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Abstract

The black-white pay gap increases substantially over the life-cycle. We document that white workers

are assigned initially to occupations with higher complex task requirements. The accumulated earnings

gap grows from $30K after 5 years to $143K after 15 years. The growth in the total earrings gap are

large even for workers with the same education and AFQT scores. During these years, the gap in the

degree of task complexity grows substantially. To understand the source of these long run pay gaps

and to analyze their link to occupational sorting and experience, we develop a dynamic Roy model of

employment and occupation choice and learning which nests discrimination and accounts for the dynamic

selection of workers into occupations over time. We then develop a two-step estimation method to recover

the model’s structural parameters, and use them to simulate counterfactual exercises that allows us to

decompose the different factors affecting these gaps.
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About 27% of the total pay gap after 15 years is explained by higher entry costs of black workers

into complex-task occupation. In addition, equating the initial pre-market skills and the initial mean

differences in beliefs (which reflect differences in initial unobserved skills) explain about half of the

total earnings after 15 years. This reflects the importance of sorting of workers into jobs over time in

explaining the long-term earnings gaps, and the role of mismatch of workers to occupation in explaining

the long-run racial pay gaps. Our estimates indicate that the variance of beliefs is increasing substantially

more for white workers. This is consistent with statistical discrimination (Phelps 1972) and also reflecting

unobserved promotion gaps and training gaps. While the pre-market skill gaps (observed and unobserved)

between black and white workers are clearly an important factor in the labor market outcome gaps,

frictions and discrimination are important determinants of the life-cycle labor market outcome gaps.

1 Introduction

The wage gap between black and white workers increases substantially over the life-cycle. At the same

time, the gap in the complexity of skill in the occupations that black and white workers are assigned to

increases.1 Occupations with higher complex-skill requirement have substantially higher employment rate

and are associated with higher pay. The net result of these gaps is that the total labor market earnings of

black workers are dramatically lower than those of similar white workers. In our data, we estimate that white

workers earn around $461,000 in the first 15 years of their careers compared to $318,000 for equivalent black

workers. Between year 5 and 15 in the labor market the total earnings accumulated doubles for less than

high school education black and white workers at the 25th percentile of the AFQT distribution, for workers

with high school education and average AFQT scores the gap grows 3.5 times, and for college educated

workers at the 75th percentile of the AFQT distribution it grows from -$3k to $58k. White workers are more

likely to transition into occupations with higher degree of task complexity and acquire more experience in

those occupations. In this paper we analyze and quantify the sources of these gaps.

We develop and estimate a dynamic model of employment, occupation choice, discrimination and pay.

In the model, workers wages increase on average due to sorting into increasingly better matches and accu-

mulation of experience in the different occupations. The dynamics of the pay gap is determined by initial

skill gaps (observed and unobserved) as well as labor market discrimination. We use the estimated model

to quantify the role of the different factors in the observed racial pay gap dynamics. Previous research

has focused on the racial wage gap and unemployment, but there is little research examining the interplay

1See Figure 1.
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between occupation assignments, labor market experience and wages and its role in the increasing racial pay

gap.2 To the best of our knowledge this is the first paper to analyze and estimate the mechanism underlying

the dynamics of the racial pay, occupation and experience gap accounting for dynamic selection.3

In this paper, we quantify the racial earnings gap and analyze its mechanisms using a life-cycle model of

labor force participation and occupational choice. We first document racial differences in wages, labor force

participation, earnings, and occupational choice over the career. While much of the wage gap is explained

by differences in pre-market skills, we find that differences in labor force participation and occupational

choices remain after accounting for those skills, and as a result, more than half of the total earnings after

15 years is not explained by initial observed differences in education and test scores. To account for these

facts, we develop a model in which workers are endowed with both observed and unobserved skills, which

can have different distributions across races. These include differences in education, other background

demographics observed to the econometrician, and a skill unobserved by the econometrician.4 This skill is

initially unobserved to the worker and the employer which they learn about over time. Our model extends

the standard learning model, by allowing for a race-specific deterministic change in unobserved skill. This

results in changes over time in the accuracy of the signal received, as well as in the mean gaps in unobserved

beliefs on skills. Each period, a worker chooses to work and, if he works, between ten occupations, with

different returns to different types skills. There are costs of entry into employment which vary by occupation

as well as the cost of switching occupations depends on race and education. To the extent that there are

differences in hiring and offers made to black and white workers in different occupations, it is captured by

these differences in non-pecuniary part of the utility function.

The model is a dynamic Roy model in which workers learn about their unobserved skills, accumulate

experience in different occupations and sort into occupations based on their skills. Thus wages increase

over time due to accumulation of experience in different occupations as well as due to learning about the

unknown skill and sorting into a better match. Due to costs if entry into occupations, occupation switching

costs or random taste shocks, workers may not be employed in the occupation that maximizes their expected

life-time earnings.

The learning component of the model reflects the potential role that imperfect information plays in the

racial wage gap, a force emphasized by Oettinger (1990). We allow for both the mean beliefs as well as the

2Speer (2015) documents the increase in earnings gap and demand for the different types of skills measured by tests scores
in different occupations. He does not estimate the mechanism underlying the dynamics of the pay, occupation and experience
gaps.

3See O’Neill (1990), Neal and Johnson (1996), Fryer (2011)
4The unobserved skills can potentially explain differences in choices and a large portion of the earnings variance over and

above observed differences as found by Kean and Wolpin (1997)
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speed of learning to vary by race; the latter is due to differences in the accuracy of signals obtained while

the former can reflect initial skill differences. The speed of learning depends on both the variance of the

skill distribution and the noise; since the beliefs vary by race. Thus, this model incorporate a statistical

discrimination component as in Phelps (1972). Since our model is dynamic, if employers obtain less accurate

signals on their minority employees, the information friction in the model can potentially generate differences

in employment and occupational choices and sorting and therefore part of the racial earnings gaps can be due

to larger “mismatch” of workers to jobs. Moreover, if black workers have higher entry costs into “complex-

skill” occupations, they might be less likely to sort into occupations that maximize their life-time earnings.

At the same time, it is possible that it is the initial gaps in observed and unobserved skills that account

for both the gap and the increase in the gap.5 Our counterfactual analysis address the question of, the

relative importance of role of discrimination, initial (pre-market) skill gaps and preference differences and

entry costs.

We estimate the model using matched National Longitudinal Survey of Youth 1979 (NLSY79) and Dic-

tionary of Occupational Titles (DOT) data. We construct occupation classifications based on the DOT data,

following Autor et al. (2003) and Antonovics and Golan (2012), so that our occupational groupings differ

in the return to skills (however, we only use the index in order to classify the 3-digit occupations into 10

groups). We then develop and use a multistage estimation technique to estimate the model’s structural

parameters. Because of the computational burden of learning models, the estimation is conducted in two

stages estimation in the spirit of Hotz and Miller (1983) and Arcidiacono and Miller(2011). Since the unob-

served heterogeneity in our model is continuous (we do not observe the initial beliefs and signals that workers

and employers observe), we maximize the likelihood of observing wages, employment and occupation choices

simultaneously in the first stage, using approximation of the CCP’s to correct for dynamic selection. These

choice probabilities in the likelihood function are derived from the approximated valuation function and serve

primarily as a selection correction device to produce unbiased estimates of the wage and skill distribution

parameters. However, we do not estimate the individual CCP’s which depend on each individual beliefs.6 In

the second stage we estimate the preference parameters. We exploit the property of finite state dependence

of tour model to use the representation first developed in Altug and Miller (1998) (also used in Arcidiacono

and Miller (2011) Gayle and Golan (2012) ) to reduce the dimensionality of the model and use simulation

5Keane and Wolpin (1997) as well as other papers find that initial observed and unobserved skill can account for the majority
of the increase in the wage variance when workers are older.

6Our estimator is different from the learning models estimators developed in James (2011) and Hincapie (2017) because we
assume that wages are observed with a measurement error. As a result the beliefs cannot be recovered directly from the wage
residuals
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estimation to solve for the fixed point of the model7

Our estimates confirm that the returns to the unknown skill is higher in occupations with higher complex-

skill requirement, but the return to “known” skills are not monotonic in our occupation task-complexity

ranking. We find that the occupation specific skills play an important role in wages, which suggest that if

there is state dependence in occupational assignment over time, then the first occupation can predict wage

increase over and above the”pre-market” characteristics. Our model allows for a race-specific deterministic

increase in unobserve skill. This can reflect training or assignment to jobs that depend on this skill more

heavily that we do not observe. We find that there is a small initial differences in mean beliefs and that

it increases substantially over time. We are unable to separate between discrimination in training or task

assignment we do not observed (promotions for example) and simply a faster increase in skills of more able

workers. Lastly, the initial variance of beliefs is slightly larger but the gap increases substantially after

10 years. The larger variance of beliefs of white workers is consistent with Phelps (1972) model and may

indicate faster learning about white workers, or assignment of these workers into tasks that depends more

on the unobserved skills.

Our counterfactual exercises decompose the earnings gaps into wage offers and differences in non-wage

factors. In the wage equation, are interested in determining the importance of both observed skills (e.g.

AFQT as in Neal and Johnson (1996) or AFQT plus education as in Lang and Manove (2011)). We first

simulate the model assigning black workers the same AFQT and education distributions that white workers

have. We find that while these skills explain 36-37% of the experience and does not change much between the

first 5 and 15 years in the labor market, it explains less than a quarter of the occupational task-complexity

gap after 15 years. Overall it accounts for about half of the total accumulated earnings in the first five years

and 37% of the gap after 15 years. Since the, unobserved skills of workers black and white workers might

be different when they enter the labor market even if we condition on AFQT and education, we conduct a

counterfactual equalizing the initial beliefs gaps of black and white workers and the observed skills. Closing

the initial beliefs and pre-market observed skills closes 70% of the total earnings gap after 5 years and about

a half of the gap in total earnings after 15 years. Sorting into jobs in which workers have comparative

advantage over time reduces the impact of the pre-market observed and the initial beliefs gap in our model.

The reason is that accumulated experience and differences in occupational sorting have larger impact on

earnings later in the life-cycle.

About a half of the accumulated pay gap, 60% of the experience gap and 70−75% of the task assignment

7See the algorithms in Arcidiacono et al. (2013), which is similar to the algorithm in Aguirregabiria and Mira (2002).
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gaps are unexplained by initial skills and mean beliefs differences. We therefore conduct a counterfactual that

equates the occupation entry costs of black and white workers. We find that about 75% of the experience gap

is explained by the preference costs differences and 27% of the total earnings gap after 15 years is explained

by these difference. Lastly, we conduct a counterfactual that equalizes all beliefs and a counterfactual that

equalizes only the initial beliefs gap. We find the the latter closes 14% of the total earnings gap after 15

years and the former closes 27% of the total earnings gap. Thus, the evolution of beliefs plays an important

role in the increase of the total earnings gap. It also explains about 10% of the employment gap but not the

occupational gaps.

