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Abstract

We examine patterns of discrimination when employers hold incorrect beliefs about the relation-
ship between group membership and productivity, and suffer from confirmation bias when updating
their beliefs. As a result, employers do not correct them fully, leading to persistent wage discrim-
ination. Negative stereotypes generate discrimination against minority workers upon entry to the
labor market, but are not enough to have discrimination in the long run, and reversals in discrimi-
nation are possible. We also discuss whether interventions aimed at reducing discrimination would
succeed if confirmation bias is an important source of discrimination, and consider segregation in
an extension with heterogeneous employers.
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I Introduction

Discrimination – less favorable treatment of members of a minority group with respect to

otherwise identical members of a majority group – continues to be widespread. Systematic

∗This research did not receive any specific grant from funding agencies in the public, commercial, or
not-for-profit sectors.
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evidence of persistent discrimination is provided in Rodgers (2006) and, more recently, in

Bertrand and Duflo (2017). Discriminatory treatment in the labor market, in particular,

has been credited as the major cause behind the existing disparities among social groups

(Darity and Mason, 1998) – for reviews of theory and empirical findings, see Cain (1986),

Altonji and Blank (1999), and Lang and Lehmann (2012).

It is customary to classify theoretical models of employment discrimination according

to the source of the discrimination. In taste- (or preference-) based theories, originating

in the work of Becker (1957), employers suffer a disutility when interacting with members

of a particular group. Models of statistical discrimination (Phelps 1972; Arrow 1973), on

the other hand, assume potential employers have no animus against any particular group,

but cannot observe the productivity of individual group members, and thus use group

identity to form beliefs about an employee’s productivity. For the most part, employers’

beliefs are taken as accurate, but there is a recent literature pointing to the importance of

statistical discrimination based on inaccurate or incorrect beliefs (see Bohren at al. 2020,

for a discussion of the sources for inaccurate beliefs, and a review of the extant evidence).

This paper builds on the inaccurate statistical discrimination literature to examine pat-

terns of discrimination when employers hold incorrect beliefs, and suffer from confirmation

bias when evaluating employees from different social groups. Confirmation bias – the ten-

dency ‘to misinterpret ambiguous evidence as confirming [one’s] current hypothesis about

the world’ (Rabin and Schrag 1999) – has been systematically studied by Social Psychology

since the 1960s and by Economics more recently.1 Learning, in turn, is important in labor

markets and within organizations, as it has implications for the wages, job assignments,

1Some have gone as far as to state that confirmation bias is “perhaps the best known and most widely
accepted notion of inferential error to come out of the literature on human reasoning” (Evans 1989, p. 41),
and that “if one were to attempt to identify a single problematic aspect of human reasoning that deserves
attention above all others, the confirmation bias would have to be among the candidates for consideration”
(Nickerson 1998, p. 175).
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promotions, and sector affiliations of individuals, and for changes in these variables over

workers’ careers (Gibbons et al. 2005).

There are several good reasons to expect confirmation bias to play an important role in

our setting. Whether rooted in cognitive processes (specific cognitive limitations, lack of

under-standing of logic), or caused by motivational forces (maintain self-esteem and pos-

itive regard by others, protect one’s ego, avoid certain type of errors, accomplish specific

practical goals), and whatever the form confirmation bias takes, the evidence shows that,

on the net, when people err, it tends to be in the direction of confirmation (see the exten-

sive and widely cited reviews of Klayman 1995, and Nickerson 1998). In the labor market

and within organizations, in particular, the specialized press and practitioners in general

seem to regard confirmation bias as an important issue, especially in hiring. Wright and

Schepker (2015), for instance, blame confirmation bias for mistakes in choosing C-suite

candidates. Kahneman et al. (2019) argue further that the same bias is present in un-

structured decision-making in general (whether in job interviews or in other, more strategic

decisions).2

On the other hand, performance evaluations are in many instances plagued by ambiguity

and subjectivity, and evidence is open for interpretation. The presence of ambiguous

evidence or behavior that must be interpreted is fertile ground for confirmation bias, as

is widely acknowledged in the literature (Keren 1987, Griffin and Tversky 1992, Klayman

1995, Rabin and Schrag 1999). Moreover, research shows that in these contexts, when

people perceive themselves as objective evaluators, their judgments tend to be relatively

more influenced by stereotypic beliefs –and that, however, many organizational contexts

seem to encourage a sense of personal objectivity (Uhlmann and Cohen 2007). When faced

2More systematic evidence is still in short supply (see Whysall 2018 for a review of cognitive biases and
discrimination in recruitment, selection, and promotion), and mainly concerns hiring decisions (see, e.g.,
Uhlmann and Cohen 2007, and Uhlmann and Silberzahn 2014, on gender discrimination in hiring).
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with the overload of information associated with a high number of applicants, employers

appear to rely heavily on stereotypes to reduce uncertainty and simplify their decisions,

and confirmation bias plays a role in those decisions (Uhlmann and Silberzahn 2014).

We develop a simple model of wage formation in which potential employers (firms)

start with incorrect beliefs about the relationship between group membership (e.g., race

or gender) and productivity – that is, firms hold inaccurate stereotypes (cf. Altonji and

Pierret 2001) about workers. Information about workers’ productivity is publicly learned

over time. Learning is thus symmetric, but when firms update their beliefs about a worker’s

productivity to set wages, they suffer from confirmation bias, so that firms tend to interpret

signals about productivity as if they were closer to their pre-existing beliefs.

In this setup, we show that firms that start with incorrect beliefs do not correct them

fully, leading to persistent wage discrimination in the labor market, i.e., different wages

for otherwise identical workers belonging to different social groups. Put differently, with

confirmation-biased learning, stereotypes have long-lasting effects on wages, whereas with

Bayesian learning (as usually assumed) stereotypes would eventually be corrected – dis-

crimination cannot persist in the long run in such a setup.

When workers only differ in group membership and potential employers hold a nega-

tive stereotype about the minority group, the minority worker is persistently discriminated

against because her expected long-run wage is lower than the long-run wage of an other-

wise identical majority worker. The magnitude of the discrimination will depend on the

entrenchment of initial beliefs (how strongly held are the initial stereotypes and how willing

are potential employers to change them). In the general case, when different groups have

different perceived variabilities and the market interprets signals differently depending on

the group identity of the worker, negative stereotypes generate discrimination against mi-

nority workers upon entry to the labor market, but are not enough to have discrimination
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in the long run, and reversals in discrimination are possible.

