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1 INTRODUCTION
The labor market experiences of Black and White workers in the United States are dramati

cally different. A firstorder difference is the welldocumented racial wage gap: The average 
hourly wage for White workers is 30 percent higher than for Black workers. This racial wage 
gap has been shown to reflect differences in both socioeconomic backgrounds and discrimina
tory practices in the labor market and has created a sizable literature across multiple disciplines. 
But differences in earnings do not exhaust the racial differences in labor market experiences. 
In this article, we consider racial gaps in workers’ occupations, that is, differences in what 

White workers in the United States earn almost 30 percent more per hour on average than Black 
workers, and this wage gap is associated with large racial differences in occupational assignments. In 
this article, we theoretically and empirically examine the BlackWhite disparity in occupations. First, 
we present a model based on Antonovics and Golan (2012) that relates occupational assignments to 
the incentives workers face while learning about their own unknown ability. Second, we document 
differences between Black and White workers in both the complexity of skills required in their initial 
occupations and the growth rates of this complexity over time. To do this, we match panel data from 
the National Longitudinal Survey of Youth 1979 with the Dictionary of Occupational Titles measures 
of occupational characteristics and find that, compared with White workers, Black workers start in 
occupations requiring lesscomplex skills, see slower growth in job complexity over time, and are 
relatively more likely to transition to jobs with lower complexity. Finally, we consider the relationship 
between our model and our empirical findings; for example, discrimination in hiring early in the 
career can have longterm consequences on the ability of Black workers to learn their best occupa
tional match and explains part of their lower wage growth. We conclude with suggestions for policy 
and future research directions. (JEL J01, J24, J31)
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White and Black workers do rather than what they earn. Even the most basic descriptive 
statistics show large differences between Black and White workers in the types of work they 
perform. For example, Black workers were 12 percent of the working population in 2016 and 
made up 26 percent of the occupation “truck and tractor operators,” while making up only 3 
percent of “chief executives.” White workers showed the opposite pattern, making up 45 per
cent of the working population in 2016 and 85 percent of chief executives.1 

Our focus on racial differences in occupations is consistent with recent work in empirical 
labor economics, which links differences in occupations and occupational mobility to workers’ 
wage growth. It is often more informative to know someone’s occupational title than their 
current wage: taking two young workers who each earn $15 an hour, the knowledge that one 
has the occupation “accountant” and the other “refrigeration mechanic” helps to make the 
(on average correct) prediction that the accountant will make significantly more than the 
mechanic 10 years later. Understanding the reasons Black and White workers take different 
occupations can provide insight into differences in wage levels and wage growth.

The primary contribution of this article is documenting and interpreting the differences 
in the relative occupational assignments of Black and White workers. In the first part of the 
study, we present an economic model to use as a framework for interpreting our empirical 
results on occupational choice, occupational turnover, and wage growth. In the second section, 
we document the racial gaps in occupational choice in representative U.S. data, looking both 
at aggregate trends in occupational choice within a worker’s career and at occupationto 
occupation transition rates. Finally, in our empirical results, we compare the predictions of 
the model to our descriptive findings and discuss the implications of the underlying economic 
mechanisms for policy and future research.

Section 2 of our article gives a framework to interpret occupational mobility across races 
as the result of different economic circumstances. Our model is a learning model following 
Antonovics and Golan (2012) that is capable of generating occupational mobility and wage 
growth across the career. For simplicity, we present analysis of a twoperiod model. Each 
period, workers choose an occupation to maximize the expected present discounted value of 
lifetime income, but occupational choice is complicated by the fact that workers do not know 
their own ability and thereby their best occupational match. Working allows a worker to learn 
about his ability over time, but different jobs give information about the worker’s skills at 
different rates.

The amount that workers learn about their skills depends on the intensity of their job. 
Different jobs require performance of tasks that require varying intensities of unobservable 
skills. The more output depends on the unobserved skills, the more information the job 
reveals about those skills. For example, workers learn more about their ability as a manager 
in management jobs. Information about skill levels may increase future earnings because it 
allows a better assignment of workers to jobs. Thus, workers experiment, forgoing expected 
currentperiod output in order to learn about their skills by taking jobs they would not take 
otherwise. Antonovics and Golan’s (2012) results show that the optimal level of experimen
tation is initially small, increases as workers gain experience, and then declines as workers 
become increasingly certain about their skills.
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Mapping the theoretical concept of “occupational intensity” to the data requires non 
standard measures, since in Censuslike data sets only the occupational title is recorded rather 
than any specific onthejob activities. To overcome this data limitation, we use data on occu
pational characteristics from the Dictionary of Occupational Titles (DOT) merged with worker 
level panel data from the National Longitudinal Survey of Youth 1979 (NLSY79). We use the 
detailed occupationlevel characteristics from the DOT to reduce the unordered list of occu
pational titles into a singledimensional index that ranks occupations by the degree to which 
output depends on skills that are difficult to observe directly, e.g., creativity. This index ranks 
occupations with respect to the dependence of output on skills that are hard to observe, which 
we call “complexity” throughout for brevity.2

In Section 3, we analyze the merged data sets and show that, as expected, the average 
White worker’s first occupation tends to be morecomplex than the average Black worker’s 
first occupation. Moreover, over a career, the average White worker’s occupational complexity 
grows faster than the average Black worker’s. Further empirical analysis considers whether 
these differences are driven by rates of occupational switching, differences in the promotion 
rates of less versus morecomplex occupations, and the role of demographic characteristics 
and education in explaining these occupational gaps.

