Don’'t Swipe the Small Stuff: A Randomized Evaluatwf Rules of Thumb-

Based Financial Education

We perform the first rigorous test of a rules afrttb—based approach to financial education on
consumer behavior and outcomes. We test two rfilgmimb that are targeted at reducing credit
card revolving and deliver them in a randomizechfas via email, online banner, and physical
mailer. Using monthly administrative data and pa&d postintervention credit data on almost
14,000 consumers, we find that the “Don’t swipe 8mall stuff” rule of thumb reduces

participants’ targeted credit card balance by areeage of 2 percent at a cost of around $0.50

per person. The “Credit keeps charging” rule showglecline as well but the impact is not
significant.
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Rules of thumb may be an effective strategy foiveehg financial education and improving
financial behaviors and outcomes. Rules of thunetsanple heuristics with broad application
that are not meant to be strictly accurate in egénation. They are an efficient tool when
decision-making is costly and when decision-makesge imperfect information (Baumol and
Quandt 1964; Day 1967), as is often the case witintial decisions. Rules of thumb can lead to
optimally imperfect decision-making, in which theurginal cost of additional information
gathering is equal to its marginal gross yield (Baband Quandt 1964).

To test whether rules of thumb can be used toteffdyg deliver financial education, we perform
the first rigorous test of a rules of thumb—baspdreach to financial education on consumer
behaviors and outcomes using a randomized cordrtsild (RCT). In collaboration with Arizona
Federal Credit Union (Arizona Federal), we sendafre/o rules of thumb (or none for the control
group) to 13,957 credit card revolvers. Credit cadblvers are individuals who carry debt on
their credit card from month to month.

The first rule that we test tells participants & fswipe the small stuff” and to use cash instead
of credit for purchases under $20. The second msrtinem that “credit keeps charging” — that
for the average revolver, purchases cost abouegfept more than the ticket price when they pay
with their credit card (due to compounding inteasd fees). Participants receive one (or no) rule
via email, online banner, and/or physical maileotiyhout the course of a 6-month study period.

Using detailed monthly administrative data on ggsint purchases, payments, and checking
account behaviors, and pre-and postinterventiotitodata from a large credit reporting firm, we
estimate the average treatment effect using ardifte-in-difference approach for participants
offered access to treatment on key financial beltaxand outcomes. We find that the first rule of

thumb causes participant debt on their Arizona Fdeedit card to be an average of $104 (or 2



percent) less than it would have been in the alesehd¢reatment. The second rule leads to an
average decrease of $58 (1 percent), but the éffect statistically significant. We do not detect

a statistically significant effect on aggregatealging debt which makes us unable to rule out the
possibility of debt reshuffling rather than redoat in debt overall, although the negative point
values are promising.

The mechanisms for the decrease in debt are niyt éléar, however, leading to some
uncertainty about whether the messages are fumugoas true rules or whether they are
functioning as general reminders. No effect is ctetd on the number of purchases under $20 or
on the number of purchases overall, although thet pstimates are all negative and the effect is
statistically significantly for some subgroups. Atdzhally, the fact that the first rule, which
included a more direct action request (to use aastlead of credit on small purchases) worked
better, implies that messages framed as rulesunfithmay be more effective than those framed
as general suggestions. We hypothesize that tles mobrk through a variety of mechanisms
(reductions in spending via credit, reductions pergling overall, and increases in payments),
which makes it difficult to detect an effect on leacdividual mechanism.

Our results are smaller in magnitude but similasign to those of Drexler, Fischer, and Schoar
(2014), who test rules of thumb on microentrepremn@uthe Dominican Republic. They find that
their rules of thumb-based training for businessnens increases savings by 6 percent.
Skimmyhorn et al. (2015), conversely, find thatssl@om-based rules of thumb education for
students at West Point produces no benefit ovditimaal principles-based financial education in
terms of self-reported knowledge or motivation. Keer, the authors are not able to observe the
effects of the intervention on actual behaviors amgomes. Additionally, they test rules of thumb

in a traditional classroom based setting, which meaxk differently than those sent via messages.



We extend previous work by testing rules of thumblbS. consumers using a messaging-based
approach. We also directly observe participantiaveors and financial outcomes rather than their
financial knowledge and self-reported behaviors.

Although the effect sizes are modest, the costdetifering the intervention are trivial: rule
delivery via e-mail or online banner was $0.47 person, and production and delivery of the
physical mailer was $0.59 per person. The margiast of adding an additional recipient to the
email or online banner delivery is close to zerddiionally, the results are likely attenuated
because the sample was not ideal. Preinterventexditccard purchase levels were surprisingly
low for most participants, so altering their sperdbehavior was particularly difficult. We were
also not able to measure actual uptake of the,ratesvhile this RCT can estimate the intent to
treat effect, we could not estimate the treatmarthe treated effects. (In this case, intent tattre
is the effect of being offered one of the rulesilevtreatment on the treated is the effect of distua
opening, logging on, and observing the rules aseled by email, website, and calendar magnet.

