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Abstract

This paper examines the effects of prior employment histories on subsequent labor
market outcomes. Recognizing the limitations of the traditional experience measure in-
troduced by Mincer (1958, 1974), I include additional variables in the earnings function
to capture gaps in individuals’ employment histories. While this ameliorates the omitted
variables problem, it introduces an endogeneity concern, as experience gaps are likely
correlated with other covariates and the unobserved error term. I overcome these con-
cerns by implementing an IV approach. Additionally, to mitigate the problem of un-
observed individual heterogeneity, I use a fixed effects specification. I also correct for
sample selection as a means to adjust for non-random participation in the labor market,
which is especially important for the female subsample. The analysis is performed us-
ing the National Longitudinal Survey of Youth (1979-2004). The use of the detailed
data on employment histories for both men and women allows to better account for the
heterogeneity of labor experience arising from different career interruptions. The fit of
the model improves when accumulated previous employment gaps and most recent un-
employment spells are included into the specification. Moreover, the negative effect of
previous years not working are more prominent for younger adults, while the magnitude
diminishes for older adults who have spent more time in the labor market, with females
more heavily penalized for each year not working. Applying improved measures of work
experience helps explain the differences in earnings based on the nature and quality of la-
bor market experience acquired, and not necessarily based on gender and race differences

alone.
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1 Introduction

In this paper, I am revisiting the Mincerian earnings equation. The traditional experience
measure, which reflects post-schooling investment in human capital, is calculated as the dif-
ference between an individual’s actual age and his (estimated) age at completion of schooling.
While a potential experience measure approximates the amount of time an individual could
have been working, it does not necessarily reflect actual acquired experience, especially for
those with interrupted careers. If an individual is unemployed during long periods of time,
he or she may need more years to reach the “same” level of experience compared to some-
one with uninterrupted careers. While employment histories are different across individuals,
a conventional measure, relying on the age and completed education, might be insufficient
to capture such heterogeneity. However, this traditional experience measure has been widely
used in empirical labor studies, it is widely available in many data sets, is easy to construct
and explain in any analysis. With this in mind, I suggest to augment the potential experience
measure with additional variables to better account for heterogenous employment histories.

Properly measured actual employment and acquired experience is important for the variety
of applications relying on the Mincerian equation. In the analysis of the returns to education,
it is important to separate the effects of human capital acquired through schooling from the
one obtained in the labor market. For this, an accurate measure of true labor market experi-
ence is needed. The analysis of gender wage differentials implies that women with otherwise
similar characteristics, including the experience, earn less than men. Given that women have
more interrupted careers, it is especially important to use a comprehensive experience mea-
sure that would approximate the experience of comparable continuity and quality across men
and women.

Accurate experience measures of acquired experience are essential not only for the empir-
ical estimations of returns to education, gender wage gaps and other types of discrimination in
the labor markets, but they are also important to better understand the hiring decisions in real
life. Almost every employer is interested in hiring new employees with relevant experience in
the field. More importantly, employers usually pay attention to the continuity of the careers
of their potential employees, and ask to explain the gaps in their resumes. Once the individual
is out of school and enters the job market, any significant non-working spells become ques-
tionable and give a negative signal for the employers, since skills acquired in school or during
prior employment might become obsolete and human capital can depreciate. The latter is par-
ticularly important for highly educated individuals who invested a lot in the human capital to
begin with. Moreover frequent or lengthy non-working spells might be a signal of poor work
attitudes and lack of motivation of the potential employee.

While Mincer (1974) recognized the necessity of using direct information on experience
in the earnings function, and especially for those whose careers are not continuous, it is only
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various ways to approximate actual experience. Building upon the existing literature I will
examine augmented earnings function for both men and women, looking at 28 years of indi-
vidual employment histories and comparing early and established careers of the individuals
in my sample.

This paper is organized as follows. Section 2 briefly discusses the relevant literature and
the alternative experience measures used. I discuss the data I use and present some descriptive
statistics in section 3. I then suggest a theoretical and econometric framework for my model in
section 4, and discuss the estimation strategies and results in section 5. Section 6 concludes.

2 Literature Review

The literature that discusses the issues of employment histories and labor earnings is rich and
multifaceted. Most of the econometric models adopt some form of the “earnings function”
with various measures of labor market experience and personal characteristics as some of the
independent variables. Depending on the theoretical question and empirical model at hand,
the differences in wages among the workers are attributed to (or mostly explained by) their
personal characteristics (gender, education, etc.) or labor market behavior (work experience,
training received, search strategies, unemployment experienced).

One common feature of the models that analyze the effects of prior labor market experi-
ences on the subsequent outcomes is the use of measures of labor market experience. One of
the most simple and widely used one is potential experience, which is usually constructed as
individual’s current age, minus number of years of education, minus six years (Mincer, 1958,
1974). One of the disadvantages of this measure is its inability to account for the heteroge-
nous quality of the acquired experience. Namely, different individuals with the same number
of years of potential experience might have followed quite different employment paths after
completion of school, which have resulted into different types of experience acquired.

In their analysis of the effects of human-capital accumulation on the female wages and
earnings, Mincer and Polachek (1974) stated that the “potential work experience” measure
is inadequate for those labor market participants whose work histories have been interrupted
leading to a different length and quality of actual work experience. To account for the inter-
mittent labor market career, the authors distinguish among several chronological stages over
the life cycle of married women: prematernal (mainly continuous employment), childbearing
and child care (non-participation and intermittent participation at the labor market), and per-
manent return to the labor force after children reach school age. Each stage is characterized
by different degrees of incentives to invest in human capital, hence resulting in different rates
of return to human capital. For the empirical estimation, they used NLS data from 1967 with
the recall information. To circumvent the problem of endogeneity of the “work experience”

variable , they separately estimated female labor-supply equation with husband’s income and



husband’s education as exclusion restrictions, and then used estimated work experience vari-
able in the main wage regression. Results of such 2SLS estimation are reported to be similar
with those from the OLS procedure (women are “penalized” by lower wages at the next job
after some period of non-working, but their wages rebound relatively quickly.) As one of
the applications, they use their estimation to explain the wage gap between married men and
women, and between married men and single women. Miller (1993) discusses the limitations
of using potential experience measure in the estimations of the probability of participation,
and suggests that potential experience or age are likely to reflect reduced productivity and
skill obsolescence over time, especially when participation is noncontinuous.

Recognizing the noisiness of the potential experience measure, some authors suggest us-
ing actual experience, which is taken as actual number or weeks/hours worked, or as an
actual number of years of full employment since the age of 18 (Kim and Polachek, 1994;
Miller, 1993), or a number of years with part-year full employment or full-year part-time
employment. Other measures of experience include combination of “full-time”, “part-time”
employment and “non-working time” variables. Simpson (2000) analyzed the effects of in-
termittency on earnings for both men and women, using the Canadian Survey of Labour and
Income Dynamics (SLID). He included full-time and part-time labor market experience, and
also non-working time along with “potential experience” in the estimation of the earnings
function to find that the patterns of intermittency do have effect on the earnings later in life,
and these effects are less favorable for women and for younger workers. Hotchkiss and Pitts
(2005) in their study based on the HRS data introduce an index for intermittency to analyze
the women’s intermittent behavior at the labor market. After having controlled for selection
into the labor force, and then into the “intermittent sector”, they estimate a 16% wage penalty
among women who report some substantial spells of no labor market activity, compared to
the women who work continuously.

