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Abstract

This paper assesses the trade-off between acquiring specialized skills targeted for
a particular occupation and acquiring a package of skills that diversifies risk across
occupations. Individual-level data on college credits across subjects and labor mar-
ket dynamics reveal that diversification generates higher income for individuals
who switch occupations whereas specialization benefits those who stick with one
type of job. A human capital portfolio choice problem featuring skills, abilities,
and uncertain labor outcomes replicates this general pattern and generates a siz-
able amount of inequality. Policy experiments illustrate that mandatory special-
ization generates lower average income growth, lower turnover and marginally
lower inequality.
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1 Introduction

Every occupation requires a different set of skills. Conversely, many skills are useful, to
different degrees, in a wide variety of professions. A literary editor, a corporate lawyer
and a marine biologist all apply related skills involving reading, writing and arith-
metic but in different amounts. Moreover, some occupations appear to more heavily
emphasize a subset of particular skills whereas other professions more or less weigh
skills evenly. Engineers, for instance, are likely to be more specialized than sales reps.

Individuals acquire many of these different skills before entering the workforce at
which point they face the uncertainty of settling on a trade or profession. A college
graduate may, for example, study music but not make it as a musician. Knowing these
risks, students will want to balance their efforts in case their initial target occupation
does not work out. They will want to choose the composition of their courses to acquire
a set of skills based on inherent abilities and on their expected payoffs in prospective
professions.

To help assess the impact of occupational matching uncertainty on the range of ac-
quired skills and on earnings dynamics, this paper first establishes panel data evidence
linking labor market outcomes with the fit of an individual’s acquired skill set in their
chosen occupation. The paper then constructs, estimates and assesses a human capital
portfolio choice problem for individuals facing an uncertain labor market.

A precise economic framework is spelled out to discern underlying trade-offs. Stu-
dents who vary in both their innate abilities to learn and in their potential in distinct
jobs will choose their set of skills based on these differences. Coupled with labor mar-
ket uncertainty, these unobservables will also generate idiosyncratic labor market out-
comes. As a result, students targeting the same first occupation are likely to acquire
different portfolios of skills to use in their intended job as well as in their back-up plan.
The skills portfolio decision problem put forward in this paper is used to identify the
roles these different unobserved factors play from detailed information on human cap-
ital choices and labour market histories.

The framework adopted here assumes that agents know from the outset their abil-



ities to acquire imperfectly substitutable skills. They also receive an initial signal of
their potential "fit’ or prospects in a number of occupations. Given this personal in-
formation as well as the expected skill payoffs in each profession, agents choose their
human capital portfolio, that is, the amount of each skill they acquire. After investing
in training, individuals enter their preferred or primary occupation.

Each occupation values all human capital types but to a different degree. Human
capital, expected productivity and the initial fitness signal in that profession determine
initial pay. As employment continues in an occupation, an agent’s true productivity is
at some point fully revealed. Those with good realizations stay in that job permanently
and earn their true productivity. Those with poor draws try their second best option
again without initially knowing their true quality in the new job. The process repeats
itself until the individual settles in an occupation.

This framework reveals a tension between specialization and diversity.' Innate tal-
ents and idiosyncratic signals of potential provide an incentive for individuals to spe-
cialize by acquiring skills that reflect their personal circumstances. Students rationally
pursue those subjects in which they show promise and talent. In contrast, the risk of
low productivity draws in each occupation provides an incentive to acquire a more
widely applicable portfolio of human capital skills.

Using the 1980 High School and Beyond (HS&B) survey which has detailed in-
formation from post-secondary transcripts, we quantitatively assess this trade-off be-
tween specialization and diversity. For the most part, students in the US begin to spe-
cialize after high school as they choose post-secondary institutions and then majors.
Minors and elective courses further allow students to tailor a portfolio of skills based
on their innate abilities and their career aspirations. Transcripts in HS&B thus give
empirical measures of human capital portfolios that are used to find the underlying
parameters of the skill distribution, the signals of occupational fit and the technologi-

cal skill use by occupations.

This familiar tension has long been acknowledged and dates back to Smith (1776).



The HS&B survey also contains labor market histories for individuals’ early careers
- up to around the age of thirty - that link human capital portfolios to individual earn-
ings and labor market dynamics. Looking at the pattern of earnings, the estimated
model performs well. The estimates of the model are based primarily on matching the
observed human capital portfolios and the pattern of occupational switching. None
the less, simulated data found using these estimates mirror the observed relationship
between portfolio concentration, career switches and earnings.