These results suggest that rules of thumb canfbetiee at improving financial behaviors and
outcomes for U.S. consumers. And, given that coessimay be less likely to trust rules of thumb
that come from a banking institution, such an w#ation may be even more effective when the
rules come from a trusted nonprofit or public gntillowever, not all rules work equally well, so
selecting the right rules is key to altering bebasi Additionally, research is needed to better
understand the mechanisms through which rulestdifdtavior.

1. Background on Rules of Thumb

Rules of thumb are among the more efficient mettiodgptimal decision-making (Baumol and

Quandt 1964), and are also widely used, even ifwidely researched. They are likely a more

realistic way that people make decisions than matichoice, in which the choice maker weighs



all costs and benefits (Etzioni 1987). In many sa#iee full set of matters to weigh into decision-
making are unknown or too many. Frank (1987) arghasto gather the information and do the
calculations required for a rational choice decisioould consume more time and energy than
anyone has. Rational choice decision-making, hs,saguld lead to the ability to make only a

few decisions each week, leaving many importaniseats unmade. Rules of thumb reduce this
cost and allow for quicker decision-making.

Because of these factors, rules of thumb may leffantive way to deliver financial education
and improve consumer behaviors and outcomes. Hktiatly; financial education has been
didactic, often in a classroom or workshop settiaggd focused on sharing general financial
knowledge. The empirical evidence is quite limigdxbut the effectiveness of these interventions,
and the research that does exist has provided mesedts (Collins 2013; Hastings, Madrian, and
Skimmyhorn 2012).

In contrast, rules of thumb are easy to underséaadremember, and consumers may grasp the
point of the rules of thumb and adopt it more ratian a complex financial calculation. They
may also be more likely to implement the rule afrtib correctly, making it more effective than
conventional financial education approaches. Rolethumb are also easy to follow, which
increases the probability that consumers will adegw behaviors and stick with them. But rules
of thumb may be most effective for decisions thatfeequent and involve learning -- they may
not be successful when applied to infrequent firdmiecisions, such as taking out a mortgage for
a house or a loan for a car.

Rules of thumb have been found to be a succesfhad for optimal decision making in many
areas (Fishcher et al. 2010; Baumol and Quandt)1964y are used in the medical profession to

help doctors handle the huge number of decisioeg éncounter (Andre et al. 2002). They have



also been found to be used by animals to evalbatbdnefits and costs associated with a particular
behavior (Pyke 1978; Barnard and Brown 1981; Beagel1985; Blaustein and O’Hara 1982;
Stamps 1988). For example, Bouskila and Blumste®®2) found that natural selection will not
always favor perfect estimates, since there is sopsé in acquiring accurate information. The
authors found that there is a zone of toleranceainaccurate perceptions, such as rules of thumb,
perform just as well as perfect knowledge for ptiedia While developing and providing rules of
thumb as a financial education tool has promisey thay not be adequate in all settings, as there
is likely a trade-off between the simplicity of werdtanding via rules of thumb and the depth of
understanding that might come from a more standdtttational approach. Financial decisions
can be complex and rules of thumb may be too sstpliRules of thumb-based financial
education may make it difficult for individuals &alapt the knowledge to different situations and
circumstances without an in-depth appreciatiorhefdoncepts behind the rules.

Until now, there has been limited empirical evideno show whether rules of thumb
interventions can be successful at improving fim@noutcomes for consumers. Techniques
similar to rules of thumb such as nudges and mesgagminders have been shown to be effective
at improving financial outcomes, particularly fopse that are close in time to the point of denisio
making (Agarwal et al. 2015; Bracha and Meier 20Kdrlan et al. 2010; Kast, Meier, and
Pomeranz 2010; Stango and Zinman 2011). Messagmiders are often personalized to the
individual, with notes about goals or updates onkblaalances and credit scores. For example,
Credit Card Accountability, Responsibility, and Elasure (CARD) Act mandated nudges display
the monthly payment required for a credit card bokd pay off their full balance in 36 months;
the nudge was found to increase the share of atcoweeting the recommended value (Agarwal

et al. 2015), though minimum payment requiremeeisain salient for many consumers (Keys



and Wang 2016). Similar to rules of thumb, messagaminders can be sent to recipients close
in time to the point of decision-making, and they ®e simple and short.

