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Abstract
The misperception of income inequality is often touted as a critical barrier to more widespread support of redistributive policies. Here, we 
examine to what extent and why (mis)perceptions vary systematically across the income distribution. Drawing on data from four studies 
(N = 2,744)—including a representative sample and preregistered incentive-compatible experiments—we offer converging evidence that 
people specifically underestimate the amount of income held by the top of the income distribution. While this selective underestimation 
is likely driven by multiple mechanisms, including systemic factors, we find that cognitive biases contribute to the observed pattern of 
results. The rise of inequality in many developed countries has been documented before, and the fact that this growing inequality is 
largely driven by the outsized gains of the richest individuals may pose new challenges previously underappreciated: our theory and 
findings highlight that cognitive biases pose a key obstacle to people’s recognition of the concentration of income among the richest 
individuals, and may potentially distort their preferences for redistribution. We conclude by discussing future directions for research 
and the importance of incorporating behavioral and cognitive limitations into the design of redistributive public policy.
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Significance Statement

Across four studies, we show that people uniquely underestimate incomes concentrated at the upper end of the income distribution, 
leading to a systematic underestimation of inequality. With inequality’s rise being largely driven by the outsized gains of the richest, 
this selective underestimation may contribute to people’s lower support for redistribution. We find that this underestimation is par
tially driven by cognitive biases, suggesting correcting people’s perceptions about the income of the richest may be challenging. 
Finally, our findings indicate that inequality should not be treated equally across the income distribution. Beyond summary measures 
of inequality such as the Gini coefficient, research and policy may need to shift toward being more sensitive to where inequality is 
concentrated.
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Introduction
While within-country economic inequality has risen around 

many parts of the world in recent decades, its growth in many de

veloped countries is often driven by those at the very top of the in

come distribution (1–3). For instance, in the United States, 

between 1980 and 2020, the share of incomes held by the top 1% 

nearly doubled from 10 to 19%, while the top 10%’s income 

share—excluding the top 1%—increased far more modestly, 

from 24 to 27% (3). Critically, as inequality rose, the fraction of 

people supporting redistribution in the United States showed no 

significant increase since the 1970s (4–7).
Prior research suggests that to redress inequality and garner 

support for redistribution, people may need to recognize the exist

ence and degree of inequality, particularly its growth at the very 

top. However, the perception of inequality often does not match 

reality (8–13), with some studies finding evidence for underesti
mation (e.g. 8, 14, 15), while others show support for overesti
mation of inequality (e.g. 11, 16). In the current research, we 
focus on the top of the income distribution—given their outsized 
gains over the last few decades—and examine whether (and 
why) the perceptions of the incomes of this group in particular 
are commonly misperceived, and discuss the policy consequences 
of our findings.

Theories across the social sciences make competing predic
tions about the perception of incomes at the very top of the in
come distribution. For instance, the upward social comparison 
hypothesis (17) suggests that people are more prone to making up
ward than downward social comparisons. That is, people are hy
pothesized to be more likely to pay attention to information 
about individuals richer than them than poorer than them, which 
may lead to greater accuracy for estimates of the top of the 
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income distribution. Similarly, the richest individuals—being the 
most successful in economic terms—are often overrepresented 
in the media. As the media influences peoples’ perceptions more 
broadly (18), such overrepresentation can provide an important 
source of information in people’s judgments of inequality and per
haps contribute to a more accurate perception of the resources 
held by the richest (10).

In contrast, other theories predict lower overall accuracy at the 
upper end of the income distribution. The network hypothesis sug
gests that because people are often geographically segregated by 
income and wealth, many of them rarely interact with those 
from other social classes, particularly with individuals from the 
top of the income distribution (19–21). Because people’s percep
tions of incomes are shaped by personal experience (22) including 
their ideology (23), this perspective suggests they may underesti
mate the incomes of the richest individuals. In addition to geo
graphical segregation, theories on cognitive biases also shed 
light on why people commonly underestimate the incomes of 
the very top of the income distribution (see also 24, 25). Scope in
sensitivity refers to people’s tendency to be insensitive to the 
quantity of objects, such that an additional unit is perceived and 
valued less than the previous one (26). Because scope insensitivity 
has been documented across several domains—including visual 
and auditory perception, social psychology, and economics (27– 
30)—it may also occur in the domain of income estimations.