When we look more closely at the rates of occupational switching, we find that the slower 
pattern of occupational upgrading by Black workers relative to White workers is not driven 
by lower occupational mobility. Rather, Blacks are marginally more likely to switch occupa
tions than Whites, but a greater proportion of Black occupational transitions are “downgrades,” 
that is, switches toward occupations characterized by lower levels of complexity. Given an 
occupational switch, White workers make an occupational upgrade 54 percent of the time, 
compared with 51 percent for Black workers.

Regarding potential average demographic differences between races, we examine to what 
extent differences in workers’ first occupations and the growth rate of occupational complexity 
are driven by race alone rather than other explanations. For example, Black workers may 
begin in lesscomplex occupations on average more often than White workers due simply to 
average differences in education levels. We find that racial differences in the speed of occupa
tional upgrading persist even if we consider White and Black workers who are originally in 
the same occupation. This finding suggests that racespecific factors such as discrimination 
might partially explain differences in occupational transition rates.

Additionally, we consider the first job that workers have and find that controlling for 
measurable demographics such as education level and test scores does not eliminate the effect 
of race on the initial occupational assignment: Black workers with seemingly very similar skills 
as White workers tend to work in lesscomplex occupations. Our economic model suggests 
that if Black workers are discriminated against in hiring for highcomplexity occupations, it 
can have longterm effects on their occupational complexity and wage growth relative to 
White workers.

From a policy perspective, one of the major issues surrounding racial labor market gaps 
is the question of mismatch. Workers may not always be well matched to their job or occu
pation, and if demographic background differences and racial discrimination make this problem 
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more severe, there may be large productivity gains by improving the match of Black workers 
with their best occupations. In this article, we focus on the role of mismatch induced by infor
mational frictions in the BlackWhite wage gap. Even if there were no barriers to hiring or 
finding jobs, workers and employers do not always have complete information about the 
worker’s skills or the suitability of those skills to the tasks required by the job. Over time, as a 
worker comes to know his or her own skills and the employer observe the worker’s performance, 
both the worker and the employer both could learn about the worker’s ability and compara
tive advantage. Based on this information, workers change jobs and, over time, wages grow 
because workers work in occupations and jobs in which they are better matched. Policies that 
aim to improve the information available to both workers and employers could potentially 
reduce the costs of mismatch and, and if discrimination in occupational attainment leads to 
Black workers receiving less information about their skills over their careers, it may be nec
essary to target these policies to Black workers.

The remainder of the article is organized as follows: In Section 2 we review the literature 
on labor learning models and racial labor market gaps; in Sections 3 and 4 we set up and solve 
the twoperiod learning model; in Section 5 we describe worker and occupational data con
struction; in Section 6 we present the empirical results; and in Section 7 we present conclusions.

2 RELATED LITERATURE
The theoretical and empirical literature on uncertainty in the labor market primarily 

focuses on models of matching (see, for example, Jovanovic, 1979, and Miller, 1984) and 
models of learning (see, for example, Farber and Gibbons, 1996; Gibbons and Waldman, 
1999; Neal, 1999; and Gibbons et al., 2005). There is also a set of empirical labor papers that 
analyze how workers and firms learn about unobserved ability and how quickly this happens 
(see Miller, 1984; Pastorino, 2009; Papageorgiou, 2014; James, 2012; Sanders, 2017; and 
Golan et al., 2017).

There is a large literature on BlackWhite pay gaps as well as other racial differences in 
labor market outcomes. The economics literature emphasizes the importance of premarket 
factors in these differences in outcomes. See Altonji and Blank (1999), Cameron and Heckman 
(2001), Carneiro et al. (2005), and Fryer (2011) for surveys of economic analyses of racial 
labor market gaps, including the empirical relationships between premarket characteristics 
such as education, test scores, and family background, with a variety of labor market outcomes. 
There has been less recent focus on the role of postmarket entry differences in the experiences 
of Black and White workers. The fact that similar Black and White workers are employed at 
different rates was originally discussed in the context of longterm trends in racial wage gaps: 
Brown (1984), Chandra (2000), Juhn (2003), and Western and Pettit (2005) all found evidence 
that more Black workers than White workers dropped out of the labor force between 1940 
and 1990, and higherwage Black workers were more likely to drop out than higherwage 
White workers, increasing the measured wage gap. In the context of a single cohort, Eckstein 
and Wolpin (1999) emphasize the difference between actual and potential wageoffer distribu
tions, making the point that observed wages can either under or overestimate discrimination. 
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Antecol and Bedard (2004) find that including measures of actual (rather than potential) 
labor market experience closes even more of the gap in the Neal and Johnson (1996)type 
wage specification.

There are other economic theories of racial wage gaps that do not require systematic 
differences in average skills. For example, Oettinger (1996) develops and tests a model of 
statistical discrimination, where assuming Blacks have lessprecise signals of ability predicts 
an increasing wage gap with experience, even if both races have equal mean ability. He finds 
that Blacks have lower gains to mobility, which causes the BlackWhite wage gap to rise with 
experience. Altonji and Pierret (2001) develop a test for statistical discrimination and do not 
find evidence supporting the hypothesis that employers discriminate based on easily observed 
characteristics such as education.