Related Literature

The economics literature emphasizes the importance of pre-labor-market factors in black/white wage gaps

and labor market outcomes. See Altonji and Blank (1999), Cameron and Heckman (2001), and Carneiro et al.

(2005), and Fryer (2011) for surveys of economic analyses of racial labor market gaps, including the empirical

relationships between pre-market characteristics such as education, test scores, and family background with

a variety of labor market outcomes.

Analysis of the racial wage gap between workers with similar human capital stocks became a focus of

work after ? and Neal and Johnson (1996) documented the relationship between pre-market skills and labor

market gaps. In particular, Neal and Johnson found that controlling for test scored on the US Armed Forces

Qualification Test (AFQT) accounted for 70 % of the racial wage gap for males. Neal and Johnson did not

include education in their analysis due to concerns about endogeneity, but Carneiro et al. (2005) argue that

AFQT scores themselves are affected by pre-existing socio-economic gaps, and Lang and Manove (2011)

show that the gap conditional on AFQT increases after controlling additionally for education.

There has been less recent focus on the role of post-entry differences in the experiences of white and

black workers. The fact that similar white and black workers are employed at different rates was originally

discussed in the context of long term 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 higher-wage black workers were more likely to drop out than

higher-wage white workers, increasing the measured wage gap. In the context of a single cohort, Eckstein

and Wolpin (1999a) emphasize the difference between actual and potential wage offer distributions, making

the point that observed wages can either under- or over-estimate discrimination. Antecol and Bedard (2004)

find that including measures of actual (rather than potential) labor market experience close even more of

the gap in the Neal and Johnson (1996)-type wage specification.
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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; assuming

blacks have less precise 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 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.

Given the importance pre-market skills have in the economic literature, there are also a number of papers

considering the early childhood formation of skills. Without specific attention to racial differences, Cunha

et al. (2010) consider the problem of estimating the skill formation of children. In the context of racial gaps

specifically, Gayle et al. (2014) find that returns to early investment in children’s education is larger for

blacks; however, labor market wage gaps affect educational achievement by increasing the labor supply of

black mothers and decreasing time investment in children and their educational attainments.

2 Model

We consider an economy with infinitely-lived, risk-neutral workers and firms with a common discount factor

β. Workers can be either black or white, where ri ∈ {White, Black} denotes the race of individual i. Workers

differ in the set of skills they possess. Each worker has a vector of a skill xi,0, fixed over time and known

at labor market entry. Workers also have an unknown time invariant skill θi, drawn from a population

distribution that is normal with race-specific means and variances, θi ∼ N
(
µr, σ

2
r,θ

)
Workers enter the labor

market with beliefs about θi: from their perspective, at time 0 their θi is a normally distributed random

variable with expected value E0 [θi] ≡ bi0 and variance σ2
i0. The initial level of expected unknown skills bi0

is heterogenous across workers even in the first period, and bi0 is distributed N
(
µr, σ

2
r,b

)
. We do not take

a stand on why initial expected skills are heterogenous across workers in the first period, but the model is

consistent with workers receiving different amounts of information during schooling or at the job interview

stage and the amount of that information differing across races.

There are J occupations in the economy indexed by j, and in each occupation there are many identical

firms. Occupations vary by the degree to which workers’ output depends on both the known and the unknown

skills. At each age a, workers choose an occupation or non-employment, j ∈ {0, 1, ..., J} , with j = 0 denoting

non-employment. Let choices 1 through J be occupations ranked from lowest skill requirements (1) to highest
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(J) with an indicator Iija = 1 if occupation j is chosen by worker i at age a and 0 otherwise. Choices are

mutually exclusive:

J∑
j′=0

Iij′a = 1. We denote accumulated experience (number of years working) at age a by

ti,a ≡
a∑

a′=1

(1− Ii0a′).

Unobserved ability evolves over time according through an on-the-job training mechanism, with growth

rates given by a known set of parameters {βt}Tt=1. A worker at age a with ti,a years of actual experience

then has θi,a = βti,aθi. To interpret this, if a worker has t years of experience at age a and works during a

period, in the next period his unobserved ability will have increased by the scaling factor βt+1, while if he

does not work in the next period he has θi,a+1 = θi,a. If βt is increasing in t, the effective levels of unobserved

ability will fan out over time across workers, with higher unobserved ability workers seeing the fastest skill

growth. Another interpretation is that over time task that workers perform change over time, even within

occupations. If βt increases on average, it means that the output or signal in the tasks depend more on the

unobserved ability, if it decreases, it means that the signals from the tasks performs either depends less on

the ability. If over time for example individuals work in larger teams the signals may be less accurate etc.

After each period, a worker who was employed sees a signal with information on their unobserved skills:

z̃ija = βti,aθi + εia (1)
eq:signal

where εia is drawn N
(
0, δ2

)
and the worker only sees the realization of z̃ija but not its individual components.

Non-employed workers see no signal and do not update their beliefs. Since βt is a known set of parameters,

we can rewrite the signal as

zija ≡
z̃ija
βti,a

= θi +
εia
βti,a

(2)
eq:signal

The variance of the observed signal is δ2
i,t(a) =

δ2

β2
ti,a

. If βt is increasing in t, then the signals become more

informative with more experience, and within a period, a larger βt implies faster learning. In estimation

allow βt to depend on race, but for the simplicity here we omit the race and the individual subscripts (i,r)

and the age subscript in t.

We can write the expectation and variance of θi for individual with actual experience t as

bit = E(θi|zij0, .., zijt) = bi,t−1 +
δ−2
t

σ−2
t−1 + δ−2

t

(zijt − bi,t−1). (3)
eq:posterior
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Where the precision is given by:

σ−2
t = σ−2

0 +

t∑
t′=1

δ−2
t′ = σ−2

0 + δ−2
t∑

t′=1

β2
t′ (4)

eq:precision

In general if δt is constant over time, the deviation of the signal from the beliefs receive lower weight as

experience increases, thus updating of beliefs decreases over time. However, in our model the variance of the

noise changes, thus the weights can also increase if βt increases sufficiently. Note that the signal to noise ratio

is the same across occupations, but we allow it to vary by race to capture potential sources of discrimination.

Learning is perfectly correlated across occupations as the unknown skill is general, and the speed of learning

is the same across occupations (except for non-employment). In addition, if employers discriminate against

minority workers by providing less training or assigning them to tasks in which they accumulate less human

capital, it will imply slower learning. That is, lower δ and larger βt imply higher precision. Note that that

the precision is larger at age a the more experience a worker has.

The beliefs have a normal distribution. Assuming rational expectations, bit ∼ N(bi0,
σ4
t

σ2
t + δ2

t

). Notice

that the dispersion of beliefs is smaller when the variance of noise of the signal δ2
t is smaller, and is larger

when the precision is smaller. Therefore, if there is smaller. Intuitively, as the noise variance becomes

arbitrarily large, there is no learning, and the beliefs don’t change at all. Note that in contrast to standard

learning models in which the noise variance is constant over time (the precision increases with experience),

the variance might increase if δ2
t declines sufficiently (that is βt increases sufficiently).

Wages are the worker’s expected productivity above given the information at the beginning of the period.

Occupations differ in the returns to the types of known and unknown skills. Worker i’s wage at age a with

known pre-market skills xi0, years of actual (working) experience ti,a, expected value of the unknown skill

of bia, and in occupation j is given by

W (xi0, expia, bia, j) = aj0 + aj1(x′i0γ1) + aj2(expiaγ2) + aj3(βt,abia) (5)
eq:wage

To reduce the number of parameters we aggregate different components of the initial skill xi0 using a single-

index form with weight vector γ1. The variation in returns to skills is captured by the parameters aj0 through

aj10. Let expia denote a vector of experience in each occupation. Similarly we create a composite experience

index that aggregates the different occupation-specific experience into one index, allowing the weights on

experience in each occupation to differ. Denote by γ2 the vector of weights on each of occupation specific

experience.
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Within the framework of our model, the only direct race-specific coefficient is in the βt which affect the

expected output and its growth over time. Differences in initial means β0 can reflect discrimination but

can also reflect differences in average unobserved skill distributions and we cannot distinguish these two

interpretations. For periods t > 1 differences in deterministic growth of the skill can reflect unobserved

differences in tasks black and white workers perform within occupation (as we only have 10 categories) or

different training provides for black and white workers. In addition, the variance of the wage component

that depends on the beliefs may increase or decrease over time depending on the evolution of β as well as

the variance of the beliefs and can create race differences in the dispersion of the beliefs.

Worker make choices to maximize expected lifetime utility. In a given period, the workers state variables

are their stocks of known skills, level of actual experience, expected value and variance of the unknown skill,

and their previous occupational choice. We denote the entire state vector of worker i at age a net of the

beliefs as Sia = {xi0, xia, σ2
i,a, Ii,a−1}, Thus the systematic state variables are {Sia, bia}.8

The utility function is separable in consumption and a non-pecuniary components, but not across time as

the non-pecuniary utilities depend on current and past labor force participation and occupation choices. As in

standard discrete choice models, each period there is an extreme value type-1 preference shock, independent

across individuals, occupations, and time, that is associated with each occupation ηija. There is no borrowing

or savings, so consumption equals income each period, and per-period utility of choice j given state vector

Sia, wages W , non-pecuniary flow utility function un,j , and shocks ηija is given by

uj(Sia, bia,ηija) = αWija(Sia, bia) + un,j(Sia) + ηija (6)
eq:utility

We allow the non-pecuniary flow utility function to depend on race and education. This term will captures

cost of entry into employment and the different occupations, and these costs vary by race and education.

Any other frictions not included in the model that make it more costly for certain groups to get a job in

different occupations will be captured in these non-pecuniary costs/benefits.

Define the optimal valuation function by

V (Sia, bia) ≡ EηiaMAXj{uj(Sia, bia, ηiaj) + βE[V (Sia+1, bia+1)|Sia, bia, j]} (7)
eq:valuefunction

The valuation function demonstrates the dynamic tradeoffs in the worker’s problem. First, the current utility

depends on the the current pay in the occupation chosen. Even without non-pecuniary benefit considerations,

8For convenience, we separate the beliefs since they are unobserved by the econometrician.
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the occupational choice that maximizes expected lifetime pay may not be the one that maximizes current

pay. This is because of the option value: if the variance of the beliefs σ2
i,a is large relative to the noise δ2

a,

faster learning allows for more efficient job assignment and therefore increases expected lifetime earnings.

This feature is standard in learning models. If there are racial differences in the speed of learning, it can

create lifetime income gaps due to less efficient matching or “mismatch” of one race.

Second, if there are other frictions in addition to the informational frictions, such as discrimination in

hiring or lower offer rates for black workers in certain occupations, it will be captured as differences in non-

pecuniary benefits in the utility from choosing certain occupations or transitioning from non-employment

to employment. This will lead to some workers choosing lower-wage occupations or unemployment in some

periods even if that hurts their long-run earnings. In the model, this behavior will be treated as individually

rational even if it leads to lower wages, but we cannot distinguish between non-wage-maximizing behavior

that is driven by differences in preferences versus differences in opportunities.