Additionally, two studies directly examine rulestbtimb as a method of financial education.
Drexler, Fischer, and Schoar (2014) use a randahtpetrolled trial to compare the effects of
standard accounting—based financial business maragesducation to a rules of thumb-based
program for microentrepreneurs in the Dominican®dip. They find that the participants who
received rules of thumb—based training are sigeifily more likely to keep accounting records,
calculate monthly revenues, and improve their lrsgmmanagement practices overall; participants
in the traditional training do not change theirgtiges. This study shows that rules of thumb hold
promise for improving business practices, but @ dot inform how well this approach would
translate to consumers, nor (like any single stuehg it able to examine a full range of outcomes.

Skimmyhorn et al. (2015) examine the effect of lasm-based rules of thumb financial
education on self-reported measures and find thiadwgh rules of thumb increase cognitive
measures of knowledge and noncognitive measureselbefficacy, motivation to learn, and
willingness to take financial risks, this approates not produce superior results above those
from traditional principles-based financial educatiHowever, the authors are not able to examine
impacts on financial behaviors or outcomes, northey able to exploit the ability of rules of
thumb to be delivered close in time to the desireldavior change.

2. Experimental Design and Data
2.1Rule Design and Delivery

Our design process for developing rules had 6 phaisé was designed and implemented with
our research partners at the Consumer Financié®ien Bureau and Commonwealth (formerly

D2D Fund). We first reviewed previous researchlagld discussions with experts to improve our



knowledge of what works when designing a rule oitth. Second, we did structured consumer
listening sessions to gain deeper insight intoktékaviors and attitudes of the project’s target
audience. Third, we brainstormed ideas—generatingde range of possibilities for further
testing. Fourth, we vetted ideas internally anceally to narrow the focus. Fifth, we identified
a partner to implement the experiment, describddweWe then worked with marketing
professionals to refine and design the rules toentaém memorable and visually appealing.

The rules are as follows:

* "Don't swipe the small stuff. Use cash when it'slan$20." (the cash under $20 rule)
» "Credit keeps charging. It adds approximately 26ceet to the total.” (the 20 percent
added rule)

Both rules are designed to encourage revolvergdndslessThe “Credit keeps chargingfule
directly addresses the expenses incurred by usiceydr—with the logic being that consumers
would prefer not to overpay for a good or servitlee logic behind théDon't swipe the small
stuff” rule is more nuanced. “Pain of payment” refershi® displeasure that people experience
immediately after making a purchase, which can unde the pleasure derived from
consumption (Prelec and Loewenstein 1998). This paries by the timing of payment, and by
method of payment. Whereas paying with cash leaw@sd memory trace, credit card purchases
requires only a signature, and therefore, they bhdoever pain of payment. This phenomenon may
lead to higher consumption with credit cards thah wash.

Many studies have found that using credit cardsa ggayment mechanism increases the
propensity to spend as compared to cash in otherigisntical purchase situations, a finding
typically referred to as the credit card premiuneifiberg 1986; Hirschman 1979; Prelec and

Simester 200; Soman 2001; and Soman and Cheema P0G2terjee and Rose (2012) found that



when credit cards as a payment mechanism are rnoessible, consumers pay more attention to
a product’s benefits rather than its costs. Combhgrsvhen cash as a payment mechanism is more
accessible, consumers focus more on cost aspectdbtnefits. Both of these mechanisms lead
consumers to spend more with a credit card thanwloaild with cash.

Our implementation partner was Arizona Federal €tédion (Arizona Federal), a large credit
union based in Phoenix, Arizona, to draw the sarapteedit card revolvers and deliver the rules.
Arizona Federal delivered the rules via one, twothwee delivery channels in a randomized
fashion. A control group received no rules. Thee¢hdelivery modes were e-mail, online web
banners at log-in, and a physical mailer (calemczgnet):

Arizona Federal sent participants the rules viaa@-twice each month. They placed the online
portal messages on the home page of the partisipamniine banking site in either a moving banner
or a static ad, with variations in type and styletighout the intervention period. The physical
mailer incorporated the rules into a magnetic adderthat Arizona Federal had already planned
to send to their customers as an end-of-the-ydarSjudy participants randomized to receive the
rules via physical mail had one of the rules pdraethe top of the magnet. Arizona Federal credit
card customers randomized to not receive the rgephysical mail received a magnet with the
Arizona Federal logo instead of a rule.

