.0 21.6 16.4 0.0 26.4 

9 10.8 0.0 18.4 25.2 0.0 37.2 20.4 0.0 30.0 

10 19.2 0.0 31.6 20.0 0.4 35.2 21.2 0.0 35.2 

10* 16.8 0.0 27.2 19.6 0.0 29.6 23.6 0.0 35.6 

1*winsorized size 1 with the lowest book-to-market ratio 

10*winsorized size 10 with the highest book-to-market ratio 
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Table 5.39 Rejection frequency of intercept tests for firms with low book-to-market ratio (BTM)-Equally weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are equally weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is return of 

three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from 

the time series. Three techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models over three 

investment horizons. Book-to-market ratios (BTM) of firms are deciled according to BTM rank in September each year. Decile 1, which has firms with the 

lowest BTM are examined. 250 samples of 100 events are randomly selected from small firms with replacement. Both one-tail and two-tailed tests are 

examined at significance level of 1%, 5% and 10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection 

frequency. If the model is well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides 

are expected.  

Significance level 1% 5% 10% 1% 5% 10% 

Null hypothesis α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

Models Techniques Panel A: One year 

Three-factor model OLS 3.2 14.8 28.0 6.0 0.0 27.6 0.4 40.0 1.2 

 

WLS 2.8 16.8 28.0 6.4 0.0 28.0 0.0 39.6 1.6 

 

GLS 2.8 16.4 28.8 6.0 0.0 28.8 0.0 42.4 0.4 

Four-factor model OLS 2.4 9.2 15.6 4.8 0.0 14.8 0.8 26.0 1.2 

 

WLS 1.6 5.6 11.6 2.8 0.0 10.8 0.8 22.0 4.4 

  GLS 1.6 4.4 12.4 2.4 0.0 12.0 0.4 22.8 3.2 
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Table 5.39 continued 

  

1% 5% 10% 1% 5% 10% 

  

α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

  

Panel B: Three years 

Three-factor model OLS 4.8 10.8 18.0 6.0 0.0 17.2 0.8 28.4 1.2 

 

WLS 2.8 14.0 21.2 6.0 0.0 21.2 0.0 32.0 0.8 

 

GLS 0.8 2.8 6.4 0.8 0.4 3.6 2.8 12.0 6.0 

Four-factor model OLS 1.2 7.6 14.4 2.4 0.4 12.4 2.0 15.6 3.6 

 

WLS 3.2 12.0 20.0 5.6 0.0 20.0 0.0 31.2 0.8 

  GLS 1.2 2.8 6.0 0.8 0.4 4.4 1.6 11.6 5.2 

  

Panel C: Five years 

Three-factor model OLS 0.0 1.6 5.2 0.4 0.0 4.0 1.2 11.2 4.0 

 

WLS 0.4 2.0 3.6 0.8 0.0 3.2 0.4 8.4 1.6 

 

GLS 0.4 1.2 3.6 0.4 0.0 3.2 0.4 8.4 1.6 

Four-factor model OLS 0.0 2.8 9.2 0.0 0.0 0.8 8.4 1.6 14.4 

 

WLS 0.4 4.0 8.0 0.0 0.8 0.4 7.6 2.0 17.2 

  GLS 0.0 3.2 6.8 0.0 0.8 0.4 6.4 1.2 14.0 
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Table 5.40 Rejection frequency of intercept tests for firms with low book-to-market ratio (BTM)-Value weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are value weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is return of 

three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from 

the time series. Three techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models over three 

investment horizons. Book-to-market ratios (BTM) of firms are deciled according to BTM rank in September each year. Decile 1, which has firms with the 

lowest BTM are examined. 250 samples of 100 events are randomly selected from small firms with replacement. Both one-tail and two-tailed tests are 

examined at significance level of 1%, 5% and 10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection 

frequency. If the model is well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides 

are expected.  

Significance level 1% 5% 10% 1% 5% 10% 

Null hypothesis α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

Models Techniques Panel A: One year 

Three-factor model OLS 10.8 24.0 37.2 17.6 0.0 37.2 0.0 55.2 0.4 

 

WLS 13.2 26.8 39.6 18.0 0.0 39.6 0.0 51.6 0.0 

 

GLS 12.8 25.6 38.4 17.6 0.0 38.4 0.0 52.4 0.4 

Four-factor model OLS 4.0 12.0 19.6 6.8 0.0 18.8 0.8 30.8 2.4 

 

WLS 2.8 12.0 17.2 4.4 0.4 16.4 0.8 28.0 2.0 

  GLS 2.8 11.2 17.6 2.8 0.4 17.2 0.4 29.2 1.6 
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Table 5.40 continued 

  

1% 5% 10% 1% 5% 10% 

  

α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

  

Panel B: Three years 

Three-factor model OLS 10.4 24.4 33.2 16.4 0.0 33.2 0.0 49.2 0.0 

 

WLS 9.6 24.4 34.8 14.8 0.0 34.4 0.4 47.6 1.2 

 

GLS 0.4 4.4 10.4 1.6 0.0 7.2 3.2 16.4 7.6 

Four-factor model OLS 2.0 8.4 15.6 4.0 0.0 13.6 2.0 22.0 4.4 

 

WLS 9.6 26.4 32.8 14.8 0.0 32.8 0.0 46.4 0.4 

  GLS 0.8 4.0 10.8 1.6 0.0 8.4 2.4 17.6 7.2 

  

Panel C: Five years 

Three-factor model OLS 2.4 10.8 18.8 4.0 0.0 18.4 0.4 32.0 0.4 

 

WLS 2.0 13.6 22.4 6.8 0.4 22.0 0.4 31.6 1.2 

 

GLS 1.6 11.6 21.2 4.8 0.0 20.8 0.4 30.4 0.4 

Four-factor model OLS 0.0 2.4 6.0 0.4 0.0 3.6 2.4 8.0 6.4 

 

WLS 0.0 3.6 5.2 0.4 0.8 2.0 3.2 5.2 8.8 

  GLS 0.0 3.2 5.2 0.0 0.0 2.4 2.8 4.8 6.4 
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Table 5.41 Rejection frequency of intercept tests for firms with high book-to-market ratio (BTM)-Equally weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are equally weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is return of 

three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from 

the time series. Three techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models over three 

investment horizons. Book-to-market ratios (BTM) of firms are deciled according to BTM rank in September each year. Decile 10, which has firms with the 

highest BTM are examined. 250 samples of 100 events are randomly selected from small firms with replacement. Both one-tail and two-tailed tests are 

examined at significance level of 1%, 5% and 10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection 

frequency. If the model is well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides 

are expected.  

Significance level 1% 5% 10% 1% 5% 10% 

Null hypothesis α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

Models Techniques Panel A: One year 

Three-factor model OLS 23.6 53.2 67.2 0.0 34.0 0.0 67.2 0.0 83.6 

 
WLS 29.6 61.6 78.4 0.0 41.2 0.0 78.4 0.0 88.8 

 
GLS 28.8 59.2 76.4 0.0 41.2 0.0 76.4 0.0 85.6 

Four-factor model OLS 14.8 45.6 59.6 0.0 25.6 0.0 59.6 0.0 74.0 

 
WLS 18.4 52.4 64.8 0.0 31.6 0.0 64.8 0.0 82.8 

  GLS 20.0 50.4 67.2 0.0 29.6 0.0 67.2 0.0 80.4 
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Table 5.41 continued 

    1% 5% 10% 1% 5% 10% 

  
α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

  
Panel B: Three years 

Three-factor model OLS 54.8 82.8 89.6 0.0 69.6 0.0 89.6 0.0 98.0 

 
WLS 73.6 95.6 98.8 0.0 88.0 0.0 98.8 0.0 99.2 

 
GLS 51.2 85.2 94.8 0.0 69.2 0.0 94.8 0.0 96.8 

Four-factor model OLS 38.4 73.2 82.0 0.0 53.6 0.0 82.0 0.0 90.8 

 
WLS 73.2 95.6 99.2 0.0 86.8 0.0 99.2 0.0 99.6 

  GLS 50.4 86.0 94.4 0.0 70.0 0.0 94.4 0.0 97.2 

  
Panel C: Five years 

Three-factor model OLS 71.6 91.2 95.6 0.0 80.0 0.0 95.6 0.0 99.2 

 
WLS 92.4 99.6 100.0 0.0 97.6 0.0 100.0 0.0 100.0 

 
GLS 91.6 99.6 100.0 0.0 96.4 0.0 100.0 0.0 100.0 

Four-factor model OLS 49.6 79.6 88.4 0.0 61.2 0.0 88.4 0.0 95.2 

 
WLS 82.0 97.6 99.6 0.0 89.6 0.0 99.6 0.0 100.0 

  GLS 78.4 95.6 99.2 0.0 88.4 0.0 99.2 0.0 100.0 
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Table 5.42 Rejection frequency of intercept tests for firms with high book-to-market ratio (BTM)-Value weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are value weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is return of 

three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from 

the time series. Three techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models over three 

investment horizons. Book-to-market ratios (BTM) of firms are deciled according to BTM rank in September each year. Decile 10, which has firms with the 

highest BTM are examined. 250 samples of 100 events are randomly selected from small firms with replacement. Both one-tail and two-tailed tests are 

examined at significance level of 1%, 5% and 10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection 

frequency. If the model is well specified, this figure is expected to be the same as the significance level. Moreover, symmetrical rejection rates for both sides 

are expected.  