For the estimation of a more comprehensive work history model, Light and Ureta (1995)
and Spivey (2005) include an array of the variables to measure labor market experience and
career interruptions: fraction of the weeks worked during each observed year since the career
start, dummy variables for “career in progress” and tenure with the most recent employer.
Light and Ureta (1995) justified the use of a more flexible specification for a wage equation
in their study of gender wage differentials. The analysis was performed on a somewhat re-
stricted sample of white men and women, who were observed between ages of 24 and 30 and
reported at least some work experience during the time of the survey. The authors estimated
and analyzed a work history model, which included a set of experience variables to describe
individual employment history in greater detail, as opposed to the more traditional models that
use potential or cumulative actual experience. Inspired by their work, Spivey (2005) employed
NLSY79 data from 1979-2000 for both men and women, and used different sets of variables
to account for potential experience, time of non-employment, career interruptions and fraction

of weeks worked in the wage equations. Based on the various model specifications she used,



Spivey (2005) concluded that total time on non-employment, recent career interruptions (of
almost a year), as well as those in the very beginning of one’s career, all negatively effect
current wages, with wage losses being more pronounced for men than for women.

In the study of the relationship between different early labor market experiences and con-
secutive adult labor market outcomes, Gardecki and Neumark (1998) realize the necessity of
looking beyond just few years after finishing school and entering the labor market by young
people, and extend their analysis until the individuals in the sample are in their 30s. Early
labor market experiences are defined as those that occurred during first five post-schooling
years, and include different types of on-the-job and off-the-job training, enrollment in com-
munity colleges and lengths of labor market experience and tenure. They examine the effect
of these experiences on wages, and find positive effects of the earlier spells of training, but not
a significant effect of other types of experiences. Undoubtedly, different career paths early on
will lead to quite different labor market outcomes later in the career. This hypothesis is sup-
ported by the findings of Alon et al. (2001), who suggest that along with the different amount
of accumulated labor market experience, its timing and volatility explain different levels of
labor market attachment.

The differences in career paths considered in this paper stem from the volatility of the
employment history, as well as timing of and reasons for the various job changes. Job mo-
bility events can be associated with voluntary separations, which result from quits for family-
related and non-family-related (economic) reasons, or involuntary separations, which result
from lay-offs and discharges. As workers move from one job to another, they can change
their occupation, industry, or both. Additionally, we can distinguish among job-to-job and
job-to-unemployment events, hence allowing for the unemployment spells in the employment
history. Several researchers analyzed the effects of these factors on wages, mainly focusing
on one group of factors at a time.

Focusing on the types of separations, Keith and McWilliams (1995) study the effects of
cumulative job mobility, which they define as sum of the job separations of different types.
Using 10 years of the data from the NLSY, they conclude that cumulative prior job histories,
and not only the most recent separation event, affect the wages for both men and women,
although these job histories are statistically different by gender. By having disaggregated mo-
bility events by different categories, they find different effects of different types of separations,
which are in most cases similar for men and women. While all voluntary separations are posi-
tively related to the subsequent wages for both men and women, their separate categories, i.e.,
quits for economic vs. family-related reasons, have different effects in all the specifications
used. Women appear to quit for family-related reasons more, and then they experience lower
wages at their next job, which authors explain by their sorting into occupations which allow
for intermittent careers but pay less.

Since career interruptions are more frequent among women, some authors focus only on
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tions to give birth on female wages. To control for individual heterogeneity and non-random
selection, he performs fixed effect estimations and adjusts for sample selection. He finds that
while work interruptions in general reduce women’s wages, the effect is less significant when
women return to the same job as they held before maternity leave. Swaffield (2007) focuses
on female wages, but presents the estimations for both men and women in order to derive the
implications for the female wage differential. She concludes that the unexplained part of the
gender wage differential is reduced when detailed employment history is used. The research
is performed based on the British Household Panel Survey, 1991-1997.

In the analysis of the employment histories, job mobility, career interruptions and earnings,
some authors use cross-sectional OLS and/or fixed effects specifications (Albrecht et al., 1999;
Kim and Polachek, 1994; Swaffield, 2007). Other studies additionally account for non-random
participation in the labor market, and correct their estimations for sample selection using
Heckman selection model (Baum, 2002). Some authors recognize the endogeneity of work
experience measures in the earnings equation (Mincer and Polachek, 1974; Kim and Polachek,
1994), but also admit the difficulty of finding valid instruments (Swaffield, 2007).

3 Data

The data set used for this analysis is the National Longitudinal Survey of Youth 1979, with
the original sample of 12,686 young men and women first interviewed in 1979. The survey
was administered annually from 1979 to 1994, and biennially after that. In 2004, round 21
of the interviews was conducted. There are three subsamples in the NLSY79 data set: cross-
sectional (representative of noninstitutionalized civilian youths), supplemental (oversample of
civilian Hispanic, black and economically disadvantaged non-black/non-Hispanic youth), and
military (enlisted in the active military forces). The respondents from the military subsample
will not be considered for the purpose of current analysis on labor market activity, since the
incentives and decisions affecting their employment history are quite different from those in
the civilian labor force, and should rather be modeled and analyzed separately.

Even though all members of the original cross-sectional and supplemental subsamples
have been eligible for interviewing during each round of the NLSY79, funding constraints
limited the number of the supplemental sample members interviewed after 1990, and there
has been some non-interviewed individuals every year starting from 1980.! Hence, there is a
different number of respondents in each wave, and for the regression analysis I will consider
only those individuals who have responded to each wave of the survey.

Selected summary statistics for each wave of the study are presented in Table 1. These are
the mean values of the respective variables among all respondents in each wave, unless other-

wise noted. Potential experience is calculated as respondent’s age minus years of education,
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minus six, while adjusted experience is the sum of all weeks worked divided by 52 (reflects
an equivalent of the years of full-time employment). Motivation for the use of potential and

adjusted experience measures will be provided later.

Table 1: Selected summary statistics (mean values)

Year Age Education Potential Adjusted Total Hourly % N
experience experience income’ wage! of workers

1979 17.577 10.441 1.159 .652 4170.113  3.894 79.36 4767
1980 18.515 11.063 1.467 1.057 5057.557 4.174 84.67 5275
1981 19.514 11.609 1.917 1.563 5295.379  4.068 82.81 5329
1982 20.507 12.040 2.480 2.132 6028.712  4.269 82.20 5376
1983 21.473 12.346 3.137 2.705 6931.639  4.655 80.98 5421
1984 22.482 12.541 3.946 3.320 7867.069  5.026 82.01 5435
1985 23.465 12.699 4.770 3.970 8975.456  5.258 84.34 5493
1986 24.534 12.807 5.730 4.658 10366.96  5.742 85.19 5509
1987 25.701 12.900 6.801 5.391 11895.06 6.458 85.44 5496
1988 26.946 12.970 7.973 6.127 12736.27  6.657 86.78 5520
1989 27.862 13.018 8.844 6.878 1334545  6.802 87.46 5528
1990 28.964 13.069 9.895 7.650 14191.6  7.215 87.57 5528
1991 29.844 13.098 10.746 8.404 14425.85 7.364 87.86 5536
1992 30.864 13.130 11.734 9.162 14468.09  7.333 86.90 5520
1993 31.818 13.189 12.629 9.948 15455.89  7.583 87.09 5529
1994 32.904 13.218 13.686 10.712 15974.99  7.738 87.17 5532
1996 34.768 13.286 15.481 12.305 17310.3  8.657 87.29 5532
1998 36.723 13.313 17.410 13.918 18464.88  9.266 88.46 5537
2000 38.880 13.367 19.513 15.570 20628.68  9.976 88.79 5538
2002 40.794 13.407 21.387 17.207 21689.82 10.930 88.88 5515
2004 43.097 13.453 23.644 18.825 22708.11 11.283 86.58 5433

f Total real income (deflated by CPI, 1982-84 = 100) for workers (work == 1) with non-missing
income.