In sum, there are several potential mechanisms—both system
ic and cognitive—that may shape how people perceive incomes by 
the upper echelons of the income distribution, but it is unclear 
how or when this occurs. Consequently, in the present research, 
we examine whether people over- or underestimate incomes at 
the upper end of the income distribution, and whether this effect 
is unique to this part of the distribution. In addition, we examine 
potential underlying mechanisms of the observed pattern of re
sults. To do so, we combined several complementary methods 
and data. First, we conducted a preregistered cross-sectional 
study, as well as a replication with an incentivized US sample, 
which found that people strongly and consistently underestimate 
the resources of the top 1%—but this underestimation does not 
equally extend to other, lower income percentiles. Next, we con
ducted two preregistered and incentive-compatible experiments 
where we systematically manipulated income distributions. In 
these studies, we replicate our findings—i.e. participants were 
largely insensitive to changes in incomes of the top 1%—and 
show that this effect is unique to the top of the income distribu
tion. Additional data from these experiments further suggest 
that cognitive processes in part contribute to the observed find
ings; more precisely, while our data are largely consistent with 
the predictions of scope insensitivity, it is likely that several fac
tors—including both cognitive and systemic elements—influence 
people’s judgments about inequality pertaining to the richest in
dividuals in particular.

Results
Study 1a: cross-sectional study
In Study 1a, we aimed to test whether people under- or overesti
mate the amount of income held by the top of the income distri
bution and explore whether this misperception is unique to this 
group. 990 US residents (52.9% female, Mage = 44.27 years) re
cruited from luc.id completed the study online. Those who suc
cessfully completed the attention check were provided with an 
explanation of income percentiles. Next, participants were asked 

to self-report the US county they currently live in and then esti
mated the minimum annual household income thresholds of 
the 10th, 20th, 30th, 40th, 50th, 60th, 70th, 80th, 90th, 95th, and 
99th percentiles of this county.a We subsequently calculated 
how much perceived income thresholds differed from the object
ive income thresholds in each county, and in each percentile, 
which we calculated using data provided by the Economic Policy 
Institute (31, 32). Using Wilcoxon’s tests clustered by participants, 
we found that participants underestimated the income thresh
olds of the top 1% (P < 0.001, Z = 12.490, r = 0.513), but this under
estimation did not equally extend to lower percentiles (see 
Figure 1, top panel; see also Table S1). For example, people under
estimated the income threshold of the top 1% more so than that of 
the top 5% (P < 0.001, Z = 13.465, r = 0.553). Detailed results and ro
bustness checks for this and all subsequent studies are reported in 
the Supplementary Materials.

Study 1b: preregistered replication  
in an incentivized US sample
In Study 1b, we conducted a preregistered replication of Study 1a 
and financially incentivized accurate responding. The preregistra
tion is available at https://aspredicted.org/RPG_SC7. We obtained 
a sample aimed to be representative by gender and race, as filtered 
by Prolific. 834 US citizens (Mage = 37.83, 49.1% female) completed 
the study online. The procedure of the study was identical to 
Study 1a with one key difference. Participants were told that 
they would earn an additional bonus payment of $0.50 if they 
completed one version of the so-called Bourdon test successfully, 
a task in which participants were asked to count the amount of 
“2”s present in a large table consisting of numbers. Participants 
who provided relatively accurate estimates (±5 from the real 
value) earned the bonus payment and could continue with the 
survey. Afterward, participants were informed that they could 
use this earned money to bet on their future performance in 
estimating income distributions, and if they were within the top 
25% of all participants regarding the accuracy of the estimations, 
they would earn four times the amount of money wagered. 
74% of the participants wagered some money (median amount 
wagered = $0.25).

Using identical means to Study 1a, we calculated how much 
perceived income thresholds differed from objective income 
thresholds in each percentile. Our results showed the same pat
tern of results as before: participants underestimated the income 
thresholds of the top 1% (P < 0.001, Z = 7.520, r = 0.282), but this 
underestimation was selective, i.e. it did not equally extend to 
lower income percentiles (see Figure 1, bottom panel; see also 
Table S3). Note that these results are identical when looking 
only at participants who wagered all their bonus money 
(24.33%) as well as participants who did not wager money at all 
(25.60%). These results suggest that participants were unable to 
provide more accurate guesses simply by trying harder. In add
itional supplementary analyses, we also find that these effects 
are not significantly moderated by political orientation.