Targeting and hedging in the portfolios appear to affect earnings in similar ways in
both the simulated and actual data. The model implies that the realized fit in a profes-
sion translates into productivity and hence pay. Agents with more targeted portfolios
who remain in an early career choice experience higher earnings and earnings growth.
Workers with more versatile portfolios who switch earn more than switchers with spe-
cialized portfolios. Those who settle early, that is those who realize better first draws,
receive high and rapid growth in earnings. Those who switch encounter an immediate
earnings decline. Similarly, those who settle early tend to earn more than those who try
several professions. Occupational mobility also declines and the earnings distribution
fans out over time.

As the model and data are close along several dimensions of interest, it is natural
to consider policies that shape the hedging decision. We find that a European-style
education system characterized by mandatory specialization in an occupation gener-
ates a lower degree of turnover, lower earnings growth, and lower dispersion of (log)
earnings. An alternative system that allows for more breadth and hedging opportuni-
ties (the US higher education system) trades off higher growth rates in earnings (and
higher education expenditure) for a slightly more unequal income distribution.

These results extend the human capital literature with uncertainty. The early hu-
man capital literature developed to understand earnings over the life-cycle, Becker
(1994) or Ben-Porath (1967), focused on investments in homogeneous human capital.

Subsequent contributions added uncertainty about future rewards. Levhari and Weiss



(1974) and Altonji (1993) are two prominent examples. More recently, Wasmer (2006)
as well as Gervais, Livshits, and Meh (2008) study from a theoretical perspective the
trade-off between (more risky) specific and general human capital during periods of
aggregate “turbulence”.’

A parallel literature considers multi-dimensional endowments of abilities which
determine self-selection of individuals into different sectors, as in Heckman and Sed-
lacek (1985) and Heckman and Sedlacek (1990), or occupations, as in Willis (1987).
These studies formalize the static Roy (1951) model of comparative advantage and
occupation selection.” Keane and Wolpin (1997) use a dynamic Roy framework to
estimate a structural model of a joint schooling and occupational choice decision. In
Keane and Wolpin's framework, individuals have an initial endowment of occupation-
specific abilities (including an ability level to accumulate human capital) and they con-
trol their schooling and occupational choice to maximize lifetime earnings.* See also
Gathmann and Schonberg (2010) and Yamaguchi (2012) who extend that literature by
redefining occupations as bundles of tasks and exploring the pattern of mobility of in-
dividuals across occupations. Employing a similar framework Sanders (2011) analyzes
the interaction between learning about one’s abilities and occupations transitions. Fi-
nally, Arcidiacono (2004), Kinsler and Pavan (2012) study to what degree the different
observed rates of return of alternative majors can be explained by selection into majors
and jobs. The focus of these studies is not an optimal portfolio choice motivated by
5

uncertainty about occupational fit and its implications for earnings dynamics.

Other papers on occupational and job turnover emphasize the importance of learn-

2 An empirical literature has developed to evaluate the degree of mismatch between occupations and
the choice of major or field. Malamud (2010) and Robst (2007) are two examples in this extensive liter-
ature. Malamud examines the relationship between the timing of the choice of field and the likelihood
of working in an unrelated occupation. Robst explores the wage effects of the distance between field of
study and occupation.

3Lazear (2009) and Schoellman (2010) are more recent examples of works that share some elements
with that earlier literature.

4Other studies in the literature of occupational choice include Sullivan (2010) and James (2012).

5For an overview of studies on human capital with an emphasis on its multi-dimensional nature, the
reader is referred to Sanders and Taber (2012).



ing through the acquisition of information after individuals enter the labor market.
Jovanovic (1979) and Miller (1984) follow up and formalize to some extent the nar-
rative approach of Stigler (1962). Miller’s model of the labor market is close to the
one employed here, although he abstracts from human capital investment. The dis-
tinguishing feature of Miller’s framework is the sequential revelation of information
as individuals try new occupations or careers which generates a trade-off between ex-
ploring new occupations and exploiting the current one. More recent work includes
Antonovics and Golan (2012) who study the tradeoff between information and wages
in a model of occupational choice. They use a model of job choice to infer how much
information different occupations reveal about workers’ productivities.®

Finally, a substantial literature studies the nature of shocks that individuals experi-
ence over the life-cycle and the cross sectional inequality in earnings that these shocks
generate. Huggett, Ventura, and Yaron (2011) investigate whether shocks experienced
over the life cycle or differences established early in life determine the bulk of cross-
sectional earnings inequality. Kambourov and Manovskii (2009) explore the link be-
tween the rise in occupational mobility and the rise in earnings inequality. That link is
also central to our work here, so much so that restrictions to the choice of human cap-
ital in the model generate a lower degree of occupational mobility and a more equal
distribution of earnings. Lifting those restrictions overturns the results.

