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Abstract

How should we measure people’s perceptions of—and attitudes about—eco-
nomic inequality? A recent literature seeks to quantify the level of inequality that
people, especially Americans, perceive and prefer in society. These findings have
garnered much attention from both social scientists and the public. But many of
the methods used in this literature are either known to have methodological issues
or have not been thoroughly compared against other methods. Thus it is not clear
which, if any, are valid and reliable measures of perceived, or preferred, inequal-
ity. To assess these measures, we conducted a large web-based study (N=2831) to
compare key methods for measuring perceived inequality and their related justice
attitudes. In addition to comparing the resultant summary statistics, we assess how
well the different measures correlate with each other and with Likert scale measures
of perceived inequality. Our analysis reveals a range of issues with these measures,
including failure to provide logical responses, large method effects on point esti-
mates of inequality, and low correlations between methods and with criteria meas-
ures. We conclude our analysis with three recommendations for researchers aiming
to measure inequality perceptions and preferences.

Keywords Perceived inequality - Just inequality - Income inequality - Inequality
estimation

Introduction

What do people know about inequality? Do they believe inequality is high? And do
they think there is more inequality than there “ought” to be? The past decade has
seen an upsurge in interest in research that quantifies perceptions and preferences
about inequality in the USA (Chambers et al., 2014; Dawtry et al., 2015; Eriksson
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& Simpson, 2012, 2013; Hauser & Norton, 2017; McCall, 2013; Norton & Ariely,
2011; Pedersen & Mutz, 2018) and elsewhere (Arsenio, 2018; Gimpelson & Treis-
man, 2018; Kiatpongsan & Norton, 2014; Kuhn, 2019). If subjective estimates can
be mapped onto the objective metrics used by inequality researchers, then research-
ers can assess whether people over- or underestimate the level of inequality. Correct-
ing these misperceptions could then inform and alter public opinion about inequal-
ity and relevant social policies (Hauser & Norton, 2017; Heiserman et al., 2020;
McCall et al., 2017).

The most widely publicized study in this literature found that Americans underes-
timate the level of income inequality in the USA and prefer even less inequality than
they erroneously believe exists (Norton & Ariely, 2011). But other research suggests
that these findings are methodological artifacts (Chambers et al., 2014; Eriksson &
Simpson, 2012, 2013). Similar criticisms have been leveled at other techniques for
measuring perceived inequality and related attitudes (Markovsky & Eriksson, 2012;
Pedersen & Mutz, 2018). Perhaps as a result, measures of perceived (and preferred)
inequality have proliferated.

But differences between measures make it unclear whether conclusions about lay
beliefs and preferences about inequality are “real,” and whether they would have
been obtained using different measures intended to tap into the same underlying per-
ception. Some inconsistencies may stem from researchers’ focus on different aspects
of inequality (e.g., wealth vs. income). But even when researchers work with the
same definition, different measurement methods can yield different findings (Norton
& Ariely, 2011; Eriksson & Simpson, 2012; Pedersen & Mutz, 2018). Since many
researchers assume that these studies are all assessing the same (or highly related)
perceptions of the extent of economic inequality (Hauser & Norton, 2017), it is
important to understand the extent to which conclusions about inequality percep-
tions or preferences rest on the particular measures employed.

We take stock of this rapidly growing literature to assess the extent to which dif-
ferent measures converge on similar conclusions, and to provide recommendations
for future studies of inequality perceptions and attitudes. This is important not only
for academic reasons. Since these questions are of broad interest in political and
economic debates, it is particularly important to promote best practices.

To address these issues, we conducted a study in which we asked participants to
provide their perceptions of—and preferences for—inequality using a wide range of
recently used methods. After reviewing these methods and the results, we outline
three key guidelines to help researchers improve future studies on inequality and
justice perceptions.

The Relationship Between Perceived Inequality/Justice and Attitudes
About Inequality

Much of the recent literature addresses both how much inequality people believe
exists, and how much inequality they think ought to exist. These are distinct but
related questions. For instance, rational-choice models predict that when inequal-
ity is higher (or perceived to be higher), more citizens should come to see that
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inequality as unacceptable and against their own interests, and will thus prefer poli-
cies aimed at redressing inequality (Gimpelson & Treisman, 2018; Meltzer & Rich-
ard, 1981; McCall, 2013; McCall et al., 2017; Niehues, 2014). Indeed, while studies
often show that areas with more income inequality can actually become more toler-
ant of inequality (Schroder, 2017; Trump, 2017), experiments show that when peo-
ple perceive inequality as higher they tend to evaluate existing economic arrange-
ments more negatively (Heiserman et al., 2020; McCall et al., 2017).

Theories of distributive justice also specify how people react to inequality (Hegt-
vedt & Isom, 2014; Jasso & Wegener, 1997). These theories typically assume that
individuals compare actual states of affairs against what they consider an “ideal”
allocation of rewards or resources. In the case of economic inequality, that means
that people compare the amount of inequality they perceive against an ‘ideal’ level
of inequality. If the actual amount of inequality is higher than the ideal, they should
judge inequality to be less acceptable and more unfair (Hegtvedt & Isom, 2014;
Kiatpongsan & Norton, 2014; Osberg & Smeeding, 2006). Indeed, the link between
justice evaluations and inequality attitudes is often assumed to be consistent enough
that many researchers study quantitative measures of perceived justice as a direct
measure of attitudes about inequality in themselves (Kiatpongsan & Norton, 2014;
Osberg & Smeeding, 2006; Schneider & Castillo, 2015). The link between justice
perceptions and attitudes toward inequality may not be so unambiguous, however.
A variety of factors can suppress individuals’ negative emotional reactions to devi-
ations from the outcomes they see as ideal or ‘just’, including denigration of the
work ethic and merit of the poor (Heiserman & Simpson, 2017; Hunt & Bullock,
2016; Schneider & Castillo, 2015) and belief in economic meritocracy (Cech, 2017;
Heiserman et al 2020; Reynolds & Xian, 2014). Nevertheless, justice perspectives
predict that when the wealthy are seen as having more (and the poor as having less)
than they fairly deserve, people should come to see inequality as less acceptable and
should want that inequality reduced.

Perceived Inequality Measures

Although the study of inequality perceptions has a long history in the social sciences
(Kluegal & Smith, 1986; Evans et al., 1992), the aforementioned research by Norton
and Ariely (2011) led to upsurge of interest in quantifying perceptions of inequal-
ity. Norton and Ariely asked American participants to provide the percentage of all
wealth held by each of the five income quintiles in the USA, and found that they
underestimated the level of inequality. We refer to this as the Norton—Ariely meas-
ure. Supplementary Material (SM) Section 5 provides the full text of all measures
and information treatments.

Eriksson and Simpson (2012) introduced an alternative to the Norton—Ari-
ely measure in which participants provide estimates of the average wealth, rather
than the percentage, in each quintile. These averages are then converted into shares
by dividing each average by the sum of all five averages. We refer to this as the
Eriksson—Simpson measure. Though these two measures assessed perceived wealth
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Type A Type B Type C Type D Type E

Fig. 1 Stratification belief diagrams

inequality, subsequent research has typically focused on income. We thus operation-
alize both measures in terms of income.

A third measure asks participants to provide the proportion of Americans who
fall into different income ranges (Chambers et al., 2014; Dawtry et al., 2015). Cham-
bers et al. (2014) used three income ranges, while Dawtry et al. (2015) used eleven.
Since this task is not generally attributed to specific scholars, we refer to it as the
income brackets measure.