Taken together, in Studies 1a and 1b, we found robust evidence 
across two cross-sectional studies from the United States that 
people systematically underestimate income of the top 1% and 
that this effect dissipates as we descend the income distribution. 
To further evidence the robustness of our findings, we aimed to 
replicate these results in Studies 2a and 2b using experimental 
methods. This approach also allows us to examine whether and 
how cognitive biases contribute to this misperception, beyond po
tential systemic factors.
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Studies 2a and 2b: preregistered lab experiments 
with incentivized US sample
In Studies 2a and 2b, we developed an experimental design that al
lowed us to systematically manipulate the shape of the income 
distribution. After responding to the consent form, participants 
were asked to review the incomes of 100 individuals from a fiction
al society. Participants were required to click on the picture of 
each individual in any order of their choice, after which the 
income of the given individual appeared on the screen for 1.5 sec
onds. After finishing this task, participants were asked to assess 
the average income for each quintile of the income distribution 
of this fictional society and were offered an additional $0.50 bonus 
if their answers were within the top 25% accuracy among all 

participants. Participants subsequently repeated the same pro
cedure for another fictional society.

We used a mixed within–between-participants design, where 
each participant saw two fictional societies in random order, 
one representing a control condition and the other representing a 
treatment condition (in Study 2a, only the top 1% treatment; in 

Study 2b, either the top 1% treatment or top 10% treatment). In the 
control condition, the distribution of the presented 100 incomes 
was broadly representative of the United States with respect to 
the mean and the percentage of people belonging to different 
income groups. The exact distributions are available in the 
Supplementary Materials. In the top 1% treatment condition, we 
used the same distribution as in the control group up until the 
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Fig. 1. The difference between participant estimates of income average per quintile and the actual income average per quintile in Study 1a (top panel) 
and Study 1b (bottom panel). Note that data for Figure 2 are specific to responses from only the top 1% treatment condition. As this figure shows, 
participants underestimated incomes held by the top 1%, but were relatively accurate—and if anything, somewhat overestimated—incomes held by the 
bottom 80% of this fictional society.
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richest individual, whose income was significantly increased. 
That is, the incomes of 99 individuals were the same between the 
control condition and the top 1% condition, and the only difference 
was the income of the richest person. In the top 10% condition, we 
used the same distribution as in the control group for the bottom 
90 individuals and for the richest individual, but significantly in
creased the income of the richest 2–10% of individuals. That is, 
the incomes of 91 individuals were the same between the control 
and the top 10% condition, and the only difference was the increased 
income of the richest 2–10% of individuals. After participants 
viewed each fictional society, they were asked to estimate their per
ception of the income distribution—consistent with Eriksson and 
Simpson (33)—separately for each quintile, as follows: What do 
you think is the average income of the richest/second/middle/fourth/poor
est 20% of the individuals in the presented society? Note that in asking 
about income quintiles, we also intended to reduce the likelihood 
that experimenter demand effects would drive our results (34).

Study 2a
The aim of Study 2a was to test whether individuals were sensitive 
to variations in the incomes held by the top 1%. Accordingly, each 
participant in the study viewed two fictional societies in random 
order, one representing the control group and the other the top 
1% treatment condition. In the top 1% treatment condition, we ran
domly varied between-participants the income of the richest 
earner to be either 35, 40, 45, or 50% of total income. We recruited 
participants via Prolific, and a total of 455 passed the attention 
check and completed the study (48.6% female, Mage = 36.44 years). 
The preregistration of this study is available at https:// 
aspredicted.org/MYF_KNM.

First, we compared participants’ perceptions of each income 
quintile to objective data. To do so, we collapsed data from partici
pants’ responses in both fictional societies (control and top 1% treat
ment groups) and used a clustered Wilcoxon signed-rank test 
clustered by participants to compare the differences in participants’ 
perceptions of each income quintile with objective data for each in
come quintile. In line with our prior studies, we find that partici
pants underestimated the average income of the top 20% 
(P < 0.001, Z = 7.870, r = 0.297), while they did not underestimate— 
and in fact, often overestimated—incomes of all other, lower 
quintiles (see the top panel of Figure 2 and Table S18).