2.2 Experimental Design
This study was undertaken via a RCT. To test meltiples, delivery mechanisms, and timing,

we employed a randomized full factorial design. A£TRwith factorial design allows for

! There is a small chance of spillover of the inggion within a household, but this is limited @useholds that had two separate accounts, both
had revolving credit card debt, and where one wadamized to receive the mailer and the other wésTine intervention was undertaken at the
account level, so if two family members from thenechousehold shared an account, they counted asbseevation in our analysis. If they had
two accounts, the only rule that could potentiabywe been shared between them was the mailer, thiaceould could have been opened by any
family member and/or place on the refrigeratordsiit was a magnet). The email went directly toitltvidual, as did the banner on the online
site. Therefore, we believe that the chance ofos@t is small and limited to households that had $eparate accounts, both had revolving credit
card debt, and where one was randomized to retieévmailer and the other was not.
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combinations of treatment types, rather than adstering just one type of treatment for each
participant. We had four factors: online portama#, physical mail, and rule type (A or B).

Even when assigning individuals at random, it issilole for there to be baseline nonequivalence
between the different groups by chance. To helprenthat important subgroups were selected
into each treatment group and the control groygaportion to their overall representation in the
study sample, we first stratified the sample basetivo measures (number of months revolved
and age) and then randomized within these groups.

2.3 Data

We draw data for this study from two sources: adstiative data from Arizona Federal and
demographic and credit data from a large crediontépy firm. The administrative data include
information about each revolvers’ age and acco(ntduding credit, checking, and savings).
These data include our main variable of interestoant of revolving credit card debt on
participants’ Arizona Federal credit cards. Dedorgstatistics can be found in Table 1, along
with baseline randomization tests. Arizona Fedemdlected and transferred these data to us
monthly for 6 months before the intervention amddhths during the intervention. These detailed
monthly data allow us to account for individual-éév¥rends and baseline characteristics and to
examine whether the intervention’s effects varietbighout the course of the study period.
However, we are not able to observe the extenthichwrecipients opened the emails, read the
online banners, or viewed the physical mailer. Assult, we can only estimate the effect of the

offer of treatment, not the effect of actually negsy and participating in the treatment.

2 Consumers were distributed into 15 treatment gso@groups received rule A, 7 received rule B, thiedfinal group received no rule. Other than
the control group, each group received the ruleseime combination of the three delivery mechanigitts 2,616 consumers receiving the rule
via two modes, and 872 consumers receiving thevialéhree modes.
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The credit data come from a large credit reporfirg and include information on debts and
available credit in addition to some demographiorimation. Because participants may hold
accounts at more than one bank and through nortyaniaels, it is important to test whether their
overall finances changed as a result of the intgios.

To examine both pre- and postintervention crediasuees, we pulled credit data from
November 2014 (the month before the beginning efinkervention) and August 2015 (two
months after the end of the intervention). Withyamlsmall number of exceptions, the treatment
group means are not statistically different from tontrol group means at baseline. Baseline
characteristics do not jointly predict treatmergigsment. We do find recipients of the $20 rule
to have purchased, on average, $13 less than tikcgroup at baseline; while this amount is
statistically significant at the 5 percent levek small size of the difference leads us to believe
is not economically significant. Rule recipients@have, on average, $100 lower credit card
balances with Arizona Federal. To adjust for thaifferences at baseline, we use an individual
fixed effects model as described further in secBoiihese means are based on trimmeddata.

[TABLE 1 HERE]
2.4 Study Participants

The participants for this study are credit cardbesrs drawn from Arizona Federal’s credit card
customer base. We define a credit card revolvepasone who carried a credit card balance for
at least two of the 6 pre-intervention months,meatessarily consecutively. This definition is based
on Arizona Federal’s internal definition and wafirted to correspond with the definition put forth

in the CARD Act (CARD Act Report 2013). Arizona Fezdl described a problematic revolver as

3 Because extreme outliers existed for several moatis outcome measures, we trimmed the data toeetiat these individuals did not skew the
results. To do so, we removed the top and bott@dnpércent of each continuous variable when thetdmwttom value was not zero. In cases in
which the top or bottom values were zero, we trimhimely one side of the variable’s distribution bg Ppercent. All results are robust to untrimmed
data and a 0.25 percent trim.
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someone who has revolved more than 2 months otlieopast 12 months (i.e., the person is
revolving in a suboptimal manner). However, becausenad only 6 months of preintervention
data from Arizona Federal, we designated revolasithiose people who revolved at least 2 months
of the 6 months of the preintervention period.

The CARD Act defines a revolver as someone whmtsan‘transactor” (i.e., someone who
pays their balances in full for two consecutive theh Thus “revolvers are consumers who are
required to make a payment but do not pay theiarzad in full for two consecutive months”
(CARD Act Report 2013, 95). However, the CARD Acded not define a specific period within
which this revolving must take place, and takingirtistrict definition of someone who revolved
just once would place some people in our sample wayp not be problematic revolvers—that is,
they may be acting in their own best interest. &@mple, at certain times during the year sales
on large items are so great that it is better éonesone to purchase the sale item with a credit card
and pay interest on that credit card debt rathen thait to purchase the item at full cost. Only
including individuals who revolved for at least twbthe 6 months of preintervention data helped
us reduce the likelihood of including utility-maxizmg revolvers in the study. The full sample
consists of 13,957 peopte.

