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Abstract

Misperceptions about the size of demographic groups in society, particularly
racial minority groups, are among the most cited instances of citizen ignorance.
Yet little is understood about their origins and existing theories of perceived
threat and social contact have received little empirical support. Using survey
data containing over 35,000 estimates of the size of demographic groups in over
20 countries, we show that these misperceptions are far better explained by the
psychology of how people estimate quantities in general than by attitudes toward
particular groups. Individuals systematically bias their estimates toward a central
prior belief, particularly when they are uncertain. We find strong support for this
Bayesian account in a direct test against theories of perceived threat and social
contact using estimates of the size of the Black, Hispanic, Asian-American, and
White population. We conclude by discussing implications for how researchers
measure and interpret beliefs about politically relevant quantities.
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Introduction

A central question in political science concerns the extent to which citizens in democratic
societies are informed about politics. Decades of research suggests that the public is charac-
terized by relatively low levels of political knowledge (Converse, 1964; Carpini and Keeter,
1996) and a growing body of work documents the many misperceptions held by citizens
across a wide range of policy domains (Flynn et al., 2017). Among the most cited instances
of citizen ignorance are demographic misperceptions—inaccurate beliefs about the size of
groups in the population. For instance, Americans dramatically overestimate the share of
the population that is African American, Latino, Muslim, Jewish, or gay (e.g., Alba et al.,
2005; Wong, 2007; Martinez et al., 2008) and people around the world overestimate the size
of the local foreign-born population (Hopkins et al., 2019; Sides and Citrin, 2007; Herda,
2010).

These misperceptions are consequential not only because numeric facts “prevent debates
from becoming disconnected from the material conditions they attempt to address” (Carpini
and Keeter, 1996, pg. 11), but also because they are associated with attitudes toward the
groups and support for policies that affect them (Kuklinski et al., 2000; Sides and Citrin,
2007). When perceptions of group size serve as cognitive shortcuts in political decision-
making, misperceptions can lead to biased attitudes and behavior. For instance, past work
shows that people who overestimate the size of immigrant populations are more likely to
support restrictive immigration policies (Sides and Citrin, 2007). Moreover, misperceptions
about the size of stereotypical partisan groups (e.g., the share of Democrats who are gay)
may contribute to rising levels of political polarization in the U.S. (Ahler and Sood, 2018).

A critical question thus concerns the origins of these misperceptions. One theory, rooted
in Realistic Conflict Theory (Key, 1966; Blalock, 1967; Blumer, 1958), posits that people
overestimate the size of minority groups that they perceive as threatening (Allport, 1954;
Semyonov et al., 2004; Dixon, 2006). Another posits that contact with members of a minority

group—either in-person or indirectly through media exposure—influences perceptions of that



group’s size, with greater levels of exposure driving larger estimates of a group’s size (Nadeau
et al., 1993; Sigelman and Niemi, 2001; Herda, 2010). However, empirical support for these
theories is limited, with even the most comprehensive models accounting for little variation in
people’s systematic overestimation of the size of minority groups (Alba et al., 2005; Herda,
2010; Nadeau et al., 1993). More importantly, while these theories provide a theoretical
account for why members of the majority overestimate the size of minority groups, they do
not explain why members of minority groups make nearly identical errors (Wong, 2007; Duffy,
2018). Nor do existing theories explain why people make similar errors when estimating non-
racial groups, such as the share of the population that is unemployed, in poverty, or donates
to charity (Lawrence and Sides, 2014; Theiss-Morse, 2003)

This paper directly tests these existing theories against an alternative theory rooted in
the psychology of individual decision-making under uncertainty. We show that demographic
misperceptions are less about attitudes towards the specific group being estimated and more
about the more general cognitive errors people make when estimating the size of proportions.
When people are asked to estimate the proportion of the population that belongs to a certain
group, they engage in a form of Bayesian reasoning: they incorporate both information about
the size of that group and prior beliefs about the size of groups more generally (Landy et al.,
2018). This process, which we refer to here as Bayesian rescaling, results in overestimating
the size of smaller groups and underestimating the size of larger ones, the same pattern
that researchers have observed in demographic misperceptions over the last three decades.
Unlike past theories of demographic misperceptions, Bayesian rescaling explains a wider
range of demographic misperceptions—not only why members of the majority overestimate
the size of minority groups, but also why members of minority groups overestimate their
own prevalence, and why members of both minority and majority groups underestimate the
size of majority groups.

To do so, we combine data from the American National Election Study, European Social
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verse collection of demographic estimates analyzed to date, with estimates from over 35,000
respondents in multiple countries over several decades. Since past studies of political mis-
perceptions focus almost exclusively on the size of small racial and ethnic groups, we also
conducted two large-scale surveys in which respondents estimate the prevalence of groups
whose perceived size is unlikely to be explained by theories of perceived threat and social
contact (e.g., the share of the population that owns a car). We then provide the first direct
empirical test of Bayesian rescaling against existing theories of demographic misperception
using data from a large national probability sample containing Americans’ estimates of the
size of the Black, Hispanic, Asian American, and White populations in their local commu-
nities and in the nation as a whole.

We find strong evidence that demographic misperceptions are primarily the result of
Bayesian rescaling. Across multiple data sets, the Bayesian rescaling model closely predicts
the general pattern of misestimation that has been documented by political scientists for
decades. Moreover, and as predicted by the model, people made nearly identical errors
when estimating the proportion of the population that is Black, Hispanic, and White as
they did when estimating the proportion of the population that owns a dishwasher, holds a
valid passport, and has indoor plumbing. Indeed, these errors closely reflect those observed in
estimates of entirely non-demographic quantities, such as economic decision-making (Tversky
and Kahneman, 1992), estimates of general numerical magnitudes (Barth and Paladino, 2011;
Landy et al., 2018; Cohen and Blanc-Goldhammer, 2011), and estimates of the proportion of
shapes and sounds with specific characteristics (Erlick, 1964; Varey et al., 1990; Nakajima,
1987).

Moreover, we show that Bayesian rescaling accounts for far more variation in respon-
dents’ misperceptions about the size of racial groups than both perceived threat and social
contact combined. Indeed, we find little evidence that perceived threat or social contact are
associated with these misperceptions, lending further support to our hypothesis that demo-

graphic misperceptions are largely the result of a domain-general cognitive process rather



than characteristics of the specific groups being estimated. Taken together, these find-
ings have implications not only for our understanding of where demographic misperceptions
originate, but also for how researchers interpret the growing number of studies that mea-
sure misperceptions by asking survey respondents to estimate the size of politically-relevant

quantities.