Second, we compared participants’ estimated difference be
tween the control and top 1% treatment conditions to the objective 
difference between the conditions with respect to the top quintile 
income. Our analyses revealed that the perceived difference 
(Mdn = 50,000, P < 0.001, Z = −8.212, r = 0.385) in top quintile in
comes between the control and top 1% treatment conditions was sig
nificantly smaller than the objective difference (Mdn = 253,965). 
That is, participants somewhat but insufficiently incorporated 
the income change of the top 1%.

Finally, we tested how sensitive participants were to changes to 
the income of the richest individual in the top 1% treatment condi
tion. Recall that the incomes of the richest person in the top 1% 
treatment varied between-person, ranging from 35, 40, 45, or 
50% of total income. In comparing perceptions of average incomes 
of the richest quintile, we can test how sensitive participants are 
to different income levels of the richest person in the fictional so
ciety. We tested whether participants’ estimate of the richest 
quintile varied as a function of how rich the richest person was, 
and did not find a statistically significant effect (F(3,451) = 1.084, 
P = 0.355; see also comparisons within top 20% quintile in the 
top panel of Figure 2).

Critically, it is unlikely that this effect is entirely driven by in
attention to the income of the top 1% alone. Consider that partic
ipants were required to click on all individuals’ faces and observe 
their income one by one. In addition, we observe some difference in 
participants’ estimates of top income quintiles; when comparing 
the lowest (35% of total income) and highest (50% of total income) 
amounts of incomes held by the richest person in this fictional 
society, we find a small difference in perceptions (of 0.04%) 
which stands in contrast to the objective difference (of 8%). The 
detailed results of these additional analyses are reported in the 
Supplementary Materials.

In sum, in Study 2a, we replicated our earlier findings, showing 
that participants selectively underestimate at the top of the in
come distribution, and are not sufficiently sensitive to changes 
in the income of the top 1%. This study also provided evidence 
that this underestimation can occur even in the absence of sys
temic factors, suggesting that cognitive processes may also play 
a role—a possibility we investigate in more detail next.

Study 2b
In Study 2b, we aimed to accomplish three objectives: first, to rep
licate the findings from Study 2a; second, to provide evidence in an 
experimental setting that the effect does not equally extend to 
lower echelons of the income distribution (i.e. the underestima
tions is smaller for the top 10% than for the top 1%); and third, 
to test whether—in line with predictions from scope insensitivity 
theory—participants’ affective response does not proportionally 
vary with differences in the amount of income.

To accomplish these aims, we made two changes to Study 2a. 
First, in addition to the control condition, participants were ran
domly assigned to one of two treatment conditions, either the 
top 1% treatment condition where the income of the richest individ
ual was increased to have 35% of the total income, or the top 10% 
treatment condition where the incomes of the top 2–10% of richest 
individuals were increased to altogether have 35% of the total 
income. The rank order of the individuals remained the same 
even after the increase of the incomes of the top 2–10%. Second, 
at the end of the study, we adapted measures from the scope in
sensitivity literature to capture participants’ affective responses 
to varying income levels (28). Each participant was shown 12 
quasi-randomly generated incomes in random order, of which 
ten incomes corresponded to one of ten income brackets within 
the 50th–99th percentiles, one to the income of the richest person 
in the control condition, and one to the income of the richest per
son in the top 1% treatment condition. Participants were asked to 
indicate their feelings (i) toward an individual with such income 
and (ii) when imagining an income of that amount, rating the in
tensity of their feelings on a sliding scale ranging from 0 (“it has lit
tle emotional effect on me”) to 100 (“I have very intense feelings”). 
Following our preregistration, we created an individual-level af
fective response score at each level of income by averaging partic
ipants’ responses to these two items. The preregistration of Study 
3b is available at https://aspredicted.org/57N_RWP.

We recruited participants via Prolific. 465 respondents (50.3% 
female, Mage = 38.06 years) passed the attention check and com
pleted the study. Replicating our earlier studies, we found that 
participants in the top 1% treatment condition underestimated 
the average income of the top 20% (P < 0.001, Z = −6.004, r =  
0.404). However, we did not find evidence in support of underesti
mation for participants in the top 10% treatment condition (in 
fact, if anything, they overestimated these incomes; P < 0.001, 
Z = 3.661, r = 0.233). This pattern of results suggests that the 
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underestimation of incomes held by the richest is unique to the top 
of income distribution. These findings hold subject to a number of 
robustness checks, detailed in the Supplementary Materials.