An alternative to direct quantification is to present several possible inequality
levels and ask participants which comes closest to reality. The International Social
Survey Programme (ISSP) included in its Social Inequality Modules a graphical
measure of ‘collective stratification beliefs’ which has been used in studies of inter-
national variation in perceived inequality (Arsenio, 2018; Gimpelson & Treisman,
2018; Hertel & Schoneck, 2019; Niehues, 2014). Participants choose which of five
‘types’ of societies comes closest to the actual U.S. distribution. Inequality is rep-
resented by histograms of the proportion of people at the top, middle, and bottom.
Diagrams are ranked by the location of the bulk of society: most at the bottom in
Type A to most near the top in Type E. We refer to this as the stratification belief
diagrams measure (Fig. 1).

Researchers also use pie (or bar) charts to manipulate or measure perceptions of
inequality (Chambers et al., 2014; McCall et al., 2017). These measures are use-
ful since pie charts are both visually intuitive and mirror popular metaphors about
inequality (e.g., how big a ‘slice of the pie’ different groups have). We refer to this
as the pie charts measure.

We also included a measure (Davidai & Gilovich, 2018) that asks participants to
rank the countries of the G7 (the USA, Canada, the UK, France, Germany, Italy, and
Japan) in order of their level of inequality. This measure assesses perceived inequal-
ity relative to what participants’ perceptions of other countries’ levels of inequality.
We refer to this as the international ranking measure.

Some work expresses perceived inequality in terms of the ratio of the perceived
income of CEOs and unskilled factory workers (e.g., Kiatpongsan & Norton, 2014;
McCall, 2013; Osberg & Smeeding, 2006). These two occupations anchor either end
of the socioeconomic spectrum. Thus, the difference between participants’ percep-
tions of their incomes is typically taken as a measure of perceived income inequal-
ity more broadly. We refer to this as the perceived pay ratio measure. As Jasso and
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Wegener (1997) recommend, we log-transform all the pay and justice ratios in this
study to make them more normally distributed. We describe the items we used to
make this measure in more detail in the next sections.

Perceived actual CEO income )

Percevied pay ratio = In - -
pay < Perceived actual factory worker income

Finally, much research uses Likert scales to measure perceptions of, and attitudes
about, inequality. This includes national and international survey analyses (McCall,
2013; Schroder, 2017), as well as experiments (Clay-Warner et al., 2016; Melamed
et al., 2018). Rather than review this voluminous literature, we instead note a criti-
cal issue with them. Most measures of inequality attitudes assess some evaluative
or normative attitude (e.g., the GSS asks if income differences are too large, or if
inequality exists to benefit the wealthy) or policy preferences (e.g., redistributive
preferences) rather than simply having respondents indicate whether they perceive
inequality as high or low. Thus, while there is extensive research on attitudes about
inequality using Likert items (e.g., Cech, 2017; McCall, 2013), these measures focus
much more on evaluations of inequality than the question of how much inequality
respondents perceive.

Attitudes About Inequality

As noted above, much research assesses normative attitudes about whether inequal-
ity is too high (or low), compared to some ideal. If people think inequality is higher
than they prefer, they may view it as unfair, which should alter their preferences for
social action, e.g., income redistributive policies (Hegtvedt & Isom, 2014). A major
approach to capturing inequality attitudes entails measuring people’s attitudes about
the justice or fairness of the incomes received by people in different occupations.

First, as discussed above, researchers frequently investigate attitudes about ine-
quality by measuring whether respondents think people in different occupations earn
more or less than they deserve. We refer to this approach as occupational income
Jjustice ratio measures. When people in high-status occupations (e.g., CEOs) are
seen as over-rewarded while those in low-status occupations (e.g., unskilled factory
workers) are seen as under-rewarded, researchers infer that the respondent thinks
income inequality is too large (Evans & Kelley, 1993; Osberg & Smeeding, 2006;
Kiatpongsan & Norton, 2014; Kuhn, 2019; Pedersen & Mutz, 2018).

Surveys implement this method by asking first how much the typical person in an
occupation earns, then how much that person ought to earn. The (log-transformed)
ratio of these quantities represents how fair or just the participant sees that income
as being for that occupation.

Perceived actual income )

Occupational justice ratio = In ( -
Ideal income

We can combine perceptions of ideal and actual CEO and unskilled factory
worker incomes to signify whether a participant thinks inequality is too high, since
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these two occupations represent either end of the socioeconomic scale. This and
similar ratios (transformed or not) have been used in research on justice attitudes
(Kelley & Evans, 1993; Kiatpongsan & Norton, 2014; McCall, 2013; Osberg &
Smeeding, 2006; Schneider & Castillo, 2015):

. . . Perceived actual CEO income — perceived actual factory worker income
Just inequality ratio = In

Ideal CEO income — ideal factory worker income

CEOs and unskilled workers are the most frequently studied occupations using
this measure, but surveys typically also include other occupations spread across the
socioeconomic spectrum. The same principle applies to these other occupations: if
participants believe that inequality, in general, is too high, they should be likely to
report that low- and middle-status occupations, in general, have lower incomes than
they ought to, and/or that high-status occupations have higher incomes than they
ought to.

We can also measure perceptions of over- and under-reward using Likert items.
We refer to this approach as the occupational justice Likert measure. Both survey
and laboratory work on justice perceptions uses Likert scales that ask respondents
how fair or just they think an income or reward level is (Auspurg et al., 2017; Clay-
Warner et al., 2016; Melamed et al., 2018; Sauer & Valet, 2013; Schneider & Valet,
2017). Because ratio and Likert methods should measure the same construct, we
include both in our study. Finally, as noted in the previous section, researchers also
frequently use Likert scales to measure attitudes about whether inequality is too
high, too low, or just right.

Method

We recruited a sample of 831 participants from Mechanical Turk to complete a
short (mean=14.5 min) study between March and April of 2019." The study was
described as a survey about how people perceive social issues. Participants who
clicked on that task were then provided more description and a link to the study. We
improved data quality in a variety of ways using the Turkprime (recently rebranded
as CloudResearch) platform for mTurk (Litman et al., 2017; Litman & Robinson,
2021), including blocking suspicious geolocations and duplicate IP addresses,
excluding the most active 10% of mTurk users, and including a randomly placed
attention check which asked participants to select the response option “strongly dis-
agree” to show they were paying attention.

! To recruit participants, we posted a task on mTurk’s online marketplace, where ‘Workers’ (people
from the general public with an mTurk worker account) can perform short tasks posted by ‘Request-
ers’ (including academic researchers, but also many commercial and industrial groups, e.g., companies
crowdsourcing human responses for machine learning). Litman and Robinson (2021) provide full detail
on Mechanical Turk. Overall, 54% of Workers who clicked on the description of our study then partici-
pated in the survey.
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Table 1 Analytic sample

e Do Vi G
or %

Age 35.2(11.6)
Male? 48.7%
Non-White 19.4%
College degree 52.8%
Family income $50 k-$60 k
Subjective SES 52(1.7)
Conservatism 3.8(1.7)
ANES party affiliation 3.8(2.2)
Clinton voters 35.3%
Trump voters 32.4%

*Two participants identified as nonbinary. We include these partici-
pants in the reference category with those identifying as female

As explained below, a critical question in the literature is the extent to which
there is a partisan divide in perceptions of—and preferences for—inequality. Given
that the population of mTurk leans more liberal (Berinsky et al., 2012; Litman &
Robinson, 2021), but is otherwise politically similar to the general population (Clif-
ford et al., 2015), we slightly oversampled conservatives to create a more politically
balanced sample.

Fifty (6.0%) participants failed the attention check and were excluded at the out-
set. We restricted our sample further after determining that 111 participants failed to
provide rank-ordered responses to measures that require it. We describe this restric-
tion and its implications further in our analysis. The final N was 680. Table 1 shows
the demographics of our sample.