Our setup is amenable to thinking about whether interventions aimed at reducing dis-

crimination would succeed if confirmation bias is an important source of discrimination.

For instance, reducing stereotyping is predicted to reduce discrimination, consistent with

evidence, but would only eliminate it in the long run in very special circumstances. Attract-

ing employers’ attention to within-group differences among minority workers or reducing

noise, ambiguity or subjectivity in the evaluation of minority workers all have the potential

to reduce discrimination (as some evidence suggests), but will achieve so only if minority

workers are perceived as less productive than they truly are at the outset.

We then extend the model to a situation where employers in the same labor market are

heterogeneous in terms of their initial beliefs (for example, employers who have the same

group identity as a potential employee may have different initial beliefs about worker pro-

ductivity from employers who do not), and show that the same set of factors that produce

discrimination can also produce segregation. The model predicts that, in a cross section of

occupations, after controlling for relevant differences across workers, discrimination against

minority workers should be more pronounced in partially segregated occupations than in

fully segregated ones. It also predicts, consistent with evidence, a negative correlation

between the average pay (of all workers combined) and the proportion of all employees in

that job that belong to the minority group.

We model confirmation bias as a source of persistent discrimination among individuals

belonging to different social groups, over which society (and hence the market) might have

different priors (or stereotypes). Wason (1960), Lord et al. (1979), and Anderson et al.

(1980) are important early contributions on confirmation bias in Social Psychology. Within

Economics, one of the first papers to address confirmation bias formally was Rabin and

Schrag (1999). In their model, agents receive noisy signals about the state of the world. To
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model confirmation bias, they assume an agent misinterprets –with exogenous probability–

a signal as supporting her current hypothesis. Confirmation bias is shown to lead to

overconfidence in the favored hypothesis, and even an infinite amount of information may

be insufficient to overcome its effects: over time an agent may with positive probability

come to believe with near certainty in the wrong hypothesis.

Where others have used Rabin and Schrag (1999) to introduce confirmation bias in

their models (like Müller 2010, to study job rotation within a firm as a means to mitigat-

ing confirmation bias; Pouget et al. 2017, to analyze the impact of confirmation bias on

financial markets; or Rabin and Schrag 1999 themselves, to explore the consequences of

confirmation bias for incentive provision in a principal-agent relationship), we adopt the

model of confirmation bias and belief formation proposed by Fryer et al. (2019) –which for-

malizes the type of confirmation bias described by Lord et al. (1979) and Darley and Gross

(1983). Fryer et al. (2019) introduce a human memory storage limitation as a foundation

for the bias assumed in Rabin and Schrag (1999), and develop a model of confirmation

bias for the case of continuous signals, which provides some new results showing that bias

always occurs (with probability one) and depends on early signals and not just the prior.3

We use this model as a building block, and add it to a labor market setting with the aim

of exploring the consequences of employers being subject to this cognitive bias on the wage

gap. In addition, we enrich the market by introducing heterogeneity in prior beliefs (at

least some of which will necessarily be inaccurate) about the productivity of different social

groups, which allows us to characterize not only differences in wages but also patterns of

labor market segregation.

The concept of confirmation bias has seen productive applications in several fields in

economics in recent years, like industrial organization (e.g., Mullainathan and Shleifer

3Schwartzstein (2014) provides a different foundation for confirmation bias, and also provides a discussion
of how it can lead to persistent discrimination.
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2005), finance (e.g., Pouget et al. 2017), political economy (e.g., Mullainathan and Wash-

ington 2009), marketing (e.g., Narasinham et al. 2005), and organizational design (e.g.,

Müller 2010). We contribute to this list by studying the consequences of confirmation bias

for (wage) discrimination in the labor market.

The paper also contributes to a growing literature that has been recently expanding the

classical models of statistical discrimination.4 Our work is closest to extensions of classical

models that introduce behavioral elements, especially those considering inaccurate beliefs

as a source of discrimination.5 Barron et al. (2022) differentiate between two different

forms of belief-based discrimination, explicit (against women who are equally qualified than

men) and implicit (against women who are differently qualified), and produce experimental

evidence on these forms. Bohren et al. (2019) develop a model with evaluators who can

have a misspecified model of inference about the distribution of ability conditional on

gender, or about the preferences or beliefs of other evaluators. They show that such

inaccurate beliefs may lead to discrimination based on gender, and enrich the traditional

taxonomy of sources of discrimination by distinguishing between preferences (driving taste-

based discrimination), rational beliefs (driving accurate statistical discrimination), and

inaccurate beliefs (driving inaccurate statistical discrimination).

In Bohren et al. (2019), employers are Bayesian, except for a potential misspecifica-

tion of their initial beliefs. Our paper departs from their setup by considering employers

who, beyond any misspecification in their model of inference, exhibit non-Bayesian learn-

ing. This relates our paper to the broader literature on non-Bayesian updating (see the

extensive review in Benjamin 2019). On this front, Campos-Mercade and Mengel (2021)

ask experimental subjects to hire one of two potential candidates with potentially different

4These developments are aptly reviewed in Onuchic (2022).
5See, e.g., Bordalo et al. (2016), Bohren et al. (2019, 2020), Coffman et al. (2021a,b,c), Campos-Mercade

and Mengel (2021), Erkal et al. (2021), Lepage (2022).
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and unobservable productivity, and an observable education signal –and find evidence of

substantial conservatism, and of excess discrimination (relative to a Bayesian benchmark),

stemming from the neglect of workers’ education certificates. Eyting (2022) connects non-

Bayesian learning and discrimination based on inaccurate beliefs. In particular, the author

identifies the role of motives in generating inaccurate beliefs that lead to discriminatory

outcomes. In an experimental setting, Eyting (2022) finds that subjects who play the role

of employers exhibit asymmetric learning, weighing more the signals that are aligned with

their motives.6

II A Model of Learning with Confirmation Bias

We start from a simple dynamic model of learning and wage determination (see, e.g.,

Freeman 1977; Harris and Holmstrom 1982; and Farber and Gibbons 1996). Consider a

competitive labor market in which a large number of identical, risk-neutral firms compete

for the labor services of risk-neutral workers of initially unknown productivity η ∈ R.