Next, we tested participants’ affective responses to the 12 
quasi-randomly generated incomes. Following our preregistration, 
we aggregated all responses to each level of income and subsequent
ly plotted affective responses against absolute incomes, displayed in 
Figure 3. At lower absolute income levels, we find that an increase 
from $58,000 to roughly twice that to $121,000 is associated with a 

13.9-point increase in affective response (rated on a scale of 1– 
100). At the top of the income distribution, however, a nearly similar 
increase in affective response—13.7-point increase—occurs when 
moving from $593,000 to more than six times that to $3,589,000. 
That is, as income levels increase, participants’ affective response 
does not proportionally vary in response to differences in income 
(see also Supplementary Materials). As these findings show, partici
pants are less sensitive to changes in incomes as absolute incomes 
numbers become greater, consistent with scope insensitivity.
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Fig. 2. (In)accuracy of participant’s estimations of income thresholds by income percentile. Top panel reflects data from Study 2a, and bottom panel 
reflects data from Study 2b. Across both studies, we find that participants underestimated the income thresholds of the top 1% more so than all other 
percentiles.
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Discussion
The current research sought to examine whether people are 
uniquely insensitive to the incomes of individuals at the upper 
end of the income distribution. Studies 1a and 1b provided correl
ational support, including by incentivizing accurate responses, 
that respondents systematically underestimate incomes of the 
top 1% of the income distribution. Indeed, this insensitivity was 
a defining feature of the top of the income distribution but did 
not extend consistently and commensurably to other income per
centiles. In Studies 2a and 2b, we replicated these findings in an 
experimental setting, finding that this selective underestimation 
emerges even in the absence of systemic factors, suggesting the 
role cognitive processes may play in contributing to this misper
ception. Note that while prior research finds that participants 
often misperceive the level of inequality in society (8–12)—some
times finding evidence in support of underestimation (8, 14, 15) 
and at other times for overestimation (11, 16)—our studies provide 
converging evidence that participants selectively underestimate 
the amount of income held by the richest individuals in the popu
lation. However, our results are less clear on whether participants 
also misperceive incomes held by lower-income individuals.b,c

Taken together, our findings suggest that people systematically 
underestimate the extent of inequality in society.

With inequality’s rise in many developed countries being large
ly driven by the outsized gains of the richest individuals, our re
sults suggest that the unique underestimation of the incomes 
held by the upper end of the income distribution may represent 
a significant barrier to action (37, 38). Consider the corollary pre
diction that—because we find people to be insufficiently sensitive 
to inequality among the top 1%—their preferences for redistribu
tion may also be less sensitive to changes among the concentra
tion of incomes held by the top 1%. We tested this prediction in 
a supplementary study (SS1, see details in the Supplementary 
Materials) using data from the International Social Survey 
Program (39), which asked participants to indicate their preferen
ces for increased taxes on high-income individuals, reflective of 

support for redistribution (40). We examined whether changes in 
the actual concentration of incomes held by the top 1% between 
1999 and 2009—obtained from the World Inequality Database 
(41)—were related to support for redistribution, but did not find a 
significant effect (b = 0.002, SE = 0.004, 95% CI% = [-0.006, 0.010], 
P = 0.643). This result suggests that when growing inequality is driv
en by the income gains at the very top of the distribution, it may not 
necessarily be reflected in people’s preferences for redistribution.

Both the upward social comparison hypothesis and concurrent 
overrepresentation of rich individuals in the media suggest that 
people may be more accurate in estimating the incomes of the 
richest individuals compared to those in lower-income groups. 
Our findings stand in contrast to these predictions and show 
that people tend to underestimate the incomes of the richest, while 
providing less biased estimates for those in lower income percen
tiles. The fact that we observed less precise estimates and under
estimation for the richest does not mean that the drivers leading 
to more accurate estimates or overestimation are not present, 
but instead that they are likely less dominant than the drivers 
leading to underestimation.