! Real hourly wage (deflated by CPI, 1982-84 = 100) calculated as a ratio of total real income to
hours worked, for workers (work == 1) with non-missing income.

§ Number of respondents in each round.

Before any formal econometric analysis is performed, the data set will be first analyzed
to uncover some relationships between different variables, and bring additional insights to-
ward the understanding of the link between employment histories and labor earnings. As the
descriptive statistics suggest (Table 1), there is some discrepancy between potential and ad-
justed experience, which tends to increase slightly with respondents’ age. It is more interest-
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Discrepancy between potential and adjusted experience
by gender and education, among adults ages 39 to 48
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Figure 1: Employment gaps, by gender and education

ing, however, to look at the variation of such differences in labor market potential attachment
and actual acquired experience across different demographic groups. If people worked all or
most of the time after having completed their education, potential and adjusted experience
measures would almost coincide. However, there are noticeable differences between these
two measures across different education groups (Figure 1). High school drop-outs have, on
average, the largest difference between potential and adjusted experience. The almost neg-
ligible difference between these two measures among college graduates suggests that they
worked almost full-time all the time after finishing their education. Individuals with some
graduate studies must have combined their education and work, since they have accumulated,
on average, more adjusted (actual) than potential experience. Hence, for the individuals with
less education, on average, potential experience will tend to overestimate their actual time of
employment, while for the individuals with more education, potential experience will be an
underestimate of their actual employment. Moreover, this negative correlation between gaps
in experience and education implies that highly educated individuals earn more (Figure 2),
not only due to their higher investments in human capital through schooling, but also due to
their higher attachment to the labor market.

All the figures (Figures 1, 3, and 4) indicate that women have less adjusted experience,
since potential experience should be very similar within different demographic groups in this
representative sample. Married men (Figure 3) have the smallest discrepancy between these
two experience measures, meaning that such individuals work almost full-time right after
completing their education. For single, never married individuals this difference is relatively

small, as well. Married women seem to experience more disruptions to their employment
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Figure 2: Income growth over time, by gender and education.
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Figure 4: Employment gaps, by race, gender and age groups.

history, and they are even more noticeable for previously married women (separated, divorced

or widowed), and they are significantly higher than those of men with the same marital status.

Consistent with other literature, women tend to experience more employment interruptions.
There is also some evidence in the data that men who work all year round and reported

2 experience higher income growth over their careers than

working over 1750 hours per year,
working women or men who do not work all year round (Figure 5). To establish a more
accurate relationship and reach valid conclusions, a multivariate analysis has to be performed,

which is the subject of the following sections.

4 The Model

To explain the link between different episodes in the employment history and consecutive la-
bor market outcomes, with the focus on labor earnings, I will start by using a standard earnings
function, and then augment it to account for the peculiarities of the individuals’ employment
history. Following Mincer (1974), I will consider the log of labor earnings to be a function of

experience and its square, education and other exogenous individual characteristics:

InY;; = o + BiExperience;; + BzExperiencel% +YZi + €1, (D)

2The cutoff point of 1750 hours was chosen as an equivalent of fulltime employment according to the BLS
definition of full-time workers (persons who work 35 hours or more per week) and assuming full-year employ-
ment of at least 50 weeks. Since this variable is constructed based on the total hours worked during past calendar
year, it will also capture those individuals who worked less than 50 weeks but reported a lot of hours. For exam-
ple individuals who worked 14 hours per day for 5 days a week during only 26 weeks in the past year, will also
be classified as “full-time” workers. Hence, this variable should be used in conjunction with the one measuring
the number of weeks worked.
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Figure 5: Income change over time (by gender and number of weeks worked)

where Yj; are individual labor earnings in every period, Experience;j; is the measure of po-
tential experience (taken as a difference between individual actual age and an estimated age
at completion of schooling), and Z;; is a vector of individual characteristics, including com-
pleted education. There is a number of shortcomings associated with the estimation of such
benchmark model. As it is acknowledged by different authors, potential experience can be a
rather noisy measure of true labor market experience acquired. Additionally, we can expect
there might be non-random selection into the labor market (sample selection bias), as well as
unobserved individual effects might be correlated with the regressors.

The fact that the potential experience inaccurately reflects actual working experience
among heterogenous labor market participants, and various non-employment spells are not
accounted for in the traditional measure used, can be treated as an omitted variables prob-
lem. For this to be a source of biases, we need these variables to be correlated with the other
covariates in the earnings function. As I mentioned earlier, I find striking differences in em-
ployment gaps (time spent not working, in year equivalents) across the educational categories,
gender and race. To alleviate possible biases caused by the omitted variables, I introduce ad-
ditional variables in the Mincerian earnings function, like gaps in experience, which reflect
the time spent not working during the course of the potential labor market attachment. I
consider more remote accumulated gaps (constructed as potential experience minus adjusted

3

experience” minus non-working spells during past year), as well as recent gaps in employment

(weeks unemployed and weeks out of labor force during past year). I use these various gaps

3 Adjusted experience is an equivalent of full years of employment, calculated as sum of all weeks worked
divided by 52.
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in employment along with the potential experience measure to allow for the heterogeneity of
work experience among individuals, especially when career interruptions are significant. The
combination of potential experience and gaps in employment will reflect actually acquired
experience.

To simplify the notation and further discussion of the econometric model used, I will col-
lapse employment history variables into the Xj; vector, and the Z;; vector will include all other
exogenous variables. In my model, I also allow for the presence of individual heterogeneity
(c;) along with idiosyncratic error component (u;;) in the unobserved error term. Following
this notation (which adopts the notation used by Chamberlain (1984) and Wooldridge (2002)),

I will re-write my earnings equation as:

InYy = o+ BXi + VZir + ci + uir 2)

Exogeneity assumption implies that E(Z] u;;) = 0, for any s,7. However, there is possi-
ble endogeneity of some elements in the Xj; vector. Given that it now includes measures of
employment gaps along with the potential experience, there could be contemporaneous corre-
lation between the elements of Xj; and u;;, which occurs due to previous omission of important
time-varying explanatory variable. Moreover, there is simultaneity in the dependent variable
Y;; (labor earnings) and elements of Xj;: individual motivation can affect both the individual
earnings and amount of working time (and acquired experience). Additionally, in the pres-
ence of unobserved individual heterogeneity c;, elements of Xj; can be correlated with some
individual time-invariant characteristics that affect earnings (like family upbringing, attitudes
and motivation).

To address the problem of contemporaneous correlation, I am using the instrumental vari-
ables approach. The challenge of this technique is to find valid instruments, which are, in this
case, correlated with individual choice on the amount of (non)working time, but uncorrelated
with the individual earnings. I suggest to use local labor market conditions (unemployment
rates in the region of residence*) that affect supply and demand of labor, but can be consid-
ered exogenous to individual earnings, which are determined by the contracts and employee’s
qualifications.

To purge the effects of unobserved individual heterogeneity, I am exploiting the longitu-
dinal nature of the data and using panel data techniques. Given my previous assumption on
the correlation between the individual effects and other covariates, it is hard to justify the use
of the random effects for the estimation, which rely on the assumption of zero covariance:
cov(Xir,ci) = 0. Fixed effects, on the other hand, allow for the correlation between the error

term and covariates, and use the within estimator.