Before beginning the study, participants were told they would complete questions
to assess their beliefs about inequality and social mobility.” In addition to providing
participants with explanations of inequality,® social mobility, and income quintiles.
We randomly assigned participants to complete three (out of eight) measures. We
presented only a subset of measures to minimize participant exhaustion, a key con-
cern given the cognitive demands of some of these measures (Eriksson & Simpson,

2 We will report the results for social mobility measures in a different manuscript.

3 We defined income inequality as “the size of the difference in income between people with the highest
incomes in a society and people with the lowest incomes.” While this definition does not satisfy all prin-
ciples of inequality measurement, e.g., scale invariance (Hao & Naiman, 2010), and does not specify the
nature of the population the participant should calculate inequality within, e.g., only full-time workers,
similar phrasing used in the GSS variable eqwlth about “income differences between rich and poor” is
typically understood as referring to attitudes about income inequality in general (McCall, 2013; McCall
et al., 2017). We were also concerned with defining the concept in a way that parallels definitions in
related work (e.g., Chambers et al., 2014; Eriksson & Simpson, 2012; McCall, 2013; Norton & Ariely,
2011), but which would not further create unnecessary cognitive difficulty. We therefore used this defini-
tion to activate the concept of income inequality.
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Table 2 Descriptive statistics for inequality and inequality attitudes measures

Perceived inequality measures Inequality attitudes measures
Measure Mean (SD) Measure Exp. mean Mean (SD)
Norton—Ariely Gini 40.45 (13.77) Perceived CEO/worker Ratio 36.58 3.60 (1.88)
Eriksson—Simpson Gini 46.39 (13.02) Inequality justice ratio 2.52 93 (1.43)
Income brackets Gini 54.24 (8.15)  Occupational justice ratios
Stratification belief Diagrams 32.73 (7.44) CEO 2.39 .87 (1.39)
Gini
International Ranking?® 5.82 (1.93) Doctor 1.01 .01 (.66)
Perceived inequality scale 5.55(1.05) Manager 94 —.06(42)
Teacher .64 — .44 (47)
Cashier .69 —.37(50D)
Unskilled worker 72 —.33(.43)
P’s occupation .69 — .37 (.88)
% Mean (SD)
Stratification belief diagrams Occupational Justice Likerts
Type A 23.7 CEO 1.65 (1.21)
Type B 36.7 Doctor 46 (1.02)
Type C 19.8 Manager .14 (.84)
Type D 16.9 Teacher —1.55(1.20)
Type E 29 Cashier —1.02 (1.02)
Pie Charts Unskilled Worker — .89 (1.04)
Low 259 P’s Occupation —.90 (1.06)
Medium 17.9 Inequality attitudes scale 5.32(1.28)
High 56.3
International ranking
US has highest inequality 63.4

“Inequality rankings are reversed so that higher values represent more inequality

2012, 2013; Pedersen & Mutz, 2018). Because participants are randomly assigned to
measures, we are able to estimate correlations between the measures using the sub-
sample which completed each pair of measures. The N for each pair of measure is
provided in the Supplementary Material (Section 1).

The eight measures were: Norton—Ariely, Eriksson—Simpson, Income Brackets,
Stratification Belief Diagrams, Inequality Pie Charts, International Ranking, Occu-
pational Justice Ratios, and Occupational Justice Likerts. Table 2 presents descrip-
tive statistics for all measures. For several measures, we focus on the Gini coefficient
to summarize perceived inequality. This is because the Gini correlated very highly
with other summary statistics that we generated from the same data (e.g., quintile
ratios; Supplementary Material Section 2), and because the Gini is commonly used
and understood by social scientists (Hao & Naiman, 2010). To be clear, we do not
argue that lay people intuitively understand the Gini, a point we elaborate on later.
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Instead, we simply use these Ginis as an efficient way of presenting the tendencies
of the other measures of variation we calculated. All Gini coefficients are scaled to
range from O to 100. For justice ratios, we also report exponentiated means.

Since some measures provide ranked (or non-normal) data, our analyses primar-
ily use Spearman rank order correlations (p). This is a nonparametric, nonlinear
measure of association interpreted as the correlation between rank scores rather than
the scores themselves. This makes p robust to curvilinearity so long as the relation-
ship between two variables is non-decreasing (for positive relationships) or non-
increasing (for negative relationships). The more continuous two variables are, the
more closely p approximates the Pearson correlation, r. Given our relatively large
sample size and the number of pair-wise comparisons, we focus our analysis on
trends in the magnitude of these correlations. The Supplementary Material file pro-
vides statistical significance for all correlations.

Inequality Measures

In the Norton—Ariely measure, participants were asked to provide the percentage
of all income that goes to each of five income quintiles in the USA. We specifi-
cally asked participants to think about individual incomes before taxes, not family
incomes. The Eriksson—Simpson measure was similar, but instead of asking for
percentages, it asked participants to provide the average income of people in each
quintile. In both measures, participants were explicitly reminded that quintiles are
rank-ordered.

For the income brackets measure, we asked participants to estimate the percent-
age of Americans with incomes in each of five income ranges. We took our ranges
from the tax code for single filers and rounded to the nearest 10,000: less than
$10,000, between $10,000-$40,000, $40,000-$80,000, $80,000-$160,000, and more
than $160,000. Since few people earn more than $160,000, we used that as our top
category. We converted these proportions into Gini coefficients by midpoint scoring
each income bracket and setting the score of the top bracket to 1.5 Xits lower bound
(or $240,000 for the>$160,000 response). Because the value of the top income
range could be set even higher, this is a conservative Gini estimate. Larger scores for
the top bracket would yield even higher Gini estimates.

Participants completed the Stratification Belief diagrams measure by selecting
the diagram which they believe comes closest to the actual level of stratification in
the USA. In addition to analyzing the stratification belief diagrams as ranked cat-
egories, we also use their Gini equivalents, which Gimpelson and Triesman (2018)
calculated as A=42, B=35, C=30, D=20, and E=21.

Participants followed the same procedure for the inequality pie charts, selecting
the one which most closely represents how they see the USA. We presented three
pie charts (Fig. 2): one depicting relatively low inequality (Gini=35.5), one depict-
ing relatively high inequality (Gini=42.9), and one in between (Gini=37.9).
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3

Low Inequality Medium Inequality High Inequality

Fig. 2 Inequality Pie charts

Participants were presented with the countries that make up the G7 in random
order and were asked to re-rank them from the highest inequality (1) to the lowest
(7). In our analyses, we reverse this so that higher values represent higher inequality.

Participants tended to perceive inequality as high across all measures (Table 2).
Mean Gini coefficients from the Norton—Ariely, Eriksson—Simpson, and income
brackets measures were all above 40. Most participants completing the stratifica-
tion belief diagrams rated the USA as either a Type A or B country—the two most
unequal options. More than half chose the high inequality pie chart as representing
the USA. And nearly two-thirds ranked the USA as having the highest inequality of
the G7.

Justice Measures

To obtain income ratios, we asked participants to provide what they saw as the ideal
income for each of seven occupations, and what they thought the actual average
income was. We measured perceived actual and ideal incomes for two high-status
occupations (chairman of a national corporation, doctor in general practice), two
middle-status occupations (mid-level manager in a national corporation, high school
teacher), two low-status occupations (unskilled factory worker, clerk [cashier]), and
the participants’ own occupation (‘people in my occupation’). The high- and low-
status occupations come from the GSS, ISSP, and related analyses (e.g., Kiatpong-
san & Norton, 2014; McCall, 2013; Osberg & Smeeding, 2006).