Information is incomplete but symmetric: both workers and potential employers in the

market share the initial belief that η is normally distributed with mean µ1 and variance

1/h1 (where h1 is the precision). Firms learn about each worker’s productivity by observing

the worker’s output through time (t = 1, 2, 3, ...), which is given by the following technology:

yt = η + εt.

The stochastic noise term εt is assumed to be independently and identically distributed

as εt ∼ N (0, 1/hε) – hence, output is a noisy signal of a worker’s true productivity, and

6We note that since, in the experiment, the employers’ motives are identified by their prior beliefs about
the productivity distribution of each group (before an information treatment that corrects such beliefs),
the results may also be consistent with confirmation-biased learning.
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learning is gradual.

Workers have the following (publicly-known) utility function:

U(w) =
∞∑
t=1

βt−1wt,

where β ∈ (0, 1) is a discount factor, and w is a wage stream. Only short-term, non-

contingent wages can be offered in this market, and we assume that wages are paid in

advance. The wage offered at the beginning of any period t may, however, depend on the

history of output realizations up to time t, yt ≡ (y1, y2, ..., yt), through the updated beliefs

about worker productivity – we denote such a wage by wt(y
t−1).

The only decision workers make in this model is which firm they work for. Workers can

leave firms in any period at no cost, and will work for the firm offering the highest current

wage. Since the labor market is competitive, in each period wages are bid up to expected

output (conditional on yt), that is, until firms earn no profits:

wt(y
t−1) = E[yt | yt−1] = E[η | yt−1]. (1)

In each period, firms make wage offers determined by their current beliefs about worker

productivity; then each worker chooses for which firm to work, and finally individual

outputs for that period are realized and observed by everyone.

To introduce confirmation bias into the learning process, we depart from traditional

Bayesian models and consider each potential employer to be an interpretive evaluator as

proposed by Fryer et al. (2019). An interpretive evaluator first interprets the signal given

her prior, and then updates her beliefs following Bayes’ rule, but using her interpretation

rather than the raw information. This double updating amounts to weighing the prior

belief twice and leads to confirmation bias.
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Let ŷ denote the interpretation of the signal y, and µ̂ the posterior mean based on the

interpretation ŷ. The two steps involved in the learning process are the following:

a. Interpretation of the signal

ŷt+1 = µ̂t ·
(

hµt
hyt+1

)
+ yt ·

(
hε
hyt+1

)
,

where hyt and hµt denote the precisions of the interpretation ŷt and of the interpre-

tive belief µ̂t at time t. The interpretive evaluator interprets (possibly ambiguous)

information yt based on her pre-existing belief µ̂t, following Bayes’ rule. This has the

effect of ‘pulling’ the signal towards her pre-existing belief, and can be thought of as

a model of the ‘information assimilation bias’ pointed out by Lord et al. (1979).

b. Belief updating based on the interpretation

µ̂t+1 = µ̂t ·
(

hµt
hµt+1

)
+ ŷt+1 ·

(
hyt+1

hµt+1

)
.

Note that firms update their prior beliefs based on their interpretation ŷ.

Besides the double updating, the learning process is well known (see DeGroot 1970). The

posterior means µ̂t+1 and precisions hµt+1 are given by:

µ̂t+1 = µ1 ·
(

2th1
2t(h1 + hε)− hε

)
+

(
2thε

2t(h1 + hε)− hε

)
·

 t∑
j=1

yj

(
1

2

)j
 ,

hµt+1 = 2t(h1 + hε)− hε.

See the online appendix for the derivation of these expressions and an analysis of the

evolution of beliefs over time. From (1), the wage function is given by wt(y
t−1) = µ̂t.
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The expected wage in an equilibrium with confirmation bias is:

E[wt(y
t−1)] = µ1 ·

(
2t−1h1

2t−1(h1 + hε)− hε

)
+ η ·

(
2t−1hε

2t−1(h1 + hε)− hε

) t−1∑
j=1

(
1

2

)j
 .

As we can see, the confirmation-biased equilibrium wage is determined by the initial belief

µ1 to a larger extent than in the standard Bayesian case, where the weight attached to the

prior mean would be h1/ (h1 + (t− 1)hε).

In the long run, as the number of output realizations grows large (t → ∞), the market’s

posterior mean, and thus wages, converge in expectation to something that is wrong with

probability one, as in Fryer et al. (2019), as long as h1 > 0 – a fairly general condition:

E[wt(y
t−1)] −−−→

t→∞

(
h1

h1 + hε

)
µ1 +

(
hε

h1 + hε

)
η, (2)

whereas in the pure Bayesian case (no confirmation bias), E[wt(y
t−1)] −−−→

t→∞
η. Therefore,

there will be a persistent effect of the initial belief on wages.

Let wLR denote the (expected) long-run wage (the right-hand side of [2]). The weight

of the initial belief µ1 decreases in the signal-to-prior precision ratio hε/h1. This means

that, ceteris paribus, a relatively smaller initial prior precision h1 (larger prior variance)

would move wLR closer to a worker’s true productivity. However, the very idea of a

significantly large prior variance 1/h1 seems to be at odds with the notion of confirmation

bias. Increasing the signal precision hε has the same effect on wLR as reducing h1.

We define the retribution bias (RB) as the difference between the expected wage with

and without confirmation bias.7 It is straightforward to show that

7In the limit, RB can be interpreted as a measure of economic discrimination due to confirmation-biased
learning. In the limit, RB < 0 implies that the worker is not receiving ‘pay or remuneration commensurate
with their productivity’ (Aigner and Cain, 1977), as measured by η.
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RB
t→∞−−−→ (wLR − η) =

h1
h1 + hε

(µ1 − η) (3)

As shown by equation [3], in the long run, the retribution bias is determined by the

prior-mean error (PME) and the entrenchment of beliefs. The PME is measured by the

distance between the initial (subjective) assessment of productivity and the true produc-

tivity of the worker, (µ1 − η). If potential employers are confirmation-biased and hold

negative initial beliefs about the productivity of the worker (µ1 < η), there will be per-

sistent under-retributions of his or her productivity, no matter how large the number of

signals is. The entrenchment of beliefs is captured by the ratio h1/ (h1 + hε). The higher

the entrenchment (the degree of ‘conviction’ about one’s initial assessments), the greater

the retribution bias that will persist given a PME.