4The NLSY79 unemployment rate variables are constructed using state and metropolitan area labor force

data from the Employment and Earnings publication for each survey year.
SRefer to the Estimation section for the formal tests for the choice between random and fixed effects models.
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In the data, labor income is observed only for the labor market participants, who repre-
sent some non-random sample of all individuals. Improving the benchmark model further,
I account for the possible non-random selection on unobservables, which implies that some
unobserved individual characteristics that affect one’s decision to work in any given period
also affect the income earned. Following Heckman (1979), the participation equation for my

model will be:

worki; = a; +bWAjs + ¢;Zis + ey, (3)

where WA is a vector of work attitude variables and local labor market conditions that are
likely to affect individual decision to work, but not the wages. Given the panel nature of the
data used, each individual is making a decision whether or not to work repeatedly in each
period, but we observe labor income only for the periods when an individual is employed
for some positive number of weeks. Since the error terms of the participation and earnings
equations are correlated, I will control for the sample selection using an estimation method
proposed by Wooldridge (1995) and discussed by Dustmann and Rochina-Barrachina (2007),
among others. As the first step, I will estimate a probit on work; for each period, and will
estimate A; for each period, respectively.® I will then include constructed inverse Mill’s ratio

(Air) as an additional regressor in the main equation (2).

5 Estimation and Results

Following the estimation strategy outlined above, I examine different model specifications
and discuss my main findings. For all the specifications, the dependent variable is the natu-
ral logarithm of real labor income (nominal income’ adjusted for regional inflation, with CPI
1982 — 1984 = 100). In all of the models, I control for the level of completed education as of
the survey year (with high school graduate as an omitted category). To account for the con-
vexity of the log earnings equation in schooling (Belzil and Hansen, 2002), I include dummy
variables for different levels of education instead of the number of years of schooling. I also
control for gender, marital status (with married as an omitted category), and race/ethnicity.
Additionally, I use AFQT score variable as a proxy for ability, as well as include the interac-
tions between the AFQT scores and ethnicity. To better understand the effects of experience
on earnings, I split the sample into two age groups. Young adults (between ages 23 to 29),
who are in the early stages of their careers, are likely to experience high income growth, while

for the individuals older than 30 years of age, whose careers are established, income growth

62:(-) = ¢(-)/®(-), where ¢(-) is the standard normal density function and ®(-) is the standard normal
cumulative distribution function.
7In the questionnaire, the question about income was asked as follows: “During past calendar year, how much

did you receive from wages, salary, commissions, or tips from all jobs, before deductions for taxes or anything

else?”
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patterns are less steep. In my sample, by the time respondents turn 30, they are done with
schooling and have at least 4 years of potential experience. Within these two age groups, [
estimate the models separately for men and women.

As the first step, I estimate the benchmark model (1) with pooled OLS, including poten-
tial experience and its squared term, and controlling for the demographic characteristics, and
region/type of residence (columns OLS(1) in tables 2 and 3). The returns to potential experi-
ence turn out to be of different magnitude for the two age groups: over 20% returns for young
males, and only 5% returns for older males (compared to 15% in the combined sample for all
ages®). While returns to potential experience are high for younger females (about 17%), they
are statistically insignificant and very small for women over 30.

Recognizing the shortcomings of the traditional experience measure suggested by Mincer
(1958, 1974), I include additional variables in the earnings function to capture gaps in the
employment history. These non-working spells, omitted in the traditional experience mea-
sure, cause some human capital depreciation and skills atrophy, and have negative effects on
the earnings. With this in mind, I estimate an expanded model with pooled OLS, where I in-
clude previous (more remote) gaps in experience (in years),’ as well as the number of weeks
unemployed and weeks out of labor force during the year (columns OLS(2) in tables 2 and
3). Controlling for the gaps in experience, both previously accumulated and most recent, de-
creased the magnitude of the returns to potential experience among younger men and women,
but not so much the men over 30, and they are still statistically insignificant for women over
30.

These model specifications are rather parsimonious, but they still provide some very use-
ful insights on the use of the different measures of labor market experience, and their effect
on the estimated coefficients for other explanatory variables used, as well as alter the inter-
pretation of the results. Employment gaps variables are statistically significant and have the
expected negative signs in the estimations for the two age groups, both for men and women.
More remote labor market experience, however intermittent, has less weight on the loss of
earnings, than the more recent episodes in the employment history. While each year spent not
working decreases the earnings by anywhere from 5% to 9%, each additional week spent not
working last year reduces yearly income by 3-4%. In the multivariate analysis, the benchmark
model produces rather high (and statistically significant) estimates on the returns to education,
suggesting that a higher educational degree alone (compared to high school completion) can
guarantee higher labor earnings for the individuals with the same duration of labor market
attachment. In other words, if one has completed the schooling and can present the bachelor’s
or master’s diploma, that will ensure higher income. Expanded OLS model specifications
with different measures of employment gaps, on the other hand, produce lower (and still sta-

tistically significant) estimates on the returns to education. In the latter case, the individuals

8Estimation results for male and female subsamples of all ages are available from the author upon request.
Previous gaps in experience do not include most recent non-working spells.
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Table 2: Different cross-sectional model specifications: MEN ONLY

| 23 to 29 years old OVER 30 years old

Variable OLS(1) OLS(2) v OLS (1) OLS(2) 10Y
Dependent variable: In of real labor income, deflated by CPI 1982 — 84 = 100
potential experience 0.2294%*  0.1447**%  0.1372%*% | 0.0566**  0.0551**  0.0511**
potential experience? -0.0104**  -0.0052**  -0.0056** | -0.0009** -0.0008** -0.0009%**
previous gaps -0.0687**  -0.0471** -0.0526**  -0.0261*%*
weeks unemployed -0.0370%*  -0.0647** -0.0300%*  -0.1246%**
weeks out of LF -0.0423%*  -0.0420%* -0.0342%*  -0.0317**
less than HS -0.3438**  -0.1120**  -0.0930** | -0.2130** -0.0388*  -0.0377
some college 0.0892** -0.0132 -0.02727 0.1544**  0.0756**  0.0786**
college graduate 0.5211**%  0.2312%*  0.2132%* | 0.4702**  0.2771%*  (0.2899**
some grad studies 0.5481%*  0.2584%*  0.2582%* | 0.5691**  0.3205%*  (0.3543**
hispanic -0.1538** -0.05211  -0.0249 -0.1334%*  -0.0620*  -0.0717*
black -0.3203**  -0.1865**  -0.1626** | -0.2808** -0.1487** -0.0895%%*
never married -0.3636*%*  -0.2028**  -0.1836%** | -0.4200%* -0.2897** -0.2243%%*
separated -0.2454**  -0.1167** -0.0901* | -0.2817** -0.1715%* -0.1206**
divorced -0.2578**  -0.1226*%*  -0.0850* | -0.2344** -0.1190** -0.0406
widowed 0.2006 0.32857 0.2526 0.0539 0.0114 0.0686
AFQT score 0.0029**  0.0021**  0.0020** | 0.0038**  0.0032**  (0.0031**
AFQT, Hispanics 0.0024**  0.0008 0.0005 0.0021**  0.0012* 0.0012*
AFQT, blacks 0.0048**  0.0043**  0.0041*%* | 0.0032** 0.0025**  0.0014*
urban residence 0.0201 0.0179 0.0107 -0.0359** -0.02277  -0.0194
SMSA resident 0.2161%*  0.1543**  0.1469%* | (0.2228**  (.1845%*  (0.1542%*
northeast 0.1480%*  0.0948**  0.0665** | 0.0583**  0.0388**  0.0260
south 0.0936**  0.0265f  -0.0039 -0.0216 -0.0405**  -0.0656**
west 0.0717**  0.0539**  0.0319 -0.0127 0.0039 -0.0085
constant 8.1131**  8.7051**  8.8775** | 8.8766**  9.0517**  9.2527*%*
N of obs 13698 13430 13430 18088 17877 17873
Rﬁdj 0.203 0.485 0.435 0.283 0.429 0.082
First-stage Fiy y_p) 28.58 7.56
p-value 0.0000 0.0000
Underidentification test 111.276 29.980
xé) p-value 0.000 0.000
Hansen J statistic 21.509 1.156
xé) p-value 0.0001 0.7636
Significance levels: T:10% *:5% xx:1%