To measure these justice perceptions less quantitatively, we also administered two
parallel Likert scale items for the same occupations: we asked participants whether
they felt that the typical income in that occupation was less than fair (-3), exactly
fair (0), or more than fair (+3). Research on justice perceptions often uses a single
item on fairness to summarize those perceptions (Auspurg et al., 2017; Clay-Warner
et al., 2016). However, to capture the aspect of justice in which the under-rewarded
deserve more while the over-rewarded deserve less (Hegtvedt & Isom, 2014), we
also asked whether the typical income was less than what people in that occupation
deserve (-3), exactly what they deserve (0), or more than they deserve (+3). We then
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averaged the two items together. Reliabilities were somewhat low (mean o=0.62),
but substantive conclusions of our analyses are the same whether items are analyzed
together or separately. We therefore present analyses for the averaged items.

Participants perceived a large amount of injustice (Table 2). On average, they
thought that CEOs earn 36 times as much as an unskilled factory worker, and that
the inequality between them is two and a half times larger than it ought to be. On
both ratio and Likert measures, they see CEOs as significantly over-paid, while most
other occupations are under-paid.

Criteria Likert Scales

We also administered a questionnaire including our Perceived Inequality and Ine-
quality Attitudes scales. We constructed these scales because most existing measures
of inequality attitudes assess some evaluative or normative attitude (e.g., the GSS
asks if income differences are foo large), rather than simply having respondents indi-
cate whether they perceive inequality as high or low. If other measures also assess
the same constructs, they ought to correlate strongly with the Likert scales. A weak
correlation, on the other hand, implies that the measure is assessing something that
is only weakly related to that construct.

The Perceived Inequality Scale used four 7-point Likert items. Examples include
“In your judgment, how large or small are the differences in income between the
rich and the poor in the USA? (very small-very large)”, “and “Compared to other
developed countries, income inequality in the USA is (much lower—-much higher).”
The scale was reliable (o =0.78). The Inequality Attitudes Scale used seven 7-point
items. Examples include “Income inequality in the USA is too high”, “Most Ameri-
cans would be better off if income inequality was lower”, and “In the USA, wealthy
people’s incomes are higher than they should be.” This scale was very reliable
(x=0.91). Importantly, both scales include different conceptions of inequality and
justice, e.g., the Perceived Inequality scale includes items comparing US inequal-
ity to the past and to other countries; the Inequality Attitudes scale includes items
asking about individual interest as well as the justice of the incomes of different
social classes. The correlations among the questionnaire items thus reflects simi-
larity between these somewhat different views on inequality and justice. We will
return to this point later in our analysis. Further detail on these scales is provided in
Supplemental Material (Section 1). Table 2 shows that on the two Likert scales par-
ticipants strongly saw inequality as high (Perceived Inequality mean=5.55) and said
that lower inequality would be better (Inequality Attitudes mean=>5.32).

Main Questions
Our analyses focus on several key questions. First, how well do estimates of ine-
quality or justice attitudes correlate with other subjective measures? It seems

unlikely that participants conceive of inequality or justice in precisely the terms
that these measures do. Rather, their perceptions and attitudes are latent beliefs,
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and the measures are all aimed at assessing those latent beliefs. Likert scales
embody this reasoning, since they are composed of multiple indicators of the
same latent construct. Thus, if the subjective measures in this study are good
indicators of perceived inequality or justice attitudes, they should correlate with
other subjective measures and with the Likert scales we constructed.

Second, we wanted to assess the size of method effects for inequality meas-
ures. That is, do the different measures of perceived inequality create differing
estimates of inequality simply because they use different methods? For example,
Eriksson and Simpson (2012) found that participants gave significantly higher
estimates of inequality using their measure compared to the Norton—Ariely
measure. In our study, we compare the Gini estimates from several measures to
show how widely the mean estimates vary. Some degree of variation between
measures seems quite likely, given that each measure is to some extent unique
and likely comes with its own set of biases. However, it is an important question
to ask because of the common practice in the literature on perceived inequal-
ity of comparing subjective perceptions against objective economic conditions
(see Hauser & Norton, 2017 for a review). If different measures provide widely
varying Gini estimates, then researchers’ conclusions about participant ‘misper-
ceptions’ of inequality may simply be an artifact of the method that they use to
measure those perceptions. This, in turn, would make it difficult to justify com-
paring subjective estimates against objective statistics.

Third, we test how strongly the various measures relate to participants’ politi-
cal orientations. One of the reasons Norton and Ariely’s (2011) seminal study
gained wide attention was because it found that liberals and conservatives per-
ceived—and preferred—similar levels of inequality. But a number of scholars
have questioned these findings, given the major divides based on inequality and
justice in American politics (Chambers et al., 2014; Eriksson & Simpson, 2012,
2013; Pedersen & Mutz, 2018). Research finds that conservatives believe higher
levels of inequality to be fairer and prefer to have more inequality than liberals
do (Cech, 2017; Kelley & Evans, 1993; McCall, 2013; Pedersen & Mutz, 2018),
but some research also suggests that they perceive less inequality to begin with
(Chambers et al., 2014; Eriksson & Simpson, 2012). Conservatives also have
much lower preferences for economic redistribution, which itself tends to cor-
relate with perceived inequality (Ashok et al., 2015; Gimpelson & Treisman,
2018; though see Schroder, 2017; Trump, 2017 on whether redistributive prefer-
ences are related to actual inequality). We thus expect that political orientation
will correlate with justice measures, and with measures of perceived inequality.

Finally, we examine our results for evidence of low comprehension and heu-
ristics known to bias estimates of inequality. Many of our measures ask par-
ticipants to quantify perceptions or preferences, and previous research suggests
that many participants do not understand these tasks. This leads them to rely
on heuristics, e.g., anchoring income shares per quintile on 20% (Eriksson &
Simpson, 2012, 2013) and anchoring ‘just’ incomes on whatever they perceive
as the ‘actual’ income (Markovsky & Eriksson, 2012; Pedersen & Mutz, 2018).
The cognitive intensity of our measures means that we should attend closely to
whether participants are giving clear or logical responses.
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Results

To simplify our analysis, we begin by detailing problems we found with particular
measures that are large enough, in our view, to recommend not using those measures
in future studies. We then proceed through several major problems that should be of
interest to researchers looking to use any of the measures we analyze. The questions
we focus on are not the only ones that can be addressed with our data. Given space
limitations, we focus on what we consider particularly important issues for improv-
ing the methods and measures used to study inequality perceptions and attitudes.
Full detail on our analyses is provided in the Supplementary Materials (Section 2).
Further analyses (SM Section 3) compare results using bivariate linear regressions
against regressions with demographic controls. The two approaches yield very simi-
lar results. Our findings are thus robust to demographic controls, strengthening our
conclusions.

Problem 1: Many Participants Fail to Provide Rank-Ordered Responses When They
are Required

The Norton—Ariely and Eriksson—Simpson measures require that participants under-
stand that income shares (or mean incomes) must be rank-ordered. That is, partici-
pants must provide estimates such that the top quintile holds more income than the
fourth quintile, which holds more than the third, and so on. However, many partici-
pants did not provide fully ranked responses: nearly a third (N=85, 29.2%) of those
completing the Norton—Ariely measure, and about one in sixteen (N=18, 6.2%)
of those completing the Eriksson—Simpson measure failed to give rank-ordered
responses. This is not simply a result of some participants reversing the order of
quintiles (providing the lowest incomes for the ‘top’ quintile, the highest incomes
for the ‘bottom’, etc.): only 11 participants in the Norton—Ariely measure provided
reversed rankings in this manner. Eight more provided equal-sized income shares,
and each of the remaining quintile orderings had no more than seven observations
each. These problems occurred even though we explicitly reminded participants that
the income quintiles should be ranked.

