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ABSTRACT
We test if !rms statistically discriminate workers based on race when employer learning is asym-
metric. Using data from the NLSY79, we !nd evidence of asymmetric employer learning. In 
addition, employers statistically discriminate against non-college-educated black workers at time 
of hiring. We also !nd that employers directly observe most of the productivity of college 
graduates at hiring and learn very little over time about these workers.

KEYWORDS 
Statistical discrimination; 
employer learning; 
asymmetric learning

JEL 
J71; D82; J31

I. Introduction

In an influential paper, Altonji and Pierret (2001) 
(AP hereafter) adopted the landmark model of 
employer learning by Farber and Gibbons (1996) 
to test whether employers statistically discriminate 
workers by race. In this line of research, learning 
about workers’ productivity occurs over time, after 
observing signals of workers’ productivity. Time is 
included in the empirical specification as workers’ 
experience. The implicit assumption is that outside 
employers, when attracting workers, have the same 
information about workers’ skills as the workers’ 
current employer. In this paper, we drop this 
assumption and test for statistical discrimination 
based on race while assuming that learning can 
occur asymmetrically, that is, outside employers 
may have less information on productivity than 
current employers.

In statistical discrimination models, productivity 
and qualifications of labour force participants are 
difficult to observe directly. Therefore, imperfectly 
informed employers use demographic characteris-
tics, such as race or gender, as proxies for unob-
served worker characteristics.1 A number of studies 
provide empirical evidence showing that employers 

learn over time (in addition to AP, see e.g., Lange 
(2007), Arcidiacono, Bayer, and Hizmo (2010), and 
Mansour (2012)). A direct implication of employer 
learning is that firms become less inclined to sta-
tistically discriminate based on observed group 
characteristics as they accumulate over time addi-
tional information about individual workers’ pro-
ductivity. Hence, employers rely less and less on 
group characteristics as proxies for productivity 
over time, and wages become more correlated 
with measures of productivity available to the 
investigator. However, existing empirical studies 
on employer learning and statistical discrimination 
are carried out under the assumption that 
employer learning is symmetric, that is, incumbent 
and outside firms have the same information about 
workers’ productivity.2

Some theoretical articles have studied the 
hypothesis of ‘asymmetric employer learning,’ 
that is, current employers are at an informational 
advantage about workers’ productivity than out-
side employers. In this literature, asymmetric infor-
mation between outside and current employers 
generates market power for the current employer, 
breaking the link between expected productivity 

CONTACT Andrea Moro Department of Economics Vanderbilt University andrea@andreamoro.net
1The two main branches of statistical discrimination theories are screening discrimination and rational stereotyping. The former, originated from Phelps (1972), 

attributes discriminatory outcomes to unexplained exogenous differences between groups, combined with employers’ imperfect information about workers’ 
productivity. This literature (see also Aigner and Cain (1977)) is generally agnostic on where the initial group differences originate. They may result from either 
differences in employer perceptions or other factors, such as differences in the quality of education or human capital acquisition. The other branch of this 
theory, originated from Arrow (1973) and modelled most comprehensively by Coate and Loury (1993), assumes that employer’s negative beliefs about the 
quality of minority workers are self-fulfiling and thus average group differences are endogenously derived in equilibrium. Fang and Moro (2011) provide 
a detailed survey on the theoretical literature on statistical discrimination, and Lang and Lehmann (2012) offer an extensive survey on theory and empirics of 
racial discrimination.

2Most of the studies focus on males using U.S. data. A notable exception is Lesner (2018), who finds evidence of statistical discrimination against women using 
a Danish sample.
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and wages that is used for identification in AP and 
related literature.3 There is no comprehensive the-
ory of the precise nature of the relationship 
between wages and asymmetric learning and its 
implications in presence of statistical discrimina-
tion. While the characterization of these relation-
ships is an interesting avenue for future theoretical 
research, in this paper we focus on testing specific 
empirical hypotheses which hold regardless of the 
modelling details.

First, under symmetric learning, the learning 
process occurs over a worker’s general experience 
regardless of job turnovers. By contrast, if outside 
firms have no information on a worker’s produc-
tivity, then the learning will change once the 
worker moves from one job to another. 
Therefore, the learning process takes place over 
job tenure rather than general experience. As 
a consequence, the correlation of wages with mea-
sures of skills observed by the econometrician 
should increase more with tenure than with experi-
ence, and the opposite occurs when learning is 
symmetric. Secondly, we also expect that when 
employers statistically discriminate against mino-
rities, the initial wages of minority workers (condi-
tional on skills) are lower than other workers’ 
wages whenever workers finds a new job. As 
employers learn about productivity over time, the 
effects of race decrease conditional on measures of 
skills available to econometricians.

We test these implications using the National 
Longitudinal Survey of Youth 1979 (NLSY79), the 
same data used in AP, but including more recent 
waves. We follow the literature in using the stan-
dardized value of the Armed Forces Qualification 
Test (AFQT), a battery of aptitude tests, as the 
measure of skills observed by the econometrician. 
Using the sample of non-college-educated workers, 
we find evidence that employers learn asymmetri-
cally about workers’ skills and that they statistically 
discriminate against black workers. Wages become 
more correlated with skills as time passes, and this 
correlation increases more when tenure is used as 
a measure of time, as opposed to experience, 

consistent with asymmetric learning. Moreover, 
black workers without a college education suffer 
a wage penalty initially, but wages become more 
correlated with skills over time.

Results are different for college-educated work-
ers. For this class of workers we find neither evi-
dence that learning is asymmetric nor evidence of 
statistical discrimination against black workers. We 
conjecture that key aspects of worker productivity 
are directly observed by employers upon initial 
labour market entry; as such, little learning takes 
place subsequently, consistent with the main find-
ings reported in Arcidiacono, Bayer, and Hizmo 
(2010).

Our paper relates to other empirical papers that 
test asymmetric learning, but do not focus on its 
implications regarding statistical discrimination. 
This empirical literature offers no conclusive evi-
dence on the nature of employer learning. 
Schönberg (2007) studies a two-period model of 
asymmetric learning and derives implications for 
job transitions and wage dynamics. Using a sample 
of white males only, she finds that employer learn-
ing is mostly symmetric. Pinkston (2009) also tests 
the implications of asymmetric learning and finds 
that asymmetric employer learning plays a role that 
is at least as important as symmetric learning. Kahn 
(2013) investigates asymmetric learning by using 
an original approach that looks at the implications 
on the variance of wage changes for workers that 
change jobs and workers that stay with their cur-
rent jobs. She finds support for asymmetric infor-
mation between incumbent and external employers 
but does not focus on racial differences. Other 
studies (Gibbons and Katz (1991), Bauer and 
Haisken-DeNew (2001)) find empirical evidence 
in favour of asymmetric employer learning, that 
is, current firms have access to more information 
about workers’ productivity than outside firms. Fan 
and DeVaro (2020) find that job hopping is asso-
ciated with lower wages for college graduates, sug-
gesting asymmetric learning. Finally, Bates (2020) 
finds evidence of asymmetric learning of teachers’ 
effectiveness using Value-Added measures of 

3The details of the relationship between wages and expected productivity depends on specific modelling assumptions. In Pinkston (2009)’s model, for example, 
a bidding process between outside and current employers is assumed which completely reveals the current employer’s information. In other models, 
stemming from Waldman (1984)’s seminal contribution, outside employers observe the worker’s job rank. Because they can make inference from promotions, 
this generates inefficiencies in worker’s assignment to job ranks. Other examples of theoretical models of asymmetric employer learning include Greenwald 
(1986), Bernhardt (1995), Golan (2005), Golan (2009), and Gürtler and Gürtler (2019).
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student’s achievements. Our contribution, relative 
to this literature, is to focus on the implications of 
asymmetric learning on racial differences gener-
ated by statistical discrimination and to test them 
by educational level.

The remainder of the paper is structured as 
follows. Section 2 outlines our theoretical frame-
work. Section 3 describes our empirical specifica-
tions. Section 4 provides an overview of the data 
and compares the results in AP with the results 
from our sample by using the same specification. 
Sections 5 and 6 present the main results. Section 7 
concludes and suggests directions for further 
research.