Theories of Demographic Misperception

A growing body of research purports to show that the public is grossly misinformed by doc-
umenting the many misperceptions citizens hold about the size of politically relevant groups
in society. Across Europe and the U.S., people dramatically overestimate the size of the
immigrant population (Hopkins et al., 2019; Sides and Citrin, 2007; Gorodzeisky and Semy-
onov, 2018). Americans overestimate the size of racial and ethnic minority groups—such as
the proportion of the population that is Black, Hispanic, Asian, and Jewish—and underesti-
mate the size of majority groups, such as Whites and Christians (Nadeau et al., 1993; Alba
et al., 2005; Lawrence and Sides, 2014; Theiss-Morse, 2003; Sigelman and Niemi, 2001; Wong,
2007; Gallup and Newport, 1990). Similarly, people overestimate the share of the population
that is college-educated, unemployed, lives under the poverty line, and receives welfare, as
well as the share of welfare recipients who are Black, uneducated, and rely on welfare for
more than 8 years (Lawrence and Sides, 2014; Kuklinski et al., 2000). Such misperceptions
are frequently interpreted as political ignorance or innumeracy both by academics and the
media, which often reports survey findings with headlines like “Today’s Key Fact: You are
Probably Wrong About Almost Everything” (The Guardian, 2014), “Americans Drastically
Overestimate How Many Unauthorized Immigrants Are in The Country, And They Don’t
Want to Know the Truth” (Slate, 2012), and “Here’s how little Americans really know about
immigration” (The Washington Post, 2016).

The pervasiveness of these misperceptions raises normative concerns about the ability



of citizens to form political attitudes that are tethered to reality. Even when Americans
are ideologically unconstrained, they often base their policy preferences on the groups that
are affected by policies (Converse, 1964). Sides (2013, pg. 2) explains that “group-centric
reasoning allows citizens to make political decisions without much detailed information.” If
voters think in terms of racial and ethnic groups as they cast their ballots, misperceptions
about groups can bias what might otherwise be useful cognitive shortcuts in political decision-
making. Research examining the relationship between misperceptions and attitudes lends
credence to these concerns. For instance, people who overestimate the size of the immigrant
population are more opposed to immigration and hold more negative views of immigrants
(Sides and Citrin, 2007; Herda, 2010). Similarly, Gilens (1999) finds that overestimating the
percentage of poor people who are Black is associated with greater opposition to welfare
programs. Likewise, Ahler and Sood (2018) find that misperceptions about the composition
of political parties in the U.S., such as the proportions of Democrats who are gay and
Republicans who are wealthy, predict negative partisan affect and allegiance to one’s own
party.

To date, two major theories explaining the origins of demographic misperceptions have
emerged. The first, perceived threat, posits that individuals overestimate the size of groups
that they perceive as threatening. This explanation is rooted in one of the core tenets of
Realistic Group Conflict Theory—that members of the majority group perceive minority
groups as more threatening as the size of the minority group increases (Bobo, 1999; Key,
1966). As minority groups grow in size, majority group members fear competition over
scarce economic and political resources, which leads to greater prejudice and discrimination
against the minority group members (Blalock, 1967; Bonilla-Silva, 2001; Dixon, 2006; Sides
and Citrin, 2007). Multiple studies have documented higher levels of perceived threat and
greater prevalence of anti-minority attitudes in regions with higher concentrations of racial
and ethnic minorities (Fossett and Kiecolt, 1989; Quillian, 1995). This relationship has been

leveraged to explain variation in the perceived size of minority groups. Allport (1954) alludes



to this when describing South Africans’ perceptions of the size of the Jewish population as
20% (vs. 1%), suggesting that “quite likely fear of a Jewish ‘menace’ underlay the inflated
estimate” (pg. 166). More recent studies have similarly suggested that demographic misper-
ceptions are influenced by perceptions of threat, arguing that Americans overestimate the
size of Black, Hispanic, and Jewish populations when these groups are seen as threatening
(Nadeau et al., 1993; Alba et al., 2005). Gallagher (2003) concludes that “the media, res-
idential segregation, racial stereotypes, and perception of group threat each contribute to
Whites” underestimation of the size of the White population and the inflation of group size
among racial minorities” (pg. 381).

A second theory, social contact, posits that perceptions of group size are influenced by
an individual’s exposure to members of that group (e.g., Lee et al., 2019). People construct
beliefs about the world based on experiences and observations made in the course of daily
life, including those with whom they interact (Howard et al., 2003). Accordingly, these ex-
periences and observations should influence perceptions of the size of demographic groups.
Nadeau et al. (1993), for example, find greater overestimation of minority groups by individ-
uals who report more frequent interactions with them. Similarly, Sigelman and Niemi (2001)
find that “for both African Americans and Whites, individuals who interacted more with
African Americans were more likely to overestimate the size of the Black population” (pg.
93). Some have also suggested that less direct forms of exposure to groups, such as through
the media, can similarly increase overestimation, though empirical support is limited (Herda,
2010).

While theories of perceived threat and social contact offer an intuitive explanation of some
demographic misperceptions, they are constrained by the narrow subset of observations they
explain. Past work has almost exclusively sought to explain Whites’ estimates of racial and
ethnic minority groups (Nadeau et al., 1993; Alba et al., 2005; Herda, 2010; Sigelman and
Niemi, 2001). It is unclear how these theories account for the misperceptions held by people

belonging to minority groups, or the misperceptions members of majority groups people



hold about their own group. For instance, theories of social contact predict that members
of majority groups should overestimate the size of their own group, since people tend to
socialize with people who are similar to themselves (Lee et al., 2019). Theories of perceived
threat predict that minorities, too, should overestimate the size of majority populations that
they perceive as threatening, while underestimating the size of minority populations they
perceive as non-threatening. However, the evidence demonstrates the opposite—members of
both minority and majority groups similarly overestimate the size of minority groups and
underestimate the size of majority groups (Wong, 2007; Duffy, 2018).