Participants do not typically spend large amouaishemonth on their Arizona Federal credit
card, but they hold high balances. Seventeen pencade no purchases on their Arizona Federal
credit card during the preintervention months afigé&rcent spent less than $100 on their credit
card every month. Thirty-one percent made no pwehainder $20 during the preintervention
period, and another 21 percent made on averagthbassne purchase under $20 per month during

the preintervention period. Low credit card spegdsnggests participants may be strategically

4We find that 0.7 percent of consumers pay offrthalance in full for 5 or 6 of the 6 months priorthe intervention.
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revolving at Arizona Federal due to the low intémede this credit union offers on credit card
balances. This pattern of credit card use was umknshen the sample was drawn and likely
caused the effects to be smaller than they woulek Heeen on a more active population. At
baseline, the typical revolver in this study madgrpents sufficient to cover the cost of new
purchases, interest, and a small share of theamdlistg principal, but he or she was not making
quick strides in retiring existing credit card debt

For the most part, study participants are workigg-adults in their forties and fifties who are
married with at least one child (Table 2). Moststparticipants are homeowners. The sample has
slightly more males than females.

[TABLE 2 HERE]
3. Results
3.1 Average Treatment Effects

Since we cannot observe whether the participaats aad implemented the rules (which would
inform an analysis approach referred to as thetitnent on the treated”), we estimate the effect
of the opportunity to read and apply the rules (inéent to treat”). Our primary method for
estimating the Intent to Treat (ITT) impact of thedivery of rules of thumb on financial outcomes
is a fixed-effects model, which is a form of di#ece-in-difference. Specifically, we estimate the

following equation:
Y =CtBy(RxPos)+y, +4 +¢,, (1)
Where Y is the outcome variable for participarih montht; c is a constant termR. ; a vector

of dummy variables for each of the two rulgs, is a measure of the effect of the effect of Rule

A and Rule B; Post is an indicator of whether thanth is pre or post implementation of the rules,
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Y, and /1t are individual and month fixed effects, respectiveind &, is the error term.We

calculate standard errors clustered at the indalitkvel that are robust to heteroskedasticity and
arbitrary forms of error correlation within eacldividual. The analysis includes 6 months prior to
the intervention and 6 months during the intenamiiThe fixed effects allow us to remove any
time-invariant unobserved heterogeneity that exX@tshat individual that may be related to their
financial outcomes.

To test how the effects vary by month, we addaliynrun the following fixed effects

model:
Y =CtL(RXA) +y, +A4 +¢, 2
WhereY is the outcome variable for participaim montht; cis a constant termg, is a measure

of the effect of the effect of Rule A and RuleR; a vector of dummy variables for each of the

two rules; )V, and/lt are individual and month fixed effects, respectivahd & is the error terni.

Our primary outcomes of interest are balance onodid Federal accounts and aggregate balance
for open revolving trades (Table 3). We find tHas tash under $20 rule causes participants to
reduce their revolving debt by $104 on their Ariadfederal credit card which equates to about 2
percent of their baseline averagée also estimate decreases in aggregate debt atirosgolving
trades that are approximately equivalent in mageitio our estimates from the Arizona Federal

card itselff However, these estimates are much noisier andatrstatistically significant, so we

5 We also run the models using pooled ordinary leqsaires, and results are robust to this modefipgoach.

8 Thirty-four individuals who closed their Arizon@@eral account over the course of the intervertianpted out of the study were excluded from
analysis.

”We also run the models using pooled ordinary leqsaires, and results are robust to this modefipgoach.

8 We also examine aggregate balance on all opeedraggregate balance for open status tradesganegate balance for open status revolving
trades, finding similar results. We also do noedeany significant effects on collections, deliegaies, number of revolving trades, or number of
bankcards with a balance transfer.
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cannot draw any definitive conclusions regardingrail debt. The 20 percent rule also reduces
balances, but without as large a magnitude orssizdl significancé.

Collectively, these results suggest that it is fmssthat the rules are serving to encourage
participants to shift use to other credit carddeathan reducing overall credit card spending.
However, we believe that this is unlikely since Zoma Federal’s credit card interest rates are
relatively low so it is unlikely that participantgould choose to instead use a different card, and
because we do not precisely estimate a zero effeoverall revolving debt. Additionally, we see
other secondary impacts on credit card usage derahber of inquiries and aggregate credit
below) which implies that the rules are not caugiagicipants to shift debt to other cards, but are
instead reducing credit card usage overall. Howesiace our overall debt measure does not
include balances on closed accounts, the effectsegecould be due to account closures rather
than true reductions in debt. Therefore, additimaaéarch is needed to confirm that such rules of
thumb encourage overall debt reductions rather#stuffling or account closurés.