II. Theoretical e!ects of employer learning and 
statistical discrimination

Before turning to estimation, it is useful to outline 
the ways in which employer learning and statistical 
discrimination can affect the evolution of wages over 
time.4 We consider an environment where firms 
cannot directly observe labour force participants’ 
true productivity and qualifications but they may 
learn over time. Employers initially observe the 
characteristics (such as gender, race and education) 
of a new worker and some information (an initial 
signal) on the worker’s productivity, such as his 
communication skill and ambition, which employ-
ers can (at least partially) observe through job inter-
views. After hiring, new information (additional 
signals) about the worker’s job performance 
becomes available to his employer, and the employer 
learns about the worker’s productivity over time.

In each period, the employer computes the 
worker’s expected productivity given the informa-
tion observed. When the worker enters the labour 
market for the first time, the employer has incom-
plete information about the worker’s productivity 
and uses demographic characteristics, such as gen-
der, race or education, as proxies for unobserved 
worker productivity. Expected productivity is 
a weighted average of the population (based on 

observed characteristics) average productivity and 
the initial signal. As the worker increases his tenure 
with a firm, the incumbent employer exploits new 
information from multiple signals, providing more 
precise information about true productivity. 
Hence, the employer relies less on the population 
mean and puts more weight on productivity signals 
in predicting the worker’s productivity over time.

A crucial assumption made in the employer 
learning and statistical discrimination literature is 
that the researcher has access to a correlate of 
workers’ productivity that is unobserved by 
employers. Altonji and Pierret (2001) and the line 
of research following their study assume that 
AFQT score is such a proxy correlate of 
productivity.5 Although each worker’s individual 
AFQT is unknown to employers, employers 
observe the average AFQT of each group (for 
example, by race or education). Under the assump-
tion that wages are determined by expected pro-
ductivity, an empirical implication of the employer 
learning model is that wage becomes more corre-
lated with AFQT over job tenure.

Next we consider the evolution of the correla-
tion between wage and AFQT over time when 
workers hold multiple jobs over their lifetime. 
After a worker is hired by a new employer, the 
new employer collects information from the work-
er’s resume and other signals. If the information 
about workers’ productivity available to the new 
employer at the time of hiring is the same as the 
information available to the current employer, then 
employer learning is symmetric (or public). In 
contrast, if the information available to the new 
employer is worse than the information available 
to the current employer, then employer learning is 
asymmetric. We believe the latter to be more rea-
listic because worker’s resume and job interviews 
cannot substitute from day-to-day interactions 
over the workers’ tenure. If the new employer 
does not infer any information from prior job 
history, we label the learning process as purely 
asymmetric. The different natures of employer 

4In the Appendix, after discussing the theoretical challenges, we use a simple signal extraction model to illustrate the implications presented in this section.
5In 1980, the Armed Services Vocational Aptitude Battery (ASVAB) was administered to over 90% of the members of the NLSY79. The AFQT is a composite score 

of four tests (paragraph comprehension, arithmetic reasoning, word knowledge, and mathematics knowledge) from the ASVAB. The military services use the 
AFQT for enlistment screening and job assignment. Lange (2007) offers a detailed discussion on a number of reasons why employers do not observe the AFQT 
score, including the high turnover of employees, which limits the economic returns to administering such tests, and managers’ concerns about legal 
repercussions. The empirical link between AFQT scores (and other aptitude tests) and job performance was established in the early literature by a decade- 
long project, the Joint-Service Job Performance Measurement/Enlistment Standards Project (e.g., Wigdor and Green (1991), Terpstra and Rozell (1993)).
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learning suggest different predictions about how 
wages evolve with job experience versus job tenure. 
Symmetric learning implies a continuous learning 
process over a worker’s general labour market 
experience regardless of job turnovers. If learning 
is asymmetric, then employer learning will be 
interrupted once the worker moves from one job 
to another, and the learning process takes place 
more over job tenure than over general experience. 
Therefore, the correlation of wage with AFQT 
would increase more with tenure than with 
experience.

Workers belong to an identifiable group differ-
ing in race, gender, education, etc. Employers 
observe group membership and may use the 
group membership as a cheap source of informa-
tion about productivity because of the perceived 
correlation between group membership and test 
scores such as AFQT. A statistical discriminating 
employer may use group membership, such as race, 
along with other information to predict workers’ 
productivity at the time of hiring. Over time, the 
employer observes more signals about the produc-
tivity of the worker and thus relies less on the group 
membership information available initially. In 
a wage regression including a minority group 
dummy, if the minority group is statistically dis-
criminated against, then the coefficient on such 
dummy is negative, but its interaction with time 
is positive so that the negative effect declines over 
time. If learning is symmetric, the interaction 
between group dummy and experience should be 
positive as learning takes place over experience; 
whereas if learning is asymmetric, the interaction 
between group dummy and tenure should be posi-
tive because learning takes place primarily over 
tenure.

III. Empirical Speci"cation

We propose empirical specifications motivated by 
the theoretical framework presented above. If 
employer learning is symmetric, then the learning 
process occurs over general work experience 
regardless of job turnovers. By contrast, purely 
asymmetric learning implies that only current 
employers learn about workers’ productivity over 

time, so that learning only takes place over job 
tenure. To distinguish the two learning hypotheses, 
we use actual work experience X and job tenure T 
as two separate time measures. We estimate the 
following corresponding wage equations6 

ln wi à βX
0 á βX

S Si á βX
S;XÖSi ⇥ XiÜ á βX

AFQTAFQTi 

áβX
AFQT;XÖAFQTi

⇥ XiÜáβX
BlackBlacki á βX

Black;XÖBlacki ⇥ XiÜá

βX
ΩΩi á H XiÖ Ü áP

X
i (1) 

ln wi à βT
0 á βT

S Si á βT
S;TÖSi ⇥ TiÜ á βT

AFQTAFQTiá

βT
AFQT;TÖAFQTi

⇥ TiÜáβT
BlackBlacki á βT

Black;TÖBlacki ⇥ TiÜá

βT
ΩΩi á H TiÖ Ü áP

T
i (2) 

where wi denotes the hourly wage of individual i, Si 
indicates the years of schooling, AFQTi denotes 
individual AFQT score, Blacki is a dummy variable 
on race, and Ωi is a vector of demographic variables 
and other controls. In all of our specifications, we 
control for urban residence, dummies for region of 
residence, and year-fixed effects. The variables Xi 
and Ti measure time, and HÖ�Ü is a polynomial in 
time. Time is measured in months in our sample, 
and we divide the interaction of any variable with 
time measure by 120; thus, the coefficients on 
interaction terms measure the change in wage dur-
ing a 10-year period. In the empirical analysis 
below, we follow the literature and assume the 
effects of AFQT and Black on log wages to vary 
linearly with time to simplify the interpretation of 
these coefficients.

Our discussions from last section suggest that 
the coefficient βT

AFQT;T should be positive, and 
βT

AFQT;T should be significantly larger than 
βX

AFQT;X. Under statistical discrimination, βT
Black � 0 

and βT
Black;T ! 0 when learning is asymmetric.

IV. Data

The empirical analysis is based on the 2008 release 
of NLSY79, a nationally representative sample of 
12,686 young men and women who were 

6In general, learning is nonlinear in time, which implies that the effects of AFQT score and race should also vary nonlinearly with time. For simplicity, however, 
we follow the literature and assume the relationships between log wage, AFQT score, and race to be linear in time.:
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14–22 years old when they were first surveyed in 
1979. These individuals were interviewed annually 
until 1994 and on a biennial basis thereafter. The 
dataset contains detailed information on family 
background, academic performance, and labour 
market outcomes of a cohort of young workers; 
moreover, the weekly work history data provide 
information to construct accurate measures of 
actual work experience and job tenure.

The empirical analysis is restricted to black and 
white male workers who have completed at least 8 
years of education; thus, we use the same restric-
tion as in AP. We only analyse labour market 
observations after a person makes school-to-work 
transition. An individual is considered to have 
entered the labour market when he leaves school 
for the first time. Following the criteria used by 
Arcidiacono, Bayer, and Hizmo (2010), military 
jobs, self-employed jobs, jobs at home, and jobs 
without pay are excluded from the construction 
of experience and from the analysis because we 
want to focus our analysis on civilian employees.