Instrumented variables: weeks unemployed. Excluded instruments: unemployment rates in the region of residence
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Table 3: Different cross-sectional model specifications: WOMEN ONLY

‘ 23 to 29 years old OVER 30 years old

Variable OLS (1) OLS(2) 10Y OLS(1) OLS((2) 10Y
Dependent variable: In of real labor income, deflated by CPI 1982 — 84 = 100
potential experience 0.1731*%*  0.0996**  0.0665** | 0.0108 0.0050 0.0027
potential experience? -0.0075**  -0.0021** -0.0020* 0.0003 0.0007**  0.0007**
previous gaps -0.0918**  -0.0545%*%* -0.0662%*  -0.0604**
weeks unemployed -0.0387**  -0.1191%%* -0.0311**  -0.0650
weeks out of LF -0.0462%*  -0.0468%* -0.0414**  -0.0410%**
less than HS -0.4985**  0.0368 0.06417 | -0.4158** -0.0322 -0.0328
some college 0.2951**  0.0615*%*  0.03737 0.2135**  0.0516**  0.0482**
college graduate 0.7066**  0.2974**  0.3026%* | 0.5237**  0.2305**  0.2350**
some grad studies 0.7703**  0.2963**  0.3069** | 0.6639**  0.2772**  (0.2845%*
hispanic -0.1704**  0.0167 -0.0055 -0.0094 0.1096**  0.0987**
black -0.3500**  -0.0591* 0.0494 -0.2018** -0.0517*  -0.0355
never married 0.0933**  0.0019 0.0466* 0.0984**  0.0565**  0.0814*
separated -0.0906* 0.0368 0.1383** | -0.0310 0.0798**  0.0929%*
divorced 0.0931**  0.1032**  0.1692%* | 0.1574**  0.1577**  0.1751*%*
widowed 0.1402 0.1900* 0.0755 -0.0142 0.0170 0.0133
AFQT score 0.0041*%* 0.0027**  0.0018** | 0.0037**  0.0017**  0.0015**
AFQT, Hispanics 0.0043**  0.0008 0.0013 0.0036**  0.0007 0.0009
AFQT, blacks 0.0057**  0.0027**  0.0016* 0.0070**  0.0045**  0.0042%*%*
urban residence 0.0571%* 0.0294 0.0081 0.0256 0.0134 0.0152
SMSA resident 0.1856**  0.1008**  0.0869** | 0.2315**  0.1578**  0.1489**
northeast 0.1146**  0.0981**  0.0578* 0.1157**  0.0684**  0.0672**
south 0.1286**  0.0491**  0.0170 0.0993**  0.0283* 0.0201
west 0.0098 0.0633**  0.0527* 0.0283 0.0393* 0.0349¢
constant 7.4976%*  8.3575%*%  8.7780%* | 8.3176*%*  8.9287**  9.0053**
N of obs 14535 14231 14231 19807 19514 19510
Rﬁdj 0.159 0.534 0.310 0.168 0.461 0.432
First-stage Fiy y_p) 9.65 3.49
p-value 0.0000 0.0075
Underidentification test 38.481 13.887
xé) p-value 0.0000 0.0077
Hansen J statistic 12.632 8.636
1(23) p-value 0.0000 0.0345
Significance levels: T:10% *:5% xx:1%

Instrumented variables: weeks unemployed. Excluded instruments: unemployment rates in the region of residence
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with similar length of actual work experience are compared, and their returns to education
appear to be more realistic and in line with the existing literature on the returns to education.
Additionally, high negative returns to incomplete high school education are diminished in the
extended models with employment histories. As high school drop-outs spend the most time
not working, compared with those with higher educational attainments, they are also penal-
ized, in terms of lower earnings, for their non-working time, and not only for lower education.

While potential experience variable could be considered exogenous, since it depends on
age and completed education, actual experience (a combination of the employment histories
variables) reflects individual labor market participation choices over the years, which makes
it an endogenous variable. Hence, different gaps in the employment can be considered en-
dogenous as well. To deal with the endogeneity, I apply instrumental variables approach
and estimate IV models for cross-sectional data. A Hausman test confirms the endogene-
ity only of the “weeks unemployed” variables, while previous gaps in experience (potential
minus adjusted experience) and weeks out of labor force are treated as exogenous.!? The
set of excluded instruments for all IV specifications includes dummy variables for different
unemployment rates for labor market in the place of current residence. Treating the data as
cross-sectional for the IV estimations allows including race and AFQT score variables in the
main equation. All cross-sectional IV specifications are estimated using 2-step efficient GMM
with robust standard errors, and estimation results are presented in the columns IV, in tables
2 and 3. To test the validity of the instruments, I report the results of the underidentification
test (Kleibergen-Paap rk LM-statistic'!) and overidentification test (Hansen J statistic'?). The
instruments perform well only in some subsamples.

Compared with the OLS results, accounting for the endogeneity of the recent unemploy-
ment spells, slightly decreased the returns to potential experience for younger adults, almost
did not change them for men over 30, and the estimated coefficients remained insignificant for
women over 30. Estimated returns to experience are still noticeably higher for young adults,

which is consistent with the proposition that labor income increases more in the beginning

107 instrument all three variables and test for the endogeneity of all three of them jointly to conclude that
the null hypothesis that the regressors are exogenous could be rejected; I then instrument all three variables but
test for the endogeneity of each of them separately, and find that the null hypothesis of exogeneity of “gaps in
experience” and “weeks out of labor force” could not be rejected.

Ty test whether the equation is identified and excluded instruments are correlated with the endogenous
regressors, [ am considering Kleibergen-Paap rk LM-statistic. In this test, the null hypothesis is that the equation
is underidentified, and the matrix of reduced form coefficients on the L1 excluded instruments has rank = K1 — 1
where K1 is the number of endogenous regressors. Under the null, the statistic is distributed as x> with (L1 —
K1+ 1) degrees of freedom. A rejection of the null indicates that the matrix is full column rank, and the model
is identified.

2Hansen J statistic is used in the test of overidentifying restrictions. In this test, the joint null hypothesis is
that the instruments are valid (uncorrelated with the error term and excluded instruments are correctly excluded
from the estimation equation). Under the null, the test statistic is distributed as x? in the number of (L — K)

overidentifying restrictions.
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of the individual career. Coefficients on the previously accumulated gaps in experience are
slightly higher for women, suggesting that women are more heavily penalized for the inter-
rupted careers than men. Moreover, at the same time considering statistically insignificant
coefficients on the potential experience for women over 30, it means that it is more diffi-
cult for these women to make up for years not working, because the length of their labor
market attachment does not matter that much. Accounting for the endogeneity and instru-
menting weeks unemployed, increase the estimated coefficient on this variable for all men
and younger women. So, treating time spent unemployed as individual choice affected by
local labor market conditions, increased the negative effect of such non-working spells on in-
dividual earnings. The other coefficients in the IV models are generally comparable to those
from the respective OLS specifications that include employment gaps variables.