Significance level 1% 5% 10% 1% 5% 10% 

Null hypothesis α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

Models Techniques Panel A: One year 

Three-factor model OLS 9.6 26.0 38.0 0.0 11.2 0.0 38 0.4 53.2 

 
WLS 11.2 28.0 38.8 0.0 19.2 0.0 38.8 0.8 54.8 

 
GLS 10.8 27.6 40.4 0.0 17.6 0.0 40.4 0.4 54.4 

Four-factor model OLS 7.2 18.0 28.8 0.0 10.8 0.0 28.8 0.0 46.4 

 
WLS 7.6 20.4 29.2 0.0 13.6 0.0 29.2 0.0 45.6 

  GLS 7.2 21.6 28.4 0.0 12.8 0.0 28.4 0.0 46.8 
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Table 5.42 continued 

    1% 5% 10% 1% 5% 10% 

  
α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

  
Panel B: Three years 

Three-factor model OLS 12.0 28.8 44.4 0.0 16.0 0.0 44.4 0.0 65.2 

 
WLS 13.2 33.6 48.0 0.0 23.6 0.0 48.0 0.0 66.4 

 
GLS 5.2 21.6 30.8 0.0 11.6 0.0 30.8 0.0 49.2 

Four-factor model OLS 5.2 16.8 28.0 0.0 10.0 0.0 28.0 0.0 45.6 

 
WLS 13.2 33.6 48.0 0.0 22.0 0.0 48.0 0.0 66.4 

  GLS 4.4 20.4 28.8 0.0 11.2 0.0 28.8 0.0 48.0 

  
Panel C: Five years 

Three-factor model OLS 12.4 34.4 48.4 0.0 18.0 0.0 48.4 0.0 66.0 

 
WLS 16.8 37.6 50.0 0.0 23.2 0.0 50.0 0.0 64.0 

 
GLS 16.8 36.8 52.4 0.0 24.4 0.0 52.4 0.0 66.4 

Four-factor model OLS 5.6 21.6 32.0 0.0 8.8 0.0 32.0 0.0 49.2 

 
WLS 8.0 21.6 34.4 0.0 11.6 0.0 34.4 0.0 49.2 

  GLS 8.0 22.0 34.8 0.0 11.6 0.0 34.8 0.0 52.4 
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Table 5.43 Rejection frequency of intercept tests for firms clustering in industry-Equal weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are equally weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is return of 

three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from 

the time series. Three techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models over three 

investment horizons. Firms are categorized into ten industries. Firstly, one industry is selected randomly out of ten. Then 200 firms in the same industry are 

selected randomly with 200 event months. To avoid overlapping issue, one firm is not allowed to have a multiple event in the last or the latter T-1 months. T is 

denoted as the event window. The same process is repeated for 250 times. Both one-tail and two-tailed tests are examined at significance level of 1%, 5% and 

10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection frequency. If the model is well specified, this 

figure is expected to be the same as the significance level. 

  

Significance level 1% 5% 10% 1% 5% 10% 

Null hypothesis α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

Models Techniques Panel A: One year 

Three-factor model OLS 1.2 10.0 16.4 0.0 4.0 0.8 15.6 2.0 25.2 

 
WLS 2.0 10.4 17.2 0.0 4.4 1.6 15.6 3.6 27.2 

 
GLS 2.0 10.4 15.6 0.0 3.2 1.2 14.4 2.8 27.6 

Four-factor model OLS 2.8 8.0 18 0.0 3.6 0.8 17.2 1.6 28.8 

 
WLS 3.2 11.6 19.2 0.0 4.8 1.6 17.6 2.4 32.4 

  GLS 2.8 10.0 20 0.0 4.4 1.2 18.8 2.8 32.4 
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Table 5.43 continued 

    1% 5% 10% 1% 5% 10% 

  
α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

  
Panel B: Three years 

Three-factor model OLS 7.2 16.4 28.8 0.4 9.6 0.4 28.4 0.4 47.6 

 
WLS 7.2 20.4 35.6 0.0 13.2 0.0 35.6 0.4 49.6 

 
GLS 12.8 33.2 51.6 0.0 18.4 0.0 51.6 0.0 67.2 

Four-factor model OLS 6.4 19.2 29.2 0.4 10.8 0.4 28.8 0.8 50.0 

 
WLS 6.4 20.0 34.8 0.0 10.4 0.4 34.4 0.4 50.8 

  GLS 8.8 27.6 45.2 0.0 16.4 0.0 45.2 0.4 62.4 

  
Panel C: Five years 

Three-factor model OLS 8.4 29.6 42.8 0.0 13.6 0.0 42.8 0.4 61.6 

 
WLS 19.2 40.4 58.4 0.0 25.6 0.0 58.4 0.0 76.0 

 
GLS 12.4 36.0 53.6 0.0 19.2 0.0 53.6 0.0 72.0 

Four-factor model OLS 9.6 35.6 50.4 0.0 18.4 0.0 50.4 0.8 68.0 

 
WLS 32.8 64.4 80.8 0.0 43.6 0.0 80.8 0.0 90.4 

  GLS 20.0 52.0 72.0 0.0 32.8 0.0 72.0 0.0 87.6 
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Table 5.44 Rejection frequency of intercept tests for firms clustering in industry-Value weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are value weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is return of 

three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from 

the time series. Three techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models over three 

investment horizons. Firms are categorized into ten industries. Firstly, one industry is selected randomly out of ten. Then 200 firms in the same industry are 

selected randomly with 200 event months. To avoid overlapping issue, one firm is not allowed to have a multiple event in the last or the latter T-1 months. T is 

denoted as the event window. The same process is repeated for 250 times. Both one-tail and two-tailed tests are examined at significance level of 1%, 5% and 

10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection frequency. If the model is well specified, this 

figure is expected to be the same as the significance level.  

Significance level 1% 5% 10% 1% 5% 10% 

Null hypothesis α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

Models Techniques Panel A: One year 

Three-factor model OLS 1.6 4.4 11.6 0.8 2.4 5.2 6.4 8.4 11.6 

 
WLS 0.8 6.0 10.4 1.2 1.2 6.0 4.4 13.6 9.6 

 
GLS 1.2 6.0 9.2 0.4 1.6 4.8 4.4 10.4 10.8 

Four-factor model OLS 2.4 6.8 12.4 0.4 2.4 2.0 10.4 4.8 16.4 

 
WLS 1.2 6.4 12.8 0.8 2.0 2.4 10.4 4.8 17.2 

  GLS 1.2 7.2 11.2 0.4 2.0 2.0 9.2 5.2 15.6 
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Table 5.44 continued 

    1% 5% 10% 1% 5% 10% 

  
α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

  
Panel B: Three years 

Three-factor model OLS 1.2 3.2 7.2 1.2 0.4 5.6 1.6 12.0 4.8 

 
WLS 0.0 5.2 12.8 1.6 0.0 12.4 0.4 20.8 3.2 

 
GLS 0.0 2.0 5.6 0.0 0.8 0.0 5.6 2.0 13.2 

Four-factor model OLS 0.4 2.4 6.0 0.0 0.8 1.2 4.8 4.0 14.0 

 
WLS 0.4 2.0 6.8 0.8 0.0 6.4 0.4 14.0 3.6 

  GLS 0.0 1.6 5.2 0.0 0.0 0.0 5.2 1.2.0 11.2 

  
Panel C: Five years 

Three-factor model OLS 0.8 2.4 7.6 0.4 0.4 5.6 2.0 10.0 5.2 

 
WLS 0.4 6.8 11.6 2.0 0.4 10.0 1.6 22.0 2.8 

 
GLS 0.0 1.2 5.2 0.4 0.0 3.2 2.0 10.0 3.6 

Four-factor model OLS 0.0 3.2 9.6 0.4 0.4 0.8 8.8 2.8 14.0 

 
WLS 0.0 3.2 6.8 0.0 0.4 0.0 6.8 2.0 14.8 

  GLS 0.0 2.8 5.6 0.0 0.0 0.8 4.8 0.8 15.2 
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Table 5.45 Rejection frequency of intercept tests for firms clustering in calendar month-Equally weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are equally weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is return of 

three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from 

the time series. Three techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models over three 

investment horizons. The simulation process is to firstly choose one month randomly from event window. Then 200 firms with the same event month are 

selected randomly without replacement. The same process is repeated for 250 times. Both one-tail and two-tailed tests are examined at significance level of 

1%, 5% and 10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection frequency. If the model is well 

specified, this figure is expected to be the same as the significance level.  

Significance level 1% 5% 10% 1% 5% 10% 

Null hypothesis α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

Models Techniques Panel A: One year 

Three-factor model OLS 12.0 23.2 32.8 2.4 13.6 5.2 27.6 7.6 35.6 

 
WLS 12.0 24.4 32.8 2.4 13.6 5.2 27.6 6.8 35.6 

 
GLS 17.6 28.4 37.6 3.6 18.4 6.8 30.8 10.0 36.4 

Four-factor model OLS 12.4 23.6 31.2 2.8 12.0 6.8 24.4 9.6 32.0 

 
WLS 12.8 23.2 31.6 2.8 12.0 7.2 24.4 9.6 32.4 

  GLS 15.2 26.4 36.4 4.0 14.4 9.6 26.8 12.4 34.0 
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Table 5.45 continued 

    1% 5% 10% 1% 5% 10% 

  
α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

  
Panel B: Three years 

Three-factor model OLS 20.0 38.0 51.2 0.4 26.0 3.2 48.0 4.4 57.6 

 
WLS 20.0 38.8 50.8 0.8 26.0 2.8 48.0 4.4 58.0 

 
GLS 19.2 39.6 49.2 0.4 26.0 3.2 46.0 4.4 57.2 

Four-factor model OLS 18.8 39.6 49.2 0.4 26.0 3.2 46.0 4.0 57.2 

 
WLS 22.8 40.0 53.6 0.8 28.0 4.4 49.2 6.8 59.2 

  GLS 19.6 38.8 50.8 1.2 27.2 3.6 47.2 5.6 58.0 

  
Panel C: Five years 

Three-factor model OLS 21.6 42.8 56 0.0 32.4 0.4 55.6 0.8 65.2 

 
WLS 23.2 40.8 56.8 0.0 31.2 0.4 56.4 0.8 65.2 

 
GLS 24.8 41.2 54.4 0.0 31.6 0.4 54.0 2.0 66.4 

Four-factor model OLS 28.4 46.0 56.8 0.0 35.2 0.4 56.4 1.2 65.6 

 
WLS 28.0 45.6 55.6 0.0 35.2 0.4 55.2 1.2 66.4 

  GLS 27.6 44.8 59.2 0.0 32.8 0.8 58.4 1.6 66.0 
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Table 5.46 Rejection frequency of intercept tests for firms clustering in calendar month-Value weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are value weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is return of 

three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from 

the time series. Three techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models over three 

investment horizons. The simulation process is to firstly choose one month randomly from event window. Then 200 firms with the same event month are 

selected randomly without replacement. The same process is repeated for 250 times. Both one-tail and two-tailed tests are examined at significance level of 

1%, 5% and 10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection frequency. If the model is well 

specified, this figure is expected to be the same as the significance level.  