[TABLE 3 HERE]

We hypothesized three possible mechanisms throingthwhe $20 rules could have an effect
on credit card balance: 1) decreases purchasealloaed specifically under $20 on the Arizona
card, 2) decreased purchases on other credit daadiéng to more money for and higher payments
on the Arizona card, and 3) generally more findrereareness leading to fewer overall purchases

on their credit cards and more frequent or larggnpents on their credit caréfs.

° The effects for the cash under $20 rule and thee26ent added rule are not statistically diffefemtn one another.

10We do a robustness test on the 4 percent of thals with only 1 revolving trade at baseline. Wl the point estimates for the $20 rule to be
very close to that of the full group and the pastimate for the 20% rule larger (i.e. more negativ

' while presumably the effect on the overall balastoeuld come from either fewer purchases or moympats, due to the nature of the regression
model the coefficients on the intervention for fuases and payments will not necessarily add upeaoefficient on balance. We hypothesize
that it is a combination of these mechanisms tred ko the decrease in balance, although we céestdhis.
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We are not able to clearly estimate an effect ef lles directly on any of these potential
mechanisms, however (Table 4). We do not detedggrafisant change in number or value of
overall purchases on Arizona Federal accountsitberrule, nor on the number of purchases
under $20 on Arizona Federal credit cards. Anddayments, we actually estimate a small
decrease in the number of payments for recipieittseo$20 rule. We hypothesize that this is due
to the recipients making fewer purchases on thezoha Federal cards and therefore requiring
fewer payments (as some individuals have autopalysetnup after each purchase), since we
would normally expect fewer payments to be assediatith higher balances. However, we are
unable to confirm this since the point estimatetib@ number and amount of purchases is
insignificant for both rules. We also examine thgact on savings, checking, and debit card
transactions and find no significant impact of eftfule (shown in appendix Table A.1). Therefore,
we cannot definitively say what the mechanism lamethe change in Arizona Federal credit card
debt, but suspect that it is some combination eftee.

[TABLE 4 HERE]

We do find that the 20 percent added rule reduweatmber of credit inquirigsand that
both rules lead to a decrease in aggregate coedipen revolving trades (by $595 for the $20 rule
and $679 for the 20 percent added rule). This deserén available credit does not lead to a
detectable change in overall credit utilizatioriagt(the ratio of aggregate balance to available
credit for open revolving trades), however, andrthes have no detectable effect on overall credit
score or other credit measures. We also estimatentbact by type and number of delivery

mechanisms (see appendix Table A.2 for results)fidéeno clear winner in terms of delivery

2 The effect of the 20 percent added rule is ndissizally distinguishable from the effect of thast under $20 rule.
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mode (e-mail, online, or physical mailer) whilee&gng a rule via fewer channels seems to work
better than receiving it via all thrég.
3.2 Effects Over Time
Because Arizona Federal provided monthly data, er\able to examine how the rules worked
over time. For instance, it is possible the ruled the strongest effect toward the beginning months
of the intervention before fatigue set in. Alteiaaly, the rules may have been more effective after
they had a chance to soak in for a few months anddw behaviors to become habits.

To test for effects over time, we estimated théofing equation:
6
Y, =c+ Z,BtTi,t—m tytA+E,,
m=-6

whereT, ,_ was a dummy variable for treatment that equaled@nall months for anyone who

received treatment (by rule), and

6
Z:BtTi,t—m

m=-6

is a series of coefficients and indicators for eanth before and during treatment (6 months
before treatment began and 6 months during tredjmearthe 6 months before the intervention,

B, should be equal to zero. If the rule was effectigeshould have positive or negative values

(depending on the variable) in the 6 months aftertteatment began. This equation provided a

13 We estimate the impact by delivery mechanism utiegsame regression model as equation (1), lmw aleatment to have differential effects
based on the three delivery mechanisms (online,aig-nor physical mailer). Specifically, we estimatee following equation:
Y, = C+IBA(RI * Mi) +y +,]t +&, WhereYil is the outcome variable for participamh montht; c is a constant terrra'R *M.) is
the interaction of a vector of dummy variablesdach of the two rules and a vector of dummy vaemlibr each of the delivery mode;si; and
A are individual and month fixed effects, respectivahd £, is the error term. We also estimate the impaatdoyber of delivery mechanisms

using the same regression model as equation (@)viay treatment to have differential effects basedthe number of delivery mechanisms.
Specifically, we estimate the following equatis(irg::C+/3A(Rt *R)+y +A +&, whereYit is the outcome variable for participarih month

t; cis a constant tern?'R is the interaction of a vector of dummy varialftaseach of the two rules and a vector of dummyaldes for each
:

“F)
of the number of delivery mode;zi and A are individual and month fixed effects, respectivaind &, is the error term. These results can be

found in appendix Table A.2.
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valuable test of the randomization and allowedusé¢asure the effect of the intervention in each
month.