This article focuses on describing the patterns in the occupational choices and job transi
tions of Black and White individuals. While there is a growing literature relating occupational 
choices of workers, tasks performed, and data on occupational skill requirements (see Sanders 
and Taber, 2012, for a review of the literature on heterogeneous/multidimensional human 
capital, which often uses taskbased data), the labor literature on job tasks has not typically 
focused on crossrace differences in labor force outcomes. Golan et al. (2017), a complemen
tary paper, develops a generalized lifecycle model that includes occupational sorting, job 
turnover, multidimensional skill gaps, and taste differences, and quantifies the magnitude of 
the different factors accounting for the lifecycle racial gaps in earnings, participation, and 
occupational choices.

3 MODEL 
The model presented was developed in Antonovics and Golan (2012). We consider a 

twoperiod economy with riskneutral workers and firms with a common discount factor δ. 
Workers differ in the sets of skills they possess. We examine a simple scenario in which each 
worker has only two skills: a known skill, k, and an unknown skill, θ, both of which are time 
invariant. For simplicity we assume that each firm offers one job. Each job differs in the extent 
to which output depends on k and θ. There is a continuum of jobs, j, each completely charac
terized by a given value of αj  [0,1], where α denotes the degree to which output depends on θ 
relative to k. Thus, choosing a job in period t is equivalent to choosing a value of α. Given this 
choice, we assume output in period t is given by

(1) yt =α tθ + 1−α t( )k+ εt ,

where εt are independent and identically distributed productivity shocks and αt is the value 
of α chosen by the worker at time t. Note that there is one job in which output is sensitive 
only to θ(α = 1) and one job in which output is sensitive only to k(α = 0). For the rest of the 
jobs, the higher is α j, the more output depends on θ.

Information in the model is symmetric; firms and workers have common priors on θ,  
k is known to everyone, and output is commonly observed. Workers and firms acquire addi
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tional information about a worker’s unknown skill through successive observations of output. 
Thus, having observed output, workers and firms calculate

(2) xt =
yt − 1−α t( )k

α t
=θ + εt

α t
,

where xt serves as a signal of the worker’s unobserved skill, θ. The noise in xt is not indepen
dent of a worker’s job choice. In particular, the higher is αt, the higher is the signaltonoise 
ratio and the more information about θ the market is able to extract from xt. Under the 
assumption that the prior distribution of θ at time t is normal with mean μt and variance σt

2 
and the distribution of εt is normal with mean zero and variance σε

2, the posterior distribution 
of θ is known to be normal with mean μt+1 and variance σ2

t+1, where

(3) µt+1 =
µtσ %ε,t

2 + xtσ t
2

σ %ε,t
2 +σ t

2

and

(4) σ t+1
2 =

σ %ε,t
2 σ t

2

σ t
2 +σ %ε,t

2

and where σ %ε,t
2 = σε

2

α t
2 . In addition, μt+1 is itself normally distributed with mean mt+1 and

variance s2
t+1 given by

(5) mt+1 = µt

(6) st+1
2 = σ t

4

σ t
2 +σ %ε,t

2 .

Thus, the posterior mean of θ follows a martingale and the more information xt reveals about 
θ (the higher is α), the higher is the variance of the posterior mean.

We assume competitive markets and free entry into the labor market. Thus, wages are 
the expected productivity in each period.

Workers’ currentperiod utility is given by Ut = wt so workers choose αt to maximize the 
expected present discounted value of lifetime wages.

3.1 Optimal Job Choice

Workers work for two periods and then retire. Thus, the worker’s problem can be written as

(7) V µ1 ,σ1
2( )= max

αt∈ 0,1[ ]
α1µ1 + 1−α1( )k+δE1 α2µ2 + 1−α2( )k⎡⎣ ⎤⎦ ,

which we can solve recursively beginning from the second period.
The secondperiod optimal choice of job is given by

(8) α2 µ2( )= 1, if  µ2 ≥ k,
0, otherwise.

⎧
⎨
⎪

⎩⎪
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The secondperiod job assignment is simply to choose the job in which the wage is the highest.
Solving backwards, we first solve for the optimal assignment in period one. Note that 

expected productivity in period two depends on the secondperiod belief, μ2, which in turn 
depends on α1 through x1 (see equations (2) and (3)). We therefore rewrite the firstperiod 
problem as

(9) V µ1 ,σ1
2( )= max

α1∈ 0,1[ ]
α1µ1 + 1−α1( )k+δ Φ r( )k+ µ2 f µ2( )dµ2k

∞
∫⎡

⎣
⎤
⎦ ,

where r = k− µ1

s2
, Φ(.) is the standard normal cumulative density function and f is the normal 

probability density function with mean m2 = μ1 and variance s2
2 = α1

2σ1
4

α1
2σ1

2 +1
. The above equation 

makes clear that when μ1 < k, there is a cost associated with selecting α1 > 0 since expected 
currentperiod output will be less than k. Thus, when μ1 < k, workers must weigh the benefit of 
increasing α1 in terms of expected secondperiod output against the cost in terms of expected 
currentperiod output.

The secondperiod output is increasing in α1. The expected value of any lefttruncated 
normal random variable is increasing in the variance of that random variable. Thus, since s2

2 
is increasing in α1, we know that expected secondperiod output must also be increasing in α1. 
Intuitively, information is valuable because workers can truncate the loss if they receive a 
negative signal about θ by selecting future jobs with α = 0, but can take advantage of the arrival 
of positive information about θ by selecting jobs with α = 1.