Significance level 1% 5% 10% 1% 5% 10% 

Null hypothesis α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

Models Techniques Panel A: One year 

Three-factor model OLS 1.6 6.8 11.2 1.2 1.2 3.2 8.0 6.4 13.2 

 
WLS 1.6 6.4 11.2 1.2 1.2 3.2 8.0 6.0 13.2 

 
GLS 4.0 10.4 17.2 1.2 3.6 4.0 13.2 7.6 17.2 

Four-factor model OLS 2.0 6.8 12.4 0.4 2.0 3.2 9.2 5.6 13.6 

 
WLS 1.6 6.4 12.0 0.4 2.0 3.2 8.8 5.6 14.0 

  GLS 4.4 11.6 18.4 2.4 4.8 4.4 14.0 7.6 19.6 
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Table 5.46 continued 

    1% 5% 10% 1% 5% 10% 

  
α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

  
Panel B: Three years 

Three-factor model OLS 2.8 8.8 14.8 0.0 4.0 2.4 12.4 4.8 22.4 

 
WLS 2.8 8.8 15.2 0.0 4.0 2.4 12.8 4.8 22.0 

 
GLS 2.4 7.6 14.4 0.4 4.0 0.8 13.6 2.4 25.2 

Four-factor model OLS 2.4 7.2 15.6 0.4 3.6 0.8 14.8 2.4 23.6 

 
WLS 3.6 11.6 16.4 0.0 4.8 2.8 13.6 7.6 22.0 

  GLS 3.2 10.0 16.0 0.4 5.2 0.8 15.2 4.0 24.8 

  
Panel C: Five years 

Three-factor model OLS 1.6 6.0 9.2 0.0 2.0 2.4 6.8 6.4 15.2 

 
WLS 1.6 4.8 8.8 0.0 2.0 2.4 6.4 5.6 14.0 

 
GLS 1.6 5.6 9.2 0.4 2.8 3.2 6.0 6.8 15.2 

Four-factor model OLS 1.6 5.2 10.0 0.0 2.0 0.0 10.0 0.4 22.0 

 
WLS 1.6 4.0 8.0 0.0 2.0 0.0 8.0 0.4 21.2 

  GLS 1.6 5.2 9.6 0.0 2.8 0.0 9.6 0.8 23.6 

 

 

 

 

 

 

 

 

 



329 
 

Table 5.47 Rejection frequency of intercept tests for firms with overlapping returns-Equally weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are equally weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is return of 

three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from 

the time series. Three techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models over three 

investment horizons. The simulation process is to firstly choose 100 months with 100 event firms randomly from event window. Then with the same firm, 

another event month within the last or latter T-1 is selected randomly. The same process is repeated for 250 times. Both one-tail and two-tailed tests are 

examined at significance level of 1%, 5% and 10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection 

frequency. If the model is well specified, this figure is expected to be the same as the significance level.  

Significance level 1% 5% 10% 1% 5% 10% 

Null hypothesis α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

Models Techniques Panel A: One year 

Three-factor model OLS 0.4 7.2 11.6 0.8 1.6 2.4 9.2 6.8 18 

 

WLS 1.6 7.2 13.2 2.0 0.4 6.4 6.8 13.6 10.8 

 

GLS 0.4 6.8 12.0 0.8 0.8 3.2 8.8 6.8 14.4 

Four-factor model OLS 0.4 5.6 10.8 0.8 0.8 2.0 8.8 4.4 16.8 

 

WLS 2.8 6.0 12.4 3.2 0.4 9.6 2.8 18.0 8.0 

  GLS 0.8 5.6 9.6 1.2 0.4 3.2 6.4 6.4 12.8 
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Table 5.47 continued 

  

1% 5% 10% 1% 5% 10% 

  

α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

  

Panel B: Three years 

Three-factor model OLS 1.2 12.8 20.4 0.4 5.2 0.8 19.6 2.0 33.6 

 

WLS 1.2 8.8 17.6 0.4 3.2 2.0 15.6 3.2 24.8 

 

GLS 0.8 9.2 15.6 0.4 3.6 0.4 15.2 1.6 25.2 

Four-factor model OLS 0.8 10.4 20.4 0.0 4.4 0.4 20.0 0.8 30.4 

 

WLS 1.6 10.0 20.0 0.4 4.0 0.8 19.2 2.0 30.4 

  GLS 1.6 10.0 16.8 0.4 3.6 0.4 16.4 0.8 28.8 

  

Panel C: Five years 

Three-factor model OLS 4.4 20.4 28.4 0.0 9.6 0.0 28.4 0.0 45.6 

 

WLS 11.6 31.2 45.6 0.0 16.0 0.0 45.6 0.0 65.2 

 

GLS 6.8 24.0 38.8 0.0 11.6 0.0 38.8 0.0 54.4 

Four-factor model OLS 5.2 16.0 28.0 0.0 8.8 0.0 28.0 0.4 45.2 

 

WLS 14.8 36.0 54.0 0.0 24.4 0.0 54.0 0.0 70.0 

  GLS 8.8 24.4 40.0 0.0 13.6 0.0 40.0 0.0 58.4 
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Table 5.48 Rejection frequency of intercept tests for with overlapping returns -Value weighted portfolios 

This table reports percentages of rejection rates of the null hypothesis of zero intercept, which also means zero abnormal return, from regression based on 

Fama-French three-factor model and Carhart four-factor model when portfolio returns are value weighted.  

                                            

                                                      

Portfolio returns in calendar months from October 1982 to September 2008 are dependent variables. A firm including in the portfolio in a calendar month is 

required to experience an event in the last n month prior to the calendar month. N is denoted as the study period which is 12-. 36- and 60 months. The 

independent variables such as size factor(    ), book-to-market ratio factor(    ), market risk premium(     , and momentum factors(    ) are 

obtained directly from website of Exeter University based on the work done by Gregory, Tharyan and Huang (2009). The risk free rate      is return of 

three-month Treasury bill. Missing returns and returns of delisted firms are kept as it is. If there is no firm in a calendar month, the month is dropped out from 

the time series. Three techniques including ordinary least squares, weighted least squares and generalized least squares are applied in both models over three 

investment horizons. The simulation process is to firstly choose 100 months with 100 event firms randomly from event window. Then with the same firm, 

another event month within the last or latter T-1 is selected randomly. The same process is repeated for 250 times. Both one-tail and two-tailed tests are 

examined at significance level of 1%, 5% and 10%, respectively. The overall rejection rates among 250 samples are accumulated to compute the rejection 

frequency. If the model is well specified, this figure is expected to be the same as the significance level. 

Significance level 1% 5% 10% 1% 5% 10% 

Null hypothesis α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

Models Techniques Panel A: One year 

Three-factor model OLS 2.8 6.0 12.4 2.4 0.8 7.2 5.2 8.8 10.4 

 
WLS 5.6 11.2 19.6 5.6 2.0 15.2 4.4 22.0 10.0 

 
GLS 3.2 5.2 11.6 2.8 1.6 8.4 3.2 10.8 8.0 

Four-factor model OLS 2.4 5.6 11.2 2.0 0.8 5.6 5.6 10.4 10.4 

 
WLS 6.0 16.4 23.2 7.2 1.2 18.4 4.8 27.2 8.0 

  GLS 2.4 4.8 14.0 2.4 0.4 9.2 4.8 12.8 10.0 
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Table 5.48 continued 

    1% 5% 10% 1% 5% 10% 

  
α=0 α=0 α=0 α<0 α>0 α<0 α>0 α<0 α>0 

  
Panel B: Three years 

Three-factor model OLS 5.2 9.6 14.8 0.8 5.2 3.6 11.2 8.4 18.0 

 
WLS 4.4 11.6 17.6 1.6 4.8 5.6 12.0 10.0 18.4 

 
GLS 3.6 10.4 14.0 0.8 4.8 2.8 11.2 6.0 19.6 

Four-factor model OLS 3.2 9.6 15.6 0.4 4.4 2.4 13.2 3.6 20.0 

 
WLS 4.4 10.0 16.0 0.8 4.8 4.0 12.0 9.6 16.0 

  GLS 3.2 8.4 14.8 0.4 4.4 2.0 12.8 4.4 19.2 

  
Panel C: Five years 

Three-factor model OLS 2.4 8.4 14.4 0.8 3.6 2.4 12 4.4 21.2 

 
WLS 4.8 13.2 20.0 0.4 7.2 1.2 18.8 4.4 27.6 

 
GLS 3.2 10.8 17.6 0.4 5.6 2.0 15.6 4.8 25.2 

Four-factor model OLS 1.6 10.4 17.2 0.0 2.4 1.2 16.0 2.8 27.2 

 
WLS 4.4 14.4 23.6 0.0 7.6 0.4 23.2 1.6 37.2 

  GLS 2.0 11.6 21.6 0.0 4.8 0.8 20.8 2.0 32.8 
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Table 5.49 Rejection frequency of the null hypothesis of zero mean monthly calendar-time abnormal return (MMAR) 

This table reports rejection frequency of 250 samples with the null hypothesis of zero mean monthly calendar-time abnormal return (MMAR) based on both 

equal weighting and value-weighted schemes. MMAR is another variant of calendar-time approach which combines reference portfolios and calendar time. 