Furthermore, there is limited empirical support for both existing theories. For exam-
ple, prior studies show that models accounting for perceived threat and contact explain a
relatively small proportion of variance in the misperceptions White respondents hold about
the size of minority groups (Nadeau et al., 1993; Alba et al., 2005). There is also inconsis-
tent empirical support for theories of social contact. For instance, Herda (2010) measures
exposure to immigrants five ways and finds that only two of them are associated with over-
estimating the immigrant population, while one is associated with underestimating the size
of the immigrant population. Moreover, the errors people make when estimating the size of
racial groups are almost identical to those made when estimating quantities that cannot be
explained by perceived threat and contact. For instance people make similar errors when
estimating racial and non-racial demographic groups, such as the share of the population
that donates to charity (Theiss-Morse, 2003) or receives welfare (Kuklinski et al., 2000). The
same is true for estimates of non-demographic quantities, such as the share of the federal
budget spent on foreign aid (Gilens, 2001) and the inflation rate (Conover et al., 1986).

In the next section, we present a more general explanation of demographic misperceptions,
which explains the errors people make when estimating the size of demographic populations
regardless of the group being estimated or the person making the estimate. Whereas the
focus of prior work on the origins of these misperceptions is rooted in perceptions of threat

or contact with a particular group being estimated, we focus instead on the general cognitive



errors individuals make when estimating proportions.

The Psychology of Proportion Estimation

People’s responses to surveys do not correspond perfectly with their underlying beliefs and
attitudes. Survey respondents “must sample from a set of available considerations in order to
construct an answer to the question” (Flynn et al., 2017, pg. 138; see Zaller 1992), and this
construction process can often introduce error. In the specific case of survey questions that
require respondents to report beliefs about specific quantities, such as the size of demographic
groups, Kuklinski et al. (2000) note that “we do not expect [individuals| to infer details such
as specific amounts and percentages in the ordinary course of events. Instead, they will
construct and store more general factual beliefs [...]. When they have the occasion—for
example, answering a survey—they will translate these general notions into more specific
ones” (p. 795).

The central claim of this paper is that the translation from these “general notions”
about the size of demographic groups to responses on surveys is characterized by the same
types of systematic error that occur when people estimate proportions more generally. Sev-
eral decades of research on how people estimate and interact with quantitative information
has found that translations from “general notions” to explicit estimates of proportions are
systematically skewed—individuals overestimate the size of small proportions and under-
estimate large ones (Stevens, 1957; Gonzalez and Wu, 1999). Moreover, these estimates
consistently follow an inverted S-shaped pattern, with the most dramatic over-under estima-
tion occurring near the ends of the proportion scale, close to .20 and .80.

Moreover, the systematic overestimation of small proportions and underestimation of
large proportions appears to be domain-general, or unrelated to the specific quantity that
the estimated proportion represents. Researchers examining quantitative judgments have

observed the same pattern of over-under estimation across a wide variety of domains. People



Figure 1: Examples of Proportion Estimation Error from Prior Studies
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Mean proportion estimates from prior studies. From left to right, estimates of the proportion
of letters in a sentence that are ‘A’, time intervals containing a specific sound, and dots that
are a certain color. For a comprehensive overview, see Hollands and Dyre (2000).

consistently overestimate small proportions and underestimate large ones when estimating
the proportion of A’s in a random sequence of letters (Erlick, 1964), the number of dots on
a page that are a specific color (Varey et al., 1990), and the proportion of time intervals
containing a specific sound (Nakajima, 1987). Figure 1 illustrates the pattern of over-under
estimation from these early studies on proportion estimation. Similar forms of misestimation
error characterize economic decision-making (Tversky and Kahneman, 1992), estimates of
general numerical magnitudes (Barth and Paladino, 2011; Cohen and Blanc-Goldhammer,

2011), and interpretations of bar graphs and pie charts (Spence, 1990).

Bayesian Rescaling

Why do people overestimate the size of small proportions and underestimate the size of large
proportions across such a diverse set of domains? Psychologists have proposed a variety of
mechanisms to account for this general phenomenon; here we describe a model that captures
features shared by many of these accounts (Landy et al., 2018). The model presented here

specifies that the specific pattern of systematic overestimation of small proportions and



underestimation of large ones follows from two generic properties of human reasoning about
numeric quantities: 1) rescaling new information toward a prior belief and 2) processing
proportions as log-odds. We briefly review each of these properties, provide illustrative
examples, and formalize these processes in a model of generalized proportion estimation
error, which we term Bayestan rescaling.

The first property of quantitative reasoning that produces generalized proportion esti-
mation error is that when estimating a proportion, individuals rely not only on information
specific to that proportion (e.g., the number of immigrants in a country), but also prior
information about the size of proportions more generally. Survey researchers have long im-
plicitly made the assumption that respondents incorporate prior information about the range
of possible values into their estimates. Indeed, if people did not incorporate any prior in-
formation about proportions, they might completely ignore the fact that proportions are
bounded by 0 and 1 and estimate that 120% of the population is foreign-born. However, the
Bayesian approach goes beyond this by assuming that people sometimes take into account
not just the boundaries, but the distribution of typical proportions more generally.

When individuals are uncertain about the true size of a specific proportion, such as the
proportion of the population that is foreign-born, a rational strategy is to not only rely on
information implicitly gathered from one’s exposure to immigrants in daily life, but also
knowledge of proportions more generally. Indeed, if an individual has no information about
the size of the immigrant population, and so regards each proportion as equally likely (the
uniform prior), the estimate that minimizes response error lies directly in the middle of the
proportion scale, .50. A consequence of this reliance on prior information about the size
of proportions more generally is that as individuals are increasingly uncertain about the
information they are estimating (e.g., the size of a particular group), they will increasingly
move, or hedge, their estimates toward the center of the distribution of their prior. While
this behavior has been referred to by a wide variety of names (e.g., regularization, evidence-

pooling, rescaling), we refer to it as Bayesian rescaling. We refer to it as ‘Bayesian’ because
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individuals are incorporating their prior beliefs into their explicit estimate of a proportion,
and as ‘rescaling’ because they are doing so by shifting or rescaling their estimates toward
those priors. We illustrate this process of Bayesian rescaling in the first and second panels
of Figure 2.