It is likely that several factors, including both cognitive and sys
temic factors, jointly influence people’s judgments about the upper 
part of the income distribution (e.g. 42, 43). For example, according 
to the network hypothesis, higher-income individuals have more 
exposure to top-income individuals and may therefore be less likely 
to underestimate the income of the top 1%. Indeed, in an additional 
analysis of data from Studies 1 and 1b, we find that participants who 
themselves are in the top 10% of incomes are also more accurate in 
their perceptions of top 1% individuals in comparison with all other 
participants (P = 0.003, Z = 2.973, r = 0.122 for Study 1a and P < 0.001, 
Z = 3.703, r = 0.139 for Study 1b). However, even in this subset of the 
population, there is a remaining underestimation of the top 1%, sug
gesting that other mechanisms likely continue to be implicated. In 
fact, in Studies 2a and 2b, we were able to remove the potential in
fluence of systemic barriers and the potential for network effects 
through our experimental designs and continued to find a unique 

Fig. 3. Participants’ affective response to incomes at varying levels from Study 2b. As incomes (solid line) increase, participants’ affective response 
(dashed line) does not increase commensurately—in line with predictions from scope insensitivity—providing suggestive evidence that this in part 
underlies the underestimation of the top 1% of income shares.

6 | PNAS Nexus, 2024, Vol. 3, No. 9

D
ow

nloaded from
 https://academ

ic.oup.com
/pnasnexus/article/3/9/pgae333/7756543 by St Loye's Schoool of H

ealth Studies user on 09 O
ctober 2024

http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgae333#supplementary-data
http://academic.oup.com/pnasnexus/article-lookup/doi/10.1093/pnasnexus/pgae333#supplementary-data


underestimation of the top 1%, suggesting that cognitive biases also 
contribute to this effect.

Our pattern of results—the increasing underestimation at the 
upper echelons as we ascend in the income distribution—is consist
ent with selective scope insensitivity at the very top of the income 
distribution. The mechanisms underlying scope insensitivity sug
gest that instead of the quantity of a target object (e.g. the exact 
amount of dollars owned by a rich person), the affect triggered by 
the prototypical image of the object (e.g. a rich person) conveys 
meaning to individuals (27, 31, 32). As a result, an additional amount 
of income in upper echelons of the income distribution may trigger 
a weaker affective response than the same amount of additional in
come in lower parts of the income distribution. That is, from the 
perspective of an observer, a person earning $1.3 million—the aver
age income of the richest 1% of the US population (44)—is seen as 
less different from a person earning $1.4 million than the same ab
solute difference at lower income levels, for instance, between 
$50,000 and $150,000$. This is exactly what we observed in Study 
2b, where participants’ affective response to different income levels 
did not proportionally vary in response to the differences in income.

However, we make clear that this evidence is not definitive evi
dence in favor of scope insensitivity. One potential constraint on 
our interpretation of these findings is that incomes are theoretic
ally unconstrained (i.e. incomes can go higher and higher), where
as we bounded the scale for participants’ emotional response 
between 0 and 100. That is, it is possible that study participants 
opted to wait for a potentially higher income that never came, 
and which therefore may in part contribute to our observed pat
tern of results. While our evidence suggests a plausible cognitive 
mechanism underlying the observed pattern of results, future re
search could investigate whether other cognitive processes, in
cluding the underweighting of rare events in the averaging 
process (e.g. 35) or magnitude neglect (e.g. 26) may also contribute 
to the selective underestimation we observe here.

Our findings also suggest that it is unclear whether correcting 
perceptions about the income of the top 1% may necessarily lead 
to a significant change in redistributive preferences. Consider that 
prior intervention studies which seek to provide people with accur
ate information about incomes along the income distribution either 
do not significantly affect support for redistribution (6) or only 
weakly do so (40). It is possible that the presence of cognitive 
biases—in line with the current research—is particularly pernicious 
and difficult-to-intervene on, complicating progress toward in
creased support for redistribution (25).d

A limitation of our findings is that all reported studies collected 
data from US participants, raising the question whether our find
ings are generalizable to other populations. We provide preliminary 
evidence that our main findings may also replicate around the 
world in the same supplementary study referred to above (SS1, 
see detailed methods reported in the Supplementary Materials; 
N1999 = 23,288 and N2009 = 51,970), where we used participants’ in
come estimates for different occupations to approximate levels of 
perceived inequality in 19 and 40 countries for 1999 and 2009 which 
we compared to objective income data from the World Inequality 
Database. While the results of this supplementary study are in 
line with our main findings, we urge caution in viewing these as con
clusive data given rough occupational estimates and encourage fu
ture research to further investigate the robustness of these results.