Failing to provide ranked responses on at least one measure was associated with
lower responses on the Perceived Inequality (b=-0.42, SE=0.12, p<0.001) and
Inequality Attitudes (b=— 0.34, SE=0.14, p <0.05) scales. This means the inequal-
ity estimates from the analytic sample might have an upward bias because people
who perceive inequality as lower are more likely to be excluded for not rank-order-
ing responses. Non-random ranking errors thus undermine the reliability of the
measure.

Importantly, failure of participants to give rank-ordered responses to the Nor-
ton—Ariely measure is not unique to our dataset. Both Norton and Ariely (2011)
and Eriksson and Simpson (2012) found that participants failed to rank order, and
resolved this issue by reordering non-rank-ordered responses so that the responses
reflected a more logical quintile order (see Eriksson & Simpson, 2012:742 for a
discussion).
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We see two possible (and related) explanations for participants’ failure to rank
responses. First, participants may not have understood that they must provide rank-
ordered responses, despite the fact that we provided them with an explanation of the
concept of ranked quintiles prior to the start of the study, and reminded them of this
requirement in the measure itself. Lay people are not broadly aware of statistical
concepts like quintiles, and therefore are not accustomed to using them to organize
their perceptions of society. A second, related possibility is that participants find
these estimation tasks cognitively demanding. This would likely lead them to resort
to heuristics (Eriksson & Simpson, 2012) or to simply give up on providing consist-
ent (ranked) responses.

Cognitive demands would explain why non-ranking is five times more likely
when using the Norton—Ariely measure than the Eriksson—Simpson measure: while
most participants should be familiar with the notion of income, the concept of an
‘income share’ is likely more novel and likely to provoke non-ranked responses (see
Eriksson & Simpson, 2012).

Given these problems, we caution researchers against using the Norton—Ari-
ely method to study inequality perceptions. While the Eriksson—Simpson measure
resulted in far fewer non-rank-ordered responses, there were still enough to merit
caution. As noted in the Methods section, we excluded from further analysis all par-
ticipants who failed to provide rank-ordered responses to the Norton—Ariely and
Eriksson—Simpson measures. Doing so allowed us to assess the relationship of other
our measures with the Norton—Ariely and Eriksson—Simpson measures without the
results being skewed by poor quality data. The total remaining N in all remaining
analyses is 680.

Overall, the Norton—Ariely measure should be ruled out for future use. Since the
Eriksson—Simpson measure performs better in terms of rank-ordering, it might be
used as a replacement, but we nevertheless caution researchers to take additional
steps to ensure participant comprehension. Since rank-ordering is the minimal
logical requirement for these measures, non-ranking does not bode well for partic-
ipants’ ability to provide logical quantitative estimates that reflect their inequality
perceptions.

Problem 2: When Allowed, Participants Often Provide Extreme Income Estimates

A second problem emerged in our analysis of the Eriksson—Simpson measure: par-
ticipants often gave estimates of typical top incomes that strained credulity: 9.6% of
participants put the mean top quintile income at more than $10 million, 5.6% esti-
mated more than $100 million, and the highest estimate was $50 billion. Similarly
skewed patterns existed for other quintiles.

One possible explanation is that some participants added or dropped digits to
convey their sense of extremity. This is supported by the fact that extremely high
responses were more common for estimates of top incomes than for lower quintiles,
and they were associated with higher responses on other measures of perceived
inequality. Participants who provided at least one very high mean income (higher
than $10 million) also gave higher responses on our Perceived Inequality (b=0.45,
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SE=0.23, p<0.05) and Inequality Attitudes (b=0.81, SE=0.26, p<0.01) scales
than those who completed the Eriksson—Simpson measure but did not provide any
very high incomes. They also gave higher inequality estimates on the stratification
belief diagrams (b=6.92, SE=2.61 p<0.05) and perceived CEO/worker pay ratio
(b=2.15, SE=0.61, p<0.01) measures, though not the Norton—Ariely (b=1.47,
SE=5.59, p=0.793) or income brackets (b=-2.81, SE=5.38, p=0.603) measures.
On the one hand, a measure of perceived inequality ought to capture perceptions
that inequality is extremely high. But extreme estimates of top incomes may cause
other problems. Most obviously, they can skew the variable’s distribution, compli-
cating statistical analyses. But perhaps more importantly, the numerical response
alone does not tell us whether it comes from participants’ perceptions, indigna-
tion about high inequality, or innumeracy. Researchers using the Eriksson—Simp-
son should therefore use additional measures to determine whether they should take
these responses “seriously but not literally.” That is, researchers should pay atten-
tion to the variation in responses to the Eriksson—Simpson measure, and how those
responses covary with other phenomena. But the issues outlined above show that the
point estimates of inequality derived from the measure may not be as meaningful.

Problem 3: Responses Across Measures Are Often Inconsistent

Our design allows us to compare whether participants’ responses were consistent
(i.e., provided similar descriptive statistics or otherwise correlated highly) across
measures, giving insight into how results from one measure may generalize to oth-
ers. Of course, variation between measures is a given in most social research (Thye,
2000). But studies of perceived inequality and justice are somewhat atypical, in that
they often compare participants’ estimates against “reality,” i.e., objective measure-
ments obtained by social scientists (Chambers et al., 2014; Eriksson & Simpson,
2012; Gimpelson & Treisman, 2018; Hauser & Norton, 2017; Kuhn, 2019; Norton
and Ariely 2011; Kiatpongsan & Norton, 2014). The emphasis on such precise com-
parisons means that method effects could affect substantive conclusions, e.g., that
people overestimate vs underestimate inequality (Chambers et al., 2014). At the very
least, method effects can affect the strength of estimation biases (Eriksson & Simp-
son, 2012). Thus, it is especially critical in this research area to understand how the
measurement strategy affects participant responses. Supplementary Material Sec-
tion 2 provides rank order correlations between measures.

We found that outcomes varied widely between measurement methods. For
instance, mean Gini estimates ranged from a low of 32.7 (for the stratification belief
diagrams) to a high of 54.2 (for the income brackets measure). Estimated Ginis had
low correlations with each other (mean p = 0.33, five of six correlations signifi-
cant at p <0.05) and have slightly weaker correlations with our Perceived Inequality
scale (mean p = 0.26, three of four correlations significant at p <0.05). The Nor-
ton—Ariely measure tends to have the strongest correlations with other measures, but
it is important to remember that these correlations exclude the third of participants
who did not provide correctly ranked responses. This significantly undermines the
finding that the remaining data correlate well with other measures. Overall, method
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Table 3 Percentage of

. . % Selecting closest option on...
participants selecting closest & P

option on pie charts and Pie charts Stratifica-
stratification belief diagrams tion belief
diagrams
Norton—Ariely 48.4 39.0
Eriksson—-Simpson 42.1 24.7
Income brackets 50.0 21.2

effects on Gini estimates appear to be substantial, and Ginis from one measure fail
to correlate well with Ginis from other measures.

We also tested whether participants tended to select the inequality pie chart or
stratification belief diagram closest to their responses on the Norton—Ariely, Eriks-
son—Simpson, and income brackets measures. To test this, we first grouped Gini
estimates from these three measures according to whether they were closest to
the low, medium, or high inequality pie chart, and to each of the five stratification
belief diagrams. We then tabulated the proportion of participants who selected the
pie chart or diagram that had the Gini coefficient closest to their own responses. As
shown in Table 3, across the Norton—Ariely, Eriksson—Simpson, and income brack-
ets measures, less than half of participants selected the inequality pie chart that was
closest to the Gini generated from their responses and just 20-40% selected the clos-
est stratification belief diagram. Overall, no measure gives clear associations with
parallel graphical measures.