We say that a worker experiments if a worker chooses to forego expected currentperiod 
wages in order to gain information about θ, that is, if a worker with μ1 < k chooses α1 > 0. 
Proposition 2 in Antonovics and Golan (2012) establishes that for every value of beliefs μ1 < k, 
there exists a prior variance σ2, so it is optimal to choose α > 0. That is, experimentation is 
beneficial if there is sufficient uncertainty about a worker’s skill. Intuitively, even when θ is 
believed to be very low, if there is sufficient uncertainty about θ, then the probability that θ > k 
is high enough that it is worth foregoing currentperiod output to gain additional information 
about θ’s true value.

The firstorder necessary condition for an interior solution is

(10) ∂φ r( )
∂α1

s2 +
∂s2

∂α1
φ r( )+ k− µ1( )∂Φ r( )

∂α1
= k− µ1

δ
,

where ϕ(r) is the standard normal probability density function.
Thus, in an interior solution, the marginal benefit of experimenting with α in terms of 

secondperiod output is equal to the marginal cost in terms of firstperiod output. Note that 
when μ1 > k, the cost of increasing α is negative (the righthand side of equation (10) is nega
tive). Thus, when μ1 > k, both firstperiod and secondperiod expected output are increasing 
in α1, and there will be a corner solution at α1 = 1. As shown in Antonovics and Golan (2012), 
the optimal level of experimentation is increasing in μ; however, it is nonmonotonic in the 
variance σ. This nonmonotonicity is counterintutitive: We would expect that if you had less 
information you would always want to experiment more, but that is not the case.  
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To understand why there is a nonmonotonic relationship between α1 and σ1, note that 
currentperiod expected output does not depend on σ1

2; this finding implies that the non 
monotonic relationship between σ1

2 and the optimal choice of α1 must depend solely on how 
increases in α1 affect expected future output. In particular, the effect of increasing α1 on 
expected future output must be low both when σ1

2 is small and when σ1
2 is large. When σ1

2 is 
small, the option value of new information is low because new information on θ is unlikely 
to have a large impact on the posterior mean of θ. Moreover, the expected loss of output due 
to incorrect future job assignments is small because the likelihood that θ is much different 
from μ1 is small. To see why the benefit of increasing α1 is also small when σ1

2 is large, recall 
that an increase in α1 increases expected future output through its effect on s2

2, the spread of 
μ2. As is clear from equation (6), however, s2

2 is also increasing in σ1
2 and the marginal effect of 

an increase in α1 on s2
2 is small when σ1

2 is large. Thus, when there is considerable uncertainty 
about a worker’s skill, the spread of μ is large and experimentation has little value on the margin 
since increased information has little effect on the optimal job assignment in the second period.

While the twoperiod model cannot be generalized directly to a lifecycle model, intui
tively, over the lifecycle the uncertainty about a worker’s skill decreases, which implies, hold
ing μ constant, that experimentation may initially increase and then decrease (for some values 
of μ and σ) based on expectations (see details and analysis of a full dynamic problem in Section 4 
of Antonovics and Golan, 2012).

In our empirical work, we will use the intuition gained from the model to understand 
patterns of occupational choices and transitions in the data.

4 DATA AND EMPIRICAL IMPLEMENTATION
In our empirical work, we merge the occupational work histories from the NLSY79 to 

occupational characteristics from the DOT in order to construct patterns of occupational 
complexity and wages over workers’ careers.

4.1 The Dictionary of Occupational Titles

The model relates the occupational returns to unobservable skills to worker experimen
tation; however, these returns are typically not directly observable. To create an empirical 
analogue of these returns, the α from the model, we use an index derived from occupation 
level characteristics that ranks occupations by the degree to which output depends on unob
served skills. This index was derived in Antonovics and Golan (2012) and here corresponds 
to our idea of occupational “complexity.”

The construction of α relies on information in the DOT. The DOT provides information 
on the primary tasks performed in a given occupation and the worker characteristics necessary 
for successful job performance. The occupational characteristics given in the DOT are linked 
to the 1970 Census threedigit occupation codes in an augmented version of the April 1971 
Current Population Survey compiled by the Committee on Occupational Classification and 
Analysis at the National Academy of Sciences. The data in the DOT are both comprehensive 
and detailed, describing over 12,000 occupations along 44 dimensions.
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It is important to use a list of job characteristics that captures the importance of the 
unknown (hardtoobserve) skill to job performance. In our model, there are several key fea
tures that characterize the unknown skill: First, there must be uncertainty about the skill prior 
to a worker’s entry into the labor market. Second, observing output only gradually reveals a 
worker’s skill and the more important the unobservable skill is to successful job performance, 
the more quickly the skill is revealed. In order to identify occupations in which hardto 
observe skill is important to job performance, we select occupational characteristics that 
indicate the importance of complex tasks. We define complex tasks as those for which it is 
hard to write down an explicit algorithm for successful completion. This is similar to the 
definition of “nonroutine” tasks in Autor et al. (2003).

The reasoning is that if a task can be broken into an ordered list of welldefined actions, 
then a worker’s ability can be quickly learned by observing how the worker performs each 
separate action. In contrast, if it is difficult to explicitly describe how to successfully complete 
a task, then it will be difficult to determine a worker’s skill without observing his or her onthe 
job performance.3 Using this list of variables, the index is created using principal component 
analysis. To ease comparison with the theoretical model, the index is converted into percent
ages. Each normalized predicted score takes on a value between zero and 1, with higher values 
indicating a higher level of required skill. The index is then matched to the occupation data 
from the NLSY79.