3 Data and Descriptive Statistics

Sample Selection and Variables Used

Our sample contains yearly panel data on U.S. birth cohorts from 1957-1964 from the National Longitudinal

Survey of Youth 1979 (NLSY79). In particular, our base sample uses the 3,177 white males from the cross-

sectional sample, while we draw 1,451 black males from both the cross-sectional sample and an oversample

of minorities. From the NLSY79, we use the labor market histories on wages, hours worked, ”three-digit”

occupation (the most disaggregated category from the 1970 Census coding system), completed years of

education, as well as the youths’ ASVAB (Armed Services Vocational Aptitude Battery) and Rotter Locus

of Control (hereafter Rotter) scores from 1980.

The ASVAB and Rotter pre-market test scores have been widely used in the racial wage gap literature at

least since O’Neill (1990) and have been found to be pivotal to the size of the measured racial wage gap. About

90% of the NLSY79 sample took the ASVAB in 1980. The ASVAB is a battery of 10 tests on subjects such

as mathematics, reading, and vocational knowledge such as electronics. We use the constructed aggregate

AFQT (Armed Forces Qualification Test) score, a widely-used composite of reading and math scores, as our

single dimensional measure of performance on the ASVAB battery. The Rotter test is meant to measure

”individual differences in a generalized belief in internal-external control”, where internal-external control is

the concept of ”whether [a] person perceives [a] reward as contingent on his own behavior or independent of
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it” (Rotter 1966). Our use of the Rotter score attempts to control for differences in attitudes and expectations

that may differ across individuals but not be reflected in more standard academic test scores.

Selecting our estimation sample, we drop wage observations in the bottom 1% and top 99% as outliers,

as well as individuals with missing test scores. We also drop workers observed with 6 or fewer years in the

labor market, and we drop individuals from the sample after the first time we are missing their occupation

or labor market status. Our final sample consists of 1,029 black workers with an average of 17.9 years after

labor market entry, and 1,932 white workers with an average of 17.7 years. Differences in average observed

years in the labor market primarily come from truncation due to education; more educated workers have

fewer possible years to work before our sample cutoff in 1994 (when the NLSY moved to a biannual survey).

For labor force participation, we consider a worker as full-time if they usually work 25 or more hours

per week at their main job. For the summary statistics and model, we must identify the first year workers

are in the labor market. We consider a worker to enter the labor market the first time we observe him as

a full-time worker after the year corresponding to the last year of completed education. Alternative rules

that allow for workers to not have jobs at the beginning of their careers give qualitatively similar results for

racial wage and employment gaps.

Summary statistics for education, pre-market test scores, wages, occupations, and work experience are

shown in Table 1. The first two columns list the pooled cross-sectional averages, and the second two show

the differences in standard deviations across white and black workers. As has been well documented, white

workers enter the labor market with significantly higher measured skills: one half year additional year of

education and around one standard deviation higher AFQT scores. These pre-market differences are reflected

in labor market outcomes: white workers earn an average of $3 per hour more (or 25% more) than black

workers, are 8 percentage points more likely to be full time workers, and work in occupations which has a

larger occupational-task complexity index.9 We describe below the construction of the occupational-task

complexity index.

Occupational Complex Task Construction

There are approximately 400 three-digit occupational codes in the 1970 Census coding system used in the

NLSY79. To reduce the dimensionality of the occupation space, we create a unidimensional measure of the

cognitive difficulty associated with the average job within each occupation. To do this, we follow Antonovics

and Golan (2012) which uses data from the Dictionary of Occupational Titles, 4th Edition; it contains a large

9For a fuller documentation of racial gaps in outcomes, both labor market and otherwise, see Fryer (2011).
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number of measurements of occupational characteristics. They created an index of requirements for skills

that are hard-to-observe by workers and employers when workers enter the market. One of the requirement

is that the tasks required are “non-routine” tasks as defined by Autor, Levy and Murnane (2003). We run

Principal Component Analysis on the high-dimensional set of occupational measurements and take the first

principal component, which correspond to tasks related to non-routine or complex tasks which are classified

as occupations with higher requirements for skills that are hard to observe in Antonovics and Golan (2012).

We then construct our measure, which we call α, of complex tasks required in the occupation by dividing

it into 10 categories. By construction, then, α ∈ [0, 1], and higher α correspond to occupations estimated to

perform more complex tasks tasks. We first category is all occupations with value of α between 0 and 0.1,

the second is between 0.1-0.2,.. and the last category is between 0.9-1. For example, at the Bottom category

there are : Vehicle Washers, Clothes Ironers, Dishwashers. The second lowest category includes: Carpenter’s

helpers, Janitors. At the middle category (α = 0.5) there are Radio Operators, Sales, Fireman. At the third

highest category occupation include Librarians, Registered Nurses, Farm Managers (α = 0.75); at the top

category occupations include Architects, Aeronautical Engineers, Lawyers, and University Teachers.

Table 2 provides example for the typical types of occupations black and white workers hold at different

ages and their corresponding α index. Clearly, over the life-cycle individuals are assigned to occupations

with higher task-complexity index. White workers at age 20 begin, on average, at the forth lowest category

(average with average of α = 0.33) (with occupations such as Typists and carpet installers) while black

workers at this age begin a the third lowest category on average in occupations such as Carpenter’s helpers

and janitors (with average of α = 0.25). By age 35, white workers are on average in the top of the fifth

category (with average of α = 0.58) with occupations such as Bill and account Collectors, Engine Mechanics

whereas black workers on average are at the bottom of that next lowest category (with average of α = 0.4)

with occupations such as Stenographers and Auto Body Repair.

Labor Market Racial Gaps

One less-examined labor market outcome that differs between black and white workers as a consequence of

the combination of wages and participation are total lifetime earnings. Wage differences must be considered

conditional on working, so if there are labor force participation gaps, only considering wages understates the

wealth differences between black and white workers. First we will consider the already-known gaps between

white and black workers in wages, labor force participation, and occupational choice, and then we document

that the differences in earnings remain, even controlling for observable pre-market skills.
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Table 3 documents racial wage gaps in the spirit of Neal and Johnson (1994) but at two different points

in the career. Columns 1 estimates early career wage gaps by running a pooled regression of log wages

from 1980 and 1985 inclusive onto race, year of birth categories, highest grade completed categories, and

Rotter score. As seen in column 1, White workers earn about 14% more than black workers with the same

covariates. Column 2 repeats the same regression adding AFQT as an additional covariate, which drops the

estimated wage gap to 8.3%. Columns 3 and 4 repeat the same exercise for the period 1994-1999, and finds

that the gap unconditional on AFQT has gone from 14 to 22.5%, while the gap conditional on AFQT has

marginally increased to 11.7%. The residual wage gap is not disappearing over time within these workers’

careers; rather it is increasing as they get more labor market experience.

The simultaneous existence of both wage and labor force participation gaps can be quantified by consid-

ering gaps in career earnings by race. Estimated earnings gaps by race are shown in Table 4. To generate

predicted earnings, we perform three steps: first, interpolate wage data for workers missing wages in a year

using a worker’s average wages in their career up to that year; second, aggregate annual earnings (wages times

40 hours per week, 50 weeks per year) over time within worker careers; and finally, form average earnings

by race over time. The predicted career earnings by race at years 5 and 15 in the labor market are shown in

the panel labeled ”Unconditional” in Table 4 Consistent with the wage and labor force participation gaps,

the predicted career earnings gap is $30,000 dollars after 5 years in the labor market given black workers

both earn lower annual wages and will work 0.26 fewer years over the first 5 years in the carer. By 15 years

in the labor market, the estimated earnings gap is $143,000 and black workers have 0.96 fewer accumulated

work years than whites.

The second through fourth panels of Table 4 repeat the same analysis as the top panel, but predict

earnings gaps conditional on pre-market characteristics using a regression onto race, AFQT, Rotter, and

Education using a flexible functional form. In the second panel, we consider the predicted earnings if all

workers had the white mean AFQT and Rotter scores and exactly 12 years of education. Closing the observed

gap in pre-market skills certainly significantly reduces career earnings gaps. At 5 years in the labor market,

the gap in predicted career earnings falls from $30,000 dollars to $24,000, a fall of 20%. By 15 years in

the labor market including these observed pre-market skills closes around 40% of the earnings gap, with a

remaining gap of $85,000. Similarly, setting all pre-market skills to averages leads to an increase in the gap

of 14% after 5 years, and by 15 years only 5% of the experience gap is closed by pre-market skills.

The question of whether pre-market characteristics explain differences across races in labor market ex-

periences is not simply about means, however. In the third and fourth panels of Table 4, we consider gaps
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between White and Black workers at the 25th percentile of the pre-market skill distribution. Different ex-

planations of racial wage gaps can have different implications for earnings gaps across the skill distribution:

for example, if all differences between races were driven by discrimination in promotion behavior, wage and

earnings gaps would presumably be largest for high-skilled workers since they are most likely to get promoted.

Our results show that earnings differences between races in the data is significantly more important at the

low end of the skill distribution than the top, but gaps remain throughout the skill distribution. Considering

the third panel, which considers lower-skilled workers, even by 5 years in the labor market there is a gap

of $51,000, and by 15 years in the labor market that gap has increased to $111,000 of earnings on a base

level of $152,000 for Black workers. In constrast, considering workers of different races with 75th percentile

pre-market skills, at 5 years the earnings gap is effectively 0, and by 15 years it is $58,000 on a base of

$581,000 total earnings for Black workers. The gap for high-skilled workers is still non-zero, but even in

terms of levels the unexplained gap at 15 years is smaller, and percentage-wise is dramatically smaller. There

are many potential reasons for the gaps to be larger at the lower end of the skill distribution; for example,

discrimination that keeps workers out of the labor market entirely may have larger effects on the low-skilled

if they are closer to the non-participation margin. With our strutural model, we will be able to understand

better the mechanisms driving these dramatically different effects of equating pre-market skills for workers

of different skill levels.

Our results emphasize that it is not the case that equating pre-market skills equates labor market experi-

ences across races: unexplained racial earnings gaps are large and increasing over the lifetime conditional on

pre-market skills. In our model and counterfactuals, we quantify how occupational choice and information

frictions interact with pre-market skills, accumulated experience, and labor force participation to create these

large earnings gaps.

Occupations and the Racial Gap

Figure ?? documents the average life-cycle gaps in occupational assignment and wages. The wage age profile

as well as the occupation gap increases substantially. Between age 25 and age 35 the gap more than doubles.

As discussed above, part of the reason that the accumulated earnings gaps increases is because of differences

in employment and accumulation of labor market experience for black and white workers. Moreover, the

gap in task-complexity occupational gap follows a similar pattern.