Another limitation of our study is that we are unable to pin
point the extent to which the geographical scale used during the 
elicitation in Studies 1a and 1b (i.e. the county level) impacted 
our results. It is possible that at different geographical scales 
(e.g. the state level), people may rely on different cues, such as 

on information from the media, when making their estimations, 
which could potentially lead to different results—a possibility 
we encourage future research to examine. Finally, we acknow
ledge that asking people to make numeric estimates may not ne
cessarily map on to how they experience and respond to 
inequality in everyday life (see e.g. 10, 36). As a result, we encour
age future research to adopt a broader variety of methods, includ
ing nonnumerical and more experiential measures, to examine 
whether the selective underestimation of the incomes of the rich
est which we suggest contributes to the underestimation of in
equality more broadly also manifests in the way people 
commonly think about and respond to inequality.

Conclusion
In sum, our theory and findings suggest that people are uniquely 
insensitive to the incomes held by individuals at the top of the in
come distribution. This takes on particular importance given that 
increases in inequality in many developed countries are often lo
cated in the disproportionate growth of incomes among the top 
1% (1–3). While the recognition of inequality is commonly viewed 
as a critical factor in increasing support for redistributive policies 
(e.g. 46–49), the current research highlights how cognitive biases 
may complicate people’s recognition of inequality particularly 
among the richest—and thereby impede progress for more redis
tributive policies (32). Beyond summary measures of inequality, 
research and policy may also need to shift toward being more sen
sitive to where inequality is concentrated (50).

Materials and methods
Study 1a
Only current US residents and those who passed the attention 
check were able to participate and complete the survey. 
Respondents were paid US$1.30 for their participation. To increase 
data quality, we excluded inattentive participants, defined as those 
who answered 0 or 1 for every estimate, who did not write monoton
ically increasing income distributions, and who indicated distribu
tions that were not realistically possible. That is, we excluded 
distributions that only had one increase throughout the distribution 
(e.g. 10, 10, 10, 10, 10, 20, 20, 20, 20, 20, 20), had no increase in the 
distributions (e.g. 10, 10, 10, 10, 10, 10, 10, 10, 10, 10, 10), had “0” 
for at least four percentiles (e.g. 0, 0, 0, 0, 10, 20, 30, 40, 50, 60), 
had a one-point increase for all percentiles (e.g. 1, 2, 3, 4, 5, 6, 7, 8, 
9, 10, 11), or reflected the percentiles themselves (e.g. 10, 20, 30, 
40, 50, 60, 70, 80, 90, 95, 99). See Supplementary Materials for the 
number of distributions that we excluded for each category. The fi
nal sample size after these exclusions consisted of 593 participants 
(54.8% female, Mage = 46.59). Note that the analysis without any ex
clusions yielded qualitatively congruent results. The full survey, the 
calculation of the objective thresholds for each county, the detailed 
results for the clustered Wilcoxon tests in each percentile, and the 
robustness tests are available in the Supplementary Materials. 
Study 1a was approved by the Institutional Review Board of 
Harvard Business School (IRB20-1176). We confirm that informed 
consent was obtained from all participants.

Study 1b
Respondents were paid a base reimbursement of US$1.30 for their 
participation. We applied the same exclusion criteria as in Study 
1a. The sample size after exclusions consisted of 711 participants 
(47.12% female, Mage = 36.18). The income shares were calculated 
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identically to Study 1a. The full survey, calculation of the objective 
thresholds for each county, detailed results for the clustered 
Wilcoxon tests in each percentile, and robustness tests are available 
in the Supplementary Information.

The analyses testing the effect of wagering on the accuracy of 
the estimations were not part of the preregistration. In the pre
registration, we indicated that we aimed to recruit 1,000 partici
pants but we decided to stop data collection by 934 as the rate 
of new individuals willing to participate in the study became so 
low that it was unrealistic to reach our target number within a 
sensible timeframe. We did not analyze the data before making 
the decision to stop data collection. To make more conservative 
estimates, we used two-sided tests for all of the analyses. Study 
1b was approved by the Institutional Review Board of Harvard 
Business School (IRB21-0364). We confirm that informed consent 
was obtained from all participants.