This paper contributes directly to these literatures by considering the choice of the
optimal mix of skills under occupational uncertainty. It examines the interaction of
that choice with the information revealed as labor market histories unravel and their
consequent effect on occupational transitions. The framework and empirical evidence
presented provide a new way to analyze the dynamics of occupational switching, la-

bor earnings and the accompanying inequality that arises during the early years of

®Neal (1999) studies workers’ decisions in the early stages of their labor market careers emphasizing
the two-stage nature of their search strategy. Individuals first settle on an occupation or career path.
After this decision has been made, they start shopping for better jobs. This two-dimensional search
leads to a large amount of turnover among the young explored in detail by Topel and Ward (1992).



individuals’ life-cycles.

2 Preliminary Evidence

2.1 Data

This section examines the observed empirical relationship between portfolios of hu-
man capital acquired through formal post-secondary education and the dynamics of
labor market earnings observed in the 1980 Sophomore Cohort of the High School and
Beyond (HS&B) survey. This panel dataset contains a rare combination of informa-
tion on post-HS credits obtained in different areas of study as well as information on
post-training labor market histories.”

The HS&B survey, conducted by the National Center for Education Statistics, inter-
viewed a nationally representative sample of high school students who were sopho-
mores in 1980 once every two years between 1980 and 1986 and once again in 1992.
For each student/worker, these interviews recorded annual labor market outcomes in
employment, earnings and occupation that individuals experienced from the first year
after graduation until the last year of the panel (1991).

The labor market data from the survey were merged with information about post-
secondary credits in different fields found in the Post-Secondary Education Data Sys-
tem (PETS). PETS contains institutional transcripts from all post-secondary institutions
attended for a sub-sample of students present in the survey. These high quality, admin-
istrative data provide the measures of human capital diversification used here.

The initial HS&B survey contains 14,820 students. A sub-sample of about 8,000
transcripts was requested by the PETS study, and those received were encoded. Many

students, however, did not advance very far in higher education. An initial sample of

"The 1993-2003 Baccalaureate and Beyond Longitudinal Study contains similar information on edu-
cation but among other things has less information on labor market histories. The NLSY has good labor
market data but less complete education information. One feature we do not observed in the HS&B is
the amount of hours worked. Thus, throughout the study the terms earnings, wage and income are all
used to denote the same concept: compensation for labor in a given period.
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about 5,700 records is therefore further restricted to those students who earned at least
75 credits. This restriction along with requiring sufficiently complete labor market
histories yields a sample of 2,130 students. The Appendix provides a step-by-step
description of the selection process as well as other data-related issues including details
on the construction of human capital portfolios.

Human capital portfolios, calculated from transcript credits, contain three areas or
components of study. Using information from PETS, we group credits into (i) quantita-
tive and scientific courses including engineering and computer science, (ii) humanities
including history, foreign languages, fine and performing arts, and (iii) social science,
business and communications. Label these three groups Q, H and SS respectively.
Credits in sub-categories (e.g. in fields such as biology, literature, sociology and so
on) are available but not used. Using these more refined data not only drastically in-
creases computational complexity, but also lowers the reliability of classification given
the widespread existence of overlapping fields.

Given credits (weighted by GPA® ) in each area or type of human capital k €
{Q, H, S5} the weights in the human capital portfolio of an individual readily follow

as:

B Creditsy
Z]'E{Q,H,SS} CVEditS]'

Wi

Table 1 displays these portfolio weights by occupation and overall across the popula-
tion. For each broad occupation category, the table displays the mean and the standard
deviation of the distribution, across individuals, of the weights in each of the three
human capital types.

Table 1 reveals substantial variation in the average human capital investments across
occupations. The mean weight on humanities varies from fairly low values in Engi-

neers (0.09) and Computer Related Technicians (0.12), to values of a little more than

8Using credits unweighted by a students GPA (a standard measure of performance) does not mate-
rially affect this analysis. Section 2 in the Appendix provides results for that case.



half for Arts Professional. It is not surprising that Engineers have the highest mean
weight in quantitative human capital (0.80), whereas this area of study represents
barely 18% of the portfolios of Arts Professionals. School Teachers, Clerical, Sales and
Other Professionals have the highest shares of business and communications human
capital, allocating up to half of total credits on average, to this component.

Substantial variation also appears across portfolios within particular occupations,
although the extent of within group variation in portfolios differs considerably. Engi-
neers appear more homogeneous than Computer Related Technicians or Medical Pro-
fessionals. The standard deviation of their quantitative human capital weight is only
0.12 which produces a relatively small coefficient of variation. In contrast, the average
weight in the quantitative area for Computer Related Technicians is somewhat smaller
but the standard deviation nearly doubles.