The effects of the $20 rule increased over timecfedit card balance (Figure 1), but the 20
percent rule did not show any increase over timeffedit card balance (Figure 2). The rules did
not show any discernible pattern for the other oole measures. It is possible that this observed
effect is due to the compounding and cumulativeineabf balance rather than to an increase in
behavior change over time.

[FIGURE 1 HERE]
[FIGURE 2 HERE]
3.3Heterogeneous Treatment Effects

The rules of thumb intervention may have heterogeaeffects on distinct groups within the
population, such as for those making more frequergus less frequent purchases at baseline. To
assess this possibility, we estimate equationgfiasately for each subgroup within the categories
of preintervention number of purchases under $2@| humber of preintervention purchases, and
initial credit scoré? The results for each of these subgroups are pexbém Table 5 for the
primary outcomes and Table 6 for the potential madms!®

We chose these specific subgroups for a numbegasions. We test for heterogeneous effects
based on number of purchases below $20 which ecesly relevant for the $20 rule, and by total
number of baseline purchases which gives some sérke initial ‘exposure’ to an intervention
designed to affect spending behavior. If partictpainfrequently make purchases under $20,

detecting an effect of the first rule is more diffit. Therefore, estimating effects for the subsamp

14 The treatment control ratios remain relativelyapaled across all of the subgroups, with the cogalip ranging from 12-13 percent and the
treatment groups ranging from 43-45 perc&he minimum detectable effects for each subgroamlibelow 0.25, with all but two below 0.20.
15 Adjusting for multiple outcome tests for thesegnalips leads to any significant results no longendp significant.
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who had a larger number of purchases under $2@s#libe allows us to gain precision in our
estimates. Similarly, if participants infrequentige their credit cards, neither rule is likely to
produce much of an effect. In particular, particizawho use their cards primarily as a place to
hold debt rather than as a means of transactinlikatg difficult to influence via the rules.

Finally, previous literature has suggested thaswaf thumb may work differentially for those
of high and low financial standing (Skimmyhorn Et2015), so we examine that dimensions as
well. In particular, rules of thumb are hypothesize work better for people who have low levels
of financial standing. Therefore, we create subgsobased on initial credit score to test this
hypothesis.

Baseline number of purchasesBecause the population may not have been idegalmms of how
frequently many members used their credit cards poi treatment, we estimate the effects of the
intervention for subgroups of participants basedhow frequently they made purchases on their
credit cards prior to treatment. We separate thgkainto participants who made 1 purchase or
less on average per month in the 6 months pridgreftment, between 1 and 10 purchases per
month, and 10 or more purchases per month. Welalgte the sample into groups based on their
baseline number of purchases below $20, because #ne the purchases targeted by the first rule.
The groupings for these are 1 purchase or lessrup2ieé on average per month in the 6
pretreatment months, between 1 and 5 purchasesbamdmore purchases. Although these
subgroups get us a bit closer to an ideal populatfocard users, the cutoff for the number of
purchases in the high purchase buckets are loveer tthose of an ideal population, so we are

unable to fully test how these rules might workaguopulation of more frequent credit card usérs.

16 \We are unable to draw the buckets with higherftaithue to sample size.
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Generally, effects are stronger for participant®wiade a greater number of purchases on their
credit card at baseline. Although we detect noradfact on credit card balance based on the total
purchase subgroups, we do find that participants ware at least somewhat frequent users of
their credit cards (those who made between 1 angut€hases per month pretreatment) have
fewer total purchases and fewer purchases undea$20result of the rules. This group also has
larger reductions in aggregate credit for open Ikeng trades and a reduction aggregate balance
for open trades (at least for those who received2t percent added rule). There are less clear
patterns of effects for the highest purchase-volgroeap (those who made more than 10 purchases
per month at baseline). For example, the pointredés on (decreasing) credit card balance appear
to indicate that the effect is strongest for thisugp, but the estimates are noisier so we canrnot sa
that these results are statistically different froeno. This may be in part because this “purchase”
group is the smallest of the three. We find noelisible pattern for subgroups based on average
number of pretreatment purchases under $20. Weesusipat this is due to our selected cutoffs
for subgroups, which we are unable to make largertd sample size constraints.