Since the magnitude of task-complexity index has no natural interpretation, we further explore the oc-

cupational transition dynamics; we document the changed in non-employment and occupational assignment

15



probabilities over the life-cycle in Figure A. The top left panel of the figure describes the distribution of

occupations by race in the second year after entry into the labor market. The first column (marked as

α = 0) represent the proportion of worker who are not employed, and the other 10 columns represent the 10

occupation categories (with the lowest being 0.1− 0.2, and the highest 0.9− 1 ). The sum of the frequencies

in the categories sum up to 1. Black workers more likely not to be employed than white workers and are more

likely to be employed in the lowest rank occupation, whereas white workers are more likely to be employed

in the highest 5 occupation categories.10

The other three panels present the distributions 5, 10 and 15 years after entry into the labor market. As

expected the probabilities of employment in high task-complexity occupations increases while the probability

of employment in the low task-complexity occupations declines. The shift is much larger, however, for white

workers. The non-employment gaps are larger after 5 and 10 years and between yer 10 and 15 they grow,

mainly due to growth in non-employment of black workers. Between year 5 and 15 there is a relatively small

change in the occupational distribution of black workers relative to that of white workers. In particular,

there is an increase in employment of white workers in the forth, third and highest rank occupations and a

decline in employment in the occupations below (and in non-employment).

Figures A and 4, investigate the transition dynamics into non-employment and other occupations de-

scribes the probability of being employed, and the probability of transitions into the different occupations in

the next period, conditional on currently being employed by occupation and race. Job transitions increases

earnings on average, and the increase is larger when workers move to higher rank occupations (see Antonovics

and Golan 2012). Since job transitions are associated with wage growth over the life-cycle we document the

average occupation complexity index change for workers who change occupations. With the exception of the

top and bottom two occupations, black workers transition into lower complexity occupations. White workers

transition on average to higher rank occupations, with the gap highest in the middle-rank occupation.

As clear, from figure A, on average probability of employment rises substantially with the occupational

task complexity. The probability of employment conditional on occupation is lower for black workers, but it

is smaller than the employment probability gaps between low and high task complexity occupations.

Overall, the observed assignment differences at the beginning the life-cycle can be because occupational

assignment masks unobserved skills. In addition, if the occupational transitions later on depend on the initial

assignment the differences in wage growth can reflect occupation differences in returns occupation specific

skills. Both explanations can affect the observed racial gap in these patterns, as well as dynamic selection

10Notice that the first period in our sample is defined as the first period of full-employment after completed education.
Therefore, these are non-employment probabilities in period 2 conditional on employment in period 1.
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that governs the changes in occupational assignment over the life-cycle, and we further explore it in the

estimation.

4 Empirical Implementation, Estimation, and Identification

4.1 Empirical Implementation

We use the following functional forms in the estimation. For expositional clarity of the estimation and

identification section we denote in the state variables Sia separately from the beliefs bi,a since the latter is

unobserved by the econometrician.

Preferences First, since we selected workers who work full time, we do not focus on intensive margin of

labor supply and we estimate an hourly wage equation. In the utility from consumption we therefore use

u1(cia, j) = αw(Sia, bia, j), with α being the weight of wages relative to non-pecuniary forces in utility. The

non-pecuniary component of the utility is given by

u2(Sia, j) = κ0 ∗ age ∗ (1− I0a) + κ1 ∗ (1− I0a) ∗ I0,a−1 + κ2 ∗ (1− I0a) ∗ (Ii0jt) ∗
∑
j′ 6=j

(1− Iij′,t−1)

+ θj0 + θj1HGCi + θj2Blacki for j ∈ {1, .., 10}

u2(Sia, 0) = 0 for j = 0

The utility from non-employment is normalized to zero. The κ’s in the model represent general entry costs,

which are not occupation specific. The costs of working κ0 depend on age and may include a trend in labor

market experience, for example κ0 is the relative utility from participation as a function of years of in the

labor market.11 The term κ1 is the cost of moving from non-employment to employment and κ2 is the cost

of switching occupations. It capture the additional costs to an individual that work in occupation j (denote

current experience by t) and worked in a different occupation j’ in the last year he was employed (marked

by experience t-1) relative to an individual who worked in the same occupation.

The parameters θj0 are the non-pecuniary benefit/cost from working in occupation j, an occupation

specific components of utility; We allow for education and race to affect the non-pecuniary utility from the

choice of the occupation. The parameters θj1 and θj2 capture these differences.

Skills and Wages Second, the productivity of that skill varies by occupation as well. It is therefore, part

of the composite skill x′itγ defined in equation 5. We allow the distribution of the unobserved skill to vary

11We do not include time effect in addition to age effect due to the difficulty in identification of year and cohort effects.
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by race, both the variance and the means. That is, E(bi0) and βt as well as σ2
0 vary by race.

Third, we assume the wage are observed to the econometrician with an iid measurement error. This as-

sumption has implication on identification as well as estimation.12 Denote the wage realization for individual

i by wija. The measurement error is given by: ζijt ≡ wija −Wja. It is assume to have a normal distribution

ζijt ∼ N(0, σ2
ζ,j). We allow the variance of the measurement error to vary by occupations.13

4.2 Estimation

The estimation is conducted in two stages. Because observed wages are a function of unobserved beliefs,

measured with error, the wage parameters and the skill distribution parameters are identified outside of the

restrictions of the dynamic programming problem. This facilitates a two-stage estimation in the spirit of

Hotz and Miller (1993) , in the first stage, the choice probabilities can be approximated by a flexible logit.

However, these CCP’s are a function of the individuals beliefs which we do not observe. (Arcidiacono and

Miller, 2011, Sec. 6) develop a two stage CCP estimator to address the problem of unobserved heterogeneity.

However, the unobserved heterogeneity is a discrete variable, while the beliefs in our model are continuous.

We therefore use the flexible logit (written as a function of the unobserved beliefs) and write the likelihood

of observing wages, employment and occupation choices simulaneously. These choice probabilities in the

likelihood function are derived from the approximated valuation function and serve primarily as a selection

correction device to produce unbiased estimates of the wage and skill distribution parameters. Integrating

over the unobserved beliefs allows us to recover unbiased estimate of the belief distributions and wage function

parameters.

Given the parameters from the first stage, in the second stage we estimate the structural utility parameters

by solving the dynamic programming problem. Given the large dimensionality of the state space, we use the

Hotz and Miller (1993) , representation of the value function using conditional choice probabilities (CCPs),

which allows us to write the value in terms of a conditional choice probability and the next period conditional

value function. Because the state variables in our model only depend on a finite number of lagged choices,

our model posses finite state dependence. Thus we can apply the insights of Altug and Miller (1998) and

Arcdiacono and Miller (2011) such that we only need to forward simulate the CCPs two periods ahead, after

which the remaining component of the expected future value term differences out. In contrast to these papers,

however, we did not estimate the individual CCP’s in the first stage, only the distribution of beliefs by race.

12For example, we cannot use the estimators of learning models in James (2011) and Hincapie (2017) which assume that
wages are observed without measurement erros, since the beleifs can be estimated directly from the wage equation.

13This can capture differences in reporting error if contracts vary by occupations.
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Therefore, we use all the estimated parameter from the first stage to estimate the models using simulated

maximum likelihood. We can simulate data from the model, drawing beliefs from the estimated distribution

of beliefs, using this representation of the value function and the property of finite state dependence; this

reduces the computational burden as we do not need to simulate all paths. This two-stage procedure is

outline below.

4.2.1 First Stage

In the model, the state-space for individual i in time period t is defined by the vector Sit, bit. Here we write

explicitly the beliefs separately from the observed systematic state variables because they are unobserved

and must be integrated out in estimation. Define the choice j conditional value function absent the i.i.d

non-pecuniary shock ηijt as

vj(Sia, bia) = uj(Sia, bia, ηija) + β

∫
ba+1

V (Sa+1, ba+1|bia, Sa, j)fj(ba+1|ba, Sa)dba+1 (8)
ConditionalValueFun

Note that the only stochastic persistent state variable is the beliefs. The transition function of beliefs

depend on j because not working implies that beliefs do not change.

The conditional value function is a non-linear function of the observed state variables Sit and the beliefs

which are not observed by the econometrician. In the first stage we estimate the parameters of the wage

equation and the distribution of beliefs which is normal with mean E(ba) and variance given by equation

described above. If we were to observe all the individuals working in each period then under rational

expectation E(ba) = E(b0) = E(θ) which is the true mean of skill in the population. To correct for selection

of workers participating as well as workers selecting into each occupation. Under the assumption of type 1

extreme-value distribution of the taste shocks, the CCP’s are given by

Pj(Sia, bia) =

 10∏
j=1

exp([vj(Sia, bia)− v0(Sia, bia))Iiaj

 /

1 +

10∑
j=1

exp(vj(Sia, bia)− v0(Sia, bia))

 (9)
CCPs

where ω is the vector of the models parameters: wage equation and beliefs distributions and utility function

parameters. We can write the choice probabilities as a function of the observed and unobserved state

variables. If the beliefs were observed, we could have estimated the CCP’s from the data, however, the

beliefs are not observed to the econometrician. We therefore write the likelihood of observing a combination

of wages and occupation choices. In addition, in this stage, we estimate the distribution of beliefs by race.
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We approximate the differenced value function with a flexible polynomial function of the state variables

vj(Sia, ba) ≈ [Υ(Sia, ba))]
′
ωj , where the function Υ(·) produces a vector of the state variables, higher order

terms, and their interactions and ωj is the choice specific parameters governing the approximation. That is

we can write the probability of the observed choices as

P̃j(Sia, bia, ω) =

 10∏
j=1

exp([Υ(Si0)]′ωj)
Iiaj

 /

1 +

10∑
j=1

exp([Υ(Sia, ba)]′ωj)

 (10)
Stage1CCP

Given Ai observations of choices for individual i, a history of choices is summarized by the sequence of

choices and wages. The likelihood of the sequence of observed choices for individual can be written as the

product of the choice probabilities. In addition, the wages are observed with a measurement error which we

assume to be iid across individuals, choices and time and is normal with mean 0.

The likelihood of all observed wages unconditional on unobserved beliefs, Li(Ii,Wi|Si) is given by

Li =

∫
b0···bA

Ai∏
a=1

P̃a,j(Sia, bia)fj(Sa+1, ba+1|Sa, ba)
1

σjζ
φ(
wija −Wja

σjζ
)db0 · · · dbAi (11)

Liklihood_n

where φ(·) is the probability distribution function of a standard normal, standardized measurement error.

The first stage log-likelihood function is given by

llfirst-stage =

N∑
i=1

logLi(In,Wn|ω, Sn)

The estimates from this stage are the wage equation parameters and variance of the measurement error:

a, γ, σ2
ζ . In addition we estimate the expected values of the beliefs and covariances of beliefs across periods.

Note that the variance evolves with actual experience only. The variance-covariance matrix of beliefs Σr

has diagonal of V ar(bit(r)) and the off diagonal elements Cov(bit(r), bi,t−k). In addition, we estimate the

parameters ω of the value function approximation from the CCP’s. However, these parameters are not used

anywhere in the estimation as the only role of them is to correct for selection.