4.2 The National Longitudinal Survey of Youth 1979  

In order to construct this occupational work history, we use the NLSY79, which follows 
individuals born between 1957 and 1964. We focus our empirical analysis on males in the 
crosssectional sample. Although the NLSY79 contains information on individuals’ labor force 
activities for each week from 1978 through the most recent year in which a respondent was 
interviewed, we rely only on labor market data from 1978 through 2000 because of a switch 
in occupational coding that occurred after 2000. If a respondent is not interviewed in a given 
year (or years), then at the next interview date, the respondent is asked to go back and retro
spectively report their labor force activities. As a result, the NLSY79 allows us to construct 
relatively complete work histories. The work history data include information on each of up 
to five jobs a respondent may have held in a given week, and we define an individual’s occu
pation in a given week to be their occupation in the job at which they worked the most hours.

We follow individuals’ occupational histories starting with their first transition to fulltime 
work after the completion of their highest degree. In particular, following completion of a 
degree, we identify the first week in which an individual works at least 10 hours per week and 
from which he continues to work at least 10 hours per week for at least 39 of the next 52 weeks. 
We then keep a running tab of the individual’s actual labor market experience and occupation 
in each week in which he works.4 In our empirical analysis, we focus on the first 350 weeks 
(about 6.7 years) of each individual’s actual experience in the labor force because attrition 
from the sample makes it difficult to construct complete work histories for longer horizons.

We take as our initial sample the crosssectional sample of White males and the cross 
sectional plus supplemental sample of Black males. We lose 829 respondents because we 
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cannot identify either their highest degree or the date at which they received their highest 
degree. We additionally drop 420 respondents who completed their highest degree prior to 
the start date of the workhistory record and 305 respondents who completed their highest 
degree relatively late in life, because we worry that these workers already may have accumu
lated substantial labor market experience that could influence employers’ beliefs about skills. 
We also drop 36 respondents who lack information on their first week in the labor market as 
well as 370 respondents whose occupational histories are relatively incomplete. In particular, 
we drop those who either have more than 150 weeks in which they did not work or have miss
ing occupation information during the first 500 weeks following the transition to fulltime 
work. In other words, we give individuals 500 weeks in which to accumulate 350 weeks of 
valid occupation information, otherwise we drop them from the sample. We additionally drop 
72 respondents who ever reported an hourly wage of either over $100 or under $2 and 38 
respondents with missing Armed Forces Qualification Test (AFQT) scores. After these restric
tions, we are left with 1,601 individuals: 553 Black and 1,048 White. Relative to the initial 
sample, these individuals are young and have strong attachment to the labor force.

5 EMPIRICAL ANALYSIS
5.1 Racial Wage and Occupation Gaps Over the Career

Sample summary statistics are shown in Table 1. The left (right) two columns contain 
mean and standard deviations for White workers’ (Black workers’) scores on the AFQT, the 
percentage of those workers with only a high school diploma or below, their hourly wages, 
the percentile rank of their occupation in terms of α, and the complexity of tasks performed 
there. Black workers’ socioeconomic background characteristics fall below White workers’ 
for both the AFQT score and completed years of education. Black workers earn around 25 
percent lower hourly wages than White workers, and controlling for education and the AFQT 

Table 1
Summary Statistics

Whites mean
Standard 
deviation Blacks mean

Standard 
deviation

AFQT 62 (26) 29 (23)

Percent with only high school or below 56 (.) 77 (.) 

Hourly wage ($) 14.58 (7.95) 11.86 (7.05)

Occupational α   0.54 (0.27)   0.42 (0.27)

Total no. of workers 1,601

Whites 1,048   

Blacks    553   

NOTE: AFQT, Armed Forces Qualification Test.
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score reduces (but does not eliminate) this wage gap (see Neal and Johnson, 1996, and Lang 
and Modove, 2011). Less documented in the literature, Black workers tend to work in less 
complex occupations, with the average Black worker’s occupation about 10 percentage points 
lower in the occupation distribution than the average White worker’s. As a reference point, 
note that the modal occupational category near the α = 0.42 average for Black workers is 
“trade, industrial, and technical teachers” and near the α = 0.54 average for White workers is 
“salesmen and sales clerks.” 

Differences between White and Black average wages are driven by both crosssectional 
differences (at one point in the careers) and different growth rates of wages across the careers. 
Figure 1 shows wage levels of White and Black workers as a function of their actual labor 
market experiences; that is, we take the average wages of workers who we have observed in a 
job for exactly 50 weeks regardless of their age, the time since labor market entry, etc. As the 
figure shows, White workers start with hourly wages around $10.30 compared with around 
$9.00 for Black workers; and by 350 weeks of work, White workers are earning nearly $16.00, 
compared with slightly less than $13.00 for Black workers.5

Figure 2 summarizes a less wellknown pattern in labor force outcomes: Black workers 
begin their careers in lesscomplex occupations, and even by 350 weeks, the average Black 
worker is not even at the same job complexity as the average White worker in his first job. As 
in the wagegaps graph (see Figure 1), there are differences between races in both the levels 
and growth rates of occupational complexity: White workers both perform higher levels of 
complex tasks and move over time to higher levels of complex tasks more quickly than Black 
workers do.