Studies 2a and 2b
The presentation order of the control and treatment condition was 
randomly assigned and counterbalanced across participants. The 
distribution of presented incomes was matched with data provided 
by the US Census Bureau with respect to the mean and the percent
age of people belonging to different income brackets. To do so, we 
pooled some of the income brackets while we calculated the 
weighted mean and the total proportion of people in the new in
come brackets. Afterward, we randomly generated two sets of 
numbers with the mean of each income bracket. The number of 
generated incomes was proportional to the percentage of people 
in the given income bracket. The presentation of the two societies 
with different income values was counterbalanced between the 
two conditions, and their order was randomized. The exact income 
distributions are given in the Supplementary Materials. The pos
ition of the richest individual in the top 1% treatment condition var
ied and was counterbalanced between the 5th, 25th, 50th, 75th, and 
95th positions, while the position of the 2–10% of individuals in the 
top 10% was randomly assigned during the presentation.

Measuring perceived inequality can be sensitive to the units of 
measurements (e.g. 33, 45). Eriksson and Simpson (33) provided 
evidence that asking participants to express their estimates as 
averages instead of proportions leads to more accurate responses. 
Accordingly, after the presentation of the income distributions, we 
asked participants the following questions: What do you think is the 
average income of the richest/second/middle/fourth/poorest 20% of the 
individuals in the presented society? The objective income average 
for each quintile was calculated from the true values of the 
distributions.

In both Studies 2a and 2b, respondents were paid US$2.40 base 
reimbursement for their participation. The full surveys, the in
comes presented in Studies 2a and 2b, the detailed results for 
the Wilcoxon tests in each quintile, and the robustness tests are 
all available in the Supplementary Materials. As opposed to the 
preregistration, we used two-sided tests for all the analyses to 
make more conservative conclusions. Studies 2a and 2b were ap
proved by the Institutional Review Board of Harvard Business 
School (IRB21-1123). We confirm that informed consent was ob
tained from all participants.

Notes
a For participants who did not know their county, we provided an 

easy lookup tool that cross-referenced their county matched by 
their zip code.

b Note that in contrast to our findings, Chambers et al (16). found in 
their Study 3 that participants overestimated the cutoff for the top 
1% of earners. It would be interesting to investigate the potential 
reasons behind these disparities (e.g. Chambers et al. studied the 
reported cutoff points in a two-choice paradigm while we asked 
participants to freely indicate any number indicating the average 
incomes; for a more detailed discussion, see also Jachimowicz 
et al. (12)).

c While this was not a focus of our research, we also recommend fu
ture research to further explore why people sometimes overesti
mate the incomes held by lower-income percentiles. For instance, 
it is possible that these reflect system justifying beliefs, i.e. that peo
ple hope that lower-income individuals are richer than they really 
are (e.g. in line with Kai and Jost (35) and Ward and King (36)).

d A related mechanism may be whether participants think about spe
cific individuals who may be part of the top 1% income earners, or 
more abstractly think about top 1% income groups. Consider that in 
one of their studies, Chambers et al. (16) asked participants to esti
mate the number of people in very-high income buckets (i.e. $1m to 
$4.9m, $5m and above), and find that participants overestimated 
how many people in the United States are within each bucket. In 
contrast, Walker et al. (45) show that participants are more tolerant 
of inequality when focusing on specific individuals who are at the 
top of the income distribution, in contrast to the top 1% as a group. 
Given these mixed findings, we encourage future research to fur
ther disentangle how the perception of inequality may differ 
when focusing on specific individuals versus the top 1% in society 
more broadly.

Supplementary Material
Supplementary material is available at PNAS Nexus online.
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Our preregistration specified that we would perform all analyses 
based on income shares. Following the suggestion of an anonym
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directly on the nontransformed data, i.e. not converting estimated 
thresholds into income shares. We made this change for several 
reasons: (i) converting to income shares could potentially yield 
different results depending on the measure used, (ii) it might cre
ate an artificial underestimation in the lower percentiles, and (iii) 
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it could bias the results by extrapolating based on potentially 
questionable assumptions. Importantly, both the originally 
planned and preregistered analyses, and this different way of ana
lyzing the data lead to qualitatively equivalent conclusions.

Data Availability
The HTML code of the experiments, complete surveys and mate
rials, the anonymized data, the preprocessing, and the analysis 
codes for each study are publicly available on the Open Science 
Framework (https://osf.io/hszyp/). Data for Study 2 are available 
for download at https://issp.org/data-download/by-year/.
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