III Discrimination in the Labor Market

We now extend our learning model with confirmation bias to study patterns of discrimina-

tion. Assume, for simplicity, that workers belong to two different social groups or categories

(such as gender, ethnicity, or any other), indexed by g ∈ {M,m}. Group M is the majority

group, while m makes reference to any minority or disadvantaged group facing a negative

stereotype (like women, Blacks, Muslims, immigrants, etc.). Employers cannot observe in-

dividual worker productivity, but since group membership is observable they can condition

their initial beliefs on g, that is:

ηg ∼ N (µg
1, 1/h

g
1),

where µg
1 is the prior mean and hg1 is the prior precision for group g ∈ {M,m}. We also

allow the precision of the signal to differ across groups, and write hgε. To emphasize the
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role of group identity in discrimination, we will assume that both groups have the same

average true productivity, but that employers have negative stereotypes (generalizations

about groups that are applied to individual group members simply because they belong

to that group; Heilman 2012) about the minority group: minority workers are seen as less

productive, so that µm
1 < µM

1 .8,9

Consider two individuals with the same true productivity η, but belonging to dif-

ferent groups. Upon entry to the labor market, there will be (statistical) discrimina-

tion against the minority worker, because with no information other than group identity,

wm
1 = µm

1 < µM
1 = wM

1 . But will discrimination persist? Most economic models that

regard pre-market decisions as exogenous have shown that statistical discrimination can

indeed persist, provided the number of signals is limited (Arrow 1973; Aigner and Cain

1977; Altonji and Pierret 2001; Bohren et al. 2019). However, with Bayesian learning

(which those models assume), wages would eventually converge to true productivity as the

number of signals grows large, and hence both workers would expect to receive the same

wage – discrimination cannot persist in the long run in such a setup. As hinted above, this

need not be the case with confirmation-biased learning.10

Under confirmation-biased learning, the long-run wages for two individuals belonging to

different groups but who are otherwise identical (i.e., have equal productivities and output

8Our assumption corresponds to what Bohren et al. (2019) call biased belief-based partiality (towards
members of group M).

9Because groups have the same true average productivity, beliefs are necessarily inaccurate in the sense
of Bohren et al. (2020).

10Elmslie and Sedo (1996) and Goldsmith et al. (2004) propose an alternative mechanism that produces
long-run effects of initial discrimination based upon Festinger’s theory of cognitive dissonance. In response
to discrimination, workers may adjust their beliefs about the quality of the job that they can expect to attain,
thereby reducing their labor supply. Early discrimination may then negatively affect future employability
and wages. The model focuses on the effects of initial discrimination on the supply side of labor, whereas
ours focuses on biased beliefs by employers.
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histories) will be:

wLR
M = µM

1

(
hM1

hM1 + hMε

)
+ η̄

(
hMε

hM1 + hMε

)
, and

wLR
m = µm

1

(
hm1

hm1 + hmε

)
+ η̄

(
hmε

hm1 + hmε

)
.

We define long-run discrimination as LRD ≡ wLR
m − wLR

M . Therefore,

LRD =

[
µm
1

(
hm1

hm1 + hmε

)
− µM

1

(
hM1

hM1 + hMε

)]
+ η̄

[(
hmε

hm1 + hmε

)
−
(

hMε
hM1 + hMε

)]
.

Letting x ≡ h1/hε we can write equivalently:

LRD =

[
µm
1

(
xm

1 + xm

)
− µM

1

(
xM

1 + xM

)]
+ η̄

[(
1

1 + xm

)
−
(

1

1 + xM

)]
. (4)

A minority worker is discriminated against when her expected long-run wage is lower than

the long-run wage of an otherwise identical majority worker; that is, when LRD < 0.

Before deriving general conditions for LRD < 0, let us analyze particular cases. In

the spirit of Phelps (1972), and similar to Coate and Loury (1993) and Bohren et al.

(2019), assume that groups only differ in their prior means – i.e., hM1 = hm1 = h1 and

hMε = hmε = hε, or x
m = xM = x. Then:

LRD =
(
µm
1 − µM

1

)( x

1 + x

)
.

It is clear that initial group-level discrimination, µm
1 < µM

1 , leads to persistent between-

group discrimination under confirmation bias – i.e., LRD < 0 for all x.11 The magnitude of

the discrimination will depend on the entrenchment of beliefs, as measured by x/ (1 + x) =

11Discrimination can also arise as the result of favoritism or partiality towards the in-group rather than
hostility against out-groups. Ahmed (2007) shows experimental evidence of this.
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h1/ (h1 + hε). A relatively high h1 (stronger a priori convictions about initial beliefs) leads

to more discrimination for a given difference in initial beliefs, whereas a higher hε (better

chances to convey information through less noisy signals) moves LRD towards zero.

An alternative set of parameters explored in the literature assumes, contrary to what

we have done here, that prior means are identical across groups µm
1 = µM

1 = µ1 (so that

individuals are perceived to have the same average productivity), but that precisions differ.

In that case,

LRD = (µ1 − η̄)

(
xm

1 + xm
− xM

1 + xM

)
.

For instance, signals might be noisier for minority workers (Phelps 1972; Aigner and Cain

1977; Lundberg and Startz 1983; Lundberg 1991; Cornell and Welch 1996; Farmer and

Terrell 1996), and hence hmε < hMε . Lower signal precision could also be interpreted as

greater subjectivity in judgment, as in Bohren et al. (2019). Alternatively, potential

employers might think that minority group members tend to resemble each other quite a

bit, and thus hm1 > hM1 : the minority group has a lower perceived variability (Park and

Judd 1990).12 Either assumption (and the existing evidence) suggests that xm > xM is

the most relevant case. Then there will be long-run discrimination as long as the PME is

negative for these individuals – i.e., whenever µ1 < η̄ and individuals’ productivities are

under-appreciated by the market at the outset.