5.2 Patterns in Occupational Mobility 

There are many possible explanations for the faster occupationalupgrading rates of 
White workers relative to Black workers. First, consider explanations within the class of racial 
discrimination: White and Black workers could face the same potential promotions and out
side offers, but Black workers could be passed over more often due to discrimination at the 
screening phase; White and Black workers could get the same total number of opportunities 
to move, but White workers move up more at each transition; or Black workers could be more 
likely to be fired than White workers. An explanation that doesn’t require any racial discrim
ination motive at all is simply that the growth rate of occupational complexity for workers in 
lesscomplex jobs is lower, and the lower average level of job complexity for Black workers 
also then explains the lower growth rate. 

To get some idea about the relative merits of some of these potential explanations for the 
racial gap in occupational complexity, we first decompose complextask growth over time 
into (i) occupation and wage changes conditional on moving jobs and (ii) the probability of 
moving jobs. Table 2 summarizes our results. In Panels A and B of the table, we take every 
weektoweek occupational transition of White workers and Black workers, respectively, and 
divide these into those who “move down” (move to an occupation with a lower α), those who 
“stay” (do not change occupations or move to an occupation with an identical α), and those 
who “move up” (move to an occupation with a higher α). We also then split these weeks into 
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Table 2
Occupation and Wage Changes by Mover Category

A. Whites Weeks 1-50 51-100 101-150 151-200 201-250 251-300 310-350

Move down

E[Δα] –0.22 –0.21 –0.21 –0.22 –0.21 –0.21 –0.21

E[ΔW] ($) 1.38 1.11 1.38 1.52 1.37 1.33 1.15

σΔW ($) 4.28 5.60 4.52 6.65 6.91 5.50 5.67

Count 309 318 317 296 264 262 238

Stay

E[ΔW] ($) 0 0 0 0 0 0 0

σΔW ($) 0.42 0.47 0.48 0.59 0.76 0.54 0.60

Count 44,455 46,837 47,205 47,355 47,779 47,657 47,764

Move up

E[Δα] 0.25 0.24 0.24 0.22 0.21 0.20 0.21

E[ΔW] ($) 1.98 1.04 1.28 1.11 1.74 1.92 0.56

σΔW ($) 4.80 4.91 4.87 4.70 4.68 6.38 4.67

Count 344 385 352 338 301 303 251

B. Blacks Weeks 1-50 51-100 101-150 151-200 201-250 251-300 310-350

Move down

E[Δα] –0.20 –0.21 –0.21 –0.21 –0.23 –0.22 –0.24

E[ΔW] ($) 0.58 1.10 0.30 0.18 0.68 1.19 0.81

σΔW ($) 3.20 3.59 4.63 4.14 7.23 4.57 3.82

Count 164 209 174 152 174 172 141

Stay

E[ΔW] ($) 0 0 0 0 0 0 0

σΔW ($) 0.34 0.54 0.74 0.73 0.51 0.67 0.90

Count 23,256 24,494 24,805 24,704 25,116 25,089 24,925

Move up 

E[Δα] 0.23 0.22 0.23 0.21 0.24 0.21 0.22

E[ΔW] ($) 1.48 0.46 1.31 1.03 0.75 0.15 0.86

σΔW ($) 6.12 7.72 4.04 4.38 7.58 6.00 3.58

Count 220 244 196 205 155 166 134

NOTE: For White workers, the weekly probability of a move is 1.20 percent: 0.64 percent upward and 0.56 percent 
downward. For Black workers, the weekly probability of a move is 1.25 percent: 0.65 percent upward and 0.60 percent 
downward.
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bins based on total experience: workers in weeks 150, 51100, etc. The “move down” category 
in the respective panels contains the average size of α for workers that make a downward occu
pational move (to a lower α, which must by construction be negative), the average change in 
wages for downward occupational moves, and the standard deviation of wages for the down
ward occupational moves. The same statistics are computed for those who stayed in the same 
occupation and those who moved to a higher occupation. 

Comparing Black and White workers, the two panels of Table 2 are surprisingly similar 
in terms of occupational moves: Given a downward occupational move, both White and Black 
workers move down an average of about –.20 α (20 percentage points) regardless of their 
career stage. Similarly, for those who move to a higher α, the average size of an occupational 
change is about 0.21. However, the two tables do differ in terms of the wage changes from 
occupational moves. Even for downward occupational moves, White workers see an average 
increase of around $1.30, compared with $0.80 for Black workers. For upward occupational 
moves, White workers see an average increase in wages of about $1.50, compared with $1.00 
for Black workers. Given that the sizes of the occupational moves are the same, Black workers’ 
wages are seemingly less sensitive to the complex tasks in a job.

The types of occupational moves Black and White workers make are similar, and the factor 
that explains the differences in lifecycle patterns of occupational moves is noted with Table 2: 
Black and White workers have almost identical weekly probabilities of switching occupations 
(1.20 percent for Whites and 1.25 percent for Blacks), but the relative rates of upward and down
ward moves differ dramatically: Given a move, White workers are 14 percent more likely to move 
up versus down, while Black workers are only 8 percent more likely to move up versus down.

To examine the upward versus downward mobility rates of Black and White workers in 
more detail, we consider transition tables across occupations, conditional on moves. Table 3 
is constructed to show these rates: We take every occupational transition (and ignore “stayers”), 
group the “premove” and “postmove” occupations into 10 bins, and calculate the conditional 
probability of a worker being in in some postmove bin given the worker’s premove occu
pation. So by construction, the rows sum to 1 and reading across a row gives the probabilities 
of moving into that bin given the row. This table helps deal with differences in the average 
occupations between White and Black workers: Now we can compare the occupational moves 
of a White worker and a Black worker who begin in the same occupation, which will help 
control for potential demographic and unobserved differences between them.