Instead of running regression based on factor models, abnormal return of an individual stock in each calendar month is defined as the difference of stock 

return and benchmark return as                . The benchmark is based on reference portfolios which are matched with the event firm by similar 

characteristics such as size, book-to-market ratio, size and book-to-market ratio, equally-weighted market return. In each calendar month, the monthly 

portfolio return is cumulated either with equally-weighted scheme or value-weighted scheme:                
 
   . Eventually, a time series of monthly 

portfolio returns is achieved over the study period. The grand mean abnormal return is computed as             
 
      . The conventional 

cross-sectional test statistics is calculated as:   
     

            
 . 250 samples of 200 event months are randomly selected with replacement. Both two-tailed 

and one-tailed tests are examined at a significance level of 5%. The missing returns are kept as they are without replacement. The rejection frequency in 250 

samples is computed. If the test is well-specified, the rejection frequency is expected to 5% at a significance level of 5%. Furthermore, the distribution of 

abnormal returns is expected to be symmetric with equal rejection rates of 5% on both sides.  

  Equally-weighted portfolio return   Value-weighted portfolio return 

Benchmark criteria 
5% 

Mean AR 
  5% 

Mean AR 
α=0 α<0 α>0   α=0 α<0 α>0 

 
Panel A: One year 

By size 6.0  7.2  2.8  -0.00039  
 

6.4  6.4  4.8  -0.00021  

By BTM 3.6  5.6  1.2  -0.00018  
 

6.4  10.8  2.0  -0.00178  

By size and BTM 2.4  5.2  1.2  -0.00001  
 

4.0  6.8  4.0  -0.00025  

 
Panel B: Three years 

By size 3.6  6.4  2.0  -0.00004   4.0  4.4  4.0  0.00010  

By BTM 7.2  8.0  4.0  -0.00015   6.0  10.4  2.0  -0.00135  

By size and BTM 3.2  4.4  3.2  0.00013   3.6  3.6  5.2  -0.00011  
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Table 5.49 continued 

  Equally-weighted portfolio return   Value-weighted portfolio return 

Benchmark criteria 
5% 

Mean AR 
  5% 

Mean AR 
α=0 α<0 α>0   α=0 α<0 α>0 

 
Panel C: Five years 

By size 4.4  6.0  4.4  0.00008  
 

4.4  6.4  3.2  -0.00015  

By BTM 4.8  4.4  2.8  -0.00005  
 

3.6  10.4  0.0  -0.00178  

By size and BTM 3.6  6.0  2.4  0.00005  
 

2.8  5.2  3.2  -0.00029  
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Table 5.50 Descriptive statistics of abnormal returns  

This table reports descriptive statistics of abnormal returns when applying mean monthly calendar-time abnormal return (MMAR) based on both equal 

weighting and value-weighted schemes. MMAR is another variant of calendar-time approach which combines reference portfolios and calendar time. Instead 

of running regression based on factor models, abnormal return of an individual stock in each calendar month is defined as the difference of stock return and 

benchmark return as                . The benchmark is based on reference portfolios which are matched with the event firm by similar characteristics such 

as size, book-to-market ratio, size and book-to-market ratio, equally-weighted market return. In each calendar month, the monthly portfolio return is 

cumulated either with equally-weighted scheme or value-weighted scheme:                
 
   . Eventually, a time series of monthly portfolio returns is 

achieved over the study period. The grand mean abnormal return is computed as             
 
      . The conventional cross-sectional test statistics is 

calculated as:   
     

            
 . 250 samples of 200 event months are randomly selected with replacement. Both two-tailed and one-tailed tests are 

examined at a significance level of 5%. The missing returns are kept as they are without replacement. The rejection frequency in 250 samples is computed. If 

the test is well-specified, the rejection frequency is expected to 5% at a significance level of 5%. Furthermore, the distribution of abnormal returns is expected 

to be symmetric with equal rejection rates of 5% on both sides.  

MMARs Equally-weighted portfolios   Value-weighted portfolios 

One year Mean Median Skewness Kurtosis   Mean Median Skewness Kurtosis 

By size  -0.00039  -0.00072  0.35  4.25  
 

-0.00021  -0.00047  0.06  2.94  

By BTM -0.00018  -0.00051  0.14  2.76  
 

-0.00178  -0.00196  -0.02  3.54  

By size and BTM -0.00001  -0.00005  0.47  5.78    -0.00025  -0.00042  -0.08  2.80  

Three years 
         

By size  -0.00004  -0.00007  0.84  5.68  
 

0.00010  0.00013  0.04  2.94  

By BTM -0.00015  -0.00016  0.30  3.73  
 

-0.00135  -0.00140  0.03  3.11  

By size and BTM 0.00013  0.00012  0.24  3.14    -0.00011  -0.00015  -0.11  3.21  

Five years 
         

By size  0.00008  0.00006  -0.03  3.22  
 

-0.00015  -0.00007  -0.23  3.76  

By BTM -0.00005  -0.00015  0.49  4.75  
 

-0.00178  -0.00165  -0.19  3.09  

By size and BTM 0.00005  -0.00009  0.08  3.71    -0.00029  -0.00025  -0.24  3.06  
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Table 5.51 Power of test of mean monthly calendar-time portfolio returns-Equally weighted portfolio returns 

This table reports percentages of rejection rates of the null hypothesis of zero mean monthly portfolio returns in 250 samples of 200 firms, which are 

randomly selected, over a period of 1982 to 2008 when applying equal weighting scheme. For each individual stock, the abnormal returns in the range of -20% 

to 20% at an incremental of 5% are introduced to each individual over one-, three- and five years. This abnormal return needs to be evenly allocated to each 

stock‟s monthly returns. For instance, if the abnormal return is 10%, the monthly returns of a stock are added with 0.83% over one year, 0.27% over three 

years and 0.17% over five years. The rejection frequency in 250 samples is computed. If this approach is well specified, the rejection rates in all levels are 

expected to be 100% since there is abnormal return. I study the power of test based on four benchmarks with matching criteria as size, BTM, size/BTM and 

equally weighted market return.  

Benchmark criteria -20% -15% -10% -5% 0% 5% 10% 15% 20% 

 
Panel A: One year 

By size 96.0  86.4  60.4  23.6  6.0  11.2  48.8  86.0  98.0  

By BTM 96.4  83.6  60.4  24.4  3.6  14.0  51.2  88.4  98.0  

By size and BTM 96.4  87.2  55.2  16.4  2.4  15.6  52.8  86.0  98.0  

 
Panel B: Three year 

By size 63.6  40.8  25.6  10.4  3.6  4.4  14.4  34.4  60.0  

By BTM 62.4  41.2  24.8  12.0  7.2  5.6  15.6  33.2  56.0  

By size and BTM 56.4  36.4  21.6  8.4  3.2  5.6  16.8  38.8  58.0  

 
Panel C: Five year 

By size 36.0  24.4  12.8  7.6  4.4  5.6  10.0  20.4  32.0  

By BTM 33.6  18.8  10.4  4.8  4.8  4.0  9.2  18.0  30.8  

By size and BTM 32.4  19.6  12.0  6.0  3.6  3.2  8.0  20.8  32.0  
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Table 5.52 Power of test of mean monthly calendar-time portfolio returns-Value weighted portfolio returns 

This table reports percentages of rejection rates of the null hypothesis of zero mean monthly portfolio returns in 250 samples of 200 firms, which are 

randomly selected, over a period of 1982 to 2008 when applying value-weighted scheme. For each individual stock, the abnormal returns in the range of -20% 

to 20% at an incremental of 5% are introduced to each individual over one-, three- and five years. This abnormal return needs to be evenly allocated to each 

stock‟s monthly returns. For instance, if the abnormal return is 10%, the monthly returns of a stock are added with 0.83% over one year, 0.27% over three 

years and 0.17% over five years. The rejection frequency in 250 samples is computed. If this approach is well specified, the rejection rates in all levels are 

expected to be 100% since there is abnormal return. I study the power of test based on four benchmarks with matching criteria as size, BTM, size/BTM and 

equally weighted market return.  

Benchmark criteria -20% -15% -10% -5% 0% 5% 10% 15% 20% 

 
Panel A: One year 

By size 95.2  82.8  55.2  18.0  6.4  16.0  46.0  80.0  96.0  

By BTM 97.6  87.6  64.8  28.8  6.4  11.2  30.8  70.8  92.0  

By size and BTM 94.8  85.2  56.4  15.6  4.0  16.8  46.4  83.2  94.0  

 
Panel B: Three year 

By size 42.0  28.4  12.4  6.0  4.0  5.2  14.8  30.4  44.0  

By BTM 53.2  38.8  21.6  13.2  6.0  4.0  6.4  12.4  23.2  

By size and BTM 44.4  25.6  14.4  6.4  3.6  6.8  12.4  22.4  40.0  

 
Panel C: Five year 

By size 22.0  14.4  8.4  6.0  4.4  5.2  8.0  16.8  26.0  

By BTM 28.8  16.4  10.4  6.8  3.6  1.6  0.8  2.0  4.8  

By size and BTM 20.4  11.2  7.2  4.0  2.8  4.8  8.0  14.4  23.6  
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Table 5.53 Rejection frequency of the null hypothesis of zero mean monthly calendar-time abnormal return-Small firms 

This table reports percentages of rejection rates of 250 samples with the null hypothesis of zero mean monthly calendar-time abnormal return (MMAR) based 

on both equal weighting and value-weighted schemes. MMAR is another variant of calendar-time approach which combines reference portfolios and calendar 

time. Instead of running regression based on factor models, abnormal return of an individual stock in each calendar month is defined as the difference of stock 

return and benchmark return as                . The benchmark is based on reference portfolios which are matched with the event firm by similar 

characteristics such as size, book-to-market ratio, size and book-to-market ratio, equally-weighted market return. In each calendar month, the monthly 

portfolio return is cumulated either with equally-weighted scheme or value-weighted scheme:                
 
   . Eventually, a time series of monthly 

portfolio returns is achieved over the study period. The grand mean abnormal return is computed as             
 
      . Then the conventional 

cross-sectional test statistics is calculated as:   
     

            
 . 250 samples of 200 event months are randomly selected with replacement.  Then 250 

samples of 200 small firms from size decile 1 with the smallest market value in September year t are randomly selected to match the event months. Both 

two-tailed and one-tailed tests are examined at a significance level of 5%. The missing returns are kept as they are without replacement. The rejection 

frequency in 250 samples is computed. If the test is well-specified, the rejection frequency is expected to 5% at a significance level of 5%. Furthermore, the 

distribution of abnormal returns is expected to be symmetric with equal rejection rates of 5% on both sides.  