Each student has a vector of human capital weights wy, k € {Q, H,SS}. The com-
ponents measure the proportion of each skill type k in the overall portfolio. Viewed
on its own, a skewed or balanced portfolio does not imply specialization or diversity
of human capital investments. Students may opt for a uniform allocation of credits
across fields to self-insure against shocks or because a particular occupation explicitly
rewards balanced skills. To assess how well tailored an individual’s acquired skill set
is for a particular job, human capital investments must be viewed relative to a bench-
mark in that occupation.

There are several potential approaches to (as well as difficulties in) measuring how
well suited a given set of acquired skills is to a particular occupation. This paper adopts
a natural if crude measure. Suppose an individual enters the labor market with human
capital vector (wq, wpy, wss) and first works in some given occupation. The degree of
hedging, &, for this particular individual - occupation pair is defined as the standard

Euclidean distance in R® that the individual’s portfolio lies from the average portfolio



observed in the first chosen occupation:

6= \/ Yo (wr—@p)?
ke{Q.H,5S}

where @; denotes the typical (or average) portfolio of those students who represent a

good match in the chosen occupation. A match in an occupation is considered good if
a worker initially chooses that occupation and does not leave. A portfolio is tailored
to a given occupation if that portfolio is “close” to the average portfolio of those who
started and stayed in that occupation. Hedging is simply the distance between the
portfolio weights and the typical portfolio of the first occupation after graduation.
The upper panel of Table 2 displays summary statistics describing the distribution
for this measure as well as for four other relevant variables. l0g(Yo;) denotes (logged)
earnings level observed in 1991, deflated by the CPI. AY denotes the average annual

growth rate of earnings for individuals as given by

AY = olog(Yor/Yor_1)/(T-1) _q

7

where Y91 _7 denotes earnings (deflated for the appropriate year) in the first year after
graduation and T the time in years of individual labor market history. CRED denotes
the total number of raw credits. Finally, STAY is an indicator variable that takes the
value 1 if an individual never switches occupations and equals 0 otherwise.’

For this sample of students, the measure of hedging, §, displays considerable dis-
persion across individuals. The standard deviation is 0.18 for a variable that ranges
between 0.007 and 0.994, has a mean value of about 0.3, and is bounded between zero
and one.

Real earnings growth per year in this sample averages about 8.3% with dispersion

in line with other studies. Since retrospective surveys frequently suffer from a large

9 The figures given in Table 2 correspond to a distribution of individuals truncated to eliminate the
top and bottom 0.5% of average earnings growth. See Section 1 of the Appendix.



degree of measurement error, we compared the earnings distribution for the years in
our HS&B sample to a similar sample from the Current Population Survey (CPS) and
found that the two samples are similar. The Appendix reports the results of this com-
parison. !’

As the majority of individuals in our sample achieve at most a bachelor’s degree, it
is not surprising that the median of the distribution for college credits (CRED) is 120.
Some high-achievers take over three hundred credit hours, but these are the exception
as the standard deviation for this measure is only 28. Finally, note that a little over
half the individuals never switch their occupations during the observed labor market
histories.

The lower panel of Table 2 provides the raw correlations between these measures.
Most of these correlations are significant. It seems sensible that the higher the de-
gree of diversification, the higher the probability an individual switches occupations
as reflected in the negative correlation between J and STAY. The positive albeit in-
significant relationship between hedging and the number of credits taken hints at the
possibility of individuals diversifying by adding credits rather than by transferring
credits across areas. On the other hand, note that there is an intriguing negative rela-
tionship between earnings growth and remaining in the same occupation. Note as well
that the unconditional correlation between income growth and hedging is positive and

significant.

19Tt would be useful to control for hours worked and get a measure of earnings per unit of time but
this is only partially feasible. Although the survey reports the monthly unemployment history (which
we account for in our measures), it does not contain hours worked during the periods of employment
or whether employment is part-time or full-time. As a result, some extreme values, for example, the
minimum observed of —0.417 could be due to voluntary changes in hours worked because of health,
family or other reasons. In what follows, it is very difficult to discriminate among possible causes for
those fairly extreme earnings changes.

10



2.2 Empirical Regularities

Interesting patterns emerge after conditioning on occupational switching. To investi-
gate the empirical regularities beyond raw correlations, Table 3 presents OLS regres-
sion estimates linking the observed final earnings, log(Yo1), and the portfolio distance
measure, 5.1

The first column of results reports regression coefficient estimates of (log) earn-
ings on ¢ and three further controls - the logarithm of the respondent’s initial earnings
log(Ye;_1),'? the logarithm of the total of credits, log(CRED), and the individual’s
gender, SEX. The regressions also include GPA and dummies for major, occupation
and type of degree but for brevity these coefficients are omitted. As one might expect,
the coefficient on initial earnings is positive and significant. Likewise, male earnings
are on average higher than women’s earnings. The estimated coefficient on credits is
negative, which can be attributed to a variety of factors.