We derive individual monthly employment sta-
tus by using work histories, which contain each 
respondent’s week-by-week labour force status 
since January 1978. An individual is considered 
employed in a given month and accumulates 1 
month of work experience or tenure if he works 
at least 10 hours per week for at least 3 weeks, or 
during the last 2 weeks of the month. Otherwise, an 
individual is classified as nonemployed. The work 
history information is employer- 
based; thus, a ‘job’ should be understood as an 
uninterrupted employment spell with an employer. 
We link all jobs across survey years and build 
a complete employment history for each respon-
dent in the sample. Multiple jobs held contempor-
aneously are treated as a new job, with an 
associated wage equal to the average wage weighted 
by hours on each job, and working hours equal to 
the sum of working hours on the different jobs. 
Tenure on a job is completed when an individual 

makes a job-to-job transition or when she is back in 
non-employment. Job tenure is the number of 
months between the start of a job and either the 
date the job ends or the interview date. Actual work 
experience is the sum of tenure for all jobs.7 

Potential work experience is defined as months 
since the respondent first left school.

The wage measure that we use is the hourly rate 
of pay on each job, provided in the work history 
file. Nominal wages are deflated to real hourly 
wages in 1990 dollars by using the monthly CPI 
released by the BLS. We exclude observations with 
real wages less than 1 USD or more than 100 USD 
per hour. We use the AFQT as our proxy correlate 
of productivity. To eliminate age effects, we stan-
dardize the AFQT score to have a mean zero and 
standard deviation one for each three-month age 
cohort. We use data from the main cross-sectional 
sample of the NLSY79 and the supplementary sam-
ple, which oversamples blacks and disadvantaged 
whites.8 The total remaining sample consists of 
2,592 whites and 1,133 blacks with 317,988 
monthly observations. We also consider in the 
analysis two education samples: white or black 
men who have completed at least 16 years of edu-
cation (college graduates sample) or less than 
16 years of education (non-college graduates 
sample).9

Table 1 presents the summary statistics for the 
main variables in our sample by race and education 
level. The average AFQT score of black workers is 
about one standard deviation lower than that of 
white workers. The influential paper by Neal and 
Johnson (1996) finds that the AFQT scores can 
explain most of the black-white wage gap, and 
they interpret the test score differences as racial 
differences in pre-market discrimination, possibly 
in the form of residential segregation or differences 
in school quality. Others, such as Rodgers and 
Spriggs (2002), interpret the test score differences 
as a racial bias in the AFQT.10 In this study, we 
follow the literature on employer learning and 

7In AP, actual experience is defined as the weeks worked divided by 50. Our measure is very close to theirs and more compatible with our tenure measure.
8All statistics in this study are unweighted. Using sampling weights does not change the qualitative results.
9Considering high school dropouts and workers with some college education but without a college degree behave similarly to high school graduates, we 

bundle them into a sample of workers with no college degree.
10Some believe that all cognitive tests including AFQT are racially biased. Jencks and Phillips (2011) provide a detailed discussion on a number of possible 

sources of racial bias in testing. For example, these tests claim to measure either intelligence or aptitude, yet they really measure developed rather than 
innate abilities. In addition, these tests may contain questions that favour one group over another. If blacks and whites are exposed to different language and 
culture or they are taught differently, then a test given in ‘white English’ or in the contest of white culture would underestimate black children’s skills and vice 
versa.

APPLIED ECONOMICS 5



statistical discrimination and assume that AFQT 
score is a proxy correlate of productivity. While 
keeping in mind that AFQT scores may be racially 
biased, we assume that AFQT score is positively 
correlated with productivity conditional on race. 
Table 1 shows that the racial gap in test score 
persists even if we control for education. Black 
workers generally earn lower wages and accumu-
late less job tenure than white workers. Potential 
employers have strong incentives to statistically 
discriminate on the basis of race if AFQT is per-
ceived as a good measure of skill. In the next sec-
tion, we carry out the empirical analysis to examine 
this issue in detail.

In Table 2, we compare the results by using 
different samples. We report for convenienence in 
column (1) the results from AP’s Table 1, panel 1, 
column 4. Despite the differences, the main 

qualitative results from AP are confirmed. The 
coefficient on education is positive and significant 
initially and falls over time. The coefficients on 
AFQT and AFQT–experience interaction imply 
that the impact of AFQT score on log wages rises 
as workers accumulate experience. That is, employ-
ers learn about workers’ productivity over time, so 
the weight they put on the hard-to-observe corre-
late of productivity, AFQT, increases. The coeffi-
cient on Black is small and not significant at the 
time of initial hire, but it becomes significantly 
negative over time. Given that the racial wage gap 
is initially not statistically different from zero, AP 
conclude the lack of statistical discrimination on 
the basis of race.

The specification in column (2) uses data from 
the same time period (interview years 1979–1992), 
but with some differences in sample construction 

Table 1. Summary Statistics by Race.
Whites Blacks

All � College � College All � College � College
AFQT 0.501 0.201 1.345 −0.571 −0.726 0.482

(0.957) (0.885) (0.568) (0.796) (0.649) (0.897)
Education (yrs) 13.35 12.14 16.74 12.69 12.12 16.60

(2.39) (1.31) (1.19) (2.00) (1.35) (1.06)
Hourly wage 12.91 11.10 17.99 10.15 9.23 16.41

(8.14) (5.89) (10.97) (6.14) (4.98) (8.96)
Experience:
Potential 131.41 135.07 122.12 145.37 147.71 129.46

(84.51) (86.20) (78.66) (85.76) (86.50) (78.73)
Actual 110.54 111.97 106.52 111.15 111.28 110.25

(76.05) (77.50) (71.68) (73.17) (73.66) (69.76)
Job tenure 46.94 45.98 49.63 40.90 40.17 45.92

(48.42) (48.29) (48.70) (43.30) (42.76) (46.50)
Individuals 2,592 1,906 686 1,133 987 146
Observations 224,304 165,480 58,824 93,684 81,660 12,024

Notes: Standard deviations are in parentheses. Education is measured in years, real hourly wages in 1990 dollars, and experience in months. Potential 
experience is months since left school.

Table 2. Sample Comparisons.
Time 1979–1992 1979–1992 1979–2008 1979–2008

(1) (2) (3) (4)
Education 0.079⇤⇤⇤ 0.088⇤⇤⇤ 0.071⇤⇤⇤ 0.080⇤⇤⇤

(0.015) (0.007) (0.006) (0.006)
Education ⇥ experience/120 −0.019 −0.035⇤⇤⇤ −0.002 −0.018⇤

(0.013) (0.009) (0.004) (0.007)
AFQT 0.022 0.035⇤ 0.057⇤⇤⇤ 0.036⇤⇤

(0.042) (0.014) (0.012) (0.013)
AFQT ⇥ experience/120 0.052 0.069⇤⇤⇤ 0.037⇤⇤⇤ 0.071⇤⇤⇤

(0.034) (0.018) (0.009) (0.014)
Black −0.057 −0.030 −0.037 −0.039

(0.072) (0.026) (0.022) (0.025)
Black ⇥ experience/120 −0.083 −0.084⇤⇤ −0.053⇤⇤⇤ −0.053⇤

(0.058) (0.031) (0.015) (0.026)
R2 0.287 0.273 0.346 0.322
No. of Observations 21,058 177,288 317,988 212,640

Notes: Column (1) is reproduced from AP’s Table 1, Panel 1, Column 4. In columns (2)-(4), the experience measure is months since left 
school for the first time. All specifications control for year effects, urban residence, region of residence, experience, and experience 
squared. The numbers in parentheses are White/Huber standard errors that account for multiple observations per person. ⇤p� 0:05;
⇤⇤p� 0:01; ⇤⇤⇤p� 0:001.
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that we adopt in our analysis. First, we use monthly 
data instead of annual data. Second, we measure 
potential experience as time since first left school 
instead of age minus years of schooling minus 6. 
Column (3) reports analogous results by using our 
full sample, the 1979–2008 waves of NLSY79. We 
obtain qualitatively similar results, but AFQT and 
Black now have flatter profiles with experience and 
the returns to AFQT are greater initially. The dif-
ference in the time paths of AFQT and Black is 
likely driven by a non-linear employer learning 
process. To further compare our sample with the 
AP sample, in column (4), we restrict our sample to 
potential experience level less than or equal to 
168 months, which are the maximum months of 
potential experience in the AP sample. This restric-
tion restores the lower initial AFQT effect and its 
steeper profile over time.11 We use our full sample 
(column 3) for the rest of our analyses.

V. Results

An important finding in employer learning litera-
ture is that the employer learning process may vary 
across different educational groups. 