  Equally-weighted portfolio return   Value-weighted portfolio return 

Benchmark criteria 
5% 

Mean AR 
  5% 

Mean AR 
α=0 α<0 α>0   α=0 α<0 α>0 

 
Panel A: One year 

By size 3.6  6.0  1.2  -0.00007  
 

5.2  12.8  0.4  -0.00324  

By BTM 34.0  0.0  54.4  0.01587  
 

25.2  0.0  39.6  0.01336  

By size and BTM 3.2  7.2  1.2  -0.00024  
 

5.2  9.6  0.4  -0.00309  

 
Panel B: Three years 

By size 1.2  3.2  1.2  0.00001   5.2  9.2  0.4  -0.00185  

By BTM 43.2  0.0  67.6  0.01044   35.2  0.0  51.2  0.00919  

By size and BTM 1.2  4.0  2.4  -0.00003   3.6  8.0  0.4  -0.00139  
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 Table 5.53 continued 

  Equally-weighted portfolio return   Value-weighted portfolio return 

Benchmark criteria 
5% 

Mean AR 
  5% 

Mean AR 
α=0 α<0 α>0   α=0 α<0 α>0 

 
Panel C: Five years 

By size 2.8  8.0  0.8  -0.00053  
 

8.0  14.8  0.4  -0.00225  

By BTM 25.2  0.0  43.6  0.00639  
 

14.0  0.0  28.8  0.00524  

By size and BTM 2.8  6.4  1.2  -0.00046  
 

4.0  10.4  0.4  -0.00165  
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Table 5.54 Rejection frequency of the null hypothesis of zero mean monthly calendar-time abnormal return-Large firms 

This table reports percentages of rejection rates of 250 samples with the null hypothesis of zero mean monthly calendar-time abnormal return (MMAR) based 

on both equal weighting and value-weighted schemes. MMAR is another variant of calendar-time approach which combines reference portfolios and calendar 

time. Instead of running regression based on factor models, abnormal return of an individual stock in each calendar month is defined as the difference of stock 

return and benchmark return as                . The benchmark is based on reference portfolios which are matched with the event firm by similar 

characteristics such as size, book-to-market ratio, size and book-to-market ratio, equally-weighted market return. In each calendar month, the monthly 

portfolio return is cumulated either with equally-weighted scheme or value-weighted scheme:                
 
   . Eventually, a time series of monthly 

portfolio returns is achieved over the study period. The grand mean abnormal return is computed as             
 
      . Then the conventional 

cross-sectional test statistics is calculated as:   
     

            
 . 250 samples of 200 event months are randomly selected with replacement.  Then 250 

samples of 200 large firms from size decile 10 with the largest market value in September year t are randomly selected to match the event months. Both 

two-tailed and one-tailed tests are examined at a significance level of 5%. The missing returns are kept as they are without replacement. The rejection 

frequency in 250 samples is computed. If the test is well-specified, the rejection frequency is expected to 5% at a significance level of 5%. Furthermore, the 

distribution of abnormal returns is expected to be symmetric with equal rejection rates of 5% on both sides.  

  Equally-weighted portfolio return   Value-weighted portfolio return 

Benchmark criteria 
5% 

Mean AR 
  5% 

Mean AR 
α=0 α<0 α>0   α=0 α<0 α>0 

 
Panel A: One year 

By size 6.0  5.2  4.4  0.00002  
 

5.2  7.2  6.0  -0.00007  

By BTM 3.6  5.2  0.0  -0.00110  
 

2.0  5.6  0.8  -0.00083  

By size and BTM 4.0  4.8  6.0  0.00001  
 

5.2  4.8  8.4  0.00029  

 
Panel B: Three years 

By size 4.4  4.4  5.6  0.00001   0.8  3.6  1.6  -0.00039  

By BTM 1.2  3.2  0.0  -0.00111   0.0  1.2  0.0  -0.00114  

By size and BTM 3.2  2.8  5.6  0.00002   0.0  1.2  2.0  -0.00004  
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Table 5.54 continued 

  Equally-weighted portfolio return   Value-weighted portfolio return 

Benchmark criteria 
5% 

Mean AR 
  5% 

Mean AR 
α=0 α<0 α>0   α=0 α<0 α>0 

 
Panel C: Five years 

By size 5.6  6.0  4.4  0.00000  
 

3.2  5.6  2.8  -0.00019  

By BTM 3.2  6.0  0.0  -0.00129  
 

1.2  3.6  0.4  -0.00120  

By size and BTM 4.4  4.4  4.8  0.00002  
 

2.4  2.4  3.2  0.00009  
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Table 5.55 Rejection frequency of the null hypothesis of zero mean monthly calendar-time abnormal return-Firms with lowest BTM 

This table reports rejection frequency of 250 samples with the null hypothesis of zero mean monthly calendar-time abnormal return (MMAR) based on both 

equal weighting and value-weighted schemes. MMAR is another variant of calendar-time approach which combines reference portfolios and calendar time. 

Instead of running regression based on factor models, abnormal return of an individual stock in each calendar month is defined as the difference of stock 

return and benchmark return as                . The benchmark is based on reference portfolios which are matched with the event firm by similar 

characteristics such as size, book-to-market ratio, size and book-to-market ratio, equally-weighted market return. In each calendar month, the monthly 

portfolio return is cumulated either with equally-weighted scheme or value-weighted scheme:                
 
   . Eventually, a time series of monthly 

portfolio returns is achieved over the study period. The grand mean abnormal return is computed as             
 
      . Then the conventional 

cross-sectional test statistics is calculated as:   
     

            
 . 250 samples of 200 event months are randomly selected with replacement.  Then 250 

samples of 200 firms from BTM decile 1 with the lowest book-to-market ratio are randomly selected to match the event months. Both two-tailed and 

one-tailed tests are examined at a significance level of 5%. The missing returns are kept as they are without replacement. The rejection frequency in 250 

samples is computed. If the test is well-specified, the rejection frequency is expected to 5% at a significance level of 5%. Furthermore, the distribution of 

abnormal returns is expected to be symmetric with equal rejection rates of 5% on both sides.  

  Equally-weighted portfolio return   Value-weighted portfolio return 

Benchmark criteria 
5% 

Mean AR 
  5% 

Mean AR 
α=0 α<0 α>0   α=0 α<0 α>0 

 
Panel A: One year 

By size 25.6  36.4  0.4  -0.00488  
 

21.6  30.4  0.4  -0.00485  

By BTM 6.8  5.2  6.4  0.00049  
 

4.8  6.4  2.8  -0.00098  

By size and BTM 5.2  4.8  3.6  0.00004  
 

5.2  2.8  4.4  0.00046  

 
Panel B: Three years 

By size 28.4  41.6  0.0  -0.00420   17.2  29.6  0.0  -0.00379  

By BTM 2.8  6.4  0.8  -0.00024   4.4  8.0  2.0  -0.00105  

By size and BTM 1.6  4.8  1.6  -0.00029   4.8  3.2  8.0  0.00066  
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Table 5.55 continued 

  Equally-weighted portfolio return   Value-weighted portfolio return 

Benchmark criteria 
5% 

Mean AR 
  5% 

Mean AR 
α=0 α<0 α>0   α=0 α<0 α>0 

 
Panel C: Five years 

By size 24.4  37.2  0.0  -0.00337  
 

13.2  24.8  0.0  -0.00324  

By BTM 3.6  5.2  3.6  -0.00007  
 

2.8  5.6  1.6  -0.00108  

By size and BTM 4.4  6.4  2.8  -0.00029  
 

3.2  1.2  4.8  0.00041  
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Table 5.56 Rejection frequency of the null hypothesis of zero mean monthly calendar-time abnormal return-Firms with highest BTM 

This table reports percentages of rejection rates of 250 samples with the null hypothesis of zero mean monthly calendar-time abnormal return (MMAR) based 

on both equal weighting and value-weighted schemes. MMAR is another variant of calendar-time approach which combines reference portfolios and calendar 

time. Instead of running regression based on factor models, abnormal return of an individual stock in each calendar month is defined as the difference of stock 

return and benchmark return as                . The benchmark is based on reference portfolios which are matched with the event firm by similar 

characteristics such as size, book-to-market ratio, size and book-to-market ratio, equally-weighted market return. In each calendar month, the monthly 

portfolio return is cumulated either with equally-weighted scheme or value-weighted scheme:                
 
   . Eventually, a time series of monthly 

portfolio returns is achieved over the study period. The grand mean abnormal return is computed as             
 
      . Then the conventional 

cross-sectional test statistics is calculated as:   
     

            
 . 250 samples of 200 event months are randomly selected with replacement.  Then 250 

samples of 200 firms from BTM decile 10 with the highest book-to-market ratio are randomly selected to match the event months. Both two-tailed and 

one-tailed tests are examined at a significance level of 5%. The missing returns are kept as they are without replacement. The rejection frequency in 250 

samples is computed. If the test is well-specified, the rejection frequency is expected to 5% at a significance level of 5%. Furthermore, the distribution of 

abnormal returns is expected to be symmetric with equal rejection rates of 5% on both sides.  