With only these three added controls, the relationship between income and hedging
is positive. It is, however, associated with a large standard error so the estimate is
insignificant. On average, individuals who have portfolios close to the average in their
initial occupation (i.e. portfolios with limited hedging) experience lower earnings but
there is considerable noise associated with this estimate.

From the adjacent column, these results change very little after adding the control
STAY which accounts for occupation change. Those who never switch occupations
tend to earn more. The estimated coefficient is 0.072 and significant. The positive
estimated coefficient implies positive returns to occupational tenure, which is in line

with previous findings in the literature.'

The division of human capital into three types of skills is obviously not the only one possible. To
assess the sensitivity of the empirical results to an alternative division, we consider four types, with
humanities and fine arts representing two different categories as reported in PETS. The results are very
similar to those obtained with three types of skills and for that reason reported in Section 2 of the Ap-
pendix.

12Initial earnings are denoted by log(Yo; 1) since the first year of a labor market history is individual-
specific and does not correspond to a unique calendar year.

13Gee, for example, Kambourov and Manovskii (2009). However, Groes, Kircher, and Manovski (2009)

11



Some occupational transitions are primarily lateral moves for people who want to
or are induced to do something else. Other job changes are natural progressions up a
career ladder. To control for the more vertical (as opposed to horizontal) moves, the
third column of results includes a dummy variable, CAREER, which equals one for
occupational switches (only comparing the first and last period in an individual’s la-
bor market) that end in managerial positions either from Sales, Clerical, Professional -
Engineering or Other Professional occupations and zero otherwise. Not surprisingly,
the estimated coefficient of CAREER is positive and significant. Adding this control
variable has little effect on the other estimates including J which continues to be in-
significant.

The last column of Table 3 offers interesting evidence on portfolio hedging. This
regression specification includes an interaction term between occupational switchers
and the diversification measure, 6 x STAY. The effects are intriguing. It appears that if
an individual switches occupations (STAY = 0), a flexible portfolio pays off. For those
who change jobs, a portfolio further away from the average portfolio of the previous
occupation is associated with a higher and now significant increase in earnings. Note
as well that the coefficient on STAY becomes substantially higher: 0.19 up from 0.07
and 0.10. The coefficient on the interaction term J x STAY is negative, significant and
substantial. On average higher earnings occur for those who remain in an occupation
and this effect increases once we take into account their portfolio diversification.'*
Finally, Table 4 reports results from a Probit model with STAY as the dependent

variable. Recall that this variable takes the value one if the individual never switches

note that not all occupational switches are created equal. Movements to occupations higher in the hi-
erarchy (e.g. managerial occupations) should be associated with increases in earnings. Using Danish
data they find that the best-performing and the worst-performing workers in an occupation are more
likely to switch than those in the middle. Below we show that our data confirms that some occupational
switches (e.g. those that end in managerial positions) are associated with increases in earnings.

4The pattern of the regressions in Table 3 is robust to alternative specifications. It remains unchanged
if we use other measures of mismatch in the initial occupation. Likewise, the pattern remains the same
if income growth rather than income level is the dependent variable. The pattern also does not change
if we do not weight credits by GPA, if we include information about a student’s performance on high
school standardized tests, if we do not control for type of degree or if we measure J relative to other
students in the same major. See Sections 2 and 3 of the Appendix for details.
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occupations and zero otherwise so these estimates relate to occupational mobility. In
all four specifications of the controls, which again include GPA and major, occupation,
and type of degree dummies, the relationship between hedging and the probability of
an occupational transition is negative, significant and similar across specifications. In
other words, the further away an individual’s portfolio is from the average portfolio of
his first occupational choice, the more likely they are to switch to a different occupation.
Women are on average less likely to stay but the relationship between the two variables
is fairly weak (the t-statistic is only —1.29). Individuals who start with relatively high
initial earnings are more likely to stay in their first occupation, whereas those with a
larger number of credits are more likely to move. Initial earnings are significant but
the estimate for credits is not.