Arcidiacono, Bayer, and Hizmo (2010) find that 
a college degree helps workers directly reveal key 
aspects of their productivity; thus, employer learn-
ing is more important for high school graduates. 
They argue that if all education levels are pooled in 
wage regressions, then the estimates can be biased 
and the results may be misinterpreted. Based on 
their results, we split our sample into college grad-
uates and non-college graduates; that is, a person 
who has completed at least 16 years of education is 
considered a college graduate and otherwise a non- 
college graduate.12 We use these two samples from 
the 1979–2008 waves of NLSY79 to test the main 
predictions of our learning-based statistical discri-
mination model.

Our empirical analysis has two main focal 
points. First, to distinguish between symmetric 
and asymmetric employer learning, we examine 
the initial coefficients on AFQT and their interac-
tion terms with time when experience and tenure 
are used as two separate time measures in log wage 
Equations (1) and (2). Second, we investigate how 
the racial wage gap varies over time to examine 
whether or not employers statistically discriminate 
against black workers. If employers hold racial 
prejudice, then our learning-based statistical dis-
crimination model predicts a large initial racial 
wage gap because employers base payments on 
race and a narrowing racial gap over time as the 
employers accumulate additional information on 
true productivity.

In the first two columns of Table 3, we report 
estimates of the wage regressions using the non- 
college graduate sample. If employer learning is 
symmetric, then learning takes place over general 
work experience. The specification in column (1) 
estimates Equation (1) with actual work experience 
in months as the experience measure. We use 
actual work experience because it is a more accu-
rate measure of workers’ labour market experience 
than potential experience and the construction of 
actual experience and tenure are more consistent 
with each other. In the specification reported in 
column (2), we use tenure as time measure. The 

Table 3. Effects of AFQT and Race on Log Wages over Experience 
and Tenure.

Non-College Graduates College Graduates
(1) (2) (3) (4)

AFQT 0.051⇤⇤⇤ 0.054⇤⇤⇤ 0.123⇤⇤⇤ 0.156⇤⇤⇤

(0.012) (0.010) (0.026) (0.024)
AFQT⇥ experience/120 0.036⇤⇤⇤ 0.038

(0.011) (0.024)
AFQT⇥ tenure/120 0.065⇤⇤⇤ −0.036

(0.018) (0.041)
Black −0.046⇤ −0.127⇤⇤⇤ 0.138⇤⇤ 0.104⇤

(0.021) (0.019) (0.047) (0.046)
Black⇥ experience/120 −0.042⇤ −0.091⇤

(0.020) (0.038)
Black⇥ tenure/120 0.049 −0.155⇤

(0.037) (0.077)
R2 0.258 0.253 0.268 0.262
No. of observations 247,140 247,140 70,848 70,848

Notes: the experience measure is actual work experience in months. All 
specifications control for years of education, year effects, urban residence, 
and region of residence. Specifications with experience also control for 
a quadratic term in actual experience and education interacted with 
experience, and specifications with tenure control for a quadratic term in 
tenure and education interacted with tenure. The numbers in parentheses 
are White/Huber standard errors that account for multiple observations 
per person. ⇤ p� 0:05; ⇤⇤ p� 0:01; ⇤⇤⇤ p� 0:001.

11When the sample is restricted to those with potential experience less than or equal to 168 months, 31.4% of the white observations and 37.2% of the black 
observations in our full sample are excluded. Not surprisingly, individuals in the restricted sample are younger, with much shorter labour market experience 
and job tenure. They also have slightly higher years of schooling and average AFQT score and lower hourly wage compared to those in the full sample.

12Arcidiacono, Bayer, and Hizmo (2010) restrict their sample to white or black men who have exactly a high school or a college degree with 12 or 16 years of 
education. If we restrict our college sample to those with 16 years of education and our high school sample to those with 12 years of education, then the 
empirical results are very similar to those we find below.

APPLIED ECONOMICS 7



coefficients on AFQT and AFQT interacted with 
experience or tenure are all positive and significant, 
suggesting that productivity may be partially 
observed to employers at the time of initial hire 
and that employers learn about non-college work-
ers’ productivity over time as they acquire new 
information. The positive and significant AFQT- 
experience and AFQT-tenure interaction terms are 
consistent with the prediction of the employer 
learning model.

If employer learning is asymmetric, then learn-
ing takes place mostly on job tenure as outside 
firms have limited information regarding 
a worker’s productivity. The coefficient on the 
AFQT-tenure interaction in specification (2) is 
greater than the estimated coefficient on AFQT- 
experience interaction in specification (1), with 
a P-value of 0.071. Overall, this evidence indicates 
that employers learn over time about workers 
skills, learning re-starts at the beginning of each 
new job, and the speed of learning is faster over job 
tenure.

Turning to the analysis of racial differences, we 
find that at the time of initial entry into the labour 
market for non-college graduates and in contrast to 
the results from AP, black workers earn less than 

white workers with the same AFQT score in both 
specifications, supporting the hypothesis that 
employers have limited information about the pro-
ductivity of new workers and statistically discrimi-
nate on the basis of race.13 Although employer 
learning makes wages more correlated with skill 
over time, we do not find a strong evidence that 
the racial wage gap (conditional on measured skill) 
decreases over time: that is, the coefficients of race 
interacted with tenure or experience are either 
insignificant or negative.

In the last two columns of Table 3, we report the 
corresponding regression results for college gradu-
ates. The coefficients on AFQT are large and sta-
tistically significant but the coefficients on AFQT 
interacted with time are insignificant and relatively 
small in both specifications. These results are 
robust when we use actual experience and job 
tenure as alternative time measures as in columns 
(3) and (4). The time trend of the returns to AFQT 
shows substantial returns to AFQT for college 
graduate workers immediately after they take 
a new job. A one standard deviation increase in 
AFQT is associated with between 12.3% and 15.6% 
increase in wages. Moreover, the returns to AFQT 
are not affected by experience or tenure. Following 

Table 4. Effects of AFQT on Log Wages over Experience and Tenure by Race.
Non-College Graduates College Graduates

(1) (2) (3) (4)

Panel A. White
AFQT 0.041** 0.040*** 0.108*** 0.135***

(0.013) (0.012) (0.033) (0.030)
AFQT ⇥ experience/120 0.031** 0.037

(0.011) (0.032)
AFQT ⇥ tenure/120 0.068** −0.047

(0.021) (0.052)
R2 0.249 0.238 0.267 0.264
No. of observations 165,480 165,480 58,824 58,824

Panel B. Black
AFQT 0.095*** 0.093*** 0.147*** 0.192***

(0.028) (0.021) (0.038) (0.040)
AFQT ⇥ experience/120 0.043 0.038

(0.032) (0.034)
AFQT ⇥ tenure/120 0.092* −0.016

(0.037) (0.051)
R2 0.217 0.224 0.294 0.289
No. of observations 81,660 81,660 12,024 12,024

Notes: the experience measure is actual work experience in months. All specifications control for years of education, year effects, 
urban residence, and region of residence. Specifications with experience also control for a quadratic term in actual experience and 
education interacted with experience, and specifications with tenure control for a quadratic term in tenure and education interacted 
with tenure. The numbers in parentheses are White/Huber standard errors that account for multiple observations per person. ⇤

p� 0:05; ⇤⇤ p� 0:01; ⇤⇤⇤ p� 0:001.

13AP find little evidence on statistical discrimination on the basis of race and argue that statistical discrimination plays a relatively unimportant role in the racial 
wage gap. When we pool the education groups, we also find limited evidence on racial statistical discrimination. Mansour (2012) confirms AP’s finding, but 
his empirical results imply that the pattern might differ across occupations.
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the interpretation by Arcidiacono, Bayer, and 
Hizmo (2010), the estimated AFQT-time profiles 
suggest that employers have accurate information 
about the productivity of newly hired college grad-
uate workers and learn very little additional infor-
mation over time.

In contrast to non-college graduates, college- 
educated black workers earn higher wage than 
their white counterparts when they start a job, but 
this black wage premium declines over time.14 

Arcidiacono, Bayer, and Hizmo (2010) argue that 
information contained on the resumes of college 
graduates, such as grades, majors, and college 
attended, help college-educated workers to directly 
reveal their productivity to their employers. 
Therefore, in the market for college graduate work-
ers, employers have less incentives to statistically 
discriminate against black workers because they 
can assess workers’ productivity more accurately at 
the time of initial hire. One plausible explanation for 
the black wage premium among college graduates is 
that black college workers are more motivated and 
productive than their white counterparts. If the 
AFQT and other tests, such as SAT, are racially 
biased, then blacks will have higher productivity 
than whites conditional on the test scores.15 The 
diminishing black wage premium over time among 
high-skilled workers indicates that black workers 
may still suffer from racial prejudice in opportunities 
for promotion or on-the-job training over their 
careers despite the lack of statistical discrimination 
at hiring.