Baseline Credit Score-To examine whether effects are stronger for pigdints who began with

a higher or lower level of overall financial stamglj we estimate effects by subgroup of initial
credit score. We divide study participants intethsubgroups of close to equal size: one subgroup
for participants with credit scores 670 or lessthar with scores between 670 and 730, and
another with scores of 730 or greater. Most of g¢ffects of the rules appear to be driven by
participants with credit scores between 670 and #&Q is, those with fair to good credit. This
finding opposes our hypothesis that rules of thuadok better for those with lower financial
standing, which has been suggested in previousesty@&kimmyhorn et al. 2015). However,

participants in this study have fairly high finascstanding overall, so a population with truly low
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initial financial status might perform differentlin addition, participants with a baseline credit
score of 730 or greater actually have a margirailer credit score than they would have had in
the absence of treatment, which mirrors resultaddn Bracha and Meier (2014).
[TABLE 5 HERE]
[TABLE 6 HERE]
4. Discussion and Conclusion

More than three quarters of American householdd bohsumer debt (Brown et al., 2011) and
traditional classroom-based approaches to finaedatation show mixed results at best (Collins
2013; Hastings, Madrian, and Skimmyhorn 2012). [Tipkes, nudges, and reminders are likely to
become more prevalent as consumers move to managirgy of their financial lives on mobile
platforms. Lenders are already making ample usthede strategies, and so too are personal
financial management platforms (like Mint.com).

Although the use of these approaches appears itwckeasing, the evidence base surrounding
them is quite limited. Rules of thumb may be a w@ynore effectively and efficiently provide
financial education and improve financial outconsagce they are inexpensive to deliver and
target behavior change rather than increases iwlkadge alone.

In the first rigorous test of a rules of thumb—lzhapproach to financial education on consumer
behavior and outcomes, we find that rules of thumoll promise as a cost-effective method of
financial improvement and behavior change. Out fute of thumb helped to lower participants’
credit card debt by $104 or about 2 percent froeirthaseline average and the other showed a
negative but insignificant point estimate. And, tlst of delivering the rules was only about $0.50
per person, with the marginal cost of adding antewtal recipient essentially zero. Additionally,

the participants in this sample did not use theiz@dna Federal credit cards very frequently before
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(or during) the intervention, likely attenuatingthffects. We were also unable to observe whether
participants actually read and applied the rulesking it possible to only calculate intent to treat
estimates, which are attenuated by non-participatether than treatment on the treated estimates.

However, the mechanisms underlying the reductiateist are unclear. The first rule was meant
to reduce participants’ number of purchases uné@ér But we do not find this to have occurred.
We do not find a statistically significant reductim total number or amount of purchases nor an
increase in number or amount of payments, whiclhddo& another mechanism through which the
rules work. Therefore, we speculate that the effecaused by some combination of mechanisms
(reductions in purchases and increases in paymentsth reduces our ability to precisely
estimate an effect on either one individually—thoug cannot confirm this. Additionally, neither
rule has a significant impact on overall revolvaebt, which makes it impossible to rule out debt
reshuffling. However, the point estimates on aggteglebt are consistently negative and there is
no other evidence to suggest that reshuffling @iomg.

This lack of effect found on the underlying meclsams for the debt reduction may mean that
the rules serve more as a reminder or general aessdoost rather than as a true rule of thumb
where the participant undertakes the suggestedvimehehange—in this case to make fewer
purchases under $20. However, even if the partitigg not adopting the suggested behavior
change, it may still be beneficial to have the mutegded as such. This is supported by the finding
that the rule that was worded with more of a dietion or command was more successful (“Don’t
swipe the small stuff”) than the rule worded moseaaeminder (“Credit keeps charging”). More
research comparing rules of thumb to messagingnaens is needed to confirm or reject this

hypothesis.
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This study is a test of rules of thumb in conceather than a thorough test of rule framing,
wording, and topics. The rules we create and sse0nly as examples of potential rules, rather
than as a conclusive analysis of the best rules¢o We select two rules based on what in-depth
consumer interviews and previous literature suggegtit have the greatest effect. Future research
should test more rules on varying populations termine which ones work best for whom.

Although it would be difficult for rules of thumkotfully replace other types of financial
education and capability supports like financiadung (Theodos, Stacy, and Daniels 2018), they
could be used as complements to these approactidisiofally, such financial education methods
will only work if they are supported by a regulat@nvironment that protects consumers from
predatory practices. Overall, given their low magagicost of implementation, rules of thumb
provide a promising method of delivering finan@ducation and improving financial health.
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