  Equally-weighted portfolio return   Value-weighted portfolio return 

Benchmark criteria 
5% 

Mean AR 
  5% 

Mean AR 
α=0 α<0 α>0   α=0 α<0 α>0 

 
Panel A: One year 

By size 13.6  0.4  18.4  0.00639  
 

2.4  2.4  5.6  0.00288  

By BTM 11.2  16.8  0.8  -0.00309  
 

4.0  6.0  1.6  -0.00035  

By size and BTM 6.0  3.6  8.4  0.00225  
 

3.2  4.8  2.4  0.00053  

 
Panel B: Three years 

By size 15.6  0.4  26.4  0.00579   2.4  0.8  8.0  0.00265  

By BTM 5.2  11.2  0.0  -0.00235   2.4  7.6  0.8  0.00013  

By size and BTM 2.8  1.6  8.4  0.00230   2.4  5.2  1.2  0.00042  
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Table 5.56 continued 

  Equally-weighted portfolio return   Value-weighted portfolio return 

Benchmark criteria 
5% 

Mean AR 
  5% 

Mean AR 
α=0 α<0 α>0   α=0 α<0 α>0 

 
Panel C: Five years 

By size 15.6  0.0  28.0  0.00482  
 

4.8  0.0  12.0  0.00274  

By BTM 8.8  16.0  0.0  -0.00235  
 

3.6  8.0  2.0  0.00012  

By size and BTM 5.2  2.0  9.2  0.00194  
 

3.2  6.4  3.2  0.00061  
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Chapter 6 Conclusions 

 

This thesis is consisted with three main empirical chapters based on the UK data which 

illustrate three most popular approaches: event-time approach based on models, event-time 

approach based on reference portfolios and calendar-time approach. In comparing the three 

methodologies on the UK data, the empirical results suggest the following methods are 

appropriately applied to detect long-term abnormal stock performance. When the event-time 

approach is applied based on models, although the measurement of BHARs together with the 

market-adjusted model, capital asset pricing model and Fama-French three-factor model 

generate well-specified results, the test statistics derived from these models are not reliable 

because BHARs show severe positively skewed and leptokurtic distribution. Moreover, the 

reference portfolios in conjunction with p-value from pseudoportfolios and the control firm 

approach with student t test in the event-time approach are advocated although with lower 

power of test. When it comes to the calendar-time approach, the three-factor model under 

OLS together with the sandwich variance estimators using the value-weighted scheme and the 

mean monthly calendar-time abnormal returns under equal weights are proved to be the most 

appropriate methods. When power of test is taken into account, the method based on mean 

monthly calendar-time abnormal returns outperforms.  

 

Since the UK market structure is filled mostly with firms with small market value, I fill in the 

gap in the literature to explore if the market structure has an impact on the results when 

conducting a simulation process. Chapter 3 starts with benchmarks measured by using 

different models including asset pricing models. Apart from the four models applied by 

Kothari and Warner (1997), I add four-factor model, introduced by Carhart (1997) with 

factors downloaded from the University of Exeter. To test the model specification not only in 

random samples but also in non-random samples, I use the grouping system as Lyon, Barber 

and Tsai (1999) to categorize small/large firms and firms with low/high book-to-market ratios. 

The findings demonstrate the differences of the choice of standard error of abnormal returns 

from estimation period or test period in the UK stock market. Moreover, the buy-and-hold 
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abnormal returns show well-specified results except for the market model while the 

cumulative abnormal returns show overrejection in most cases. The small rejection rates in 

BHARs suggest insignificant compounding effect from the measurement of abnormal returns. 

although the measurement of BHARs together with the market-adjusted model, capital asset 

pricing model and Fama-French three-factor model generate well-specified results, the test 

statistics derived from these models are not reliable because BHARs show severe positively 

skewed and leptokurtic distribution. The misspecification of the models, especially under 

CARs, confirms the conclusion from prior research which indicates the study of long-term 

abnormal return is not only a test of market efficiency but also to identify an equilibrium asset 

pricing model (Fama, 1998). Therefore, I attempt to explore another approach in event-time 

study, which is to use reference portfolios or a control firm as the benchmark.  

 

The methodology applied in Chapter 4 is based on studies conducted by Lyon and Barber 

(1997), Lyon, Barber and Tsai (1999) and Ang and Zhang (2004). To identify the benchmarks 

as reference portfolios based on size, book-to-market ratio (BTM), size/BTM and equally 

weighted market returns, I apply both parametric tests with an assumption of normal 

distribution with zero mean and constant variance and nonparametric tests with no 

requirement on distribution. The parametric tests have conventional student t test and 

skewness-adjusted test. The nonparametric tests are bootstrapped skewness-adjusted test, 

empirical p value from pseudoportfolios and Wilcoxon signed-rank test. Both CARs and 

BHARs are examined in this chapter. Similar findings are documented with the UK evidence 

as the US. Both CARs and BHARs produce well-specified test statistics in random samples. 

However, it is important to note that the choice of benchmark yields different results. 

Moreover, BHARs generates higher rejection rates compared with CARs, although it takes 

investors‟ experience into account. The reference portfolios with p value from 

pseudoportfolios and the control firm approach with student t test outperform. 

 

In order to solve the issue of cross-sectional dependent returns, the calendar-time approach 

proposed by Jaffe (1974) and Mandelker (1974) is examined in Chapter 5. The conventional 

calendar-time approach based on the Fama-French three-factor model and Carhart four-factor 
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model, and the mean monthly calendar-time abnormal returns which combines reference 

portfolios and calendar time, are applied. To comprehensively cover the topic of 

heteroskedasticity in the regression, three techniques are adopted to overcome the weakness 

of ordinary least squares. These include White‟s (1980) test, weighted least squares using the 

number of firms as weights and generalized least squares. The approach of mean monthly 

calendar-time abnormal returns applies benchmarks matching by size, book-to-market ratio 

and size/book-to-market ratio. The main findings indicate the importance of weighting 

schemes when applying the conventional calendar time approach based on the UK data which 

has many small firms. Value-weighted scheme shows superior ability to reduce the 

misspecification. Moreover, the mean monthly calendar-time abnormal returns generate 

well-specified results in both random samples and non-random samples with the highest 

power of test compared with all other approaches, regardless of weighting schemes.  

 

6.1 Conclusion: Event-time approach based on models 

Chapter 3 shows the empirical results based on the UK stock market with the application of 

five models to measure the benchmark returns: market-adjusted model, market model, capital 

asset pricing model, Fama-French three-factor model, and Carhart four-factor model. The 

findings are mostly consistent as prior research undertaken by Kothari and Warner (1997) 

based on the US stock market. To begin with, CARs shows misspecification with 

overrejections of the null hypothesis of zero mean CARs at significance levels of 1% and 5% 

in one-tailed and two-tailed tests, in all models over one-, three- and five-year investment 

horizons. In particular, the market model presents the most severe misspecification with the 

highest rejection rates compared with other models, even when BHARs is applied. Second, 

test statistics of CARs and BHARs are asymmetric. Positively biased test statistics are shown 

for random samples, small firms and firms with high book-to-market ratios under BHARs and 

CARs in 250 samples of 200 firms. However, when the sample is consisted with large firms 

or firms with low book-to-market ratios, test statistics are negatively biased with higher 

rejection rates on the lower tail. To further study whether the distributional properties of 

CARs and BHARs cause the misspecification, I examine a sample of 50,000 firms which are 
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randomly selected without replacement. The magnitude of BHARs is larger than CARs. 

Additionally, the distribution of BHARs is severely right-skewed and fat-tailed with large 

values of skewness and kurtosis. Moreover, the medians of BHARs in all models are negative 

whereas the medians of CARs in all models are positive except for the case when applying 

the market model in one year. This is further proved by Wilcoxon signed-rank test. Four, the 

standard errors based on the estimation period or test period mark a difference in the results. 

Regarding CARs, the misspecification is significantly improved when using standard errors 

based on the test period. Nevertheless, the number of firms varies over the test period. This 

potentially leads to biased statistical inferences. This finding indicates even the application of 

the market-adjusted model, three-factor model and capital asset pricing model yield 

well-specified results, the test statistics are not reliable because of severely asymmetric 

distribution of abnormal returns. Last but not least, the sample selection bias in this 

methodology, which requires at least 25-month consecutive returns is more significant in the 

long run. The average stock returns with requirements of pre-event survival periods reach 

79.79% in CARs and 94.49% in BHARs when the test period is five years. The longer the 

pre-event survival periods, the higher the magnitudes of CARs and BHARs.  

 

The UK data exhibits distinguished results from prior studies carried out by Kothari and 

Warner (1997) as follow. Firstly, the magnitude of rejection rates under CARs and BHARs in 

most cases is larger than the case when applying the methodology based on the US data. 

Secondly, the distribution of BHARs in a sample of 50,000 firms shows more misspecified 

results with extremely large value in kurtosis and skewness. This may be caused by outliers of 

raw returns and small size effect. Thirdly, it is surprising to find out that BHARs improves the 

misspecification in CARs with a dramatic decrease in rejection rates when applying on all 

models based on 250 samples of 200 firms. However, Kothari and Warner (1997) document 

similar rejection rates in BHARs compared with CARs except for the market model. 