4.2.2 Identification of Beliefs (incomplete)

The estimation above does not require us to impose the updating formulas that govern the evolution of the

beliefs. The Bayesian learning process implies that the beliefs have a normal distribution and restrictions

on the Variance-Covariance matrix. In the CCP’s the individual state variables are the beliefs each period,
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and the entire job choice and experience history. Given initial distributions the variances are a deterministic

function of the experience. Moreover, there is a unique mapping between the learning parameters and the

Var-Cov matrix Σr; thus these parameters are sufficient for approximation of the individual CCP’s as they

allow individuals to form beliefs about future wages that are consistent with the learning model. To this

extend, the CCP’s and the wage and beliefs distributions are identified requiring the assumption of the

normal distributions of wage residuals and measurement error.

We used in the first stage the following restrictions from the learning model:

1. The beliefs are only updated (both mean and variance) when individuals work.

2. The mean of the beliefs E(bia) of the wage offer distribution remains constant over time. That is, given

rational expectations, and assuming that the beliefs are consistent with the underlying ability distribution,

the mean of the beliefs over the entire population remain constant over time. However, due to selection into

the market the mean of the beliefs of people who work are different.

3. The wage residuals contain the expression λj ∗ E(bia) ∗ βt,r + ζijt. For white workers, we normalized

βt,w = 0,∀t. This is because the returns to experience are occupation specific in the wage equation, and in

general, the average increase in productivity is not identified separately. We can identify the differences in

the increase in average productivity with experience for black workers because the race coefficient is excluded

from the wage equation and only appears in the beliefs. Therefore, we identify the differences in change over

time in the unobserved expected productivity, ∆βt,r.

4. The CCP’s are approximated around the individual beliefs bia. While the variance evolves deterministically

and depends only actual experience (and race), for each individual the beliefs depend on the unobserved

sequence of signal realizations: zi0, .., ziA. We can write the beliefs in Equation 3 as a weighted sum if the

initial beliefs, the average value of signals and experience

5. Given the estimates of the wage equation, mean beliefs, and the variance covariance matrix of beliefs we

can estimate the variance parameters δ0, δ, σ. We have over identifying restrictions. We can form moments

using our estimates of Σ to recover ∆βt,r, δ, σ
2
0 .

6. The wage equation returns to skills, observed and unobserved in the different occupations are identified

up to a normalization. We set the returns to all skill in occupations 6 to be 1.

4.3 Second Stage

In the second stage we need to directly construct the choice probabilities based on the dynamic optimization

problem to facilitate estimation of the parameters of the utility function Θ. Equation 9 describes the choice
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probability implied by the structural model , where the value function vj is defined in Equation 8.

The expectations of the conditional value function are taken with respect to next periods random utility

shock, η and next periods state variables (Sit+1, bi,t+1), conditional on the state variables in period t and the

choice in period period t. If the individual chooses employment in one of the j occupations they will receive

a noisy signal of their unknown skill which also factors in to their future beliefs. Given the state variables

Sit this random variable bijt ∼ N(bit, σ
2
it). Importantly if the worker chooses non-employment in period t

they will not receive a signal of their unknown skill.

Given the size of the state space in our model, it is not feasible to solve the future value function

analytically. However, in constructing the choice probability, evaluating this value function may not be

necessary if when diffrencing the value functions, vj − v0, this unknown term cancels out. This is the main

insight in Altug and Miller (1998) who show that in models possessing finite state dependence the conditional

value functions can be written in an analytically equivalent way such when the conditional value function

are differenced in estimation the unknown expected future value terms cancels out, circumventing the need

to calculate these very difficult expressions. James (2011) applies this concept to occupational choice and

learning models. James (2011) shows that if no learning occurs during non-employment, then these models

satisfy the condition of finite state dependence and can be tractably estimated despite their large state space.

The estimation is done by drawing individuals beliefs from the estimated beliefs distributions in each period

and using this distributions to form expectations and solving the dynamic problem along the relevant paths.

Appendix B describes the details of the estimation.

5 Estimation Results

5.1 Wage Equation and Skills

Wages Table 5 presents the wage equation estimates. We allow the returns to all skills, observed and

unobserved, to differ by occupation. We normalize the returns to all the skills to be 1 in occupation 6. As

in equation 5 the estimates of aj are presented. Table 6 represents the wage equation coefficients on the

composite skill. The returns to observed pre-market skills is not entirely monotonic in occupations, but is

highest in occupation 10 (1.38) and is the lowest in occupation 1 (0.98) and 3 (0.95) 14 The occupation

specific return to the unobserved skill, however, is higher overall in occupations with higher α.15 The returns

14The non-monotonicity may be due to the bundling of the different skills.
15This is consistent with the construction of the occupation index in Anotonovics and Golan 2012. It was constructed by

classifying the skills that are hard to observe or learn about quickly.
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are below 1 for occupations 1-6 and above 1 in occupations 8-10. We allow for the measurement error to

vary by occupations in order to account for systematic differences in contract forms in different occupations

that might result in differences in the variance of errors in reporting. While the variances differ, there is no

systematic patterns of change by our measure of occupational ranking.

The experience variable was constructed to include the occupation-specific experience. Table 6 describes

it. The low-Alpha experience is a weighted average of specific experience in occupations 1-5 and the high-

Alpha occupation is a weighted average of experience in occupations 1-6. The estimated weights are reported

in the Table. The returns to occupation experience in the composite experience skills is increasing in occu-

pational ranking (with the exception of occupation 3 in the low skill experience.) The weights of occupation

9 and 10 are almost double the weight of occupation 8. Therefore, although in the wage equation the

occupation-specific returns on the low-occupations-skills the returns to the high-skill-occupation are larger.

For example the return in the composite skill on experience in occupation 9 is 1.467 and the returns to

occupation 5 in the low skill composite experience is 0.53. The occupational returns to low-skill experience

in occupation 5 is 1.22 and the returns to high skill experience in occupation 9 is 0.84. Therefore, an ad-

ditional year in occupation 5 has a return of 0.64 in that occupation; the returns to a year in occupation

9 is 1.23 in that occupation. With the exception of occupation 3, the returns to ”low alpha” occupational

experience is higher in the lower alpha occupations than in the high-alpha occupations. The returns to

the ”high alpha” experience are high in all occupations. This suggested that individuals with ”high-alpha”

occupational experience will have high returns for their experience even if they move to an occupation with

lower alpha. This indicates that occupation specific skills play an important role in wages, which suggest

that if there is state dependence in job assignment , then the first occupation can predict wage increase over

and above the”pre-market” skills that we find in Table 4. We further explore the role of switching costs and

the state dependence source in our counterfactual simulations.

5.2 Beliefs and Learning

Table 7 and Figure 5 presents the mean and variances and distributions of the beliefs by race and actual

experience. The estimates are of the yea by year distribution. We did not impose in estimation the updating

as described by equation 3 and 4. However, the estimates are of the distribution: bit ∼ N(bi0,
σ4
t

σ2
t + δ2

t

)

which maps directly into the fundamental parameters in the above equations. Therefore, we can identify the

fundamental parameters of σ2
0,r and δ2

t , using moments from the estimated VAR-COV matrix. Note that

these estimates confirm that the variance of the noise δt varies over time. The patterns of the variance are
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not consistent with a standard learning models in which the variance is constsistant (δt = δ, ∀t).

The top panel in Table 7 describes the race gap in the mean beliefs. It shows that the initial beliefs

are small initially, but between the first two years and years 8-10 the gap is more than 3 time larger.

The gap initially may reflect gap in skills (although we cannot distinguish between skill gap and employers

discrimination), but it amplifies with actual experience. Once interpretation is that black workers experience

smaller increase in on the job training or unobserved skill accumulation. Another possibility is that they

are assigned to task that depend less on the unobserved skill. Both interpretations might be consistent with

discrimination.

The variance of beliefs is similar at the first year of employment but increases for white workers more

than it does for black workers. Between year 2 and 9 the variance doubles for white workers and is about

1.3 times larger for black workers. and by 42% for white workers These findings are consistent with Phelps

notion of discrimination in the sense that employers find it more difficult to interpret signals of minorities; as

a result, given a signal, the weight it receives is smaller for minorities. This means that black workers with

positive signals receive less reward, but that black workers with low signals are penalized less than white

workers with the same signals.

We will further explore the quantitative impact the beliefs distribution on the observed sorting of blacks

and white and the pay gap when we perform counterfactual analysis.

5.3 Utility function

Table 8 presents the estimates of the utility function. The utility is linear and separable in consumption and

the non-pecuniary benefits/costs of working and occupations choices. The value of not working is normalized

to zero. The estimates of the non-pecuniary costs of working in each occupation are substantially larger for

the ”high α” occupations. The cost at the sixth highest alpha is more than twice the cost at the fifth alpha.

The cost at the two highest ranked occupations is about 2.5 times the cost at the third highest ranked

occupation. They can represent taste but also entry cost of working in the complex tasks occupations.

That is if there are education or skill barriers to entry and education requirement for employment in these

occupations, we are not modeling it, and therefore for the lowest education groups the intercept reflect the

very low employment rate of low education individuals in the occupation.

Indeed, the non-pecuniary costs of working in these occupations vary substantially by education group.

For example with 16 years of education the non-pecuniary costs in the third highest occupation (α = 8)

is the lowest. With 18 years the non-pecuniary benefit is highest in the highest rank occupation. With 10
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years of education the highest non-pecuniary benefit is at the second lowest occupation. Black workers have

substantially larger costs of working in the top 5 ranked occupations, and no significant higher costs in the

bottom 3. For example, while a white worker with 16 years of education have substantially lower costs of

working in occupation 8 than in 5, the non-pecuniary cost for a black worker with 16 years of education is

about the same in these two occupations, reflecting the larger non-pecuniary costs for blacks to enter in the

third higher occupation.

In addition there are costs to entering into work from non-employment (they are about 65% larger than the

non-pecuniary costs of working in the α = 6,−8 occupations) and there is a switching costs of occupations.

The switching costs are 2.5 times larger than costs of entry from unemployment. This is consistent with the

patterns that initial high α occupation choice predicts large wage increases because of large switching costs.

These costs may reflect higher costs of receiving offers in different occupations or frictions that we do not

model.

6 Decomposing the Black-White Career Gaps

The model provides two channels for blacks and whites to have differences in labor market outcomes con-

ditional on the pre-market observed skills: The first of the differences in utility function parameters, in

particular preferences over occupations. As discussed above the higher non-pecuniary costs of working in

high-α occupations can mask discrimination or low hiring rates of black workers, as well as taste differences.

The second is differences in beliefs, which include the mean differences and the variance differences. In order

to quantify the relationships of these parameters to differences in career earnings gaps, we perform a number

of counterfactual simulations. A full list of the counterfactuals and the impact of these parameter changes

is seen in the lower panel of Table 9 and Figures 6-7. The first two columns in Table 9 report the levels in

the data and the model’s prediction. The entries in the table report the percentage of the racial gap that

is closed in each counterfactual. The levels of the variables for black and white workers are plotted in the

figures.