In Table 4, we examine whether learning asym-
metry between current and outside employers may 
differ for white and black workers. We estimate 
specifications (1) and (2) separately for white and 
black workers, excluding the black dummies and 
the black interaction terms. The first two columns 
of Panel A present the wage regression estimates 
for white non-college graduates. The coefficient on 
the AFQT-tenure interaction is greater than the 
coefficient on the AFQT-experience interaction. 
The difference is statistically significant, with 

a P-value of 0.036. Similarly, the first two columns 
of Panel B present the estimates for black non- 
college graduates. We also find that the coefficient 
on the AFQT-tenure interaction is greater than the 
coefficient on the AFQT-experience interaction, 
with a P-value of 0.155. Therefore, we confirm 
that employers learn over time about workers’ skills 
in the market for non-college workers and the 
speed of learning is faster over job tenure for both 
races. The last two columns of Table 4 report the 
regression results for college graduates by race. For 
both white and black workers, the coefficients on 
AFQT are large and statistically significant and the 
coefficients on AFQT interacted with experience or 
tenure are small and statistically insignificant. In 
the market for college workers, employer learning 
pattern is also similar for white and black 
workers.16

We conclude that employer learning mainly 
occurs with non-college graduate workers. 
Productivity is observed nearly perfectly for work-
ers with a college degree at hiring; thus, limited 
scope is left for employer learning.

VI. Additional results

Instrumental Variables (IV) Estimates

In specification (1), actual experience is determined 
by workers’ employment decision, which may be 
correlated with individual productivity. This unob-
served heterogeneity across individuals may pro-
duce inconsistent estimates of the effect of 
experience on wages and the speed of employer 
learning over experience. In addition, actual 
experience may be used by employers as 
a measure of quality (it is an indicator of the inten-
sity of worker effort). Considering these potential 
endogeneity concerns, in column (1) of Table 5, we 
present the results from an instrumental variable 
(IV) specification, where actual experience is 
instrumented with potential experience for non- 
college graduates.

14The existence of a substantial black wage premium for college graduates is a robust feature of the U.S. labour market. Neal and Johnson (1996) find that the 
racial wage gap for males declines with the skill level, and a similar finding is also reported in Lang and Manove (2011).

15As argued by Arcidiacono (2005), affirmative action in the workplace may also account for the initial black wage premium. Black workers earn more because 
the number of blacks with a college of degree is small, yet employers value diversity in the workplace.

16When we compare the corresponding coefficient estimates for white and black workers in each specification, we find that the coefficients on AFQT are greater 
for black non-college workers than those for white non-college workers. All other coefficients are not statistically different between white and black workers 
in Table 4.
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In Table 3, we also treat tenure as exogenous. 
However, tenure depends on quit and layoff deci-
sions and may be correlated with characteristics of 
workers and job matches. These characteristics are 
likely to be related to worker productivity and how 
fast employers learn productivity. Therefore, we 
report in column (2) of Table 5 the results from 
an IV specification for non-college graduates. We 
use the variation of tenure over a given job match, 
following Altonji and Shakotko (1987), along with 
potential experience as instruments for job tenure. 
Specifically, our instruments are the deviations of 
the job tenure variables around their means for the 
sample observations on a given job match. This 
variable is by construction uncorrelated with indi-
vidual and job specific unobserved components. 
Similarly, in columns (3) and (4) of Table 5, we 
report the corresponding IV estimates for college 
graduates where actual experience and job tenure 
are instrumented.

Overall, the IV estimates are very similar to the 
OLS estimates. The coefficients on AFQT and 
AFQT interacted with experience or tenure are all 
positive and significant, and the coefficient on the 
AFQT-tenure interaction is greater than the one on 
the AFQT-experience interaction for non-college 
graduates. This is consistent with asymmetric 
employer learning. The IV estimates also show 
that non-college black workers earn significantly 
less than white workers with the same AFQT, pro-
viding evidence on statistical discrimination on the 
basis of race. For college graduates, the estimated 
effects of AFQT and race on log wages by using IV 
specifications reported in Table 5 are also very close 
to those reported in Table 3. Therefore, our results 
are not driven by the potential endogeneity in work 
experience or job tenure.

Non-Purely Asymmetric Learning

As a robustness check and to examine the possibi-
lity that employer learning is not purely asym-
metric, we analyse how AFQT varies with 
experience and tenure when both are included in 
the regression model.17 If learning is symmetric, 
then the coefficient on AFQT-tenure interaction 

should be zero because employer learning takes 
place over general experience. If learning is purely 
asymmetric, then outside firms are completely 
excluded from the learning process. We should 
only observe learning over tenure; thus, AFQT- 
experience interaction should be zero. Otherwise, 
if learning is not purely asymmetric, then some 
productivity information is revealed to outside 
firms but more information is available to current 

Table 6. Testing for Non-purely Asymmetric Learning for Non- 
College Graduates.

(1) (2)
AFQT 0.054⇤⇤⇤ 0.046⇤⇤⇤

(0.010) (0.012)
AFQT⇥ experience/120 0.018

(0.013)
AFQT⇥ tenure/120 0.065⇤⇤⇤ 0.050⇤

(0.018) (0.022)
Black −0.127⇤⇤⇤ −0.059⇤⇤

(0.019) (0.021)
Black⇥ experience/120 −0.065⇤⇤

(0.023)
Black⇥ tenure/120 0.049 0.097⇤

(0.037) (0.043)
R2 0.253 0.277
No. of observations 247,140 247,140

Notes: the experience measure is actual work experience in months. All 
specifications control for years of education, year effects, urban residence, 
and region of residence. Specifications with experience also control for 
a quadratic term in actual experience and education interacted with 
experience, and specifications with tenure control for a quadratic term in 
tenure and education interacted with tenure. The numbers in parentheses 
are White/Huber standard errors that account for multiple observations 
per person. ⇤ p� 0:05; ⇤⇤ p� 0:01; ⇤⇤⇤ p� 0:001.

Table 5. Effects of AFQT and Race on Log Wages: IV Estimates.
Non-College Graduates College Graduates

(1) (2) (3) (4)
AFQT 0.037⇤⇤ 0.053⇤⇤⇤ 0.119⇤⇤⇤ 0.133⇤⇤⇤

(0.013) (0.011) (0.027) (0.022)
AFQT⇥ experience/120 0.052⇤⇤⇤ 0.038

(0.011) (0.025)
AFQT⇥ tenure/120 0.067⇤⇤⇤ 0.025

(0.015) (0.032)
Black −0.055⇤ −0.098⇤⇤⇤ 0.163⇤⇤ 0.104⇤

(0.023) (0.019) (0.051) (0.043)
Black⇥ experience/120 −0.042 −0.129⇤⇤

(0.023) (0.046)
Black⇥ tenure/120 −0.042 −0.159⇤⇤

(0.025) (0.053)
R2 0.253 0.251 0.257 0.261
No. of observations 247,140 247,140 70,848 70,848

Notes: the experience measure is actual work experience in months. All 
specifications control for years of education, year effects, urban residence, 
and region of residence. Specifications with experience also control for 
a quadratic term in actual experience and education interacted with 
experience, and specifications with tenure control for a quadratic term in 
tenure and education interacted with tenure. The numbers in parentheses 
are White/Huber standard errors that account for multiple observations 
per person. ⇤ p� 0:05; ⇤⇤ p� 0:01; ⇤⇤⇤ p� 0:001.

17Using a sample of white males from 1979–2001 waves of NLSY79, Schönberg (2007) examines whether employer learning is symmetric or non-purely 
asymmetric by analysing how education and AFQT vary with experience and tenure when both are included in the wage regression.
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firms; thus, both AFQT-experience and AFQT- 
tenure interactions should have non-zero coeffi-
cients. We specify the following wage regression 
that includes both experience and tenure interac-
tion terms for non-college graduates.

ln wi à β0 á βSSi á βS;XÖSi ⇥ XiÜ á βS;TÖSi ⇥ TiÜ
áβAFQTAFQTi á βAFQT;XÖAFQTi ⇥ XiÜ
áβAFQT;TÖAFQTi ⇥ XiÜ
áβBlackBlacki á βBlack;XÖBlacki ⇥ XiÜ
á βBlack;TÖBlacki ⇥ TiÜ á βΩΩi áH XiÖ Ü
áPi

(3) 

The main coefficients of interest are βAFQT;X, the 
coefficient on AFQT-experience interaction term, 
and βBlack;X, the coefficient on Black-experience 
interaction term. Purely asymmetric learning pre-
dicts that βAFQT;X and βBlack;X should be equal to 
zero, and non-purely asymmetric learning indicates 
non-zero coefficients on experience interaction 
terms.