Moreover, when applying standard errors based on the test period, the misspecification is 

much less than the case when using standard errors based on the estimation period. The 

decline in rejection rates is larger than the results in prior research. Fourthly, apart from the 

three-factor model, I employ the Carhart four-factor model which introduces a momentum 
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factor to capture the difference between returns of winners and losers. The four-factor model 

generates misspecified test statistics with high rejection rates in the long run. Fifthly, to take 

into account the skewness bias, I adopt Wilcoxon signed-rank test, which does not have an 

assumption of normal distribution to detect the long-term abnormal performance. Both CARs 

and BHARs overreject the null hypothesis of zero median in two-tailed test at a significance 

level of 5%. Furthermore, CARs displays higher rejection rates on the upper tail which 

indicates the median of CARs is positive. This is consistent with the analysis of distributional 

properties of CARs on a sample of 50,000 firms. However, BHARs shows overrejection on 

the lower tail which is in line with the findings of negative medians in all models over three 

investment horizons. It is interesting to note that the rejection rate is 5.6% in two-tailed test, 

5.6% on the lower-tailed test and 6.4% on the upper-tailed test when applying the market 

model in five years. Sixthly, Kothari and Warner (1997) find large firms outperform small 

firms with larger CARs. However, the UK stock market exhibits an opposite case. The higher 

rejection rates in large firms compared with small firms suggest either the pricing models do 

not generate reasonable normal returns for large firms or large firms with large returns are 

resampled. Moreover, small firms tend to show positive mean CARs and BHARs whereas 

large firms have negative mean CARs and BHARs. This indicates positive stock performance 

for small firms over the period of 1982 to 2008. Small firms and large firms, regardless of 

models or measurement of abnormal returns, show overrejection of the null hypothesis of 

zero mean abnormal returns. Lastly, although there is a decline in rejection rates for firms 

with low book-to-market ratios compared with firms with high lower book-to-market ratios, 

both firms based on book-to-market ratios show severe misspecification with overrejection in 

three investment horizons.  

 

Ever since the research based on models in event-time approach undertaken by Kothari and 

Warner (1997), the following studies shift focuses to other approaches. The findings support 

this shift with evidence of severe misspecification in random samples and non-random 

samples, particularly with the measurement of CARs. Although BHARs improves the 

misspecification significantly, it is subject to severe asymmetric distribution with high value 

of kurtosis. This methodology, based on models in event time, has some limitations. The first 
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is sample selection bias. The number of firms declines from 4,977 to 3,978 after incorporating 

the requirement of at least 25-month returns available when the test period is one year. This 

exclusion of firms results in higher raw returns, particularly in the long run. It is inevitable to 

have requirement of pre-event data since the coefficients in regressions need a series of 

continuous data. Even applying the reference portfolios, the matching criteria such as book 

value, market value, still requires data availability in a specific period. Another limitation is 

the models which predict the normal returns with the absence of events. The market model 

shows severe misspecification whereas the four-factor model generates higher rejection rates 

compared with the three-factor model. Different models exhibit different rejection rates under 

BHARs and CARs. This indicates the evidence of abnormal returns depends on models 

applied. Therefore, there is still an open question on which model is superior to reflect all the 

characteristics of stock returns. As suggested by Fama (1998), the long-run event studies 

involves the test of market efficiency but also the choice of an equilibrium asset pricing 

model. The last limitation is the missing returns. Kothari and Warner (1997) track stock 

returns with available data. This suggests if there is missing returns over the test period, the 

stock returns are replaced with zero if there are still returns following the missing returns. 

This may cause the biased in the statistical inferences. Moreover, the anomalies with higher 

rejection rates in large firms indicate high raw returns and longer survival horizons of large 

firms.  

 

6.2 Conclusion: Event-time approach based on reference portfolios  

With the application of both parametric tests and nonparametric tests on all benchmarks, I 

achieve similar conclusions with the UK evidence as prior research as Lyon and Barber 

(1997), Lyon, Barber and Tsai (1999) and Ang and Zhang (2004). First of all, both CARs and 

BHARs based on reference portfolios and a control firm in event time produce well-specified 

test statistics in two-tailed test at a significance level of 5%. The magnitude of rejection rates 

is smaller in CARs. Second, in one-tailed test, asymmetry of test statistics is implied. All 

benchmarks under both CARs and BHARs show negatively biased test statistics with higher 

rejection rates on the lower tail but there is an exception when the benchmark is 
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equally-weighted portfolio returns. The application of skewness-adjusted test, the 

bootstrapped skewness-adjusted test and p value from pseudoportfolios improve the skewness 

with higher rejection rates on the upper tail. Third, there is no particular pattern of rejection 

frequency of the null hypothesis of mean abnormal returns over the investment horizons. In 

some case, the rejection rates decline in a five-year investment horizon. Four, the control firm 

approach in conjunction with student t test generate well-specified test statistics when 

detecting long-term abnormal stock performance, especially in two-tailed test. However, it 

has the poorest power of test. Five, the Wilcoxon signed-rank test, a nonparametric test, 

shows severe misspecification when the benchmark is reference portfolios under BHARs. Six, 

compared the power of test of different test statistics based on the benchmark matched by size 

and BTM, the bootstrapped skewness-adjusted test illustrates consistent outperformance when 

compared with p value from pseudoportfolios. Moreover, there is a dramatic decline in 

rejection rates when the investment horizon lengthens. Additionally, control firm approach 

shows the lowest power of test when negative returns are induced. Seven, even the control 

firm approach lose the advantage when the stock returns overlap in the study period. However, 

the reference portfolio approach and control firm approach yield well-specified results when 

resolving the issue of calendar time clustering, which is one type of cross-sectional dependent 

returns. At last, the reference portfolios approach and control firm approach are proved to be 

appropriate to apply under CARs when there is industry clustering.  

 

 

Interestingly, some UK evidence is distinguished from prior research which is primarily based 

on the US market. At first, with comparison among all the benchmarks, it is difficult to 

identify which matching criterion is superior when detecting long-term abnormal stock 

performance since the empirical findings are mixed. However, the benchmark with 

equally-weighted market portfolio returns is clearly not a good choice when conducting 

research on non-random samples. It is applicable in random samples but has positively based 

test statistics which is opposite when applying other benchmarks. Secondly, although there is 

an improvement with the application of the skewness-adjusted test and bootstrapped 

skewness-adjusted test, which aim to resolve the issue of skewness, the rejection rates in the 
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two-tailed tail increase. This indicates misspecification in two-tailed test. Therefore, the UK 

evidence is not in favour of the application of these two test statistics. However, the p value 

from pseudoportfolios exhibits satisfactory results without sacrifice on two-tailed test. Thirdly, 

with the extension of power of test over all three investment horizons based on the benchmark 

matched by size and BTM, it is noticeable that the parametric tests, especially 

skewness-adjusted test, show consistent high power with either positive shocks or negative 

shocks. However, these tests are not advocated in the long-run event studies because of 

misspecification where there is no abnormal return induced. Fourthly, prior research 

undertaken by Lyon (1997) examines different benchmarks in random samples whereas Lyon, 

Barber and Tsai (1999) conduct robustness checks on non-random samples with the 

application of benchmark matched by size/BTM only. Ang and Zhang (2004) further 

investigate control firm approach on small firms. The extensive coverage of benchmarks on 

non-random samples states a fact that the benchmark, which does not share the characteristics 

of the non-random samples, generates misspecifications. For instance, overrejection of the 

null hypothesis of zero abnormal returns is documented in small firms when the benchmark is 

matched by BTM only. Fifthly, it is interesting to note that when conducting the Wilcoxon 

signed-rank test, CARs produce well-specified results regardless of reference portfolios 

approach or control firm approach. Last but most importantly, the magnitude of rejection rates 

is higher when the cross-sectional dependence of returns is caused by overlapping returns and 

calendar time clustering. Moreover, the application of equally-weighted market return yield 

misspecified tests in both cases.  

 

The reference portfolios in conjunction with p-value from pseudoportfolios and the control 

firm approach with student t test are favourable when detecting long-term abnormal stock 

performance. Even with the UK data which is filled with mostly small firms, these 

approaches yield well-specified results, especially in two-tailed tests. However, the power of 

test in both approaches is the worst compared with other tests. Moreover, this approach in this 

thesis is subject to some limitations. Firstly, the reference portfolios established according to 

different characteristics of firms include the event firm. This potentially results in biased 

statistical inferences. It is worth to examine the abnormal performance based on cleaner 
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benchmark returns which exclude the event firm. Secondly, the missing returns are replaced 

with the average returns of reference portfolios as Lyon, Barber and Tsai (1999) suggested. 

However, if the sample has a few small firms, the returns will be overstated. Furthermore, the 

replacement of missing returns has strong impact on the accuracy and reliability of test 

statistics if there are a significant number of delisted event firms. Thirdly, when applying the 

event-time approach based on models, I discover that the selection bias with requirement of 

pre-event data could result in misspecification since the average stock returns increase when 

the survival period lengthens. Similarly, with the necessity to use market value and book 

value to categorize firms into reference portfolios, requirement of market value in September 

of year t and book value in March of year t is applied. It is inevitable to place on requirement 

on pre-event stock returns in the event-time studies. However, when applying calendar-time 

approach based on equal-weighted scheme in random samples, the sample selection bias can 

be eliminated. Fourthly, since the UK market is filled with small firms, the application of 

equally-weighted market returns as a benchmark is expected to yield misspecified results. It is 

worth to examine the rejection frequency when applying the value-weighted scheme which 

allocates reasonable weights to small firms according to their market value. Lastly, the 

monthly market values of firms provided by the London Stock Price Database (LSPD) are not 

precise. The rounding system in the LSPD marks firms with market value below £1000 as 

zero. To make it feasible to calculate the book-to-market ratio, I replace the value of zero with 

0.5. However, when firms are deciled according to their market values, it is difficult to 

accurately allocate them into the right groups. 

 

6.3 Conclusion: Calendar-time approach 

Chapter 5 analyzes the calendar-time approach based on both equal weighting scheme and 

value-weighted scheme. Similar finding as prior research undertaken by Lyon, Barber and 

Tsai (1999) and Ang and Zhang (2004) are documented as follows. Regarding the 

conventional calendar-time approach, it generates well-specified test statistics when applying 

a value-weighted scheme. Moreover, non-random samples including small/large firms, firms 

with low/high BTM, yield misspecified results regardless of weighting schemes. In addition, 
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the industry clustering with cross-sectional returns is resolved when running regressions 

based on value-weighted scheme. Compared with the three-factor model, the four-factor with 

a momentum factor improves the misspecification, especially under value weights, and shows 

higher explanatory power of independent variables to the dependent variables. The power of 

test increases with the magnitude of abnormal returns introduced but decreases with the 

length of investment horizons. Furthermore, the test shows stronger power to capture the 

positive shocks compared with negative shocks. With respect to mean monthly calendar-time 

returns, the magnitude of rejection rates is smaller compared with that when applying the 

conventional approach. This approach generates well-specified results regardless of weighting 

schemes in random samples and non-random samples.  