The first set of counterfactuals (column 3 in Table 9) quantifies the role of the pre-market observable

skills, that is the Rotter, AFQT and Education, in the observed gap. We simulate the model assigning black

workers the pre-market skills of white workers and report the impact on the wage, total earnings, actual

experience and α gap. Since the occupation gap has no obvious scale we report the median α gap in each

category, which is between 0− 1 and compute the mean by race.16

16we divided α the occupations by the levels of the α variable. α = 1 contains occupations with α ≤ 0.1,, the top category
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The second counterfactual equalized the initial mean beliefs for white and black workers. The results are

reported in Column 4. To the extent that these differences reflect mean unobserved skill differentials, over and

above AFQT and education, the counterfactual quantifies its importance. In Column 5 we equalizes the mean

and variances of the beliefs of black workers to that of white workers. Column 6 reports the counterfactual

results in which all the black coefficients are set to zero in the utility, thus there is no difference in preferences

of white and black workers. Lastly, the final counterfactual equates the pre-market-skills and the initial mean

beliefs coefficients of black and white worker. The results are reported in column 7.

Turning to the first counterfactual, the differences in pre-determined skills account for 36% of the total

experience gap after 5 years and 37% after 15; they account for 28% and 24% of the occupation gap 5 an

15 years later (respectively). Thus the majority of the employment and occupation gaps are not explained

by the AFQT and education differences. They explain 47% of the wage gap after 5 years of experience but

explains much less (35%) of the gap of workers with 15 years of experience. Overall, these factors explain

about half of the gap in total earning after 5 years and only 37% of the gap after 15 years.

The differences in initial mean of unobserved skill differences explain 21% and 14% of the earnings gaps

after 5 and 15 years, respectively. Equalizing all the beliefs reduces the gap by 27%.

In order to compare our model predictions to the literature that quantifies initial skills, observed and

unobserved, we conduct a counterfactual that equates both the observed pre-market skills and unobserved

initial means (columns 7 of Table 9 ). This counterfactual explains about 40% of the experience gap and

between 29− 25% of the occupation gap.

Overall, it explains 70% of the total pay gap after 5 years but only half of the wage and total earnings

gap after 15 years. Sorting over time into jobs in which workers have comparative advantage reduces the

effect of the differences in the initial means of unobserved ability and observed skills in our model. However,

the dynamics of sorting into jobs and accumulating experience is affected by the variances in beliefs and the

aggregate increase in the gap of the mean beliefs over time (these are the “wage residual” gaps) may reflects

discrimination; furthermore, the preferences differences in entry into working in the different occupation may

also partly reflect discrimination and affect the widening of the racial pay gaps.

In order to analyze what affects the remaining gaps (about half of the race gap earnings after 15 years is

and 60% and 70 − 75% of the experience and occupation gaps), Counterfactual 4 sets all the black-specific

coefficients in the utility to zero and therefore equates the preferences of black and white workers. The

preference differences explains most of the experience and occupation gaps (73% and 75%), respectively. It

α = 10 contains occupations with α > 0.9.
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explains 21% of the total earning gap after 5 years and 27% after 15 years. Thus, the impact of preferences

increases over time as occupation-specific experience becomes more important in explaining the total earnings

gap between white and black workers. These, preferences differences can reflect taste differences but it can

also capture other friction in the labor market such as lower employment opportunities in these occupations

which means black works are less likely to be employed or ”promoted” into the high-skill occupations.

7 Conclusions

This paper analyzes the sources of the life-cycle pay, employment and occupation racial gaps. We document

that white workers are assigned initially to occupations with more complex task requirements. Over time,

workers are sorted into occupations with more non-routine and complex tasks. After controlling for the

observable gaps, the degree of “task complexity” of initial occupation is correlated with larger rise in earnings

(over and above the increase associated with education and AFQT). The accumulated earnings gap after 15

years is about 117K. Empirically, about 53% of this gap can be accounted for after controlling for observable

pre-market characteristics (AFQT, and schooling).

To address the question of why the gaps increase over time and in order to account for dynamic selection,

we develop a dynamic model of employment and occupation choice which nests discrimination. The model

is a dynamic Roy model in which different occupations have different returns to the different skills. In

particular, some skills are initially observed, but there is incomplete information about skill. Over time

workers and employers receive signals and workers are sorted into occupations with a better match. The

mean beliefs about workers unknown skills vary by race, reflecting potential skill gaps in addition to observed

gaps. The variance of the noise to signal ratio varies by race as well; if employers receive less informative

signals on minority groups (as in Phelps 1972), it can imply that minority workers will be sorted more slowly

into matches and some of the gap can be due to a “mismatch” between workers and occupations. We also

allow for the non-pecuniary value from an occupation to depend on race and education. This can reflect

preference differences but also frictions differences if black workers are less likely to be hired or receive offers

from employers in more complex-tasks occupations.

We then develop a two-step estimation method to recover the model’s structural parameters, and use

them to simulate counterfactual exercises that allows us to decompose the different factors affecting these

gaps.

We find that the majority of the total experience and occupational experience gaps is explained by the
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differences in the preference parameters that capture costs of entry into the different occupations. These

costs are substantially larger for blacks in skills with high requirement for complex-skills. About 27% of

the total pay gap after 15 years is explained by this factor. While we cannot separately identify taste

differences and discrimination in hiring or lack of network and low offer arrivals of high task complexity

jobs to black workers, it is suggesting that such discrimination might play a role in the observed widening

black-white pay gaps. In addition, equating the initial pre-market skills and the initial mean differences in

beliefs explain about half of the total earnings after 15 years. This reflects the importance of sorting of

workers into jobs over time in explaining the long-term earnings gaps, and the fact that it is not predicted

by initial skill differences. Our estimates indicate that the variance of beliefs is increasing substantially more

for white workers, reflecting possibly unobserved promotion gaps or training and increase in the initially

unknown skills over time. While the pre-market skill gaps (observed and unobserved) between black and

white workers are clearly an important factor in the labor market outcome gaps, other factors and frictions

are important to understanding the life-cycle labor market outcome gaps.
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A Tables and Figures

Table 1: Summary Statistics tab:sumstat
Race Wage Alpha Years of Prob. Employed AFQT

Schooling
Black 11.62 0.36 12.6 0.84 23.4
White 14.66 0.51 13.3 0.92 53.5
Overall 13.65 0.46 13.0 0.89 42.4

Table 2: Age-Race Occupation Task Gaps tab:occupraceexample
White Black

Age 20 Cashiers, Typist, Carpet Installers (0.33) Carpenter’s Helpers, Janitor (0.25)
Age 25 Proofreaders, Plumbers (0.48) Cashiers, Typist, Carpet Installers (0.35)
Age 30 Jewelers, AC/Heating Repairs (0.54) Receptionist, Bus Drivers (0.38)
Age 35 Bill and Account Collectors, Engine Mechanics (0.58) Stenographers, Auto Body Repair (0.40)
Age 40 Dental Hygenist, Radio/TV Repair, (0.6) Stenographers, Auto Body Repair (0.4)

Table 3: The Unexplained Racial Wage Gap Over the Career tab:CareerResidualGap

Dependent Variable: Period

Log Real Wages 1980-1985 1994-1999

Race: White 0.140 0.083 0.225 0.117

(0.009) (0.011) (0.012) (0.013)

Race: Black (omitted) 0.0 0.0 0.0 0.0

(.) (.) (.) (.)

AFQT (standardized) 0.057 0.128

(0.007) (0.008)

N 9,286 9,286 7,527 7,527

R2 0.14 0.15 0.22 0.25

Other Controls in all regressions:

Year of birth categorical

Highest grade completed categorical

Rotter Locus of Control score
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Table 4: Earnings Gap tab:descriptivedecomposition

5 Years in Labor Market 15 Years in Labor Market
Average Total Average Total

Years Estimated Years Estimated
Employed Earnings Employed Earnings

Unconditional

White 4.44 $122k 13.68 $461k
Black 4.18 $92k 12.48 $318k
Gap 0.26 $30k 1.20 $143

Conditional on sample mean AFQT, Rotter, and 12 years of schooling
White 4.56 $117k 13.59 $421k
Black 4.18 $93k 12.45 $336k
Conditional Gap 0.38 $24k 1.14 $85k
% of Unconditional -14% 20% 5% 40%
Gap Closed

Conditional on 25th percentile AFQT, Rotter, and 8 years of schooling
White 4.49 $108k 13.01 $263k
Black 3.84 $57k 11.60 $152k
Conditional Gap 0.65 $51k 1.41 $111k

Conditional on 75th percentile AFQT, Rotter, and 16 years of schooling
White 4.54 $165k 14.18 $639k
Black 4.41 $168k 13.28 $581k
Conditional Gap 0.13 -$3k 0.9 $58k

tab:addlabel
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Table 5: Wage Coefficients Table:WageEquation

Alpha
1

Alpha
2

Alpha
3

Alpha
4

Alpha
5

Alpha
6

Alpha
7

Alpha
8

Alpha
9

Alpha
10

Intercept
10.70
(0.12)

11.75
(0.29)

14.00
(0.47)

10.35
(0.05)

11.67
(0.13)

11.81
(0.20)

11.84
(0.29)

12.45
(0.61)

13.49
(0.84)

12.80
(0.56)

Loadings

Pre-market
0.98
(0.06)

1.23
(0.02)

0.95
(0.19)

1.01
(0.03)

1.12
(0.12)

1.00
(0.00)

1.07
(0.08)

1.20
(0.15)

1.05
(0.23)

1.38
(0.25)

Low Alpha
Experience

1.53
(0.08)

1.43
(0.15)

0.33
(0.07)

1.81
(0.09)

1.22
(0.13)

1.00
(0.00)

1.25
(0.14)

0.93
(0.18)

1.38
(0.43)

1.04
(0.46)

High Alpha
Experience

0.99
(0.09)

0.92
(0.18)

0.82
(0.03)

0.94
(0.12)

0.87
(0.13)

1.00
(0.00)

0.89
(0.06)

0.87
(0.10)

0.84
(0.06)

0.86
(0.09)

Innate
Ability

0.81
(0.04)

0.88
(0.05)

0.88
(0.03)

0.88
(0.06)

0.89
(0.01)

1.00
(0.00)

0.93
(0.02)

1.01
(0.04)

1.06
(0.01)

1.04
(0.06)

Measurement
Error

Variance

0.02
(0.00)

3.03
(2.04)

1.31
(0.92)

1.28
(1.11)

0.75
(0.45)

1.33
(1.74)

1.00
(0.21)

6.32
(1.01)

2.11
(0.17)

1.89
(3.47)

Table 6: Skill Coefficients Table:CompositeSkillEstimates

Pre-Market Variables Low-Alpha Experience Variables High-Alpha Experience Variables

HGC
-0.094
(0.008)

xpr1
0.271
(0.033)

xpr6
0.708
(0.121)

HGC<12
-0.715
(0.195)

xpr2
0.337
(0.030)

xpr7
0.766
(0.136)

HGC>12
0.788
(0.029)

xpr3
0.761
(0.079)

xpr8
0.793
(0.058)

HGC≥16
1.538
(0.377)

xpr4
0.265
(0.076)

xpr9
1.467
(0.184)