However, given that our quantitative measures tap into somewhat different aspects
of inequality and attitudes about inequality, we should not expect them to correlate
perfectly with each other. We therefore assessed consistency another way, by com-
paring the correlations among measures against the inter-item correlations from our
criteria scales. The items in these Likert scales individually measure distinct aspects
of perceived inequality and related attitudes, but as with any set of items in a scale,
they correlate with each other because they also tap into a shared, latent conception
of income inequality. If the quantitative measures also tap into this shared concept,
they should also correlate to a similar extent.

The mean inter-item correlation in the Perceived Inequality scale was p = 0.55,
while the mean absolute correlation between perceived measures was less than
half that magnitude, p = 0.24 (nine of 21 correlations significant at p <0.05; SM
Table 2.2.1 for more detail). As a group, our perceived inequality measures are
much less consistent than the items of a parallel Likert scale.

Participants also provided inconsistent responses to justice ratios and our Ine-
quality Attitudes scale. On the inequality justice ratio, nearly a third (29.3%) of
participants gave responses indicating that they thought inequality was too high but
responded to the Inequality Attitudes scale saying inequality was too low, or vice
versa. This replicates Pedersen and Mutz’s (2018) finding that participants often
give inconsistent responses to justice ratio measures and GSS measures of inequality
attitudes.
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Comparisons between justice ratios and Likert scales (SM Section 2) tended to
fare better, but still lacked convergent validity; that is, participants’ responses to
different measures suggest that they had contradictory implications for their per-
ceptions of occupational pay justice. Correlations between the two formats within
occupations tended to be somewhat low (mean absolute p = 0.24, SD=0.17, 21 of
56 correlations significant at p <0.05) and participants often provided inconsist-
ent responses: in total, 24.6% of responses to one measure were associated with
inconsistent responses to the other, e.g., providing a CEO income ratio indicating
over-payment while providing responses to the Likert items indicating either under-
payment or exact income fairness. Participants were more likely to rate incomes as
exactly fair on Likert measures than justice ratios (28.2% vs 20.6%).

Here again, we compared the consistency of justice measures against the mean
inter-item correlation of our Inequality Attitudes scale. Correlations among justice
measures tended to be low: ratio measures correlated at a mean absolute p = 0.29
(16 of 34 correlations significant at p <0.05), while Likert measures correlated at a
mean absolute p = 0.27 (14 of 21 correlations significant at p <0.05; SM Table 2.2.2
for more detail). Both are much lower than the mean inter-item correlation from our
Inequality Attitudes scale, mean p = 0.60. Thus, as with perceived inequality meas-
ures, justice measures as a group tend to be less consistent with each other than the
items of a parallel Likert scale.

Inconsistency across measures appears to be high and ubiquitous, but becomes
less surprising when we remember how cognitively demanding these tasks are.
When faced with tough questions, especially numerical ones, people often rely on
heuristics (Eriksson & Simpson, 2012, 2013; Markovsky & Eriksson, 2012; Ped-
ersen & Mutz, 2018). Many participants may not know that responses on one meas-
ure can be converted into an equivalent response on another. Even if they are aware
of this fact, they may not know how to perform that calculation even if they want to.
Indeed, many of Eriksson and Simpson’s (2012) participants admitted, when asked,
that they were unaware there was any mathematical equivalence between the Nor-
ton—Ariely and Eriksson—Simpson procedures. Overall, the measures we studied
were inconsistent with each other at a level beyond that which we might expect and
accept from items in a reliable Likert scale. This higher level of inconsistency may
be due to the cognitive demands that these measures impose.

Problem 4: Correlations with Criteria Likert Scales Vary, But Are Generally Low

We designed our Perceived Inequality and Inequality Attitudes scales to measure
the same constructs as our key measures in a simpler, less cognitively demanding
format. If our key measures tap into participants’ beliefs, then they should correlate
reasonably well with these criterion scales. However, most of the observed correla-
tions between the scales and measures are small.

The average correlation between measures of perceived inequality and our Likert
scale measure is p = 0.29 (SD=0.05; all p’s <0.05), with the highest (the pie charts
measure) being p = 0.37 (SM Section 2). The relatively low correlations across the
board (lower than the inter-item correlations of the items composing the Perceived
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Inequality scale, mean p= 0.55, SD =0.09) means that perhaps the convergent valid-
ity of our tested measures is low across the board, and each measure in fact taps into
somewhat different aspects of perceived inequality.

A similar pattern exists for justice measures. Correlations between justice meas-
ures and the Inequality Attitudes Scale are low, but quite variable, mean absolute =p
0.32 (SD=0.16; 12 of 16 correlations significant at p <0.05). For occupation-spe-
cific measures, doctors and managers appear to be virtually irrelevant to attitudes
about inequality (absolute p’s<0.10, p’s>0.05). But even the strongest correlation,
from the cashier income justice ratio, p = — 0.49, is lower in absolute magnitude
than the mean inter-item correlation within the Inequality Attitudes Scale (mean p =
0.60, SD=0.09).

One potential reason why these measures have generally low correlations with
criteria is because they may be more strongly influenced by random measurement
error, and so are less reliable. Our results thus far have pointed to several different
sources of such error, including low participant comprehension, the use of heuris-
tics, and the cognitive complexity of quantitative estimation. It is also possible that
the measures are each tapping into very different aspects of inequality that are not
clearly related to each other, like income inequality within America vs America’s
international ranking in income inequality. However, we cannot distinguish between
this possibility and the chance that low correlations are simply due to low reliability.

In short, the correlations between our measures and criterion scales are generally
not large enough take any specific measure as a clear or strong indicator of par-
ticipants’ beliefs about the American economy. We therefore caution researchers
against using any single measure to capture Americans’ perceptions about the level
of inequality or whether they think that level is objectionable.

Problem 5: Most Measures Overestimate Partisan Agreement

Researchers have recently debated whether there is partisan disagreement over per-
ceptions of—and attitudes about—inequality. Some find that liberals and conserva-
tives perceive similar levels of inequality or injustice (Kiatpongsan & Norton, 2014;
Norton & Ariely, 2011). But others argue that this ‘agreement’ is illusory, a product
of asking participants questions that they do not understand (Chambers et al., 2014;
Eriksson & Simpson, 2012, 2013; Pedersen & Mutz, 2018). Given the salience of
inequality and justice issues in American politics (e.g., Cech, 2017), we argue that
prior to measurement, researchers should strongly expect perceived inequality and
justice to correlate with political orientation. Apparent partisan agreement, then, is
an outcome that should be investigated critically.

We found that for most measures (SM Section 2), conservatives tended to per-
ceive somewhat less inequality than liberals and judge inequality as more just (mean
absolute p = 0.20, SD=0.06, six of seven correlation significant at p < 0.05). But on
average, these correlations were much smaller than correlations between political
orientation and our Perceived Inequality (p = — 0.39) and Inequality Attitudes scales
(p = — 0.52). For our justice measures, the average correlation was slightly larger
(mean absolute p = 0.24, SD=0.13, 11 of 15 correlations significant at p <0.05),
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but still not as large as the Perceived Inequality or Inequality Attitudes scales. Jus-
tice attitudes for doctors and managers had the weakest association with political
orientation (mean absolute p = 0.05, all ps>0.05), while the other justice measures
correlated between mean absolute p = 0.20-0.40. Overall, no measure correlated
with political orientation as well as our Likert scales.

This result is suggestive, but could also simply reflect the fact that political ori-
entation was measured using a similar 7-point Likert scale as our criteria. To assess
this possibility, we conducted a second analysis using a measure of political affilia-
tion adapted from the American National Election Studies (ANES). This measure
provides political affiliation on a 7-point scale, from Strong Democrat to Strong
Republican. But, for this measure, responses are gathered through two items: a first
question asks participants whether they feel closest to Democrats, Independents, or
Republicans, and a second question follows up and asks if they identify as a ‘strong’
Democrat or Republican, or if they identify as an independent, whether they lean
toward one party or the other. This provides a measure of a construct strongly related
to political affiliation, but without the same potential common method bias.