We report the estimates of Equations (3) in col-
umn (2) of Table 6 for non-college graduates con-
sidering that our previous results indicate limited 
scope for employer learning in the market for college 
graduates. For ease of comparison, we present in 
column (1) the results from column (2) of Table 3. 
When both tenure and experience interactions are 
included as regressors, the coefficient on the AFQT- 
experience interaction term is not statistically differ-
ent from zero, whereas the coefficient on the AFQT- 
tenure interaction remains significant, providing 
empirical evidence in favour of purely asymmetric 
learning. This finding suggests that outside firms 
have limited access to information about workers’ 
productivity as measured by AFQT over time.

When both black-tenure and black-experience 
interaction terms are included in the wage 
Equations (3), the initial negative black coefficient 
becomes smaller (in absolute value) but remains 
statistically significant. The significantly positive 
coefficient on the black-tenure interaction indicates 
that current firm learns about black workers’ 

productivity over time and rely less on the race 
information to infer their productivity. The signif-
icantly negative coefficient on black-experience 
interaction is consistent with outside firms not 
learning about black workers’ true productivity 
over time. Black workers without a college degree 
appear to be more discriminated on jobs requiring 
more work experience. These results provide sup-
porting evidence for the assumption of purely 
asymmetric learning for non-college-educated 
workers.

Occupation and Industry

Workers of different demographic characteristics 
and skills sort themselves into different sectors in 
the labour market (Heckman and Sedlacek (1985)). 
If black and white workers sort themselves into jobs 
that require different skill levels or sectors that pay 
different wages, then the observed wage differences 
may be due to factors different from those implied 
by the learning-based statistical discrimination 
model. One alternative explanation is that black 
workers are more likely to be hired into jobs and 
sectors that pay lower wages at the start of their 
career and to be trapped in such jobs. The initial 
job assignments and sector allocations could influ-
ence the menu of workers’ career paths. The evi-
dence of statistical discrimination could be due to 
differential job sorting by black and white workers.18

To test the possibility that racial wage gap is 
driven by blacks and whites being sorted into jobs 
of different skill levels, we add initial occupation to 
Equations (1) and (2) as an additional control and 
repeat the empirical analysis separately for non- 
college graduates and college graduates.19 The 
regression results are presented in Table 7. In the 
non-college market (columns (1) and (2)), we find 
evidence of asymmetric employer learning and sta-
tistical discrimination even after controlling for the 
initial occupations of black and white workers. 
Wages become more correlated with AFQT over 
time, and employer learning is faster over job tenure 
than over actual experience. The Black coefficient is 

18Racial differences in the initial job assignments and sector allocations could also be an outcome of discrimination, which will strengthen our results.
19We distinguish seven occupations: professional workers, managers, sales workers, clerical workers, craftsman and operatives, agricultural labours, and service 

workers.
20The results shown in Table 7 provide evidence for race-based statistical discrimination within occupations. Mansour (2012) finds a substantial variation in the 

time path of black coefficients across occupations. Therefore, the extent of racial statistical discrimination may vary across occupations.
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initially negative and significant and rises (but insig-
nificantly) with tenure, providing evidence that our 
main results cannot be attributed to differences in 
occupation sorting of different racial groups. 
Including the initial occupation in the regressions 

also does not alter the results for college graduates 
presented in columns (3) and (4). College-educated 
blacks earn an initial wage premium conditional on 
their AFQT and initial occupation.20

We also explore the role of sector allocation by 
examining the effect of initial industry on the 
observed racial wage gap.21 We repeat the empiri-
cal analysis for the two educational groups of inter-
est with initial industry included as a control and 
present the results in Table 8. The results resemble 
those without the inclusion of initial industry in 
Table 3. We also control for initial occupation and 
industry simultaneously (results not presented but 
available from the authors), and the main results 
are not affected. Therefore, the racial wage gap 
cannot be explained by the variations in workers’ 
initial occupation or industry.22

VII. Conclusion

In this paper, we combine elements of employer 
learning and statistical discrimination theories to 
empirically examine whether employers statistically 
discriminate against black workers at time of hiring 
under different scenarios of employer learning.

Our estimation results show that non-college 
graduates and college graduates are associated 
with different patterns of employer learning. At 
the time of initial hire, employers have to rely 
on some easily observable characteristics to esti-
mate the productivity of non-college graduates, 
and they gradually update their expectations as 
they acquire additional information. The time 
paths of racial wage gap in the non-college 
market indicate that employers use race as 
information to infer workers’ productivity and 
black workers are statistically discriminated. We 
find that learning correlates more with tenure 
than with experience. This finding supports the 
hypothesis that learning is asymmetric in the 
non-college labour market. Among college grad-
uates, we do not find evidence that black work-
ers are statistically discriminated.

Table 8. Estimates Controlling for Initial Industry.
Non-College Graduates College Graduates
(1) (2) (3) (4)

AFQT 0.042⇤⇤ 0.042⇤⇤⇤ 0.108⇤⇤⇤ 0.150⇤⇤⇤

(0.013) (0.012) (0.026) (0.025)
AFQT⇥ experience/120 0.036⇤⇤⇤ 0.042

(0.011) (0.024)
AFQT⇥ tenure/120 0.068⇤⇤⇤ −0.052

(0.020) (0.043)
Black −0.072⇤⇤ −0.146⇤⇤⇤ 0.124⇤⇤ 0.101⇤

(0.024) (0.023) (0.047) (0.047)
Black⇥ experience/120 −0.036 −0.097⇤

(0.020) (0.040)
Black⇥ tenure/120 0.057 −0.201⇤⇤

(0.041) (0.077)
Initial industry Yes Yes Yes Yes
R2 0.286 0.281 0.317 0.305
No. of observations 189,120 189,120 65,376 65,376

Notes: the experience measure is actual work experience in months. All 
specifications control for years of education, year effects, urban residence, 
and region of residence. Specifications with experience also control for 
a quadratic term in actual experience and education interacted with 
experience, and specifications with tenure control for a quadratic term in 
tenure and education interacted with tenure. The numbers in parentheses 
are White/Huber standard errors that account for multiple observations 
per person. ⇤ p� 0:05; ⇤⇤ p� 0:01; ⇤⇤⇤ p� 0:001.

Table 7. Estimates Controlling for Initial Occupation.
Non-College Graduates College Graduates
(1) (2) (3) (4)

AFQT 0.034⇤⇤ 0.033⇤⇤ 0.091⇤⇤⇤ 0.141⇤⇤⇤

(0.013) (0.012) (0.027) (0.025)
AFQT⇥ experience/120 0.038⇤⇤⇤ 0.040

(0.011) (0.024)
AFQT⇥ tenure/120 0.075⇤⇤⇤ −0.076

(0.020) (0.041)
Black −0.066⇤⇤ −0.140⇤⇤⇤ 0.133⇤⇤ 0.105⇤

(0.025) (0.023) (0.048) (0.047)
Black⇥ experience/120 −0.033 −0.109⇤⇤

(0.021) (0.040)
Black⇥ tenure/120 0.067 −0.221⇤⇤

(0.041) (0.075)
Initial occupation Yes Yes Yes Yes
R2 0.276 0.271 0.318 0.310
No. of observations 189,120 189,120 65,376 65,376

Notes: the experience measure is actual work experience in months. All 
specifications control for years of education, year effects, urban residence, 
and region of residence. Specifications with experience also control for 
a quadratic term in actual experience and education interacted with 
experience, and specifications with tenure control for a quadratic term in 
tenure and education interacted with tenure. The numbers in parentheses 
are White/Huber standard errors that account for multiple observations 
per person. ⇤ p� 0:05; ⇤⇤ p� 0:01; ⇤⇤⇤ p� 0:001.