The overall results from Table 3 show that conditional on a worker’s current occupation, 
the race of the worker matters strongly when predicting to which occupations he will move 
to next. Take a White worker and a Black worker both in the occupation “sales,” which has  
0.42 α, putting them in the “0.5” row. At his next move, the White worker ends up in a more 
complextask job 37 percent of the time. The Black worker, however, ends up at a higherα job 
only 25 percent of the time.6 This pattern is repeated across almost every row: lowoccupation 
White workers move up faster than lowoccupation Black workers, and highoccupation 
White workers downgrade less than highoccupation Black workers.

Interpreting these transition matrices within our model, given a worker is in a particular 
occupation in one period, there are two reasons he can be in a different occupation the next 
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period: First, he learned that another occupation is a better fit, and/or second, the value of 
experimentation has changed after learning in the first period. For example, if Black workers 
in highcomplexity occupations are in those occupations because they are informative, whereas 
they are the best matches for the average White worker, you are more likely to see Black 
workers leave those occupations as they learn more and have less incentive to experiment 
further. Discrimination adds a further level of complexity because Black workers may be 
restricted from entering their preferred occupations, so the incentives to learn may be the 
same but they may be being restricted from finding their best match as quickly as White 
workers. Using a structural lifecycle model, we further investigate the roles of productivity, 
learning, and discrimination in Golan et al. (2017).

Table 3
Transition Matrices

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 Count

Whites

0.1 0.18 0.16 0.14 0.16 0.17 0.07 0.06 0.04 0.01 0.02 539

0.2 0.20 0.12 0.17 0.14 0.14 0.09 0.08 0.04 0.02 0.01 406

0.3 0.16 0.13 0.15 0.09 0.16 0.09 0.11 0.06 0.02 0.02 418

0.4 0.16 0.11 0.10 0.09 0.16 0.12 0.09 0.11 0.03 0.04 448

0.5 0.15 0.12 0.12 0.11 0.14 0.10 0.12 0.09 0.03 0.03 485

0.6 0.08 0.05 0.08 0.10 0.12 0.13 0.09 0.15 0.11 0.09 415

0.7 0.06 0.05 0.09 0.07 0.07 0.13 0.12 0.19 0.08 0.15 430

0.8 0.06 0.01 0.05 0.06 0.09 0.13 0.13 0.21 0.11 0.16 467

0.9 0.03 0.01 0.02 0.04 0.05 0.12 0.09 0.22 0.14 0.28 292

1.0 0.01 0.02 0.01 0.02 0.03 0.10 0.17 0.19 0.19 0.27 378

Blacks 

0.1 0.27 0.14 0.19 0.12 0.14 0.05 0.03 0.04 0 0.01 560

0.2 0.29 0.11 0.20 0.13 0.10 0.03 0.07 0.06 0 0.01 269

0.3 0.28 0.11 0.15 0.14 0.12 0.08 0.07 0.03 0.01 0.01 375

0.4 0.17 0.09 0.12 0.16 0.19 0.09 0.05 0.07 0.03 0.03 329

0.5 0.23 0.14 0.19 0.15 0.07 0.06 0.05 0.07 0.03 0.02 296

0.6 0.16 0.08 0.13 0.18 0.10 0.05 0.09 0.11 0.08 0.02 171

0.7 0.10 0.06 0.19 0.06 0.11 0.05 0.13 0.11 0.14 0.06 145

0.8 0.09 0.04 0.07 0.14 0.10 0.09 0.09 0.17 0.07 0.14 162

0.9 0.02 0.02 0.05 0.09 0.10 0.13 0.13 0.15 0.15 0.16    93

1.0 0.02 0.03 0.05 0.04 0.04 0.07 0.10 0.16 0.16 0.34 106

NOTE: Bolded entries represent the conditional median of post-move α given pre-move α.



150      Second Quarter 2019 Federal Reserve Bank of St. Louis REVIEW

5.3 Initial Job Assignment

In the context of a learning model, the initial job assignment has an outsized effect on 
the career path. If workers start their careers in a job or occupation where they learn nothing 
about themselves, their wages would grow only as a result of human capital growth or other 
factors. On the other hand, workers beginning in very informative jobs will see their wages 
grow on average as they become better matched. If morecomplex jobs also reveal more about 
a worker’s innate ability, there should be a positive relationship between the measure of com
plexity in a worker’s initial job and future wage growth.

In Table 4 we consider the relationship between characteristics of a worker’s first job and 
future wage growth. The dependent variable is the pooled cross section of wages in all jobs 
after the first job, while the independent variables include both initial wages and initial α, actual 
labor market experience, and interactions between initial job characteristics and actual expe
rience. The model has no particular predictions for the relationship between the initial α and 
wages, but it predicts that the coefficient on the interaction of the initial α and experience will 
be positive, which is what the data show. To interpret the estimates, relative to the wage growth 
of a worker at the Blackworker sample average of α = 0.42, a worker at the Whiteworker 

Table 4
The Relationship Between Wage Growth and Initial 
Job Assignment

Dependent variable: wages 
(1) 

Blacks
(2) 

Whites

Initial wage 
0.596***

(0.044)
0.674***

(0.038)

Initial α
0.880

(0.747)
0.358

(0.634)

Actual experience (in years)
0.508***

(0.149)
0.954***

(0.127)

Initial wage × actual  
experience

–0.032**
(0.016)

–0.045***
(0.015)

Initial α × actual experience
1.267***

(0.264)
1.130***

(0.190)

AFQT
1.532***

(0.286)
1.330***

(0.185)

Constant
2.320***

(0.346)
0.805***

(0.410)

Observations 181,424 343,620

R2 0.310 0.347

NOTE: Robust standard errors are in parentheses. *** p < 0.01 and  
** p < 0.05.