We can now turn to the exploration of the general case (with µm
1 < µM

1 ). To that end,

it is useful to write (4) as follows:

LRD = (µm
1 − η̄)

xm

1 + xm
−
(
µM
1 − η̄

) xM

1 + xM
. (5)

12This may be related to the outgroup homogeneity effect (Judd and Park 1988; Linville 1998) – the
tendency for people to see outgroup members as more alike than ingroup members – if potential employers
belong to the majority group.
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Discrimination, a feature of behavior, depends on the primitives of the model, and can go

either way. Notice in particular that µm
1 < µM

1 is not sufficient to have LRD < 0, and

that reversals in discrimination are possible.13 The following proposition summarizes the

results of a sensitivity analysis:

Proposition 1. Long-run discrimination against the minority worker (LRD < 0):

• obtains whenever µm
1 < η̄ < µM

1 , for any xm, xM , and is increasing in both xm and

xM in this case;

• is more likely the lower µm
1 and the higher µM

1 ;

• is more (less) likely the higher is xm whenever µm
1 < η̄ (µm

1 > η̄); and

• is less (more) likely the higher is xM whenever µM
1 < η̄ (µM

1 > η̄).

The proof follows from simple inspection of (5) and is omitted.

Proposition 1 helps us think about the expected effects of policies aimed at reducing

discrimination under confirmation bias. Procedures that involve hiding the group identity

of the worker at the time of evaluation (like the blind auditions analyzed by Goldin and

Rouse 2000; or the double-blind refereeing in academic journals discussed by Blank 1991)

would be akin to making µm
1 = µM

1 . Such interventions would eliminate discrimination upon

entry to the labor market and would reduce discrimination in the long run – but would not

eliminate discrimination unless xM = xm. Empathy training programs have been shown

to reduce stereotyping (Aboud and Levy 2000), which would amount to bringing µm
1 closer

to µM
1 in our setup, and we predict that this intervention would reduce discrimination,

consistent with evidence (McGregor 1993; Batson et al. 1997; Stephan and Finlay 1999;

and Galinsky and Moskowitz 2000).

13For example, set µM
1 = 3, µm

1 = 2.8, η = 1, xM = 1, xm = 2. Then µm
1 − µM

1 = −0.2 but LRD = +0.2.
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Attracting individuals’ attention to within-group differences in the minority group

would imply a reduction in hm1 and hence in xm. This approach has the potential to

reduce discrimination if the minority worker was under-appreciated to begin with (i.e., if

µm
1 < η̄). Evidence from laboratory and field experiments suggests that increasing the

perceived variability of the minority group indeed reduces discrimination – it might even

reduce stereotyping, which would reinforce the effect (see., e.g., Brauer and Er-rafiy, 2011).

Reducing noise in the measurement of minority workers’ output – that is, increasing hmε –

would also imply a reduction in xm, and have similar effects on discrimination. Evidence

consistent with reduced discrimination when minority workers’ signals are interpreted with

greater precision is provided in Sarsons et al. (2021) and Bohren et al. (2019). Increased

hmε can also be interpreted as reduced ambiguity, which makes discrimination less likely to

arise according to evidence in Nieva and Gutek (1980) and Heilman and Haynes (2008).

The LRD in equation (4) is an absolute-level wage gap, and it is a function of the

workers’ underlying productivity, η̄. As one moves up the income distribution (i.e., as

the wages of BOTH workers, wLR
m and wLR

M , increase), the relative size of this gap might

change. Since a simultaneous increase in both wages can only occur through an increase

in the workersâ productivity, the question boils down to whether the absolute wage gap,

LRD, increases or decreases with underlying productivity, η̄.14 Taking the derivative of

equation (4) with respect to quickly shows that:

∂LRD

∂η̄
< 0 ⇐⇒ xm > xM (6)

As we have discussed previously, xm > xM is the most likely case. Hence, as one moves up

the income distribution, the wage gap would be reduced. If we associate higher wages and

higher productivity with higher skill jobs, then this prediction fits nicely with the existing

14We thank an anonymous reviewer for suggesting this comparative statics exercise.
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evidence on the wage gap between blacks and whites in the US â one of the main stylized

facts found by Lang and Lehmann (2012) in their extensive review of racial discrimination

in the labor market. To the extent that more education is associated to higher productivity,

the prediction also squares well with the evidence in Ñopo et al. (2012) on international

gender wage gaps.

IV Discrimination and Segregation

In the previous section we have characterized patterns of wage discrimination in labor

markets in which all employers statistically discriminate based on the same (incorrect)

beliefs and suffer from confirmation bias. A natural and important next step to consider

would be a situation where employers in the same labor market are heterogeneous in

terms of their initial beliefs (for example, employers who have the same group identity

as a potential employee may have different initial beliefs about worker productivity from

employers who do not). Such an extension would also allow us to discuss whether the same

set of factors that produce a pay differential would also produce segregation (Blau and

Jusenius 1976). Pay gaps and occupational segregation by group membership have long

been associated with employment discrimination (Bergmann 1974) and tend to coexist in

the labor market. Furthermore, occupational segregation by gender, for instance, explains

most of the gender wage gap (Bielby and Baron 1986; Groshen 1991; Blau and Kahn 2017).

We continue to assume that workers belong to group g ∈ {M,m}, and that employers

cannot observe individual worker productivity, but only their group belonging. Each firm

has only one position to fill, and hence, can hire at most one worker in each period. A firm

that does not hire a worker makes zero profits in that period. We model the heterogeneity

of employers by assuming that they differ in their initial beliefs about each type of worker,
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µfg. For simplicity, we assume precisions are equal across employer types f ∈ {M,m}.15

As before, labor supply is perfectly inelastic, so wages are determined solely by the

demand side, and we assume workers are interchangeable in production. Employers, on

the other hand, hold different initial beliefs on worker productivity, i.e., µMg ̸= µmg for

some g. Let Ff > 0 denote the number of type f firms, F ≡ FM + Fm, and πf ≡ Ff/F .

Equivalently for workers, we define L ≡ LM +Lm > 0, and pg ≡ Lg/L. We assume F > L

(there are more firms than workers overall), and pm > πm (e.g., because minority workers

are underrepresented in managerial positions).