21We distinguish twelve industries: agriculture; mining; construction; manufacturing; transportation, communication, and utilities; wholesale and retail trade; 
finance, insurance, and real estate; business and repair services; personnel services; entertainment and recreation services; professional and related services; 
and public administration.

22Tables 7 and 8 present the OLS estimates of the wage regressions. Results from the IV estimates treating actual experience or job tenure as endogenous are 
similar and available upon request.

23See e.g., Aigner and Cain (1977), Lundberg and Startz (1983), Cornell and Welch (1996), and Lang (1986).
24Flabbi et al. (2016) provide empirical support to the hypothesis that signal quality differs by gender.
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Many statistical discrimination models are built 
on the assumption that the signal of productivity 
employers receive from black workers is less reli-
able than that from white workers at the time of 
initial hire.23 Pinkston (2006) applies the frame-
work of employer learning to test this hypothesis, 
and his estimation results provide evidence sup-
porting this view.24 An interesting topic for future 
research is to relax the assumption of equally infor-
mative signals from different racial groups and 
investigate its effect on employer learning and sta-
tistical discrimination.

Finally, our paper, as all of the related literature, 
is not designed to measure to what extent the 
persistent racial wage differences are due to statis-
tical versus ‘taste-based’ discrimination (in the 
sense of Becker (1971)).25 Disentangling the differ-
ent sources of group inequality remains an impor-
tant topic for future research.
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Appendix: Theoretical Framework
Extending the Farber and Gibbons (1996)-Altonji and 

Pierret (2001) model to the asymmetric employer learning 
case to study statistical discrimination is not straightforward 
for two reasons. First, Altonji and Pierret (2001)’s identifica-
tion strategy relies on employers updating continuously work-
ers’ wages based on new information arising over time. But, if 
information is private to the employer, one has to model why 
wages change. Solutions have been proposed in the literature 
cited in the introduction, but no comprehensive theory has 
emerged so far. The second reason is that one also has to 
model how and why job changes occur. In a competitive 
environment, workers that are willing to move have average 
productivity below the offer, which makes the wage offer 
unprofitable to the new employer. This may collapse the 
market for job changes by a process similar to Akerlof 
(1970)’s market for lemons.26

Our goal in this Appendix is not to present a model of the 
labour market under asymmetric information that provides 

26To support the equilibrium, for example, Greenwald (1986) assumes that some, but not all, agents separate exogenously.
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a general solution to these issues, but to highlight forces that 
we believe play a crucial role in determining wages under 
incomplete information and derive empirical implications 
that plausibly hold under less stringent assumptions. 
Therefore, we derive empirical implications from a standard 
signal extraction model following two admittedly strong 
assumptions: (i) wages are not equal to expected marginal 
product, but are equal to a fraction of the expected surplus 
that does not change with tenure.27 For example, wages could 
result from the Generalized Nash-bargaining solution of 
a cooperative game with employers and workers bargaining 
over a share of the (employers-expected) surplus. (ii) we 
assume for simplicity that separations occur exogenously for 
labour-market related reasons that are beyond the influence of 
their employers.

We start our analysis extending the standard statistical dis-
crimination model established by Phelps (1972) to include 
a time dimension to allow for employers’ learning. Firms com-
pete for workers and maximize output given wages. Workers 
care only about wages. Workers draw their productivity q from 
a normal distribution with mean μÖXÜ and variance σ2ÖXÜ, 
where X is a set of variables observed by the employer that 
correlate with productivity. In the standard statistical discrimi-
nation model, X includes group identity such as race or gender. 
Ability and wages are expressed in logarithms to guarantee that 
they have positive values in levels.

Employers initially observe a signal of productivity s0 from 
a new worker, where s0 à qáP0. After hiring, in each period 
t, they observe from the employee an additional signal 
st à qáPt . All Pt’s are independently and normally distrib-
uted with mean 0 and variance σ2

P
. The signal’s variance can 

be interpreted as a measure of the signal’s information quality 
(higher variance corresponds to poorer quality).

The analysis is started by exploring the effect of the incum-
bent employer’s learning. In each period, the employer com-
putes the worker’s expected productivity given the signals 
observed. New workers are offered expected productivity 
EÖqjs0Ü. The standard properties of the bivariate normal 
distribution28 imply that: 

EÖqjs0Ü à Ö1� αÜμÖXÜ á αs0;

α à σ2

σ2
P
á σ2 :

In this expression, expected productivity is a weighted average 
of the population average skill and the initial signal, with 
weights equal to the relative variance of the two variables. 
When the signal is perfectly informative ÖσP à 0Ü, the popu-
lation mean is ignored; when the signal is pure noise 
ÖσP à1Ü, expected ability is equal to the population’s aver-
age, conditional on observables X. With a partially informa-
tive signal, the conditional expected productivity is increasing 
in q and s0. The conditional distribution, which we denote 

with ָÖqjs0Ü is also normal, with mean equal to EÖqjs0Ü and 
variance ασ2

P
.

As the worker increases his tenure with a firm, the incum-
bent employer exploits information from multiple signals, 
providing more precise information about true productivity. 
In period 1, the firm has another signal available, s1. The 
normality of the conditional distribution is preserved, and 
its moments can be derived using the same formula: 

EÖqjs0; s1Ü à Ö1� k1ÜEÖqjs0Ü á k1s1; (4) 

with k1 à
ασ2

P

ασ2
P
á σ2

P

à α
αá 1 

kT is used to denote the weight assigned to the last signal sT in 
the computation of the expected productivity, and αT is the 
weight assigned to the average value of all signals received up 
to period T, which we denote with s. We can write the 
expected productivity in Expression (4) as a function of the 
average value of all signals received so far: 

EÖqjs0; s1Ü à Ö1� k1Ü Ö1� αÜμá αs0Ö Ü á k1s1 

à 1
αá 1

Ö1� αÜμá 1
αá 1

αÖs0 á s1Ü

à 1� α
1á α μá 2α

1á α

P
si

2
à

à 1� 2α
1á α

✓ ◆
μá 2α

1á α

P
si

2 

define α1;
2α

1á α)
✓ ◆

à Ö1� α1Üμá α1s with 

In period 2, another signal becomes available, s2; we follow 
the same steps: 

EÖqjs0; s1; s2Ü à Ö1� k2ÜEÖqjs0; s1Ü á k2s2;

with k2 à
ασ2

P

1áα
ασ2

P

1áαá σ2
P

à α
2αá 1 

à Ö1� k2ÜÖ1� α1Üμá Ö1� k2Üα1
s1 á s2

2
á k2s2 

à 1
2αá 1

Ö1� αÜμá 3α
2αá 1

s1 á s2 á s3

3 

define α2;
3α

1á 2α)
✓ ◆

à Ö1� α2Üμá α2s 

Hence, by induction, after T periods and T á 1 signals, 

EÖqjs0; s1 . . . sTÜ à Ö1� αTÜμá αT�s with αT à ÖTá1Üα
1áTα

VarÖqjs0; s1 . . . sTÜ à ασ2
P

1áTα
(5) 

27Note that even the symmetric learning model relies on final output being not contractible, which is the case for example when workers’ contribution to total 
output cannot be observed with certainty.

28See Eaton (1983).
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For the purpose of comparing workers with continuous and 
discontinuous tenure histories, note that from (5), we can 
calculate the weight the employer places on the unconditional 
mean μ :

1� αT à 1� ÖT á 1Üα
1á Tα à

1� α
1á Tα 

à σ2
P

ÖT á 1Üσ2 á σ2
P 

Note that the weight αT placed on the signals average is 
increasing in T and converges to 1. As tenure increases, the 
worker’s expected productivity gets closer to her true 
productivity.

As described at the beginning of this Appendix, we assume 
wages are a fraction of expected worker’s productivity deter-
mined by a Generalized Nash-Bargaining Solution of 
a cooperative game between employers and worker in which 
the bargaining power parameter does not change with time. 
Hence, any correlation between observables and wages can be 
determined by looking at their correlation with expected 
productivity.

Consider an econometrician observing wages and a one- 
time signal of skill r not observed by the employer, such that 
r à qáPr, Pr,NÖ0; σ2

r Ü: In the empirical section, we 
assume the AFQT to be one such signal, therefore we will 
refer to signal r as AFQT in the following discussion. We can 
compute the covariance of this signal with expected 
productivity: 

CovÖr;EÖqjs0 . . . sTÜÜ à

Cov qáPr; Ö1� αTÜμÖXÜ á αT

PT

tà0
qáPtÖ Ü

T á 1

0

BB@

1

CCA

0

BB@

1

CCA

à αTVarÖqÜ;

that is, as the number of signals increases, the expected pro-
ductivity increasingly covaries with the signal observed by the 
econometrician.