To illustrate, consider the case of an airline passenger who has a layover in a foreign
country and immediately upon landing is asked by a pollster to estimate the proportion of
the population in that country that is foreign born. If this individual knows nothing about
the size of the immigrant population and has no experiences in that country with which
to inform an estimate, she will likely rely heavily on her prior beliefs about the size of the
immigrant populations in other countries she has visited, or perhaps on the range of all
possible responses more generally (i.e., 0-100%). Indeed, with no information at all, the best
guess is the center of one’s prior distribution. Conversely, if this person possesses a great
deal of underlying information about the specific quantity at hand—for instance, if they have
visited the country for decades and read extensively about its immigrant population—she
would likely not need to rely on this prior information at all. In reality, most people will fall
somewhere in-between these two extremes, hedging their estimates of proportions smaller
than the center of their prior upwards, and hedging their estimates of proportions larger
than that downward.

Importantly, the prior belief about demographic proportions is not always .50 (Schille-
Hudson and Landy, 2020). For instance, when estimating the size of a group one knows
to be a minority, the range of possible estimates is constrained above by .50, because a
minority group cannot, by definition, account for more than 50% of the population. With
no information about a group other than that it is a minority, a reasonable prior will be less
than .50. Likewise, because the size of majority groups is naturally greater than .5, plausible
priors will be constrained to values between .5 and 1.

The second property of quantitative reasoning that produces systematic errors in pro-

portion estimation is that proportions are mentally processed as log-odds. Any model of

11



Figure 2: Bayesian Rescaling
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The process of domain-general Bayesian rescaling. The three panels correspond with Equa-
tions 1, 2, and 3 below. The first panel illustrates the individual’s accurate perception of
the size of proportions, expressed as log-odds. In the second panel, perceptions are rescaled
toward a prior of 50%—that is, small proportions are rescaled upwards and large proportions
are rescaled downwards. The third panel illustrates these rescaled perceptions translated
onto the proportion scale.

quantitative estimation must specify the format of individuals’ internal representations.
There are many natural ways to represent proportional information, for instance as per-
centages, proportions, fractions, odds, or log-odds. Although log-odds are not as familiar
to non-statisticians, there are many reasons to favor them as a baseline model of human
representation of implicit numerical values. First, they naturally align with the logarithmic
representation of other magnitudes, such as weight, loudness, numerosity, and many others
(Gonzalez and Wu, 1999). Second, log-odds are unbounded, making Bayesian inference in
terms of normal distributions feasible. Third, they produce S-shaped curves extremely simi-
lar to those empirically found in a large range of cases. For these reasons, in line with recent
work (Landy et al., 2018), our model of proportion estimation assumes that individuals’
mental representations are encoded as log-odds. To be clear, we are not claiming that peo-
ple are aware of the format of their internal representations of proportions. Rather, we are

suggesting that people implicitly store these values this way, and that log-odds characterize

the influence of Bayesian inference on that process.

12



Figure 2 illustrates the process of Bayesian rescaling, illustrated for a hypothetical individ-
ual. The first panel illustrates the individual’s accurate perception of the size of proportions
on the log-odds scale. In the second panel, perceptions of small proportions are rescaled
upwards and perceptions of large proportions are rescaled downwards, resulting in linear but
inaccurate perceptions. The third panel illustrates these same misperceptions, but on the
proportion scale, which is how respondents are asked to estimate the size of demographic
groups on surveys.

Next, we formalize both components of proportional reasoning: that mental representa-
tions of proportions are in the form of log-odds, and that people engage in rescaling under
uncertainty (see also Landy et al., 2018). First, mental representations of proportions (7,)

are processed as the proportion (p) in log-odds:

p
r, = lo (—) 1
P g 1—p (1)

When survey respondents are asked to estimate the size of a group, their estimates are a
linear combination of the specific information they have about the size of a group and their

prior belief about the sizes of groups in general, with those sizes represented as log odds:

V(rp) = yrp + (1 = ) 10g(Godas) (2)

Equation 2 formalizes the model of Bayesian rescaling introduced above. The first term
represents how people’s estimates rely on their own information about the size of the group
in log odds (r,), with the degree to which they rely on this information represented by the
weighting parameter (7). The second term represents how people’s estimates rely on their
prior belief about the size of groups in general (log(deqas)), weighted by (1 — ). These two
terms are combined to produce a person’s estimate of the group’s size, represented in log
odds (¥'(ry)).

Of course, respondents express their knowledge on surveys as proportions, not log-odds.

13



Equation 3 therefore translates Equation 2 onto the proportion scale:

Opuas 1
dd. (3)

V(p) = ——
S pr 4 (1 — p)

Similar patterns of over-under estimation have been documented outside of political sci-
ence for decades (e.g., Tversky and Kahneman, 1992; Gonzalez and Wu, 1999; Varey et al.,
1990), and this domain-general process has been recently proposed as an explanation for
demographic misperception (Landy et al., 2018). This explanation, however, has received
minimal consideration as an explanation for political misperceptions, likely due to three
important limitations of past work.

First, while Bayesian rescaling is proposed to function at the individual level (i.e., each
respondent rescales their estimate towards a prior), past published work on Bayesian rescal-
ing has only analyzed estimates aggregated at the country level, not the individual estimates
themselves. This is problematic because the over-under estimation pattern can appear in
aggregated data simply as an artifact of the averaging process, absent of any individual
Bayesian rescaling process.!. Second, past work has tested Bayesian rescaling on a limited
range of demographic misperceptions, omitting many of the most politically-relevant misper-
ceptions, such those about the size of racial groups. Finally, and perhaps most importantly,
no work to date has compared Bayesian rescaling to long-standing theories of perceived
threat and social contact, which continue to be the primary explanations for demographic
misperceptions.

The remainder of the paper provides the most comprehensive test to date of Bayesian

rescaling as an explanation for demographic misperceptions and addresses each of these lim-

!Since proportions are bounded by 0 and 1, individual estimates will be censored above and below by 0
and 1, respectively. As such, average estimates of small proportions (those close to 0) are likely to be greater
than the correct value, since underestimates cannot be less than 0 but overestimates can range all the way
to 1. Similar reasoning applies to average estimates of large proportions (those close to 1), which are likely
to be less than the correct value. Thus, aggregating estimates by averaging can show a pattern of over-under
estimation, even if this pattern does not hold at an individual level.
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itations in turn. First, we analyze a large collection of demographic misperceptions from
original and published surveys spanning three decades, which importantly contains misper-
ceptions that cannot be explained by perceived threat and social contact (e.g., estimates
of the proportion of the U.S. population that owns a car). Second, we model Bayesian
rescaling with individual-level racial misperceptions from a national probability sample, and
directly compare three accounts of individuals’ errors: Bayesian rescaling, perceived threat,

and social contact.