Here again, we find that our criteria scales correlated better with political affili-
ation than the perceived inequality and justice measures. While the Perceived Ine-
quality scale correlated with political affiliation at p = -0.28, no perceived inequality
measure correlated above absolute p = 0.20 (mean absolute p = 0.12, SD=0.06,
four of seven correlations significant at p <0.05). The Inequality Attitudes scale
correlated with political affiliation at p = — 0.39. No occupational justice measure
exceeded this level of correlation, and tended to correlate less than half as strongly
(absolute mean p = 0.16, SD=0.10, 10 of 15 correlations significant at p <0.05).
Thus the fact that our criteria scales correlate better with political views than our
other measures does not appear to be driven by common method bias.

Why wouldn’t measures of these perceptions and attitudes also be related to
political orientation given their political salience? In addition to response heuris-
tics (Eriksson & Simpson, 2012, 2013; Markovsky & Eriksson, 2012; Pedersen &
Mutz, 2018), the comprehension issues we observe suggest another explanation—
progressives and conservatives may appear to agree when comprehension is low on
both sides of the political aisle. In short, when researchers discover that a measure
appears to generate political ‘consensus’ on issues of inequality and justice, they
should review their data and methods carefully to rule out the possibility that it is
due to low comprehension or to the use of heuristics.

Problem 6:‘Ideal’ Incomes Likely Anchor on Perceived Actual Incomes

Some scholars (Markovsky & Eriksson, 2012; Pedersen & Mutz, 2018) have argued
that respondents tend to base, or anchor, ‘ideal’ incomes on their perceptions of
actual incomes, whether they provide those actual incomes themselves or they are
provided by the researcher. This casts doubt on any assumption that people carry
ideals for what people ought to earn that are independent of what they believe they
actually make.
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Though we did not manipulate perceived actual incomes, we do find that the per-
ceived CEO/worker income ratio correlates with the ideal CEO/worker ratio* at p
= 0.59 (p<0.001). That is, the more unequal participants thought incomes were,
the more unequal they wanted them to be. A portion of this correlation likely stems
from participants’ actual beliefs: people often base their ideas of what ‘ought to be’
on what they think already ‘is’, especially when they benefit from the status quo
(Homans, 1974; Schroder, 2017; Trump, 2017). But both Markovsky and Eriksson
(2012) and Pedersen and Mutz (2018) show that it is also a matter of in-the-moment
anchoring on potentially irrelevant information.

Summary

We found a range of problems across the different measures: low comprehension,
inconsistency, low correlations compared to parallel Likert scales, and anchoring.
In terms of the severity of criticisms, the Norton—Ariely and Eriksson—Simpson
measures fared the worst. There, participants did not give ranked responses (particu-
larly on the Norton—Ariely measure) or gave extreme responses (particularly on the
Eriksson—Simpson measure). Even when we excluded problematic responses, these
measures did not perform notably better than others in terms of consistency across
measures, correlation with criteria, etc.

The stratification belief diagrams and international ranking measures fared the
best. They had among the best correlations with our perceived inequality scales and
offer a good range of response options. But even these measures come with impor-
tant caveats. First, it is not clear that we could compare them against objective data
on inequality since we also found significant method effects. Even a reliable meas-
ure of perceived inequality could plausibly show that most participants overestimate
inequality or that most underestimate inequality, depending on how the method
itself biases the distribution of estimates.

Second, the diagrams and rankings may appear to fare better in part because they
are less able to betray low comprehension through extreme or illogical responses.
That is, if many participants do not understand the Norton—Ariely or Eriks-
son—Simpson measures, we will know it from their responses. Indeed, some of the
more positive outcomes for the Norton—Ariely measure, including greater correla-
tions with other measures, may be due to the fact that we excluded so many invalid
responses to that measure, which filters responses based on comprehension. How-
ever, we will not observe similar outcomes on other measures because they do not
allow patently illogical responses in the same way. For instance, it is plausible that
any given respondent could place the USA at any point in the international rank-
ing and genuinely believe that this is where the USA stands—no rank is illogical or

Ideal inequality ratio = In < Ideal CEO income )

Ideal factory worker income
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implausible. These alternative measures should therefore be packaged with compre-
hension checks to detect comprehension problems.

And third, the international ranking may have limited usefulness because it does
not measure the same perception as the other measures. It compares US inequality
against other countries, but it is not clear that Americans consider (or care about)
other countries when judging US inequality as ‘high’ or ‘low.’

We have organized our analysis around core problems that researchers studying
inequality perceptions and attitudes should be aware of. Next, we move from these
problems to advice for future research on perceptions of inequality and justice.

Discussion

Our results show that measuring lay perceptions of inequality is no easy task. And
perhaps that should not come as a surprise. The magnitudes involved with inequal-
ity in a country like the USA can stymie professional social scientists, who spend
considerable time measuring and interpreting inequality. It therefore seems unrea-
sonable to expect lay people to be able to clearly quantify their perceptions of ine-
quality. Nevertheless, understanding lay perceptions and attitudes is important for
both social science and public policy. Our study took stock of various measures of
perceived inequality and inequality attitudes, with the goal of improving research in
this important and rapidly developing area. In so doing, we have documented a num-
ber of issues with current methods and measures. Our findings lead us to offer three
prescriptions for researchers measuring perceptions of inequality and justice.

Use Measures That Participants Can Understand and Answer

Recent studies often ask respondents to put their thoughts or beliefs about inequality
into (usually quantitative) terms that may be familiar to professional social scien-
tists, but less so to laypeople. The appeal is clear: it allows the researcher to directly
compare participants’ judgments against objective measures of inequality to assess
what extent respondents over- or underestimate inequality. Far from being confined
to academic circles, the results of these studies have drawn attention from news
media (e.g., Klein, 2013), making it especially critical that researchers exercise cau-
tion when deciding which methods to use and what conclusions to draw from them.

To ensure the validity and reliability of their findings, researchers need to ensure
that participants understand the questions they are being asked and how to relate
those questions to their beliefs. Lay people are unlikely to think about inequality
using quantitative concepts like distributions, quantiles, ratios, and Gini coefficients
that may be second nature to social scientists. Thus, while it may be straightforward
for social scientists to quantify their beliefs about inequality, it is extremely unlikely
that this ability is common to lay people.

Our findings lay bare comprehension problems for several of the main measures
of perceived inequality. We can see this most clearly with the Norton—Ariely and
Eriksson—-Simpson measures, where many participants fail to give rank-ordered

@ Springer



140 Social Justice Research (2021) 34:119-145

responses (especially so for the Norton—Ariely measure). Rank-ordering is a defin-
ing characteristic of those measures, and if that many participants fail to adhere to
that requirement, it seems likely that many other participants did not fully under-
stand the meaning of the measure or how they should relate it to their beliefs.

We also found that, for the Eriksson—Simpson measure, participants provided
extremely high top income estimates, with some responses straining credulity.
Though participants may mean these estimates literally, or at least as a meaningful
expression of extremity, it is also possible that they did not fully understand the task
or how to relate it to their attitudes. At the very least, these responses challenge any
easy interpretation of results.

In a task as cognitively intense as quantifying subjective beliefs, it is inevitable
that some participants will not fully understand their task. Given this, it is critical
to measure comprehension rates. Researchers could do so by asking participants to
correctly describe the task and what it means. Another option is to include (where
possible) clearly implausible response options, like a pie chart or diagram showing
complete equality of income.