Empirical Implication 1. Under the assumptions of the 
model, in a wage regression, the interaction of workers’ tenure 
with AFQT displays a positive coefficient.

The result does not rely necessarily on assuming per-
fect competition in the labour market. For example, if 
employers and workers bargain over a share of the 
(expected) surplus, a sufficient condition for the 

implication to hold is that the bargaining power of the 
worker does not change considerably with tenure.29

Consider now workers hired by a new employer immediately 
before the beginning of period T. We assume for simplicity that 
separations occur exogenously for labour-market related rea-
sons that are beyond the influence of their employers.

The new employer collects information from the worker’s 
resume and other signals, which we summarize with a new 
signal observed by the new employer in period T labelled 
ν à qáPv, with Pν,NÖ0; σ2

νÜ. The information available to 
the new employer is at least as good as the first signal received 
by the first employer, such that σν  σP: The expected pro-
ductivity given this information is also normal: 

EÖqjνÜ à Ö1� αNÜμÖXÜ á αNν

with αN à σ2

σ2
ν á σ2

(6) 

Crucially, we allow that the information available to the new 
employer at the time of hiring is worse than the information 
available to the current employer: 

αN αT�1 , σ2
ν

⌦ ↵ σ2
P

T (7) 

The expressions are equivalent because they assume that 
the variance of the signal for the new employer is greater 
than the variance of the average signal of the incumbent. 
We believe this condition to be realistic because worker’s 
resume, job interviews, and aptitude tests cannot substi-
tute from day-to-day interactions over the workers’ 
tenure.30 If the new employer does not infer any infor-
mation from prior job history, then her signal ν carries 
the same information as any other signal available to new 
employers, or σν à σP;, implying αN à α, which is less 
than αT�1, a situation we label as purely asymmetric 
learning.

After hiring, the new employer’s expectations as the pre-
vious employer’s: the new employer extracts a signal every 
period from the same distribution as the previous employer’s 
signals and revises her posterior expectations using Bayes’ 
rule.

For example, two workers, Mary and John, have the 
same experience T. Mary has always been with the same 
employer, whereas John has worked for two employers, 
changing job after T � 1 periods, and has stayed for one 
period with the new employer. We can compare the 
expected productivities for the two workers. We use super-
script N to denote parameters related to the worker mov-
ing to a new employer: 

29Note that the model relies on final output being not contractible, which is the case for example when workers’ contribution to total output cannot be 
observed with certainty.

30In a model where outside employers bid with current employers for workers’ wages in an auction, Pinkston (2009) proves that the incumbent employer’s 
information about workers is completely revealed to the outside employer after the bidding process. For our purposes, we assume that frictions exist in the 
environment that prevent the information to be completely revealed to competing employers, or that unemployment spells prevent the bidding process to 
completely reveal the information. Potential employers could also observe wages and job history, therefore learning some of the information available to 
current employers. However, there are always other forms of compensation besides wages whose value to the worker is hard to assess for an outside 
employer.
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Mary : EÖqjs0; . . . ; sTÜ à Ö1� αTÜμá αT
PT

tà0

st
Tá1

with αT à ÖTá1Üα
1áTα

John : EÖqjν; sTÜ à Ö1� βNÜ Ö1� αNÜμá αNνÖ Ü á βNsT

with βN à αN σ2
v

αN σ2
váσ2

P

(8) 

Note that the weight placed on the conditional mean μÖXÜ in 
evaluating the expected productivity is Ö1� αTÜ for Mary and 
Ö1� βNÜÖ1� αNÜ for John.

One period after the new hire the new employers observes 
signal sT à qáP; with: 

EÖqjν; sTÜ à Ö1� βNÜ Ö1� αNÜμá αNν
� �

á βNsT 

βN à αNσ2
ν

αNσ2
ν á σ2

P 

We compute the weight the new employer places on the 
unconditional average μ :

Ö1� βNÜÖ1� αNÜ à 1� αNσ2
ν

αNσ2
ν á σ2

P

✓ ◆
1� σ2

σ2 á σ2
ν

✓ ◆

à σ2
P

αNσ2
ν á σ2

P

σ2
ν

σ2 á σ2
ν
à σ2

P

σ2

σ2áσ2
ν

σ2
ν á σ2

P

σ2
ν

σ2 á σ2
ν
à

à
σ2 á σ2

ν
� �

σ2
P

σ2σ2
ν á σ2 á σ2

ν
� �

σ2
P

σ2
ν

σ2 á σ2
ν
à σ2

νσ2
P

σ2σ2
ν á σ2 á σ2

ν
� �

σ2
P 

à σ2
P

σ2 á σ2σ2
P

σ2
ν
á σ2

P

!
σ2

P

σ2 á σ2σ2
P

σ2
P
=T á σ2

P

à σ2
P

ÖT á 1Üσ2 á σ2
P

à Ö1� αTÜ;

where the inequality follows from substituting σ2
ν with (by 

assumption in (7)) a smaller number σ2
P
=T: Therefore, 

incumbent with T signals places a smaller weight on the 
unconditional mean μ than the employer of a worker that 
switched after T � 1 periods. A similar derivation follows for 
subsequent Q periods: 

Ö1� βN
QÜÖ1� αNÜ ! Ö1� αTáQÜ

βN
Q à
ÖQá 1ÜβN

1á QβN ;

that is, additional signals improve the quality of informa-
tion for the new employer; however, the quality of infor-
mation never catches up with the information of the 
employer of a worker with same experience but uninter-
rupted tenure.

Assuming again that the econometrician has a signal of 
productivity such as the AFQT r à qáPr, we can 
compute 

Mary : Cov r;EÖqjs0; . . . sTÜÖ Ü à

Cov qáPr; Ö1� αTÜμá αT
XT

tà0

qáPt
T á 1

 !

à αTVarÖqÜ (9) 

John : Cov r; EÖqjν; sTÜÖ Ü à CovÖqáPr; Ö1� βNÜ Ö1� αNÜÖ

μá αNνÜ á βNÖqáPTÜÜà Ö1� βNÜαN á βN� �
VarÖqÜ (10) 

We have shown Ö1� βNÜÖ1� αNÜ ! 1� αT , therefore 
αT ! Ö1� βNÜαN á βN . Hence, the wages of workers with 
discontinuous work histories covary with the econometri-
cians’ signals of productivity less than workers with con-
tinuous work histories. But because tenure is always less 
than experience, we can conclude the following:

Empirical Implication 2. Consider two regressions that 
include the interactions of either tenure with AFQT or experi-
ence with AFQT, if learning is asymmetric, then the coeffi-
cient of the interaction of tenure with AFQT is positive and 
larger than the coefficient of the interaction of experience with 
AFQT.

Some workers with high experience have low tenure, 
therefore the correlation of experience with AFQT is 
lower. Note that the opposite implication would be true 
if learning is symmetric. In that case, some workers with 
low tenure have high experience. Their employers had the 
opportunity to learn more, therefore the coefficient on 
tenure should be attenuated relative to the coefficient on 
experience.

We extend the model to study its implications on sta-
tistical discrimination. The two groups of workers with 
easily recognizable traits are minority (M) and dominant 
(D) groups. Assume that μÖMÜ� μÖDÜ and that employers 
use race for labour market decisions,31 the productivity 
signals observed by the econometrician and the employer, 
such as racial identity, are accounted for by the term μÖXÜ; 
therefore variables in X will be less correlated with wages 
over time.

Empirical Implication 3. Under the assumptions of the 
model, in a wage regression including a race M dummy, if 
group M is statistically discriminated against, then the 
coefficient on such dummy is negative, but its interaction 
with tenure is positive so that the negative effect declines 
over time.

This implication would hold also using experience 
instead of tenure because experience and tenure are posi-
tively correlated. However, in the extreme case of purely 
asymmetric learning, the interaction of the race dummy 
with tenure should display stronger effects (see Table 3, 
columns 1 and 2, and Table 6, column 2).

31We focus here on the empirical implications of such behaviour ignoring its legal aspects: using race even for informational purposes is in general illegal, but 
employers may be able to do so by using other proxies for race. Ultimately, whether or not employers statistically discriminate is an empirical question.
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