Data & Methodology

Mapping Demographic Misperceptions

We begin by applying the Bayesian rescaling model to a dataset containing demographic es-
timates from three large government-funded surveys, six published studies, and two original
surveys. These data allow us to examine the overarching pattern of estimation errors that
people make when evaluating the size of demographic groups. While past work on demo-
graphic misperceptions has considered estimates of specific demographic groups in isolation,
examining a wide range of estimates enables us to test for the existence of a broader pattern
of systemic over-under estimation found in other domains of proportion estimation. This
large collection of estimates also enables a comparison between estimation errors made by
respondents to those predicted by the Bayesian rescaling model presented in Equation 3.
First, we obtain estimates included on large high-quality public surveys frequently used in
studies examining demographic misperceptions: the 1991 American National Election Study
Pilot (ANES), 2000 General Social Survey (GSS), and 2002 European Social Survey (ESS).
Together, these data contain 40,576 individual estimates of 10 demographic groups from
33,508 respondents in 21 countries over a period of 11 years. We also include estimates from
six existing studies that use original survey data to measure demographic misperceptions

(Ahler and Sood, 2018; Hopkins et al., 2019; Lawrence and Sides, 2014; Theiss-Morse, 2003;
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Gallup and Newport, 1990).2

We supplement these data with two original national surveys to address two limitations of
existing work. First, of the 22 unique groups asked about, only 3 have a true size of more than
50%. This makes it difficult to observe a broader pattern of over-under estimation if it exists
and may help to explain why past work on demographic misperceptions has not addressed
the systematic over-under pattern of misestimation observed in other domains. Second,
these surveys primarily contain estimates of racial and ethnic groups. But while theories
of perceived threat and contact were developed to explain the widespread overestimation of
racial groups, demographic misperceptions are clearly not limited to only these groups (e.g.,
Ahler and Sood, 2018; Lawrence and Sides, 2014; Kuklinski et al., 2000). Similar patterns
of error in estimates of both racial and non-racial groups might suggest an underlying cause
other than perceived threat or social contact.

Therefore, we conducted two original surveys to obtain estimates of a more diverse range
of demographic groups. First, we asked 1,000 respondents on the 2016 Cooperative Con-
gressional Election Study (CCES) to estimate the size of 10 demographic groups, including
adults in the U.S. who are White (.77), Republican (.44), Democrat (.48), and own a home
(.63). Additionally, we asked respondents from an online non-probability sample of 1,220
U.S. adults to estimate the size of 19 non-racial groups that cannot be easily explained by
existing theories of demographic misperception, such as the proportion of U.S. adults who are
younger than 95, clinically obese, earn less than $30,000 annually, and who possess common
objects, such as a cell phone, microwave, stove, washing machine, clothes dryer, dishwasher,

car, driver’s license, and passport.?

2We include estimates from studies that report group mean or median estimates and true values (or have
publicly available replication data with which these values can be calculated) and have a sample size of more
than 200 respondents.

3We recruited an online non-probability sample using Lucid, a survey sampling firm that connects re-
searchers to a large pool of online research participants (see Coppock and McClellan (2019) for an overview).
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Comparison to Existing Theories

Next, we provide the first comparison of Bayesian rescaling to existing accounts of perceived
threat and social contact by modeling the errors people make when estimating the size of
racial groups in the U.S. To do so, we use the 2000 General Social Survey (GSS)?*, which
includes estimates of the share of the population that is Black, Hispanic, Asian, and White,
as well as individual-level measures of perceived threat and contact for these groups. We
restrict our analysis to the 1,398 respondents who were randomly selected to receive the
Multi-Ethnic United States module, which contains measures of the perceived size of racial
and ethnic groups in the U.S. and attitudes towards these groups.

While past work primarily considers misperceptions about the size of groups at the na-
tional level, the GSS asks respondents to estimate the prevalence of each of these groups
at both the national and local levels. Local estimates are important for two reasons. First,
while each demographic group has only one true size at the national level (e.g., 12% of the
U.S. population is Black), group sizes vary widely at the local level in the U.S. For instance,
the local Black population in our sample ranges from less than 1% to 57%). This varia-
tion enables us to determine how rescaling, threat, and contact vary within estimates of a
single racial group. Second, modeling local estimates enables a more conservative test of
Bayesian rescaling against theories of perceived threat and contact. Since the latter posit
that misperceptions about the size of groups are largely driven by everyday interactions
with individuals through personal observation, we might expect these factors to be more
influential in estimates of the local community than in the nation as a whole.

Another unique feature of the GSS data is that respondents estimate the size of groups
to which they do and do not belong (i.e., in-groups and out-groups, respectively). Because
prior studies have focused exclusively on misperceptions about out-groups, past work lacks

an understanding of why individuals make similar errors when estimating the size of in-

4The 2000 GSS was conducted in-person from February to May 2000 on a probability sample of 2,817
U.S. adults. Full wording and response options for all questions used from the GSS are included in the
Supplementary Materials (Section 3)
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groups as they do when estimating the size of out-groups. These data allow us to compare
theories of Bayesian rescaling, perceived threat, and social contact for estimates of in-groups
and out-groups separately.

Perceived threat has been operationalized in a number of ways by past work, often
by asking respondents directly about whether they believe there is a zero-sum inter-group
competition for political, economic, or cultural influence. However, competition is not a
necessary condition for threat to manifest in prejudice and discrimination (Tajfel and Turner,
2004; Wilcox and Roof, 1978). As Blumer (1958) explains, a perceived challenge to the status
quo (via out-group population concentration) can lead dominant groups to seek to maintain
their social distance from other groups (and even increase the salience of racial boundaries)
and their relatively privileged position. To measure perceived threat we construct an index
of eight items measuring attitudes toward each of the four racial groups (Cronbach’s o =
.76). Respondents were asked to what extent they perceived members of each group as
violent (vs. peaceful), unintelligent (vs. intelligent), lazy (vs. hardworking), and committed
to strong families and the equal treatment of all members of society (vs. not committed).
Additionally, respondents were asked how comfortable they would be marrying and living in
a neighborhood where half of their neighbors were a member of each group and to rate the
importance of each group’s contribution to the country as a whole.