We consider a competitive labor market with no search costs, so that in each period all

firms can make bids to all workers at no cost. Given our assumptions, workers need only

look at current wage offers and accept the best offer in each period. If an outside offer ties

the offer of the current employer, we assume the worker stays.16

Firms compete à la Bertrand in wage offers each period. To determine wage offers by

firms, first note that in any period t > 0 the willingness to pay (WTP) of a type-f firm for

the services of a worker of group g with a signal history yt−1
i is determined by its current

confirmation-biased belief about that worker’s productivity, which is given by:

µ̂t

(
µfg, y

t−1
)
= µfg

(
2t−1h1

2t−1 (h1 + hε)− hε

)
+ v̂t

(
yt−1

)
(7)

where

v̂t
(
yt−1

)
≡

t−1∑
j=1

yj

(
2t−1−jhε

2t−1 (h1 + hε)− hε

)
summarizes the value of a history of signals at t (i.e., its contribution to the posterior

15In choosing the same labels for worker and employer groups we are focusing on employers who may
or may not have the same group identity as potential employees. Alternatively, different employers could
have the same beliefs within groups, but with different groups interpreted as different occupations (like
‘masculine’ and ‘feminine’).

16Alternatively, we can assume there exists an infinitesimal cost of changing jobs.
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belief). For any t, conditional on a history yt−1, the WTP is strictly increasing in the firm’s

prior µfg. Moreover, two workers with the same output history would receive different wage

offers to the extent that the firm’s prior beliefs on them differ.17

Bertrand competition implies that wages offered by all firms to any given worker (of

group g with history yt−1) will be determined by the WTP of the marginal employer of

that social group. The marginal employer of group g will be the firm type with the highest

WTP for such a worker if there is no ingroup congestion for group g (Lg < Fg). If there is

congestion in one group, the marginal employer is the firm type with the lowest WTP, and

the other firm type can lower its equilibrium wage offer to that of the marginal employer

and enjoy a positive expected profit.

Many cases can arise depending on the ordering of the different initial beliefs of em-

ployers. For the sake of brevity, we focus here on the cases we regard as most relevant or

plausible.18 To this end, we assume the following:

• (A1) µMM > µMm (i.e., employers in the majority group regard majority workers as

more productive on average than minority workers)

• (A2) µmm > µMm (i.e., minority workers are regarded more favorably by minority

employers than by majority employers)

• (A3) µMM > µmM (i.e., majority workers are regarded more favorably by majority

employers than by minority employers)

This ordering corresponds to a case in which prior beliefs favor ingroup matching (ho-

mophily): for each worker group g, the ingroup employer has a higher prior than the

outgroup employer (and, conditional on history, a higher WTP). Other assumptions might

well generate different predictions, but ingroup favoritism seems like a natural starting

17Once again, due to confirmation bias, differences will persist in the long run.
18The analysis of every case not covered here is available from the authors upon request.
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point for exploring the consequences of confirmation bias in a setting with heterogeneous

employers –and there is plenty of evidence (see, e.g., Lewis and Sherman 2003, Nunley et al.

2011, Doleac and Stein 2013, Wright and Schepker 2015, Whysall 2018, Kline et al. 2022)

that such ingroup biases are pervasive in this context, making it a plausible assumption.

Suppose first that there is no ingroup congestion (NIC), i.e., Fg > Lg ∀g. Then, under

(A1)-(A3) there exists a unique full segregation equilibrium in which all firms offer wages

that are equal to their current beliefs µ̂t

(
µfgi , y

t−1
i

)
about the productivity of each worker,

M -workers accept offers from M -firms (which are higher than those offered to them by

m-firms), and m-workers accept offers from m-firms (which are higher than those offered

to them by M -firms).19 In this equilibrium all firms make zero expected profits and there

will be discrimination except in the case in which µMM = µmm.

In contrast, if NIC is violated (i.e., there is a worker group g that saturates job slots,

Lg > Fg), then under (A1)-(A3) there is a partial segregation equilibrium.20 For concrete-

ness, assume it is the minority group that cannot find jobs only in minority firms. In

such an equilibrium all M -workers are employed by M -firms, which pay their WTP and

hence make no expected profits. Some m-workers cannot be employed by m-firms due to

slot constraints, and hence M -firms become their marginal employer. This drives m-firms’

wage offers down to that of M -firms, and all firms pay in equilibrium a wage equal to the

lowest WTP, that of the M -type.

m-workers employed by M -firms receive a lower wage than M -workers with a similar

history of signals employed by the same type of firms (because µMM > µMm by (A1)).

m-workers employed by m-firms are also discriminated against, as they receive wages lower

than comparable M -workers in M -firms. Therefore, minority workers are discriminated

19While segregation depends on beliefs in the model, beliefs could in turn be affected by segregation. See
Levy and Razin (2017) for a model of the coevolution of segregation, beliefs, and discrimination.

20Duncan and Duncan’s (1955) index of dissimilarity (or segregation) would be equal to (Fg/Lg) ∗ 100,
which is below 100.
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against by both ingroup and outgroup firms.

When firms have heterogeneous prior beliefs, the equilibrium wage gap between M and

m workers with the same history yt−1 is given by:

wm
t

(
m, yt−1

i

)
− wM

t

(
M,yt−1

i

)
=

(
2t−1h1

2t−1 (h1 + hε)− hε

)
(µMm − µMM ) (8)

under partial segregation, and by

wm
t

(
m, yt−1

i

)
− wM

t

(
M,yt−1

i

)
=

(
2t−1h1

2t−1 (h1 + hε)− hε

)
(µmm − µMM ) (9)

under full segregation. The full segregation wage gap is negative for any t (discrimination

against minority workers) if and only if µmm < µMM , whereas it is always negative under

partial segregation by (A1). Whatever the equilibrium, discrimination is a function of a)

the entrenchment of prior beliefs, and b) the difference in prior means of the marginal

employers of m- and M -workers.

Long-run discrimination is given by

lim
t→∞

(
2t−1h1

2t−1 (h1 + hε)− hε

)
(µmm − µMM ) =

(
h1

h1 + hε

)
(µmm − µMM ) (10)

under full segregation, and by

lim
t→∞

(
2t−1h1

2t−1 (h1 + hε)− hε

)
(µMm − µMM ) =

(
h1

h1 + hε

)
(µMm − µMM ) (11)

under partial segregation.
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In a cross section of occupations, after controlling for relevant differences across workers,

discrimination against minority workers should be more pronounced in partially segregated

occupations than fully segregated ones for any t. From (8) and (9), the difference between

the short-run partial-segregation and the short-run full-segregation wage gaps is given by

(
2t−1h1

2t−1 (h1 + hε)− hε

)
(µMm − µmm) ,

which is negative by (A2).