AFQT
0.020
(0.003)

xpr5
0.530
(0.062)

xpr10
1.358
(0.139)

Rotter
-0.177
(0.011)

xpr1 squared
0.001
(0.006)

xpr6 squared
-0.018
(0.026)

xpr2 squared
-0.001
(0.004)

xpr7 squared
-0.027
(0.004)

xpr3 squared
-0.033
(0.009)

xpr8 squared
-0.007
(0.017)

xpr4 squared
0.004
(0.013)

xpr9 squared
-0.016
(0.046)

xpr5 squared
-0.011
(0.006)

xpr10
squared

-0.032
(0.009)

(
∑5
j=1 xprj)

2 -0.015
(0.005)

(
∑10
j=6 xprj)

2 -0.002
(0.009)

33



T
a
b

le
7
:

B
el

ie
fs

T
a
b
l
e
:
L
e
a
r
n
i
n
g
P
a
r
a
m
e
t
e
r
s

1
2

3
4

5
6

7
8

9
1
0

1
1

1
2

1
3

1
4

1
5

1
6

B
el
ie
f
M
ea
n
s
(w

h
it
e
n
o
rm

a
li
ze
d
to

ze
ro
)

b
la

ck
/

d
iff

.
-0

.6
3

(0
.2

3
)

-0
.4

7
(0

.2
2
)

-0
.8

6
(0

.2
2
)

-0
.8

3
(0

.1
5
)

-0
.5

2
(0

.0
8
)

-1
.0

9
(0

.0
8
)

-1
.0

6
(0

.0
7
)

-1
.7

4
(0

.1
6
)

-1
.8

2
(0

.1
4
)

-1
.6

7
(0

.3
4
)

-1
.9

2
(0

.2
7
)

-1
.9

6
(0

.4
0
)

-1
.7

5
(0

.6
6
)

-2
.2

5
(0

.3
3
)

-1
.5

1
(0

.3
4
)

-0
.8

3
(0

.6
5
)

B
el
ie
f
S
ta
n
d
a
rd

D
ev
ia
ti
o
n

w
h
it

e
4
.7

4
(0

.0
5
)

5
.2

1
(0

.1
1
)

5
.8

5
(0

.1
2
)

5
.9

5
(0

.2
9
)

6
.1

1
(0

.3
4
)

6
.7

1
(0

.3
7
)

7
.0

6
(0

.2
1
)

6
.6

6
(0

.1
6
)

7
.4

7
(0

.2
6
)

7
.3

6
(0

.2
6
)

6
.9

6
(0

.0
7
)

7
.2

8
(0

.0
3
)

7
.3

6
(0

.2
6
)

7
.6

5
(0

.1
9
)

8
.0

8
(0

.1
2
)

8
.0

8
(0

.5
8
)

b
la

ck
4
.6

1
(0

.3
4
)

4
.6

1
(0

.2
4
)

4
.3

7
(0

.1
3
)

4
.8

0
(0

.2
9
)

5
.3

3
(0

.2
3
)

4
.9

6
(0

.2
8
)

5
.3

2
(0

.3
5
)

5
.0

8
(0

.0
9
)

5
.5

3
(0

.2
0
)

5
.7

4
(0

.3
1
)

5
.3

5
(0

.4
0
)

5
.7

7
(0

.4
6
)

6
.4

6
(0

.3
7
)

7
.1

6
(0

.7
5
)

6
.6

8
(0

.4
7
)

6
.9

0
(0

.3
2
)

d
iff

.
0
.1

2
(0

.3
8
)

0
.6

0
(0

.2
9
)

1
.4

7
(0

.2
1
)

1
.1

5
(0

.5
6
)

0
.7

8
(0

.1
0
)

1
.7

5
(0

.3
5
)

1
.7

3
(0

.2
7
)

1
.5

8
(0

.1
6
)

1
.9

4
(0

.0
9
)

1
.6

2
(0

.1
3
)

1
.6

1
(0

.3
5
)

1
.5

1
(0

.4
9
)

0
.9

0
(0

.2
0
)

0
.5

0
(0

.9
1
)

1
.4

0
(0

.4
6
)

1
.1

8
(0

.6
9
)

B
el
ie
f
C
o
rr
el
a
ti
o
n
(l
o
w
er

w
h
it
e
/
u
p
pe
r
bl
a
ck
)

1
1

0
.4

7
0
.4

2
0
.3

1
0
.3

0
0
.2

8
0
.2

3
0
.2

0
0
.2

3
0
.1

8
0
.1

8
0
.2

4
0
.1

6
0
.0

4
0
.2

0
0
.0

1

2
0
.6

0
1

0
.6

6
0
.5

4
0
.4

8
0
.4

6
0
.4

4
0
.3

7
0
.3

7
0
.3

1
0
.3

2
0
.3

2
0
.3

0
0
.2

5
0
.2

7
0
.1

4

3
0
.4

2
0
.6

0
1

0
.6

9
0
.5

3
0
.6

0
0
.5

3
0
.4

3
0
.4

0
0
.4

3
0
.3

6
0
.3

8
0
.3

0
0
.2

6
0
.3

5
0
.1

8

4
0
.4

4
0
.5

8
0
.6

9
1

0
.6

6
0
.6

7
0
.5

6
0
.5

2
0
.4

3
0
.4

7
0
.4

0
0
.4

2
0
.3

4
0
.3

1
0
.3

8
0
.2

3

5
0
.3

7
0
.4

8
0
.5

9
0
.6

8
1

0
.6

9
0
.5

7
0
.5

2
0
.4

7
0
.3

7
0
.4

1
0
.3

3
0
.3

6
0
.4

1
0
.3

6
0
.1

8

6
0
.3

7
0
.4

3
0
.5

5
0
.6

4
0
.7

3
1

0
.7

6
0
.6

5
0
.5

9
0
.5

0
0
.5

3
0
.4

9
0
.4

5
0
.4

4
0
.5

1
0
.3

0

7
0
.3

0
0
.3

9
0
.4

8
0
.6

1
0
.6

5
0
.7

5
1

0
.7

8
0
.7

4
0
.6

0
0
.5

8
0
.5

8
0
.4

9
0
.5

0
0
.5

2
0
.4

8

8
0
.3

2
0
.4

4
0
.4

9
0
.5

6
0
.6

4
0
.6

8
0
.7

2
1

0
.7

7
0
.6

9
0
.6

2
0
.6

4
0
.5

5
0
.5

7
0
.6

6
0
.5

3

9
0
.3

1
0
.3

8
0
.4

3
0
.4

6
0
.5

2
0
.5

7
0
.6

5
0
.7

2
1

0
.6

9
0
.6

8
0
.6

9
0
.6

0
0
.5

4
0
.6

5
0
.5

1

1
0

0
.2

9
0
.3

4
0
.3

8
0
.4

5
0
.5

0
0
.5

4
0
.5

6
0
.6

8
0
.7

9
1

0
.6

5
0
.6

7
0
.6

3
0
.6

0
0
.5

8
0
.7

0

1
1

0
.2

9
0
.3

7
0
.3

7
0
.4

3
0
.4

7
0
.5

0
0
.5

4
0
.6

5
0
.7

2
0
.8

1
1

0
.8

0
0
.7

3
0
.7

0
0
.7

7
0
.6

4

1
2

0
.2

9
0
.3

1
0
.3

3
0
.3

9
0
.4

3
0
.4

4
0
.4

7
0
.6

1
0
.6

6
0
.7

5
0
.8

5
1

0
.7

9
0
.6

2
0
.8

0
0
.5

9

1
3

0
.2

4
0
.2

9
0
.3

1
0
.3

6
0
.4

3
0
.4

4
0
.5

0
0
.6

2
0
.6

5
0
.6

9
0
.7

8
0
.8

3
1

0
.8

1
0
.7

6
0
.7

0

1
4

0
.2

1
0
.2

3
0
.2

8
0
.3

6
0
.4

4
0
.4

1
0
.5

0
0
.5

7
0
.5

8
0
.6

7
0
.7

1
0
.7

3
0
.8

5
1

0
.8

1
0
.7

8

1
5

0
.1

8
0
.2

0
0
.2

9
0
.3

8
0
.4

5
0
.4

0
0
.4

6
0
.5

6
0
.5

6
0
.6

5
0
.6

6
0
.7

1
0
.8

3
0
.9

0
1

0
.8

3

1
6

0
.1

5
0
.1

8
0
.2

4
0
.3

4
0
.4

9
0
.4

1
0
.4

8
0
.5

4
0
.4

7
0
.5

9
0
.6

6
0
.6

6
0
.8

2
0
.7

5
0
.8

0
1

34



Table 8: Utility Parameters Table:UtilityEstimates

Alpha
1

Alpha
2

Alpha
3

Alpha
4

Alpha
5

Alpha
6

Alpha
7

Alpha
8

Alpha
9

Alpha
10

Initial Choice (relative to alpha 1)

intercept –
0.04
(0.06)

-0.58
(0.10)

0.02
(0.08)

-0.30
(0.04)

-0.79
(0.15)

-1.59
(0.06)

-1.83
(0.04)

-2.60
(0.13)

-3.20
(0.10)

HGC-12 –
0.01
(0.01)

0.05
(0.04)

0.17
(0.04)

0.21
(0.03)

0.23
(0.00)

0.43
(0.01)

0.45
(0.02)

0.59
(0.06)

0.74
(0.02)

Black –
-0.50
(0.11)

-0.32
(0.05)

-0.59
(0.17)

-0.55
(0.12)

-0.91
(0.19)

-0.72
(0.05)

-0.53
(0.11)

-0.92
(0.53)

-0.75
(0.09)

Subsequent Choice (relative to unemployment)

intercept
-0.40
(0.09)

-0.31
(0.09)

-0.58
(0.13)

-0.31
(0.10)

-0.27
(0.10)

-0.58
(0.14)

-0.58
(0.13)

-0.65
(0.11)

-1.76
(0.12)

-1.68
(0.19)

HGC-12
-0.09
(0.01)

-0.09
(0.01)

-0.07
(0.01)

-0.04
(0.01)

0.00
(0.01)

0.06
(0.02)

0.09
(0.00)

0.15
(0.00)

0.28
(0.01)

0.31
(0.01)

Black
0.09
(0.05)

-0.06
(0.04)

-0.01
(0.05)

-0.13
(0.04)

-0.21
(0.05)

-0.50
(0.14)

-0.50
(0.01)

-0.44
(0.10)

-0.56
(0.09)

-0.53
(0.05)

Common Parameters

Switching Cost
-2.54
(0.02)

Additional Cost
if from

Unemployment

-1.04
(0.04)

(Age - 18)
0.02
(0.00)

Wage
0.05
(0.01)
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Table 9: Simulations tab:Simulation

Nominal Fraction of Model Gap

Period Data Model

Equalized
Ob-

served
Pre-

Market

Equalize
Initial
Mean
Beliefs

Equalize
All

Beliefs

Equalize
All

Utility

Equalize
All

Initial
Condi-
tions
(3+4)

(1) (2) (3) (4) (5) (6) (7)