The GSS includes two items measuring respondents’ contact with members of out-groups.
Respondents were asked, “Do you know any Whites / Blacks / Hispanics / Asians?” If they
indicated that they did, they then were asked “are any of these Whites / Blacks / Hispanics /
Asians people you feel close to?” We construct an index using these two items: respondents
who reported not knowing anyone from a group were assigned a value of 0, respondents
who reported knowing but not feeling close to anyone from a group were assigned a value of
.5, and respondents who reported knowing and feeling close to someone from a group were

assigned a value of 1.
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Results

We begin by considering the large collection of racial and non-racial demographic estimates
from existing work and original studies. In Figure 3, mean estimates are plotted against
the true values of the proportions being estimated, along with predictions from the model
specified in Equation 3. A pattern of over-under estimation is immediately apparent when
considering demographic misperceptions in the aggregate. This pattern is even more recog-
nizable after accounting for the wider range of population sizes in our original data (Panel
2). On average, respondents underestimate the size of majority groups and overestimate
the size of minority groups. In fact, all of the 68 minority groups (i.e., those making up
less than 50% of the population) are overestimated, while 20 of the 21 majority groups are
underestimated.

Moreover, this pattern of over- and under-estimation is systematic, following the famil-
iar inverted S-shaped curve characteristic of proportion estimation outside the domain of
demographic groups (recall Figure 2). In the second panel of Figure 3 we observe that es-
timates of racial and ethnic groups follow similar patterns to those of the proportion of the
U.S. population that, for instance, holds a college degree, has a driver’s license, lives east of
the Mississippi River, and owns a dishwasher or car (see Tables 1-3 in the Supplementary
Materials for all estimates and true values from Figure 3). The pattern of errors observed in
estimates of racial groups was very similar to the pattern for non-racial groups, which sug-
gests the errors are due to a domain-general process, rather than processes that are specific
to the perception of racial groups.

In the third panel of Figure 3, we illustrate how well the Bayesian rescaling model cap-
tures this pattern of over- and under-estimation. We modeled respondents’ estimates with
the two-parameter model given in Equation 3, with one parameter for the prior belief (J)
and one for the weight assigned to that prior belief (7). We estimated this model using
maximum likelihood estimation (using the R function optim). Predictions from Equation 3

are represented by the solid grey line. We find the Bayesian rescaling model closely predicts
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Figure 3: Estimates of Population Sizes
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Estimates of the size of demographic groups (vertical axis) plotted against true values (hori-
zontal axis). The first panel presents mean estimates from existing studies and surveys: the
1991 ANES, 2000 GSS, 2002 ESS, and 6 published studies. The second panel includes ad-
ditional estimates from original surveys asking about a wider range of demographic groups.
The third panel includes predictions from the Bayesian rescaling model specified in Equation
3. Tables 1-3 in the Supplementary Materials report mean estimates and true values for the

data in Figure 3.
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the systematic errors that people make across a range of group sizes, including both racial
and non-racial groups.

It is also evident from Figure 3 why Bayesian rescaling has so far been overlooked as a
potential explanation for demographic misperceptions. Prior work explaining demographic
misperceptions focuses almost exclusively on estimates of relatively small proportions, rep-
resented in the first panel of Figure 3 as points in the shape of a circle. It is therefore
unsurprising that the conclusions drawn from this work has emphasized the overestimation
of minority groups. However, when estimates from these studies are combined with our two
original surveys (represented as points in the shape of a triangle, second panel of Figure
3), it becomes clear that estimates of demographic proportions exhibit the same pattern of

over-under estimation characteristic of proportion estimation more generally.

Comparison to Existing Theories: Perceived Threat & Contact

We now turn our attention to comparing Bayesian rescaling to existing theories of demo-
graphic misperception, namely perceived threat and contact, using the 2000 GSS data. We
begin by applying the Bayesian rescaling model to four mutually exclusive subsets of the data:
respondents’ estimates of the size of local out-groups, local in-groups, national out-groups,
and national in-groups.® To do so, we model respondents’ estimates with the Bayesian rescal-
ing model described above in Equation 3. To provide a more conservative test of Bayesian
rescaling, we assume that everybody engages in Bayesian rescaling in the same way—that

is, we estimate only two rescaling parameters (i.e., the prior, 4, and weight, v) in the models

5When modeling estimates of the size of national groups, we assume that individuals are rescaling the
groups’ true national prevalence. Prior work has sometimes accounted simultaneously for both local and
national prevalence, since individuals may rely on local group size to estimate national demographics (Wong,
2007). However, the local prevalence of a group is correlated with both contact with and perceived threat of
that group in the GSS data. Therefore, as a conservative test of our account (i.e., one that favors theories
of perceived threat and contact), we incorporate only the true national size into our models of Bayesian
rescaling.

6 All models were fit using the brms (Bayesian Regression Models using Stan) package in R, using random
starting values drawn from a uniform distribution (-1, 1), minimally informative normal priors, 6 MCMC
chains, and 4,000 iterations. To make more direct comparisons between models within each data group (e.g.,
local in-group, local out-group, national in-group, national out-group), we use only observations without
missing values for each of the variables contained in all models.
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accounting for Bayesian rescaling, rather than estimating individual rescaling parameters for
each respondent. Estimating individual rescaling parameters risks model overfitting, given
that each respondent only estimated the size of four groups. Rather than allowing each
individual to rescale by a different amount and toward a different prior, our conservative
approach assumes that all individuals are engaging in Bayesian rescaling in the exact same
way, with the same prior, §, that they weight by the same amount, 7. Finally, all mod-
els include demographic characteristics that prior research suggests may be associated with
misestimation error: age, gender, educational attainment, income, marital status, political
ideology (e.g., Alba et al., 2005; Herda, 2010).

Figure 4 illustrates the relationship between estimation error (i.e., estimated - actual
size of group) and the size of each estimated group. Respondents’ raw estimation errors
are represented with gray points and mean estimation error for varying levels of group size
are represented by larger black points and associated 95% vertical confidence intervals. For
estimates of both out-groups and in-groups at both the local and national level we observe the
familiar pattern of systematic over-estimation for small populations (i.e., positive estimation
error) and under-estimation for large populations (i.e., negative estimation error).