The comparison between the full- and partial-segregation equilibria shows that M -firms

pay less to their workers on average under partial segregation, which squares well with the

substantial evidence showing a negative correlation between the average pay (of men and

women combined) and the proportion of all employees in that job that is female, if we

take women as the minority group; see, e.g., Killingsworth (1987), Macpherson and Hirsch

(1995), and Boraas and Rodgers (2003).

In a time series, both in full- and partial-segregation equilibria, discrimination against

m-workers is worse in the short run, consistent with evidence showing that labor-market

experience mitigates discrimination against, e.g., immigrants (Baert et al, 2017; and Fays

et al. 2020).

V Discrimination and Competition

Wherever stereotypes come from (e.g., from employers using the representative heuristic

of Bordalo et al. 2016), our model shows how confirmation-biased employers tend to

perpetuate their consequences for wage gaps. Hence, discriminatory behavior survives the

passing of time. But will discriminators survive in the long run? This is a related, but

different, question. As Schwarstein (2014, p. 1447) emphasizes, “the logic of confirmation
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bias does not by itself pin down which incorrect beliefs we can expect to persist”. Thus,

something else is needed to pin down beliefs. Competition among employers might achieve

precisely that.

The issue has been discussed at least since Becker (1957) in the context of taste-based

discrimination, where relative wages of minority workers are determined by the most prej-

udiced employer with whom they come into contact –the marginal discriminator (Charles

and Guryan 2008). Therefore, it is the marginal, rather than the average, prejudice of

employers that determines the wage gap.

This logic of the marginal competitor applies equally well to models of statistical dis-

crimination like ours (see, e.g., Nunley et al. 2011). To be concrete, assume n potential

employers have only one position to fill, and hence, can hire at most one worker in each

period. A firm that does not hire a worker makes zero profits in that period. Employers

bid each period for the services of a worker from group g ∈ {M,m}. All employers have the

same belief about the productivity of M -workers, µM
i = µM for all i, and they only differ

in the belief they have on the productivity of m-workers, µm
i (i = 1, ..., n). In particular,

employers can be ranked according to how biased they are against m-workers:

µm
i = µM − bi

with n being the most biased employer, and bi ∈ (0, µM ) for all i.

Firms compete à la Bertrand in wage offers each period. For any t, conditional on a

history yt−1, the willingness to pay (WTP) is strictly increasing in the firm’s prior µg
i .

Moreover, two workers with the same output history would receive different wage offers to

the extent that the firmâs prior beliefs on them differ. Irrespective of actual employer, the

wage of a majority worker will be determined by µM , but the wage of a minority worker

will be determined by the WTP of the second highest bidder –the marginal employer –i.e.,
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µm
2 = µM − b2. In general, with n firms bidding for the services of k < n workers of group

m, whether offers for workers are all simultaneous or sequential, the worst-off m-worker’s

wage will be determined by µm
k+1 = µM − bk+1.

The marginal employer of group m will then be the (k+1)-th firm. Increased competi-

tion in the labor market, construed as an increase in the number of employers, will reduce

discrimination if it reduces the bias of the marginal employer –i.e., if entrants come from

the left tail of the employer bias distribution (the most likely case, since they are the ones

who can profit from entry). Because less biased employers have a higher willingness to

pay, increasing the number of employers in the labor market raises the probability that the

k firms with the highest willingness to pay are less biased, and thus raises the wage offer

(Nunley et al. 2011).

Employers with more extreme biases are “driven out of the market” as competition

increases (they cease to be the marginal employer). We thus expect labor markets with

higher competitive pressure on the demand side to show smaller wage gaps (consistent with

evidence in, e.g., Meng 2004, Nunley et al. 2011, Caminade et al. 2012, Doleac and Stein

2013).

Our setup is more amenable to thinking about the consequences of competition in the

labor market than in the product market in which our employers operate. In the context

of taste-based discrimination, prejudiced employers sacrifice profits by discriminating. As

the usual argument goes, such employers would be ultimately driven from the market in

the long run in a competitive setting (Arrow 1972, Comanor 1973). More recent work

has shown that wage gaps can persist in the long run if there is some form of imperfect

information, imperfect competition, or adjustment costs (Charles and Guryan 2008). All

these arguments refer to competition in the product market. It is not clear, however,

what the relationship between product-market competition and statistical discrimination
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is (Berkovec et al. 1998, Heyman et al. 2013, Cooke et al. 2019, Fays et al. 2020). For

instance, if increased competitive pressure forces firms to improve management practices,

it could improve the screening of job candidates, reducing the reliance on group stereotypes

(Heyman et al. 2013, Cooke et al. 2019). Improved screening could be interpreted as a

reduced xm in our model. Whether this would reduce (or increase) discrimination, however,

depends also on the other parameters of the model, as can be seen in equation (5).

VI Concluding Remarks

We have developed a model of inaccurate statistical discrimination that highlights con-

firmation bias as a source of discrimination. We have shown that discrimination in the

long run depends not only on the stereotypes that apply to different social groups, but

also on how potential employers evaluate a worker’s output and how willing they are to

modify their initial beliefs. We have used the model to predict how different interventions

to reduce discrimination would work in the face of confirmation-biased learning, and to

show how the same factors that generate discrimination can also produce segregation.

The limitations of our modeling assumptions are worth mentioning at this point. Our fo-

cus has been on labor-market discrimination, which means that we have omitted a worker’s

pre-labor market human capital investments (see, e.g., Coate and Loury 1993; or Farmer

and Terrell 1996). Because we had a single job in the analysis, we were not able to address

job assignment and promotions, which are important ingredients of a fully-fledged theory

of wage dynamics and careers in organizations (Gibbons and Waldman 1999a) – extending

our model in this direction, for instance along the lines of Gibbons and Waldman (1999b),

would be straightforward and is an interesting avenue for future research.

We have explored the consequences of incorrect beliefs and confirmation bias for wage

discrimination, and generated several predictions. We view this as a theoretical article and
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have not attempted a rigorous empirical evaluation. However, to flesh out the analysis,

we have reported some evidence from other empirical studies that is consistent with those

predictions, and may be useful in thinking about the determinants of wage discrimination.