Our study also joins previous work arguing against apparent agreement between
liberals and conservatives on perceived inequality and inequality attitudes (Eriksson
& Simpson, 2012, 2013; Markovsky & Eriksson, 2012; Pedersen & Mutz, 2018).
American liberals and conservatives are heavily divided on these questions (Cech,
2017), and apparent agreement is more likely to mean that both liberals and con-
servatives are using the same heuristics or are similarly confused about how to inter-
pret the question, rather than sharing similar attitudes about inequality.

Researchers can take a mixed-methods approach to ensuring that measurement
methods relate to participants’ ways of understanding inequality. Researchers could
draw on qualitative techniques to more fully understand how participants under-
stand measurement methods and whether those methods tap into the ideas that are
more central to their ideas about inequality (Small, 2011). Researchers can then
use participant feedback to make their measures more comprehensible and valid to
participants.

A recent example of this method comes from Cheng and Wen’s (2019) study
of social mobility perceptions. In addition to gathering data on a novel method for
quantifying perceived mobility, they asked participants to describe how they think
about mobility. This text feedback from participants showed that participants did, in
fact, tend to think about mobility in ways similar to the researchers’ mobility meas-
ure, thus providing support for the measure’s validity.

Use Multiple Measures to Make Conclusions More Reliable

We found that different ways of measuring perceived inequality and justice attitudes
can yield dramatically different perceptions and attitudes. Researchers should there-
fore not use just one measurement strategy to assess perceived inequality or justice
attitudes. This leaves researchers unable to disentangle findings that are common
across operationalizations from those that may be artifacts of a specific meas-
ure. Indeed, additional analysis (SM Section 5.2) found that while all inequality
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measures together explained more than a quarter of the variance in our perceived
inequality scale, each measure individually explained only about 7.5%. Researchers
can therefore make a stronger case for their conclusions if different kinds of meas-
ures give convergent findings.

This recommendation obviously isn’t novel; researchers are already familiar with
the need to use scales comprised of multiple indicators to make measurements more
reliable (Thye, 2000). Measures of perceived inequality and justice attitudes are no
exception. For instance, if researchers administered the Norton—Ariely and stratifica-
tion belief diagram measures and found that higher perceived inequality was in both
cases associated with some attitude like higher redistributive preferences, this would
bolster the argument that higher perceived inequality is associated with redistribu-
tive preferences much more than if they found that outcome with just one of those
measures. The use of multiple measures would also help to reduce the likelihood
that conclusions regarding point estimates or estimation biases are driven by method
effects.

For example, McCall (2013) analyzed numerous measures from the GSS, includ-
ing Likert items measuring inequality attitudes, as well as perceived income and jus-
tice ratios. The variety of measures McCall analyzed brought depth and complexity
to her account of Americans’ inequality attitudes. And by testing her account against
multiple attitude measures, she made a remarkably strong case for her argument
about the circumstances under which Americans accept or reject inequality.

Researchers can also use analysis techniques to statistically combine data from
different types of measures. As a proof-of-concept, we constructed CFA models
with techniques for data with missing values to estimate the correlations between
our criteria (the Perceived Inequality and Inequality Attitudes scales, political orien-
tation, and political affiliation) and the latent factors underlying the more continuous
measures of perceived inequality and occupational justice. The perceived inequality
and justice factors correlated with criteria much better than the individual measures
did on their own. Supplementary Information Section 4 provides full detail for this
analysis. This analysis shows that combining different measures together using tech-
niques like CFA or principal components analysis helps researchers measure these
perceptions more reliably, recovering the useful information from each measure
while making analyses more robust to the more unique aspects of each.

Take Steps to Avoid Reifying Measures

Many of the measures we reviewed can seem quantitatively precise, which invites
comparisons to actual economic statistics and conclusions about whether partic-
ipants understand these conditions accurately. We argue that this impulse is mis-
guided as often as not. We reported ample evidence that responses vary depend-
ing on the way in which the researcher asks the question. And since lay people
are unlikely to think of inequality primarily in quantitative terms, we argue that
researchers should avoid reifying such measures. That is, researchers should avoid
allowing their measures to be interpreted as uncomplicated, error- or bias-free, or
‘true’ representations of their participants attitudes.
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One simple solution, if the data are approximately normal, is to standardize
responses as z-scores. This would make scores more clearly relative to the dis-
tribution of responses rather than the original scale. For example, standardizing
Gini coefficients would preserve the information they contain about participants’
perceptions of inequality while discouraging one-to-one comparisons to Gini esti-
mates in the actual economy. The exact statistics these measures provide may not
be useful as literal estimates because of method effects or heuristic use, but the
information they contain about the distribution of attitudes may still be recovered.

Researchers can also make the response distribution itself the subject of study,
as done by Kelley and Evans (1993) and Osberg and Smeeding (2006) using
tools like kernel density analysis. This strategy foregrounds distributional char-
acteristics and allows the researcher to focus on questions (e.g., whether attitudes
are multimodal) that are otherwise difficult to express through a focus on mean
perceptions.

Another solution is to focus more on studying the determinants and effects of
inequality perceptions and justice attitudes, as well as their longitudinal trends, than
on the quantitative estimates themselves. For causal questions, (e.g., those exam-
ined by Clay-Warner et al. (2016), Kelley and Evans (1993) and Schneider and
Castillo (2015)), the point estimates of those variables are less important than their
statistical association with other important variables. And in longitudinal analy-
ses (e.g., McCall, 2013), particular point estimates are less important than changes
in responses over time. Longitudinal analyses also make method-specific biases
less relevant, since those biases should be constant over time and thus should not
affect temporal change. In causal and longitudinal analyses, there is more room for
acknowledging some degree of error based on the measurement strategy.

The use of multiple measures also helps reduce the chance of reification. This is
because, since each measure has its own properties and sources of error, the precise
findings of each one will vary (Thye, 2000). Confronting these differences will help
researchers and readers remember that no single measure is perfect. Techniques like
factor analysis or principal components analysis (PCA) also help prevent reification,
since they output standardized factor scores that do not use the original scales of the
indicator variables.

Finally, researchers might eschew quantification and instead develop suitable Lik-
ert scales. Likert scales do not have inherently meaningful scales, making reification
less likely. The disadvantage is that this would mean adopting obviously subjective
measures with no relationship to empirical data on inequality. This approach would
thus be less suitable for studies about the sources or consequences of economic mis-
perceptions, which have seen a recent boom (Hauser & Norton, 2017).

The measures we have reviewed contain important insights, despite the flaws our
analyses identify. For instance, all measures converge on the conclusion that most
people believe that inequality is subjectively high, and higher than they prefer. And
quantitative measures may offer advantages that Likert scales cannot; for example,
quantitative measures allow researchers to put differences between groups into con-
text by expressing them in terms of ratios and multiples. They also allow research-
ers to more clearly identify relationships between perceptions of inequality/justice
and actual economic conditions, such as the finding that people who live in more
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income-homogenous neighborhoods tend to anchor their perceptions of incomes
more generally on the income level of their neighborhood (Dawtry et al., 2015).

More broadly, we believe that researchers can develop more useful and reliable
measures of perceived inequality and justice if they remember that subjective per-
ceptions and objective reality are quite different areas of study, and different types of
measures may be better at measuring either construct.

Conclusion

We compared numerous different ways of measuring perceived inequality and jus-
tice and found a range of methodological problems. These include participant com-
prehension, inconsistent responses, low correlations with criterion measures, and
vulnerability to anchoring. These issues cause problems for interpreting existing
work and for designing future studies. But we are optimistic that if researchers keep
in mind these problems and the aforementioned prescriptions, research on perceived
inequality and justice attitudes will be improved.

Supplementary Information The online version contains supplementary material available at https://doi.
org/10.1007/s11211-021-00368-x.
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