We overlay predictions in red from the two-parameter Bayesian rescaling model described
above. For each subset of the data, the Bayesian rescaling models fit the pattern of average
errors made by respondents closely. The closeness of the model fit is particularly evident
when comparing errors for small and large groups: smaller groups are overestimated while
larger groups are underestimated. However, the model also closely predicts average estima-
tion errors within smaller groups alone. The inset in Panel A illustrates this by zooming in
on groups that comprise less than 15% of the population, which represent the vast majority
of the local out-groups about which respondents were asked. Respondents’ average estimates
of the size of these groups are closely predicted by the Bayesian rescaling model.

As indicated by the parameter estimates for the prior (§) reported in Tables 4-9 the

Supplementary Materials, the central value toward which individuals adjust their estimates
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Figure 4: Bayesian Rescaling
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are represented as larger black points with 95% vertical confidence intervals. Predictions
from the Bayesian rescaling model are represented as red lines. The inset in Panel A zooms
in on estimates of small groups (those comprising less than 15% of the population), which
account for over half of the local out-groups that respondents estimated. Full model results,
including model fit statistics for each model, are reported in Tables 4-9 in the Supplementary
Materials.
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depends on whether they are estimating the size of their own or of another group. For
estimates of out-groups, which mostly included estimates of minority groups, this central
value is relatively small (6 = .20 for local out-groups, .44 for national out-groups).”. For
estimates of in-groups, which included many estimates by White respondents of the size of
their own majority group, the prior was larger (§ = .50 for local in-groups, .60 for national
in-groups). This suggests that respondents aligned their prior to the particular groups they
were estimating: a small prior for small groups, a larger prior for larger groups.

Next, we examine the relationship between estimation error and perceived threat and
contact. We regress respondents’ estimates on perceived threat, contact, and the same set
of demographic variables described above.® We fit this model to two relevant subsets of the
data—estimates of the size of racial out-groups at the local level and at the national level—
since there is no theory that predicts a relationship between perceived threat and estimates
of one’s in-group, and because the GSS does not measure perception of threat for members
of in-groups.

Figure 5 illustrates the relationship between estimates of the size of racial groups at
the local and national level across varying levels of perceived threat (top row) and contact
(bottom row). Overall, we find very little evidence supporting perceived threat theory and
no evidence supporting contact theory. Perceived threat is associated with a slight increase
in estimation error at the local (Panel A) and national (Panel B) levels. A one standard
deviation increase in perceived threat is associated with a 1 and 2 percentage point increase
in estimates of the size of local and national racial groups, respectively. While statistically
significant (p < .05), the influence of perceived threat is small relative to the large estima-
tion errors they seek to explain. For instance, the mean estimation error for the size of the

African American population at the national level is 19 percentage points (see Table 1 in

7As seen in Equation 3, § is in odds space, but is transformed on the probability scale when referenced
in the paper

8In order to be able to compare this model directly to the Bayesian rescaling model, we include the true
size of the group on the right hand side of the equation. This approach is computationally equivalent to
modeling estimation error (estimated size of group - actual size of group).
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Figure 5: Perceived Threat and Contact
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Predictions from the perceived threat and contact models. Respondents’ raw estimation
errors are represented as gray points; average estimation error for varying levels of perceived
threat (Panels A and B) and contact (Panels C and D) are represented as larger black points
with 95% vertical confidence intervals; and predictions from the perceived threat and contact
models are represented as red lines. Full model results, including model fit statistics, are
reported in Tables 4-9 in the Supplementary Materials.

the Supplementary Materials). Contrary to the expectations from contact theory, contact is
associated with a decrease in estimation error at the local level, though the relationship is

small: a one standard deviation increase in contact is associated with less than 1 percent-

age point decrease in estimation error. We observe no statistically significant relationship
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between contact and estimation error in estimates of national racial groups.

It is possible that perceived threat and contact influence estimates of the size of racial
groups only while accounting for Bayesian rescaling. While Bayesian rescaling accounts for
differences across the size of groups being estimated, perceived threat and contact may ex-
plain additional variation within the size of groups being estimated. To account for this
possibility, we again regress estimation error on perceived threat and contact, but this time
also accounting for Bayesian rescaling (i.e., by including the two Bayesian rescaling param-

eters (the prior v and weight ).

Figure 6: Perceived Threat and Contact Parameter Estimates
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Figure 6 reports parameter estimates for perceived threat and contact, both with and
without accounting for Bayesian rescaling. As illustrated in Figure 5, perceived threat is as-
sociated with substantively small increases in estimation error at both the local and national
level, but this association is not statistically different from zero after accounting for Bayesian
rescaling. Interestingly, the relationship between contact and estimation error reverses after
accounting for Bayesian rescaling, so that the association is now in the direction predicted

by theory, though the size of the relationship remains small. In sum, across models that do
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and do not account for Bayesian rescaling, we observe small and inconsistent relationships
between estimation error and both perceived threat and contact.

To directly compare models accounting for Bayesian rescaling, perceived threat, and
contact, we report fit statistics for several models in the Supplementary Materials (Tables
4-9): those that predict estimation error with 1) only the control variables that are included
in all models (e.g., age, gender, education), 2) perceived threat and contact, 3) Bayesian
rescaling, and 4) Bayesian rescaling, perceived threat, and contact. Across all subsets of
the data, models accounting for Bayesian rescaling substantially minimize prediction error
compared to those that do not. For instance, accounting for Bayesian rescaling in estimates of
local out-groups reduces RMSE by between 13.7% and increases the leave-one-out Bayesian
R? (Gelman et al., 2019) from .04 to .30. In contrast, accounting for perceived threat and
contact does not improve model fit over the controls-only model (0% change in RMSE and
0.004 increase in Bayesian R? for local out-group models). Likewise, adding perceived threat
and contact to a model accounting for Bayesian rescaling result in any improvement in model

fit.

Considering Other Dimensions of Perceived Threat

One aspect of our analysis that risks underestimating the influence of perceived threat is
our operationalization of perceived threat. Our operationalization enables us to measure
perceived threat identically for each of the four estimated groups and captures the negative
group affect, prejudice, and discrimination that Blalock (1967) theorized are intertwined
with perceptions of threat. However, it does not directly capture the competition dimension
of perceived threat. Since it is possible that this dimension of threat is the principal driver of
misestimation error, we construct a second measure of perceived threat that closely matches
the measures used in past literature on the relationship between demographic misperceptions
and perceived threat, but is available for only two of the groups being estimated.