Wages

5
2.21
(0.26)

2.62
(0.12)

0.47
(0.07)

0.23
(0.09)

0.22
(0.03)

0.14
(0.04)

0.69
(0.07)

10
3.84
(0.23)

4.19
(0.16)

0.34
(0.05)

0.14
(0.06)

0.37
(0.02)

0.18
(0.05)

0.48
(0.03)

15
4.01
(0.57)

4.82
(0.09)

0.34
(0.05)

0.12
(0.05)

0.34
(0.05)

0.28
(0.08)

0.46
(0.01)

Employment

5
0.05
(0.02)

0.08
(0.01)

0.39
(0.10)

0.04
(0.01)

0.04
(0.03)

0.72
(0.17)

0.43
(0.10)

10
0.08
(0.01)

0.06
(0.01)

0.41
(0.10)

0.05
(0.03)

0.08
(0.07)

0.72
(0.08)

0.44
(0.10)

15
0.11
(0.01)

0.06
(0.00)

0.33
(0.13)

0.02
(0.01)

0.10
(0.03)

0.68
(0.13)

0.35
(0.13)

Total Earnings

5
22.49
(0.91)

24.23
(2.60)

0.49
(0.11)

0.21
(0.08)

0.22
(0.04)

0.21
(0.06)

0.70
(0.09)

10
58.77
(1.27)

64.24
(3.92)

0.40
(0.08)

0.16
(0.06)

0.24
(0.02)

0.24
(0.07)

0.56
(0.06)

15
107.92
(5.28)

112.60
(4.46)

0.37
(0.06)

0.14
(0.05)

0.27
(0.02)

0.27
(0.07)

0.51
(0.04)

Total Experience

5
0.25
(0.05)

0.24
(0.07)

0.36
(0.15)

0.04
(0.01)

0.04
(0.02)

0.68
(0.09)

0.39
(0.15)

10
0.59
(0.02)

0.59
(0.10)

0.36
(0.12)

0.04
(0.01)

0.05
(0.02)

0.71
(0.09)

0.39
(0.12)

15
1.23
(0.06)

0.88
(0.12)

0.37
(0.11)

0.04
(0.01)

0.07
(0.02)

0.73
(0.10)

0.40
(0.11)

Alpha

5
0.13
(0.01)

0.14
(0.01)

0.28
(0.04)

0.00
(0.00)

0.01
(0.01)

0.72
(0.07)

0.29
(0.04)

10
0.14
(0.01)

0.15
(0.01)

0.26
(0.04)

0.00
(0.01)

0.01
(0.02)

0.69
(0.08)

0.26
(0.03)

15
0.15
(0.01)

0.14
(0.01)

0.24
(0.03)

0.01
(0.00)

0.03
(0.01)

0.75
(0.06)

0.25
(0.03)
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Figure 1: Life-Cycle Occupation and Wage Gaps fig:AgeWageOccGap

fig:OccDistLC

Figure 2: Employment-Occupation Gaps Over the Life-Cycle

Note: On the horizontal axis, alpha=0 is non-employment; the 10 alpha categories correspond to the discrete occupation

categories created for the estimation sample.
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fig:OccEmpGap

Figure 3: Occupation-Employment Gaps

Figure 4: Occupational Transitions by Race fig:transmatrix_fig
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Figure 5: Estimated Beliefs fig:belief_estimate

Figure 6: Decomposition of the Earnings Gap fig:SimEarn
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Figure 7: Decomposition of the Experience Gap fig:SimExp
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Figure 8: Decomposition of the Occupation Gap fig:SimJobRace
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B Estimation-Second Stage

Our second stage estimates utilize the representation theorems in Hotz and Miller 1993 and Arcidiacono and miller although our

identification and estimation are different since we do not estimate the individual CCP’s in the first stage. From the inversion

theorem there exists ψj(p(Sia, bia)) that satisfies

ψj(p(Sia, bia)) ≡ V (Sis, bia)− vja(Sis, bia) (12)

Where p(Sia, bia) is a vector of the choice probabilities at period a. From the Hotz Miller 1993 representation for any choice j

and k, Equation 8 can be written as

vja(Sa, ba) = uja(Sa, ba) + β{
∫
ba+1

[vk,a+1(Sa+1, ba+1) + ψk,a+1(p(Sa+1, ba+1))]gj(Sa+1, ba+1|Sa, ba)dba+1 } (13)
HotzMiller

Note that the transition of the discrete state variables Sa+1 and the variance of the beliefs are deterministic given the

choice at age a; the only stochastic state variable is the mean beliefs, therefore, for ease of notation we denote the transition of

all state variables conditional on choice j by gj(Sa+1, ba+1|Sa, ba).

Finite State Dependence and Representation: Following Arcidiacono and Miller 2011 representation of the valuation function

given finite state dependence: Define the vector ωτk(Sτ , bτ , j) be the weight on decision k at age τ given the initial choice Ija = 1.

Thus, Σkωτk(Sτ , bτ , j) = 1.

Define: κa(Sa+1,ba+1|Sa, ba, j) ≡ gj(Sa+1, ba+1|Sa, ba). Then we define recursively the transition probability distribution

of state variables Sτ+1, bτ+1 conditional on the initial state variables and choice j taken at age a:

κτ (Sτ+1, bτ+1|Sa, ba, j) =
∑
k

∫
b′τ

ωkτ (Sτ , bτ , j)gk(Sτ+1, bτ+1|Sτ , bτ )κτ−1(Sτ , bτ |Sa, ba, j)db (14)
FSD

Any pair of choices i, k for which there exist sequences of decisions weights from state variables Sa, ba and choices

Ij,a(Sa, ba) = 1 and Ik,a(Sa, ba) = 1 such that

κa+ρ(Sa+ρ+1, ba+ρ+1|Sa, ba, j) = κa+ρ(Sa+ρ+1, ba+ρ+1|Sa, ba, k) satisfy finite state dependence. Thus, this assumption

“break” dependence of the iid shocks at any period and the state variables at period ρ+ 1 and onwards. Then using equations

13 and 14 we can write for any two choices j, k:

vja(Sa, ba)− vka(Sa, ba) = uja(Sa, ba)− uka(Sa, ba) +

a+ρ∑
τ=a+1

J∑
j′=1

βτ−a{
∫
bτ

[uj′,τ (Sτ , bτ ) + ψj′,τ (p(Sτ , bτ ))]

×[(κτ−1(Sτ , bτ |Sa, ba, j))ωj′a(Sa, ba, j)− κτ−1(Sτ , bτ |Sa, ba, i))ωj′a(Sa, ba, i)]db} (15)
FSDDiff

Consider initial choices such that weights ωj,a(Sa, ba, j)] = 1, that is occupation i is chosen Ia,j = 1 and a subse-

quent choice of Ia+1,0 = 1 so that ω0,a+1(Sa+1, ba+1, 0) = 1. Now consider a sequence of choices: ω0,a(Sa, ba, 0)] =

1, ωj,a+1(Sa+1, ba+1, 0)] = 1.

κa+1(Sa+2, ba+2|Sa+2, ba+2, 0) = κa+1(Sa+2, ba+2|Sa+2, ba+2, j) because we assume that during non-employment the

beliefs are not updated and no experience is accumulated. Thus our model satisfies finite state dependence with ρ = 1 therefore,

on the above paths all terms from two periods ahead onwards cancel out. It is of course possible to write paths of choices on which

the terms cancel after 3 or more periods in Equation 15. In the estimation we difference each conditional value of occupation

choice j with the non-employment option (that is k=0) and normalize the per-period utility of non-employment,. We are
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assuming a type-1 extreme value distribution therefore, Assuming Type 1 error extreme value ψj,τ (P (Sτ , bτ )) = −ln(Pj(Sτ , bτ ))

Since we do not estimate individual CCP’s in the first stage, only distributions of beliefs and their evolution, including the

initial beliefs we cannot use the same estimator in Hotz-Miller or Arcidiacono and Miller. Instead, since we have the wage and

beliefs estimates from the first stage we simulate data and estimate the utility parameters in the second stage using simulated

maximum likelihood. This requires solving the individual problem in order to compute the structural CCP’s in Equation 9.

However, the above representation has the advantage that we do not need to solve the model on all paths for all future periods.

Instead, we use the simulated data to solve for the problem only ρ periods ahead.

B.1 Likelihood

Equation (15) provides a representation of the differenced value function that is only a function of the structural utility

parameters and the policy functions, Pj(·). We write the future value term for choice j by simulating two periods ahead using

the choice of unemployment in both future periods. For the future value term for the choice of unemployment we simulate

ahead employment in j and then unemployment. Thus when the two value functions are differenced, the remaining components

in the future value term cancels out.

We estimate the structural parameters of the utility function using a K-stage policy iteration estimator as in Aguirregabiria

and Mira (2002) and value function iteration in Arcidiacono et al. (2013). Denote the second-stage parameters Θ2 ∈ {α, θ, κ, P}.

Let k denote the current iteration of the policy iteration. Using Θ
(k)
2 ∈ {α(k), θ(k), κ(k), P (k)} and Eq. (15), to form the policy

function

Pj(Sa, ba|α, θ, κ, P (k)) =
exp(vja(Sa, ba, P (k))− v0a(Sa, ba, P (k)))

1 +
∑J
j′=1 exp(vj′a(Sa, ba, P (k))− v0a(Sa, ba, P (k)))

(16)

The next iterations of the parameters α(k+1), θ(k+1), and κ(k+1) are found by maximizing the pseudo-likelihood

{α(k+1), θ(k+1), κ(k+1)} = argmax
α,θ,κ

n∑
i=1

∫
ln

 Ti∏
a=1

Pj(Sia, bia|α, θ, κ, P (k))Iija

hi(b|Si, Ii,Wi,Θ1)db (17)

Where hi is the posterior density of the unobserved beliefs for individual i given all of their observed data and the parameters

from the first stage, Θ1, and is defined as

hi(b|Si, Ii,Wi,Θ1) =
L(Si, Ii,Wi|b,Θ1)f(b|Θ1)

L(Si, Ii,Wi|Θ1)
(18)

The integral in the likelihood does not have a closed form, so we simulate it taking R draws of b, labeled, bir for each

individual and maximize

{α(k+1), θ(k+1), κ(k+1)} = argmax
α,θ,κ

n∑
i=1

R∑
r=1

ln

 Ti∏
a=1

Pj(Sia, bira|α, θ, κ, P (k))Iija

 (19)

Using these updated parameters we then update the policy functions P (k+1) by approximation with conditional logits using

{α(k+1), θ(k+1), κ(k+1), P (k+1)} along with the functional form of the differenced value functions in Eq. (15). Approximation

of the policy function is necessary given the dimensionality of the state-space.17 We repeat the overall routine of the policy

iteration until the relative change in the parameters is less than one-tenth of one percent, i.e. |(Θ(k+1)
2 −Θ

(k)
2 )/Θ

(k)
2 |∞ < .001.

17See Arcidiacono et al. (2013) for a proof of convergence of policy function iteration using approximated value functions.
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