To gauge the magnitude of the regression estimates, suppose an individual with a
mean ¢ has this distance measure reduced by one half, a change of less than one stan-
dard deviation. Given the point estimates in Table 3, the change in final income for
those who do not switch occupations is small as the § and the § x STAY terms offset
each other. The rise in income is less than one half of one percent. For those who
switch occupations, the impact is more substantial as annual income falls by approxi-
mately 3.5%. From Table 4, for an individual with X = 0, the same change raises the

probability of not switching between 3.8% and 4.6%

3 The Portfolio Problem

The results presented above suggest that specialization as well as risk diversification
are important considerations in determining the acquisition of job market skills and the
subsequent labor market experience. A more thorough empirical assessment requires
a more fully specified economic framework. This section therefore presents a decision-
theoretic model in which individuals optimally choose a vector of skills, or human

capital types, when future occupational fit is uncertain.

13



3.1 Environment

Suppose individuals with discount factor € (0, 1) live for an infinite number of dis-
crete periods, t = 0,1,2,.... Individuals choose their human capital investments, i.e.
their set of individually distinct skills, in the initial period (¢ = 0) to optimize expected
discounted lifetime earnings. There are K skills that can be employed in | occupations.
All occupations value all skills but to different degrees. Denote an individual portfolio
of skills by h = {h, ..., hg }.

Individuals are well aware of their individually specific ability to accumulate or
invest in the different skills that make up their skill portfolio. Before choosing h, an
individual draws a vector of abilities for each type of human capital, ¢ = (&1, ..., Ck)
from F(¢). The element ¢ represents an individual’s capacity to accumulate skill of
type k. The total cost (in utils) of investing in an individual’s portfolio is given by
C(h, &) : R? — R which is increasing in the size of the human capital stock, decreas-
ing in the level of each ability, convex and twice differentiable.

This specification abstracts from uncertainty in students’ abilities. In practice, stu-
dents start out unsure about their talents and inclinations. As they progress through
university, students become more aware and update plans. As a result, majors change.
After two years of study, approximately 1 in 5 students have switched out of their
intended major reported before going to university (see Arcidiacono (2004)).'>

Occupational uncertainty at least ranks alongside uncertainty about learning abil-
ities. Almost half the people in our sample switch occupations at the one digit level,
a figure consistent with other evidence. There may be many reasons, monetary and
otherwise, for switching but these switches are likely to be costly. The emphasis on
occupational uncertainty is intended to complement the literature studying variation

in human capital arising from the uncertainty present in the university experience.

15This figure is substantial but its importance is not immediately apparent. For instance, students may
switch early on and so obtain a portfolio of skills close to what they would have obtained if they had
chosen their final major from the outset. See Stinebrickner and Stinebrickner (2013) and Stinebrickner
and Stinebrickner (2014), for an analysis of major changes found at one particular US institution.

14



Along with their innate learning abilities, individuals also know the payoff struc-
ture of each occupation. They are well aware of the technology that maps a human
capital portfolio into earnings. They are, however, unsure about an idiosyncratic com-
ponent of labor market payoffs. Before choosing h, individuals receive a noisy initial
signal of their fit in each occupation - they draw a vector 8 = (6, ...,0;) from the dis-
tribution G(8). Each element 6; is an uncertain indication about an individual’s future
productivity in occupation j € {1, ..., J}.

Once an individual has acquired the skill set h, they enter the labor market in the
next period t = 1. At this point, workers are unable to update or modify their mix of
skills. Individuals” only choice in the labor market is to decide in which occupation
to work. They can work in only one occupation in a period. Although individuals
have a general idea before they invest in their portfolio of skills of how well they are
likely to fit into a given occupation, it is only after they complete training and after
they work for a while in a particular job that their true fit in that profession becomes
known. Actual experience in an occupation reveals an individual’s true match quality
or future productivity in that occupation.'®

Acquired skills, productivity signals and labor market experience determine payoff
flows. Assume that the first time individuals try an occupation, they start in a proba-
tionary phase during which they get paid according to their noisy initial signal. In
particular, if an individual who has skills h along with initial signals 8 decides to work
in occupation j for the first time, the flow payoff or earnings equals ¢’ fj(h). The func-
tion f; : RX — R is a constant returns to scale technology that maps a given portfolio
of skills into earnings. We allow this technology to differ by occupation, hence the
subscript ;.

An individual completes the probationary phase in occupation j with probability

7t at the end of each period. When this phase stops, the worker’s productivity gets

16We use the term productivity or match-quality interchangeably. This term corresponds to the com-
ponent of earnings in an occupation unaccounted for by the individual’s portfolio of skills.
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updated by adding to the 6, signal an independent random shock €; drawn from a
distribution I';. Should an individual decide to remain in that occupation after ending
probation and learning their true productivity, earnings then begin to grow at a gross
rate of vy > 1, with By < 1.