As descriptive evidence from the data set suggests, there is a fraction of respondents who
did not work during each survey year. Very small number of respondents have not worked at
all during all years the survey was conducted, while most of them have been in and out of the
labor force over this time. Every period an individual is making a decision of whether or not
to work, and the cumulative history of prior decisions to work along with the earnings in each
past period, will affect the decision to work in the current period. Certainly, family upbringing,
current family situation and personal motivation are important factors in the decision to work.
Since labor earnings are observed only for labor market participants, there is clearly a problem
of sample selection present in the estimation of the earnings function, where some unobserved
individual characteristics that affect one’s decision to work also affect the income earned.

I first use Heckman sample selection maximum likelihood specification to estimate my
model. Following my previous analysis, I estimate the model separately for men and women
within each of the two age groups (Table 4). Recognizing that different factors determine the
choice to work for men and women, I use different specifications for the selection equations.
For men, I use the variable to reflect whether an adult male present in the household when re-
spondent was 14, worked for pay. For women, such “role model” would be a working women
in the household when respondent was 14. I also include the number of the (biological, step
and adopted) children in the household at each year of the interview in the selection equa-
tion for women. This variable was statistically insignificant in the selection equation for men,
hence excluded from the final specification. In terms of attitudes toward work, the following
two questions were asked during the initial rounds of the interviews, “Now I would like to talk
with you about your future plans. What would you like to be doing when you are 35 years
0ld?”13 and “If, by some chance, you (and your (husband/wife)) were to get enough money to

3This question was asked during the first six rounds of the interviews. Response options included “present
job”, “some occupation”, “married, family” or “other”. I grouped those people responding “present job” or
“some occupation” into one category — those who would like to work at the age of 35, and everybody else — into
another. Since this question was asked during the first six rounds, respondents could answer it while they were 14

to 19 (the youngest cohort) up to 22 to 27 (the oldest cohort). Since there is no one age, at which any respondent
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live comfortably without working, do you think you would work anyway?”'* Indicators that
a respondent would like to work at the age of 35 (as opposed to just having a family or doing
something else), and that a respondent would be willing to work anyway, are used as variables
affecting one’s decision to work in the participation equation. Since both of these variables
reflect respondents’ attitudes early in life and do not have a panel component, I use them for
the cross-sectional data estimations. Other variables used as exclusion restrictions include the
unemployment rate in the region of residence. In the selection equation, I also control for
the marital status, ethnicity and type of residence. Estimated coefficients in the participation
equations all have expected signs. Having a working adult in the household when respondents
were young increased the probability to work when respondents became older. Positive atti-
tudes toward work are significant predictors for female labor market participation. However,
with relatively small variation in work attitudes among men, and relatively high labor force
participation, these two variables were insignificant predictors for men’s decision to work
(and also excluded from final selection equation specification). Number of the children in the
household reduced women’s probability to work in each period. As for the local labor market
conditions, lower unemployment rates (with the unemployment rate over 12% as an omitted

category) positively affect probability to work.

Table 4: Heckman selection model (ML)

‘ 23 to 29 years old OVER 30 years old
Variable Male Female Male Female

Earnings equation

Dependent variable: In of real labor income, deflated by CPI 1982 — 84 = 100
potential experience 0.1516%*  0.1003** | 0.0562**  0.0212**
potential experience® | -0.0057** -0.0021** | -0.0008**  0.0003

previous gaps -0.0656%*  -0.0722%* | -0.0504**  -0.0580**
weeks unemployed -0.0357**  -0.0370** | -0.0284**  -0.0275%*
weeks out of LF -0.0403**  -0.0431** | -0.0336%*  -0.0359**
less than HS -0.1123**  0.0183 -0.0586**  -0.0475%

Significance levels:  7:10% *:5% *x: 1%

Continued on next page

had a chance to answer this question, I decided to look at their responses at the age of 18 or the earliest age
available. Based on such age considerations and following two types of responses constructed above, I created
a dummy variable “choice to work at18” to reflect respondents’ choice to work when they become older. About
81% of respondents stated that they would like to work at the age of 35, when asked at the age of 18 (or earliest

age available).
14This question was asked only during 1979 interview, when the respondents were 14 to 22 years old. 82% of

my sample positively responded to this question. Based on the “yes—no” responses to this question, I created a
dummy variable “work anyway”.

19



Table 4 — continued from previous page

23 to 29 years old OVER 30 years old
Variable Male Female Male Female

some college -0.0150 0.0664** | 0.0735**  0.0539**
college graduate 0.2312%*  0.3143%* | 0.2944**  0.2507**
some grad studies 0.2913**  0.3272%* | 0.3517**  0.3048**
hispanic -0.0157 0.1307** | -0.0365 0.1567**
black -0.1656**  0.0643* | -0.1139**  (0.0258

never married -0.1693**  -0.0043 -0.2247%*%  0.0794**
separated -0.0490 0.0708* | -0.1191**  0.0999**
divorced -0.1168**  0.0663** | -0.0905**  (0.0913**
widowed 0.3271%* 0.2073* 0.0221 0.0840

AFQT score 0.0020**  0.0031** | 0.0029**  0.0023**
AFQT, Hispanics 0.0003 -0.0000 0.0011%* 0.0002

AFQT, blacks 0.0042**  0.0014* 0.0025**  0.0034**
urban residence 0.0190 -0.0219 -0.0227+  -0.0090

SMSA resident 0.1690**  0.0961** | 0.1534**  0.1451*%*
northeast 0.0945%*  0.0649** | 0.0439**  0.0575*%*
south 0.0372* 0.0092 -0.0386**  -0.0001

west 0.0600**  0.0458%* 0.0187 0.0500%*
constant 8.6893**  8.4949** | 9.0839**  8.9486**

Selection equation: participation in the labor market

Dependent variable: Work (positive number of weeks)

adult male worked 0.2353*%* 0.3838**

adult female worked 0.2130%** 0.1526%**
choice to work 0.0674%** 0.1431%*
work anyway 0.1168** 0.0820%**
children -0.3831** -0.1754**
hispanic -0.2426%*%  -0.1991%* | -0.3992**  -0.05457
black -0.4147%*%  -0.2043** | -0.5206*%*  -0.0895%*
never married -0.2588**  -0.2793** | -0.6318**  -0.2842%*
separated -0.3850**  -0.1378** | -0.4197**  -0.1463**
divorced -0.1008 0.0233 -0.3771%%  (0.1232%%*
widowed 5.4214%*  -0.5544** | -0.1219 -0.2509%*
urban residence 0.0827 0.1062** | -0.0462 0.0660*
SMSA resident -0.1588* 0.0016 0.2439*%*  0.0430
unemployment rates:

Significance levels :  :10%  *:5%  *x: 1%
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Table 4 — continued from previous page