 

Although the results show similarities as the prior studies, there are a few differences worth 

discussing. Regarding the conventional calendar-time approach, the application of different 

weighting schemes generates different results. The value-weighted scheme yields 

well-specified results in random samples whereas the equally-weighted scheme generates 

severe misspecification. I attribute this to the UK market structure which is filled mostly with 

small firms. When the equal weighting scheme is adopted, with an equal weight allocated to 

each firm, small firms are given more weights than they deserve. However, the 

value-weighted scheme allocates weights to firms according to their market value. The prior 

research based the US data does not show significant difference from the studies when 

applying different weighting schemes. To reduce the misspecification under equal weights, I 

find the winsorization process which deals with the outliers of stock returns can effectively 

reduce the misspecification but fail to eliminate it. Therefore, the value-weighted scheme is a 

better choice when studying a sample with many small firms. Secondly, small firms and firms 

with high BTM generate misspecified results regardless of weighting schemes. Small size 

effect is used to explain this misspecification. Regarding the misspecification in large firms 

and firms with low BTM, the causes are attributed to resampling of large firms with large 

returns. Thirdly, to correct the heteroskedasticity, I compare the three techniques. Compared 

with the ordinary least squares, the weighted least squares does not outperform based on the 

UK data. This is in contrast to the conclusion drawn by Ang and Zhang (2004). sandwich 
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variance estimators under OLS outperform WLS and GLS with lower rejection rates. 

Therefore, it is advocated to be applied in the long-run event studies, especially for data 

containing many small firms. Fourthly, industry clustering and calendar clustering both 

generate well-specified results under value-weighted scheme. However, the conventional 

approach yields misspecified test statistics for firms with overlapping returns.  

 

Regarding the mean monthly calendar-time returns, the weighting scheme does not matter 

with an exception when the benchmark is the equally weighted market portfolio returns under 

value weights. Second, the power of test decreases as the investment horizons lengthen under 

both weighting schemes as other approaches. However, the equally weighted scheme shows 

higher power with positive abnormal returns whereas the value weighted scheme represents 

higher power with negative abnormal returns. It is worth noting that the power of test is the 

highest comparing with other approaches. Last but not least, when conducting the robustness 

checks on small/large firms, weighting schemes do not play an important role. Both small and 

large firms generate well-specified test statistics when applying the benchmark matched by 

size and size/BTM.  However, misspecification appears with higher rejection rates with the 

application of benchmarks matched with equally-weighted market portfolio and by BTM. 

Similar results are found for firms with low/high BTM. The overrejection is documented 

when applying the benchmarks matched by size and equally-weighted market portfolios. This 

indicates the meaninglessness to conduct robustness check with benchmarks matched with 

characteristics which are totally different from sample firms. When compared with the 

conventional calendar-time approach based on factor models, MMAR outperforms in terms of 

power of test and non-random samples.  

In the studies, the conventional calendar time approach experiences difficulties when the 

sample is filled with mostly small firms, particularly when applying equally-weighted scheme. 

It still cannot resolve the issue of overlapping returns with cross-sectional dependent returns, 

especially when the sample contains a number of small firms. Moreover, the robustness check 

for non-random samples generates severe misspecification. In addition, the three-factor model 

is subject to criticism on its ability to capture the characteristics of stock returns. This „bad 

model‟ issue proposed by Fama (1998) still exists based on the UK data. The application of 
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four-factor model only lifts up the power of explanatory power of independent variables to 

dependent variables but generates more misspecified results. Lastly, the correct of 

heteroskedasticity requires more attention since there is some improvement when applying 

other techniques compared with ordinary least squares technique. Although the mean monthly 

calendar-time approach is favourable for its well-specified results regardless of weighting 

schemes in random sample or non-random samples, the benchmark needs to be carefully 

constructed. Moreover, when applying value-weighted scheme, there is an open question 

which market value of the event firm should apply. In the studies, the market value of event 

firms in the month when the calendar portfolio is constructed is used. This results in bias in 

the portfolio returns since the market value is not the most updated. Therefore, some studies 

suggest applying the market value of event firms in the previous month. However, if a firm is 

newly listed, the market value in the previous month is missing but there is return observation 

in the current month. In addition, when conducting robustness check on non-random samples, 

the matching criteria in the benchmarks cannot be overlooked. The empirical results shown in 

the analysis suggest the benchmarks applied with characteristics similar as the non-random 

samples yield meaningful results. This is to say when studying non-random samples biased in 

size, the benchmark needs to be matched with at least with one criterion as size.  

 

6.4 Limitations and Suggestions for future research 

Although I cover the UK data excluding financials over a period of 1982 to 2008, there are 

still some issues regarding the data. First of all, the raw returns show a few outliers which 

could potentially affect the results, particularly when applying buy-and-hold returns. There 

are 27 monthly returns larger than 500%. One observation even reaches 4500%. I do not 

exclude those outliers in the studies but the winsorization process is carried out in the 

calendar time approach for 250 samples. It is worth investigating the effect of winsorization 

in different approaches. Second, the data screen to include only firms with market value and 

book value, shows a significant decline in the number of firms, especially in the year of 2007 

with drop-out firms of 545. The 423 firms with missing book value peak in 2007. Third, since 

the market value is needed for categorizing firms into reference portfolios, it is important to 
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have the precise value. However, the London Stock Price Database (LSPD) provides monthly 

market value with 0 denoted for firms with market value smaller than £1 million. Therefore, 

when I use market value as matching criteria, small firms cannot differentiate from each other 

with the same value of market value. The rounding system in LSPD also makes it difficult to 

precisely classify firms on the basis of market value. Four, since the UK market consists of 

main market, alternative market and unlisted securities market, it is interesting to test the 

long-term performance in the submarket separately. However, this results in a reduction of  

the number of firms?, especially after the exclusion of financials. The simulation process 

needs to shift to a smaller sample size in order to avoid the issue of data mining. Lastly, the 

sub-period long-term stock performance is worth examining since I cover a long period from 

1982 to 2008. The large number of dropouts in 2007 may be due to the credit crunch; 

therefore, the results may be different when separating the periods into decades: 1980s, 1990s 

and 2000s.  

 

With respect to the event time approach based on models, severe misspecification appears 

when applying CARs, regardless of standard deviation based on estimation period or test 

period. The market model is the most misspecified with the highest rejection rates in both 

CARs and BHARs. This is in line with the argument regarding the “bad mode” issue in event 

studies by Fama (1998). The asset pricing models are considered to lack the ability to fully 

capture the characteristics of stock returns. Even the Carhart four-factor model, which 

incorporates the momentum factor, cannot improve the misspecification. Future research is 

encouraged to identify a well-specified model to reflect more detailed characteristics of stock 

returns. Since the reference portfolios approach and control firm approach show superior 

power when detecting long-term stock performance, the benchmark portfolio is a good 

starting point to improve the model. In the factor models, additional factors which relate to 

the specific characteristics of the event firm may be added as a dummy variable when meeting 

certain requirements. Apart from the model issue, the distribution of CARs and BHARs 

requires greater attention. BHARs shows higher mean BHARs with high value in kurtosis and 

skewness. Although extensive literature exists regarding the improvement on skewness 

through nonparametric tests such as bootstrapped procedures (Lyon, Barber and Tsai, 1999), 
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there is limited discussion regarding resolutions for the “fat-tail” problem. 

 

Regarding the reference portfolios, the empirical results, which require a careful selection of 

benchmarks, are satisfactory in both random samples and non-random samples. The criteria of 

benchmarks needs to be more specified, especially when applying the control firm approach. 

As with the methodology by Lyon, Barber and Tsai (1999), a control firm is the one with the 

closest BTM to the event firm after screening based on the market value in the range of 70% 

to 130% of the event firm. However, in most cases, multiple firms exist after the first 

screening. There is no specific criterion to choose among these control firms. Therefore, apart 

from size and book-to-market ratio, more studies are encouraged to focus on other criteria, 

such as P/E ratio, industry. Since CARs and BHARs in the studies are based on an 

equally-weighted scheme, it is worth examining whether any difference exists when using the 

value-weighted scheme to measure the portfolio return.   

 

With regards to the calendar time approach, this still concerns the „bad model‟ issue. Although 

the Carhart four-factor model shows higher explanatory power of independent variables to 

dependent variable, it generates misspecified results. The heteroskedasticity is not improved 

significantly with weighted least squares, generalized least squares and sandwich variance 

estimators. Therefore, a well-specified model and techniques is the focus of future research.  

 

6.5 Implications for the finance industry 

The empirical results documented in this study provide a comprehensive framework for 

researchers and practitioners who are interested in studying the long-term stock performance 

following unknown events. The results based on the UK stock market which is mostly filled 

with small firms suggest the most appropriate method to detect long-term abnormal stock 

performance is the mean monthly calendar-time abnormal returns under either equal weights 

or value weights. This can be also extended to studies relating to specific events such as IPOs, 

SEOs, or Mergers and Acquisitions, etc., Moreover, the relevant test statistics including 

non-parametric tests can be applied in the short-term event studies. The market efficiency 
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hypothesis is under debate in the context of event studies, since the methodology of event 

studies not only tests the null hypothesis of zero abnormal returns but also tests the 

equilibrium model applied. It is important to identify which benchmark should be employed 

to compare with the actual returns so as to achieve abnormal returns. The performance of 

stock in the long run will provide a useful guideline to value investors when making 

investment decisions as well as establishing benchmarks. 
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