We follow Alba et al.’s (2005) operationalization of perceived threat using survey items
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asking specifically about African Americans and Hispanics. For African Americans, the ques-
tions reflect physical, cultural, and economic threat: respondents were asked how violence-
prone African Americans are, whether they agree that African Americans should not push
themselves where they are not wanted, and whether a White person would not get a job
or promotion because an equally or less qualified Black person got one instead. While the
GSS does not directly measure perceptions of threat posed by Hispanics, Alba et al. (2005)
use measures of the perceived threat of immigrants to measure perceptions of threat posed
by Hispanics. Respondents were asked whether more immigration makes it harder to keep
the country united, leads to higher crime rates, and causes native-born Americans to lose
their jobs. We took the mean of these three items to create an index of perceived threat
posed by Hispanics (Cronbach’s a = .77). Following Alba et al. (2005), we also include items
measuring whether there should be more immigrants from Spanish-speaking countries and

how violence-prone Hispanics are.?

Figure 7: Alternative Operationalization of Perceived Threat
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9While Alba et al. use the GSS item that measures preferences for increased immigration from all foreign
countries, we use the GSS item that measures preferences for increased immigration from Latin America
specifically. The Alba et al.’s (2005) measures of perceived threat are explained in greater detail in the
Appendix (pgs. 9-10). Since two of the “perceived threat from Blacks” items were featured on a portion of
the survey using a split-ballot design, and therefore only asked of a random 50% sample of respondents, this
portion of the analysis is limited to 503 of the 1,088 White respondents in the GSS when using this measure
of perceived threat. For Hispanic estimates, we are able to use 769 of the 1,088 White respondents.
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We modeled estimation errors using these alternative measures of perceived threat and
the common set of demographic controls, both with and without accounting for Bayesian
rescaling. Figure 7 reports parameter estimates from these models, which are of similar size
to those using the original operationalization of perceived threat but are not statistically
different from zero. This is also true of models that account for Bayesian rescaling.

In sum, across every subset of the data, models that account for Bayesian rescaling fit the
pattern of errors made by respondents substantially better than those that do not. Account-
ing for threat and contact did little to explain respondents estimation errors. Unlike models
accounting for perceived threat and contact, models accounting for Bayesian rescaling closely
predict the systematic over-under estimation errors respondents make when estimating the
size of groups. This pattern is evident for estimates of racial groups at both the local and

national level and is robust across different operationalizations of perceived threat.

Discussion

This paper examines the origins of demographic misperceptions by considering the psychol-
ogy of how people perceive and estimate numeric information more broadly. We present a
model of Bayesian rescaling, a process in which individuals adjust their proportion estimates
(represented mentally in log-odds) toward a prior belief about the size of groups in general.
We find strong support for Bayesian rescaling in a dataset containing a larger and more
diverse range of demographic estimates than past work. Moreover, we show that mispercep-
tions about both racial and non-racial groups follow the same S-shaped pattern documented
in other domains of proportion estimation. We also find strong support for our Bayesian
rescaling model in estimates of the size of racial groups on the GSS, both for estimates of
in-groups and out-groups at the local and national level. In contrast, we find almost no
empirical support for theories of perceived threat and social contact.

Our findings have implications for how to interpret demographic misperceptions reported
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on surveys. Previous interpretations attribute demographic misperceptions to underlying
ignorance or misinformation about the size of groups, driven by differential social contact
with minority groups or perceptions of these groups as threatening (Allport, 1954; Nadeau
et al., 1993; Semyonov et al., 2004; Dixon, 2006). However, we demonstrate that these
misperceptions are quite general, appearing for a wide range of demographic groups, and
are easily explained as the product of a reasonable approach to estimating quantities under
uncertainty. We show that the errors in demographic estimates that have been observed for
decades mirror precisely what we would expect to see when people have accurate underlying
information, but under uncertainty adjust their estimates toward a reasonable prior belief.

The findings presented here also have implications for how misperceptions about non-
demographic quantities are interpreted. Political scientists are often interested in people’s
perceptions of quantities relating to the economy, such as the proportion of government
spending dedicated to welfare, the unemployment rate, and inflation (Conover et al., 1986;
Holbrook and Garand, 1996; Kuklinski et al., 2000). For instance, past studies have docu-
mented errors in the public’s perception of the human and financial cost of armed conflict
(Berinsky, 2007) and the proportion of the federal budget spent on foreign aid (Gilens, 2001;
Scotto et al., 2017). Given the findings presented here, it is very likely that Bayesian rescaling
also drives at least some of the error in those estimates.

These findings also raise questions for the growing body of research that attempts to
change attitudes by correcting misperceptions. These studies show that correct informa-
tion often succeeds in reducing errors in explicit estimates, but fails to change downstream
attitudes (Kuklinski et al., 2000; Lawrence and Sides, 2014; Hopkins et al., 2019). For in-
stance, providing correct information about the size of the immigrant population leads to
substantially improved estimates of the size of the immigrant population, but almost no
change in attitudes toward immigration policy (Hopkins et al., 2019). Given the results
presented here, one likely explanation is that attitudes are rooted in internal perceptions of

group size, but interventions that present people with correct demographic proportions are
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only changing the way people report their perceptions as rescaled proportions on surveys.'’.
Providing correct information might reduce people’s uncertainty and thus reduce the degree
to which they engage in Bayesian rescaling, without actually changing their underlying per-
ceptions or beliefs. Indeed, one of the key implications of Bayesian rescaling is that people
will make systematic estimation errors even when their internal perceptions of the world are
not systematically biased.

Together, our findings suggest that the errors people make when perceiving the size of
groups in society are rooted in the psychology of how quantities are estimated more broadly.
When seeking to explain misperceptions about the size of a particular group, future work
should first account for the error that appears systematically across estimates of all groups
before invoking factors specific to a particular group. Indeed, our central finding that much
of the variation in demographic misperceptions is due to Bayesian rescaling explains why the
correlates of these misperceptions reported in previous work have been so small relative to
the large estimation errors they have sought to explain (e.g., Gilens, 1999; Sides and Citrin,
2007; Ahler and Sood, 2018). By first accounting for errors due to the way people estimate
the size of groups in general, future work can better document the inaccurate beliefs citizens

in democratic societies hold about politics and understand where they come from.
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