23 to 29 years old OVER 30 years old
Variable Male Female Male Female
less than 3% 0.7685**  0.8287** | 0.1434 0.2081*%*
3% to 5.9% 0.2736%*  0.3689** | 0.2706**  0.1437**
6% to 8.9% 0.1829**  0.2735%* | 0.2152**  (0.1179**
9% to 11.9% 0.0959 0.1366%* | 0.1243 0.0417
constant 1.6460%*  0.9639*%* | 1.3816%*  (.8262**
athrho -0.9814**  -1.0309** | -0.7732%* -1.2125%*
Insigma -0.4495%*  -0.2805*%* | -0.4687** -0.2184**
A -0.481 -0.585 -0.406 -0.673
Std.err. (for A) 0.020 0.029 0.026 0.014
9512 (Wald test) 105.135 143.338 47.727 650.581
p —value 0.000 0.000 0.000 0.000
N of obs 11826 16795 16004 22567
Significance levels :  T:10%  %:5%  #*x: 1%

I also make an attempt to correct for the sample selection using panel nature of the data.
Among the variety of the estimators proposed by different authors, I will use an extension
of the estimator proposed by Wooldridge (1995). As it was mentioned above, I estimate
participation equation (3) for each period by a probit model, generate respective period-by-
period A's, and then estimate earnings equation (2) by instrumental variables, fixed effects,
and fixed effects IV, including A estimated in the first step as an additional regressor (Tables 5
and 6). In cross-sectional and panel IV specifications, corrected for by-period selection, I use
all of the exclusion restrictions as above, apart from the unemployment rates, since the latter
are used as excluded instruments for the endogenous “weeks unemployed” variable.

In Heckman ML estimations, estimated A coefficients were statistically significant for all
gender-age groups, implying the importance of sample selection into the labor market for all
respondents. However, using by-period sample selection correction (as in Tables 5 and 6),
estimated A coefficients are statistically significant in all specification for women, but signifi-
cant only in some specifications for younger men. Negative A coefficients suggest that there is
some non-random selection into the labor market, and some of the unobserved characteristics
that determine one’s decision to work, are also the characteristics that negatively affect one’s
income.

Once sample selection is accounted for and additional measures of labor market experi-
ence are used, the estimated coefficients on potential experience become statistically signifi-

cant for women, hence can be compared with the respective estimates for men. While returns

21



to experience are somewhat smaller for women in the respective age groups, their losses of
earnings associated with the interrupted careers are similar or even slightly bigger than those
of men.

In addition to comparing estimated returns to experience and depreciation rates due to the
lost time, it is also interesting to see how the gender wage differential changes, when model
specifications are extended to account for heterogeneous employment histories.

Following Jann (2008), I applied Blinder-Oaxaca decomposition technique (Oaxaca, 1973;
Blinder, 1973) to estimate the gender wage differential. I am interested to see whether im-
proving the specification of the wage equation decreases the “unexplained” part of the wage
differential. Better accounting for the employment histories should decrease the effects of
gender discrimination, as both men and women with weak labor force attachment should be
paid less.

I present the results of Blinder-Oaxaca decomposition for the two age groups (Tables 7
and 8) based on the model specifications discussed above. In the benchmark model, I use
only potential experience, while expanded model also has gaps in employment included. For
the sample selection model, I adjust for the selection for each gender group separately using
Heckman maximum-likelihood estimation.

In the sample of younger adults (Table 7), the mean of the log income is between 9.33 and
9.42 for men across different specifications, while it is between 8.88 and 9.06 for women. The
gender difference in predicted means of log income is 0.44 for the OLS and IV specifications,
and slightly lower 0.35 for the Heckman selection model. In the three-fold decomposition,
the income gap is divided into three parts. The first part reflects the mean increase in women’s
income if they had the same characteristics (endowments) as men. Quite interestingly, in the
benchmark specification, where I control for the education and other demographics, if women
had the same endowments as men, they would be paid less. A possible explanation for this
would be higher educational attainments of women: there are more women with some college
education, while there are more men who are high school drop-outs. So if women indeed had
the characteristics of men, with slightly lower education for at least some categories, women
would earn less. However, in the extended models controlling for employment history, if
women had the same (higher) degree of labor force attachment as that of men, there earnings
would increase by 8-14%. The second part estimates the change in women’s income when
applying the men’s coefficients to the women’s characteristics (hence reflects the effects of
gender discrimination). The third part is the interaction term that measures the simultaneous
effect of differences in endowments and coefficients. In the two-fold decomposition, income
differential is divided into two parts: explained (due to the differences in the characteristics)
and unexplained. For the two-fold decomposition, the reference coefficients are obtained from
the pooled model, which has an indicator for each gender group. Based on the decomposition
results, the unexplained part of the income differential decreased as I introduced additional
variables to reflect the gaps in employment, and decreased even more when sample selection
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Table 5: IV and FE, corrected for (by-period) selection: MEN ONLY

‘ 23 to 29 years old OVER 30 years old

Variable v FE FE IV 10 FE FE IV
Dependent variable: In of real labor income, deflated by CPI 1982 — 84 = 100
potential experience 0.1453**  0.1768**  0.1650** | 0.0512**  0.0717**  0.0642%*
potential experience® | -0.0059** -0.0075** -0.0068** | -0.0009** -0.0012%* -0.0011%*
previous gaps -0.0531**  -0.0081 -0.1057* | -0.0296** -0.0455*%* -0.0780**
weeks out of LF -0.0420**  -0.0343**  -0.0355*%* | -0.0331** -0.0297** -0.0301%**
weeks unemployed -0.0537**%  -0.0297**  -0.0685%* | -0.1059** -0.0247** -0.0946**
less than HS -0.1079**  -0.1057 -0.0411 -0.0668**  0.0990* 0.1764*
some college -0.0255 -0.2167**  -0.3378** | 0.0677** -0.0485 -0.0820
college graduate 0.2171**%  0.2440**  0.0813 0.3019**  0.1840**  0.0762
some grad studies 0.2782**  0.4016**  0.1237 0.3596**  0.2535**  0.0794
hispanic 0.0064 -0.0720*
black -0.1434** -0.1161%*
never married -0.1362**  -0.03607 -0.0410 -0.2270**  -0.0568*  -0.0555%
separated -0.0192 0.0507 0.0104 -0.1041**  -0.0403 -0.0184
divorced -0.1107**  -0.0500 -0.0358 -0.0572*%  -0.0462**  -0.0237
widowed 0.0000 0.2817* 0.0000
AFQT score 0.0014%** 0.0028%**
AFQT, Hispanics 0.0000 0.0012%*
AFQT, blacks 0.0039%** 0.0019%**
urban residence 0.0165 0.0061 0.0142 -0.0140 -0.0320*  -0.0117
SMSA resident 0.1564**  0.0760* 0.0494 0.1472*%*  0.0261 -0.0240
northeast 0.0851**  0.0878 0.0213 0.0211 0.0002 -0.0372
south 0.0231 0.0346 -0.0009 -0.0562*%*  -0.0263 -0.0357
west 0.03867 0.09637 0.0598 -0.0031 -0.1053*  -0.0883
A (male) -0.6748** -0.3517*  -0.1420 -0.0999 0.1272 0.1124
constant 8.8433**  8.6771%* 9.2374%*  9,1368%**
corr(cj,xb) 0.1605 0.2165
LM test statistic 79.5147 25.6438 29.7160 16.0016
xf p-value 0.0000 0.0000 0.0000 0.0030
Hansen J statistic 18.1771 3.6645 2.7518 3.0290
9532 p-value 0.0004 0.3000 0.4315 0.3872
N of obs 11266 11266 11231 15101 15103 15060
Significance levels :  1:10% *%:5% *x: 1%