Information revelation is thus Poisson rather than Bayesian - agents learn com-
pletely (with some probability each period) rather than continuously through piece-
meal, noisy updates. Although Bayesian learning is arguably more appropriate, Pois-
son learning has the advantage of being memoryless and thereby significantly easier
to derive analytical results and empirically implement. Since we find a high learning
rate in annual data, the Poisson specification appears to be a reasonable specification.

Learning is also occupation specific. For tractability, information from one occu-
pation does not reveal anything about other occupations. At each point in time, indi-
viduals decide whether to remain in their current occupation or to continue exploring
new occupations. Exploration enlarges the information set as individuals learn about
their match-quality. This setup is a classic multi-armed bandit problem in which the
exploration of an arm (an occupation) comes at the expense of obtaining payoffs, that

are perhaps larger, in alternative arms.!”

3.2 The Individual’s Problem

Let V(6,h, ®;) denote the expected labor market payoff to an individual with skills
h, productivity signals 0, and labor market history ®; at date . An individual with

known abilities vector ¢ therefore chooses a set of skills in period t = 0 to solve'®

max —C(¢,h) +BV(6,h,D).

7Early economic applications of the classical multi-armed bandit model include Weitzman (1979) and
Miller (1984). More recent examples include Papageorgiou (2009) and Papageorgiou (2011).

18For the sake of clarity, we do not subscript every function by an i. It should be understood that
except occupation-specific technologies and the cost function, all other objects are specific to an individ-
ual.
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Given skills, signals and history, V(.) is the maximum discounted expected lifetime in-
come that the individual can attain when the only action available is whether to switch
occupations. In period t = 0, the worker has not yet entered the market so that &
is the empty set. In subsequent periods, labor market histories consist of occupations
chosen in previous periods along with the realized draws of true productivity or fit in

those occupations:
@ = {(js, €j.) b1

where the €, appropriately convey if and when the probationary phase in occupation
j finished.
Expected earnings in the labor market, V, can be written recursively given the ap-

propriate choice of occupation:

V(0,h,®;) = max wj(6

jre{lm]} i 1, @) + TBEe, V(0,h, @py1) + (1 — 1)BV (6, h, ®y11),

where w;(0;, h, ®,) is the immediate flow payoff in occupation j given skills and his-
tory. The notation makes clear that recalling previous occupations is allowed.!” Let
17;(®¢) denote the number of periods an individual worked in occupation j with knowl-
edge of her true productivity. Recalling that after acquiring that knowledge, earnings
grow with experience in an occupation and that the fit in an occupation does not vary
over time after learning takes place, (¢;, = ¢, if jt = jy and 7; > 0 at t,t') the flow

payoff in a period can be written as

Sifih) if p(®) =0
egf+€ff]-(h)f),’71‘(q>t) if 1;j(®r) > 0.

Repeated sampling of a given occupation provides no new information about al-

w](9], h, q)t) =

ternative occupations. If probation has not ended, i.e. learning has not taken place,

the employer and employee both know 6; and h, but neither knows €;. As a result,

9The expression does not include an expectations operator if the probationary phase does not end.
In this case, the notation emphasizes and makes clear whether learning occurs in the history ®;, 1.
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individual pay reflects only the noisy signal and human capital. After the individual
has completed probation and learned her true fit, the flow payments equal the true
productivity - determined by the signal 6; and updated with €; - which grows with
occupation-specific tenure at rate oy > 1. This update becomes part of the individual’s

information set whether or not they decide to remain in occupation j.

3.3 Switching versus Staying

The optimal portfolio choice involves computing the expected discounted value of
earnings after entering the labor market, given by V (6, h, @). Policies controlling oc-
cupational choice, j;, determine the realization of potential outcomes over time and
reflect a trade-off between exploring new occupations - therefore obtaining informa-
tion about fit - and exploiting the current occupation where payoffs are known.

This exploration versus exploitation trade-off is characteristic of multi-armed ban-
dit problems. Arms correspond to occupations with individuals sampling at most one
arm per period. Gittins and Jones (1972) reduce the dimensionality of bandit problems
by demonstrating that the solution to these problems takes the form of an index policy.
They formulate the so-called Gittins index which assigns a value to each option that
depends only potential outcomes in that option. The chosen occupational choice is the
option with the highest index.

Whittle (1982) reformulates this approach in such a way that the index reflects a re-
tirement value for each choice. Following Whittle’s approach, the Gittins or retirement
index for an occupation in which true productivity is known (the individual completed

probation) is simply the lifetime value of income in that occupation:

M;(6;,h,®,) = 717j(®t)w].(9]-, h,®;)/(1-B7y)

= i () ) /(1 — By)  for (@) > 1
On the other hand, if productivity in occupation j is unknown because it has either
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not been tried or because the true productivity has not yet been revealed, the index

must account for the unresolved uncertainty. In general, the index is given by

-1

Z 515@()](9], h, ‘I)t) + %M]] }

t=0

M; = sgp(l —B) {IE

where T is a stopping rule that is contingent on the sequence of events or draws in
occupation j.