It is beyond the scope of our article to provide more systematic evidence on the predictions

of the model, but designing an experiment with appropriate parameterizations to directly

test the theoretical predictions should be high on the research agenda. Since our model

refers to the persistence of wage discrimination, rather than to binary hiring decisions (as

in much of the empirical work on non-Bayesian discrimination), we must recognize some

of the challenges involved in designing such an experiment, in particular, the elicitation of

long-run beliefs.
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Appendix: Dynamics of Confirmation-Biased Learning

To get a better feel of the implications of the confirmation-biased learning process, it is

useful to examine the evolution of beliefs over time. We begin at t = 1, when the very first

piece of raw information y1 arrives. The information is first interpreted, as follows:

ŷ2 = µ1

(
h1
hy2

)
+ y1

(
hε
hy2

)
,

hy2 = h1 + hε.

In the confirmatory biased interpretation ŷ2, the location of the information y1 is pulled

towards the initial prior mean µ1. In addition, by conforming the information to the

initial belief, the variance of the information is reduced, and its perceived precision hy2 is

increased by the addition of one extra prior precision h1. In other words, a confirmatory

biased evaluator overestimates the precision of the interpreted information.

1



The evaluator then updates her beliefs based on her interpretation of the information

ŷ2:

µ̂2 = µ1

(
h1
hµ2

)
+ ŷ2

(
hy2
hµ2

)
,

hµ2 = h1 + hy2 = 2h1 + hε.

The interpretive learner ends up with a posterior precision of 2h1+hε, whereas a Bayesian

evaluator would have a precision of only h1 +hε. Hence, an interpretive evaluator features

overconfidence about her beliefs. This is one of the features of confirmation bias, as Rabin

and Schrag (1999) have noted and demonstrated as well in a discrete model.

We can express the interpretive posterior mean as a function of the raw information:

ŷ2 = µ1

(
2h1

2h1 + hε

)
+ z1

(
hε

2h1 + hε

)
.

The prior belief µ1 is weighted twice, more than a Bayesian would, which has the effect

of pulling the posterior even closer to the initial belief µ1. In effect, confirmation bias

produces an overweight of initial beliefs, which ultimately leads to prior inertia in the

belief-updating process.

At t = 2, the evaluator gets a new, independent piece of information. A Bayesian

evaluator would treat this information as independent. But the interpretation step is as

follows:

ŷ3 = µ̂2

(
hµ2
hy3

)
+ y2

(
hε
hy3

)
,

hy3 = hµ2 + hε = 2h1 + 2hε,

ŷ3 = µ1

(
2h1

2h1 + 2hε

)
+ y1

(
hε

2h1 + 2hε

)
+ y2

(
hε

2h1 + 2hε

)
.
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At t = 2, the precision hy3 of the interpretation ŷ3 is 2h1+2hε, higher than the precision of

the raw information y2 (which is only hε). Notice how the initial prior precision h1 is added

twice in the interpretation of the second period information (more than what happened

with the interpretation at t = 1). Moreover, the precision of previous information y1 is

added once in the interpretation of this independent second piece of information, via the

prior µ̂2.

Now, looking at the mean of the interpreted information, ŷ3, it is not only the case

that the initial belief µ1 is overweighted again (this time, appearing twice). It is also

the case that the first piece of information y1 has an influence on the interpretation of

the second, independent piece of information. Early information thus influences the in-

terpretation of subsequent information. This is consistent with the classical Asch (1946)

experiments, which empirically showed that early information conditions the interpretation

of later information.

Mathematically, the influence of early signals on the interpretation of subsequent signals

is shown by the presence of y1 in the interpretation ŷ3. Based on this interpretation, the

posterior belief is updated as:

µ̂3 = µ̂2

(
hµ2
hµ3

)
+ ŷ3

(
hy3
hµ3

)
,

hµ3 = hµ2 + hy3 = 4h1 + 3hε,

µ̂3 = µ1

(
4h1

4h1 + 3hε

)
+ y1

(
2hε

4h1 + 3hε

)
+ y2

(
hε

4h1 + 3hε

)
.

By t = 2 the initial prior gets 4 times its precision. Moreover, notice that the early

signal y1 is now given twice the precision that a Bayesian evaluator would assign. This

corresponds to another effect of confirmation bias, a preference for early information, which

is a corollary of the fact that early information influences the interpretation of future

3



information. Notice how the information is weighted more strongly when it appears earlier

in the series. Because of this, confirmation-biased evaluators are more influenced by first

impressions. This implies that the exchangeability property of Bayesian learning does not

hold anymore, and confirmation-biased learning features informational path-dependencies

instead.

To grasp what happens as information grows, consider t = 4. By t = 4, the interpreta-

tion rule becomes:

ŷ5 = µ̂4

(
hµ4
hy5

)
+ y5

(
hε
hy5

)
,

hy5 = hµ4 + hε = 8h1 + 8hε,

ŷ3 = µ1

(
8h1

8h1 + 8hε

)
+ y1

(
4hε

8h1 + 8hε

)
+ y2

(
2hε

8h1 + 8hε

)
+ z3

(
hε

8h1 + 8hε

)
+ z4

(
hε

8h1 + 8hε

)
,

based on which the posterior belief is updated as:

µ̂5 = µ̂4

(
hµ4
hµ5

)
+ ŷ5

(
hy5
hµ5

)
,

hµ5 = hµ4 + hy5 = 16h1 + 15hε,

µ̂5 = µ1

(
16h1

16h1 + 15hε

)
+ y1

(
8hε

16h1 + 15hε

)
+ y2

(
4hε

16h1 + 15hε

)
+ y3

(
2hε

16h1 + 15hε

)
+ y4

(
hε

16h1 + 15hε

)
.
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By recursion, the rules can be expressed as a function of t as:

µ̂t+1 = µ1

(
h1

h1 + hε

)
+

 t−1∑
j=1

yj
1

2j
+ yt

1

2t−1

(
hε

h1 + hε

)

hyt+1 = 2t−1(h1 + hε)

µ̂t+1 = µ1

(
2th1

2t(h1 + hε)− hε

)
+

t∑
j=1

yj

(
2t−jhε

2t(h1 + hε)− hε

)
hµt+1 = 2t(h1 + hε)− hε
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