Table 5
Determinants of an Initial Job Assignment

Dependent variable: wages 
(1) 

Initial α
(2) 

Initial wage

Initial α
3.477***

(0.555)

Years of schooling (0 to 7)
0.057***

(0.004)
0.572***

(0.111)

Age
0.014***

(0.002)
0.168***

(0.055)

Black
–0.026*
(0.015)

–0.312
(0.324)

AFQT
0.068***

(0.008)
0.440***

(0.175)

Constant
–0.128
(0.049)

3.340***
(1.070)

Observations 1,593 1,593

R2 0.376 0.189

NOTE: Robust standard errors are in parentheses. *** p < 0.01 and  
* p < 0.1.
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sample average of α = 0.54 would see faster average wage growth of about $0.13 per year. 
That is, there is around a 1 percent difference in the average yearly rates of wage growth that 
can be attributed to racial differences in occupational characteristics.

Differences in information about one’s own ability can be reflected as well in the choice 
of initial occupation: Workers with more to learn about themselves would tend toward occu
pations that provide more information. In Table 5 we document the relationship between 
worker characteristics and the complexity measure α and the wage of the worker’s first job. 
In the first column, the dependent variable is the complexity of the initial occupation, and 
we condition on education, age, race, and AFQT score. Even after the controls for ability, 
provided by controlling for education and the AFQT score, we find that Black workers start 
their careers in about 2 percentage point lesscomplextask occupations. While this may seem 
small, it can be compared with the effect of lowering a worker’s AFQT score by 1/3 of a stan
dard deviation, which is a substantial drop. On the other hand, in the second column of Table 5 
we find little evidence of a direct effect of race on the wage of the initial job once α and the 
ability measures have been controlled for.

The finding that Black workers end up in lesscomplex jobs than comparable White 
workers all while earning effectively the same as those White workers can be interpreted in 
multiple ways consistent with our model of worker learning. For one, say discrimination is 
the reason that Black workers don’t have access to morecomplex jobs. This will reduce the 
amount of learning Black workers have about themselves relative to what White workers—
in moreinformative occupations—have about themselves. The longrun effect of the initial 
discrimination would be that Black workers’ wage growth is lower relative to White workers’ 
wage growth than it would otherwise be if both races were assigned the same α jobs initially.

6 CONCLUSION
This article documents racial gaps in occupational assignment, turnover, and wages. We 

use a learning model in which there is uncertainty about skills early in a worker’s career to 
interpret the empirical evidence on the economic forces behind occupation mobility and the 
BlackWhite pay gap and its evolution over a worker’s career.

We first document that both wage and occupation racial gaps increase with worker expe
rience. Occupational turnover is on average associated with an increase in pay. This is true 
even for transitions from high to lowskillrequirement occupations. Our learning model is 
consistent with this pattern because it implies that workers sort into jobs that better match 
their skills. This pattern holds for both Black and White individuals. Furthermore, we find 
no significant differences in the number of occupational moves for Black and White workers. 
However, Black workers are more likely to transition into occupations with lower skill require
ments than White workers and therefore experience smaller wage growth. This pattern is 
also consistent with the widening gap in occupational skill requirements between Black and 
White workers.

To further explore the BlackWhite wage gaps, we focus on differences in initial occupa
tional assignments. The learning model presented predicts that workers assigned initially to 

Golan and Sanders
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more complex jobs will experience faster wage growth than those assigned initially to less 
complex jobs, because those in morecomplex jobs will have more ability to learn about their 
best occupation. Again, our analysis demonstrates that this pattern empirically holds for both 
Black and White individuals. However, Black workers are assigned initially to jobs with lower 
complexity partly because they have different demographic characteristics when they enter 
the labor market, such as lower educational attainment and lower AFQT scores. Nevertheless, 
we show that AFQT scores and educational attainment do not explain the entire gap in initial 
occupational assignments. This finding can be interpreted both as differences in beliefs and 
learning, but can at the same time be consistent with discriminatory hiring practices.

For future research, we suggest that further analyses should focus on understanding the 
interaction between discrimination and learning, since restricting workers from entering their 
preferred occupation as young workers can have lifetime effects on earnings and potentially 
be an important source of racial inequality. n

NOTES
1 2016 Current Population Survey, Bureau of Labor Statistics.

2 This index was created in Antonovics and Golan (2012).

3 For details and examples, see Antonovics and Golan (2012).

4 In this tabulation, after making the sample selection rules discussed below, we treat individuals with missing 
occupation information as being out of the labor force.

5 An alternative specification of these graphs uses worker age on the horizontal axis, which makes the gaps mar-
ginally larger and increasing over time, since differences in actual experience between White and Black workers 
grow over time. See Golan et al. (2017) for a discussion of the effects of labor market participation rates on wage 
and occupation gaps.

6 This calculation is done by summing all elements of the row to the right of the “0.5” column.
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