Instrumented variables: weeks unemployed. Excluded instruments: unemployment rates in the region of residence
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Table 6: IV and FE, corrected for (by-period) selection: WOMEN ONLY

‘ 23 to 29 years old OVER 30 years old

Variable 10 FE FE IV 10Y FE FE IV
Dependent variable: In of real labor income, deflated by CPI 1982 — 84 = 100
potential experience 0.0802**  0.1319**  0.1124** | (0.0090 0.0209**  0.0183%**
potential experience® | -0.0027** -0.0053** -0.0039** | 0.0005%*  0.0003* 0.00047
previous gaps -0.0572**%  -0.0596** -0.12817 | -0.0618** -0.0518** -0.0634%**
weeks out of LF -0.0465** -0.0381** -0.0397** | -0.0407** -0.0348** -0.0349**
weeks unemployed -0.0989**  -0.0354** -0.08187 | -0.0539 -0.0270**  -0.0619
less than HS 0.0734*  -0.1148 -0.0134 -0.0127 0.0214 0.0329
some college 0.0390*  -0.1491** -0.2441* 0.0445*%*  0.06937 0.0733
college graduate 0.2939**  0.3187**  0.1920 0.2288**  0.2088**  0.1965%*
some grad studies 0.2983**  0.3332**  (.1178 0.2735*%*  0.2002**  0.1791*
hispanic 0.0294 0.1043%**
black 0.06937 -0.0193
never married 0.0444%* 0.0543* 0.0686* 0.0996**  0.1015**  0.1153%%*
separated 0.1436**  0.0812* 0.1001%* 0.1276*%*  0.0687**  0.0704*
divorced 0.1479*%*  0.0935**  0.1246** | 0.1627**  0.0596**  0.0668**
widowed 0.0880 0.3706**  0.3044* 0.0519 0.0174 -0.0353
AFQT score 0.0019%* 0.0009%*
AFQT, Hispanics 0.0009 0.0009
AFQT, blacks 0.0012 0.0039%*
urban residence -0.0063 0.0356 0.0385 0.0094 -0.0180 -0.0239
SMSA resident 0.0927**  0.0788* 0.0442 0.1522%*  0.0275 0.0230
northeast 0.0548*  -0.0742 -0.0886 0.0549**  -0.0448 -0.0754
south 0.0186 -0.0022 0.0042 0.0109 -0.1349**  -0.1525*
west 0.0498*  -0.0611 -0.0527 0.0315 -0.1474**  -0.1493*
A (female) -0.2592#*%  -0.4492*%*  -0.4688** | -0.3856** -0.6508** -0.6363**
constant 8.7313**  8.5919%* 9.0540**  9.2367**
corr(cj,xb) 0.1833 0.1797
LM test statistic 36.0974 6.7931 13.0817 7.8826
xf p-value 0.0000 0.1472 0.0109 0.0960
Hansen J statistic 12.0890 4.5708 11.0142 6.4810
X3 p-value 0.0071 0.2061 0.0116 0.0904
N of obs 13548 13548 13397 18473 18477 18370
Significance levels :  1:10% *%:5% *x: 1%

Instrumented variables: weeks unemployed. Excluded instruments: unemployment rates in the region of residence
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was accounted for. The decomposition results are similar for the older adults (Table 8), but
gender income differences become larger, and so are the unexplained part of this differential.
Overall, accounting for the heterogeneous employment histories, intermittent careers, and
sample selection into the labor market allows to reduce the unexplained part of the wage

differential by around 50% in some specifications.

Table 7: Blinder-Oaxaca decomposition results: Respondents aged 23 to 29
Benchmark IV with  Heckman,
OLS selection ML

Difterential
Prediction (males) 0.3296%* 9.3817%*  9.4]155%*
Prediction (females) 8.8843%** 8.9362**  9.0640%**

Difference 0.4454%* 0.4455%*  0.3515%*
Three-fold decomposition

Endowments -0.0371%** 0.0841**  0.1370**

Coefficients 0.4845%* 0.3615%*  0.2304**

Interaction -0.0021 -0.0000 -0.0159**

N of obs (males) 13698 10626 11320

N of obs (females) 14535 11181 13548

Significance levels:  1:10% *:5% *x: 1%

6 Conclusions

Adequate measures of employment histories and acquired work experience are essential for
the range of empirical applications, especially those relying on the earnings equation. In this
paper I augment the traditional Mincerian measure of potential experience with additional
variables to reflect time not working. The estimations are performed separately for men and
women of different age groups, since employment histories and earnings patterns are different
for each subsample.

I estimate about 5% returns to experience among men over 30 years old, and these results
are robust across all specifications I use: benchmark OLS, extended OLS, IV specifications
and selection corrected models. On the contrary, for younger men potential experience mea-
sure used alone (as in the benchmark OLS) overestimates the returns to experience by around
35%. Accounting for the time spent not working, for the endogeneity of the unemployment
spells and for the unobserved heterogeneity, reduces estimated returns to experience from 23%
to 14-17%. Similarly, for the younger women, potential experience in the traditional specifi-
cation overestimates the returns to experience as well, and the estimated coefficient goes down
from 17% to 6-13% in the alternative specifications. For women over 30, estimated returns to
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Table 8: Blinder-Oaxaca decomposition results: Respondents over 30 years of age
Benchmark IV with  Heckman,
OLS selection ML

Differential
Prediction (males) 9.8120%** 9.8622** 9.8953%**
Prediction (females)  9.2493%*%* 9.2900**  9.4648%**

Difference 0.5627%* 0.5722%*  0.4305%*
Three-fold decomposition

Endowments -0.0227%** 0.1707**  0.1648**

Coefficients 0.5514%*%* 0.4601** 0.2526**

Interaction 0.0339**  -0.0586*  0.0131%*

N of obs (males) 18088 14203 15153

N of obs (females) 19807 15258 18473

Significance levels:  1:10% *:5%  *x: 1%

experience became statistically significant only in the models adjusted for non-random selec-
tion into the labor market. Returns to experience among older women are noticeably smaller
(only around 2%) as compared to the men in the same age group.

In all of the specifications, I separate time not working into more old employment gaps
and more recent unemployment and out of labor force periods. The estimated coefficients on
all types of non-working time are negative and statistically significant. Previous, more remote
gaps have smaller negative effect on the earnings than most recent non-working spells. The
effects of previous gaps are more prominent for the younger adults (as compared to those over
30), as well as for women (as compared to men in the respective age group) in most of the
specifications. Accounting for the endogeneity of the weeks unemployed and instrumenting
this variable with the unemployment rates in the region of residence, increases the negative
effect of the estimated coefficients on weeks unemployed.

Using more comprehensive measures of employment histories affects not only the esti-
mated coefficients on the returns to experience, but also the estimated returns to education and
the coefficients on the race/ethnicity variables. While in the traditional (benchmark) specifica-
tion high earnings are explained by higher levels of education, in the augmented specifications
with detailed employment histories measures, higher yearly earnings are explained by a com-
bination of higher levels of educations and lower unemployment gaps among highly educated
individuals. The negative effects of the race/ethnicity variables decrease in the specifications
using more comprehensive experience (and gaps in experience) measures. This suggests that
the effect of race discrimination in the labor market decreases when actually acquired experi-

ence, as opposed to potential labor force attachment, is accounted for.
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Appendix

Reasons for non-interview

Every year some individuals did not respond to the interview for the following reasons:
e parent and/or youth refusal
e unable to locate family unit and/or youth
e deceased

e very difficult case, do not refield
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