Recall that with probability 7z, all information about true productivity in occupation
j is revealed in each period of probationary employment in j. Once the true produc-
tivity is revealed, there is no further learning and workers will choose to either move
to another occupation or remain forever in j. Hence once productivity is revealed,
T € {1,00}. On the other hand, if learning does not occur, workers face the same
problem as the previous period. Given that wage growth through 7 does not occur
until productivity is found out, the decision is stationary. The Gittins index therefore

reduces to

M; = (1-B)|1-m){f(h) + M;)

+7r]E€jmax{erf]-(h)+1le eifi(h) + ‘BTB e f(h )H

Given this simple choice, a reservation value for revealed productivity determines
continuation in occupation j. Let eR denote the critical value of €; that equates the two
options. With an eR draw from the distribution I';, the individual is indifferent between

retiring from j and remaining permanently:

(1= B)e ) + gy = (1= B ) + ETE B

R n (1_;37)M]' vy
& = <(1—/5)7fj(h)> ’
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This reservation cutoff does not depend on the probability of learning except through

the Gittins index M;. Plugging €]R into (1) and manipulating gives

(1= (1 -+ pre [ ecar ) )

M]'(Qj, h,®;) = (1— :B(Y)[l — B+ Br(1— r(ejR))]

for 17j(<1>t) =0

which can be solved, at least numerically, given a parameterization I'; and f;.

Proposition: Suppose updates to the productivity signals are bounded above and be-
low such that ¢; € (g€) Vj € {1,..,]}. For any set of signals, skills and histories

(6, h, ®;), occupational choice j; solves
ji = argmax{M;i (6, h, ®;), ..., M;(6,h, ®;)}
]

The occupational choice problem is a comparison of reservation values for each occu-
pation. The payoffs are the values that make the worker indifferent between continu-

ing with an occupation or receiving the reservation payoff.

4 Model Estimation

To quantitatively assess the model, assume there are K = 3 human capital or skill
types, labeled Humanities (H), Quantitative (Q), and Social Science (SS). Assume the
number of occupations equals | = 12. These skills and occupations correspond to
the HS&B variables described in Section 2. To lower the number of parameters, we
eliminate individuals who are listed as Owner, due to the low number of respondents
20

with Owner as their first occupation.

To keep the model parsimonious, we assume that occupational signals ¢; and the

20We also drop Homemakers as noted in the Appendix, Section 1.
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productivity updates €; are all independent and distributed normally

0 ~ N(=0503,05) j=1,..,12

€ ~ N@ﬂ&%ﬂ@ i=1,..,12.

Note that we assume that the occupational signals 6; all have the same variance as well
as mean.

The abilities vector ¢ is distributed as,

&~ N(pg, Z¢)

The off-diagonal elements of 2 are all assumed to have the same value p¢, a parameter
driving the correlation in overall ability. Let (712{, O'é, and Ugs denote the three diagonal
elements of this matrix. Finally, let the three elements of yz be —0.507;, —0.5(7(2;), and
—0.503s.

It is likely that for individuals in our dataset the ability to acquire particular skills, ¢,
will be correlated with the signals of occupational aptitude, 6. Individuals who have a
higher verbal ability than quantitative ability in school might perceive relatively more
encouraging signals about their productivity in the legal profession. However, the re-
lationship between schooling talent and occupational fit is not readily captured in a
small number of parameters. There are three human capital types that get used in
different ways in twelve occupations. Imposing a simplifying relationship could arbi-
trarily constrict the data in unintended ways and unintentionally sway the estimation.
To avoid prejudicing the results in this way and to keep the number of parameters
manageable, we maintain throughout that the two vectors are independent.”!

This independence, however, does not imply zero correlation between abilities and

the propensity of agents to work in particular occupations. For example, if writing

21Section 4 of the Appendix reports results for model-generated simulations which partially address
this issue.
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well is a skill demanded from lawyers, students with high writing ability will tend to
be lawyers, even though the correlation between writing ability and the noisy signal
of the student’s future productivity as a lawyer is zero. The reason is simply because
high ability implies a relatively low cost of acquiring the skill. Choosing optimally, the
student will put the skill to work in a profession where the skill is used intensively.

The cost function for acquiring skills is assumed to be additive and quadratic

C(&h) = Y é*ng,

ke{H,Q,SS}

while the production technology is Cobb-Douglas

f](h) = H th,k’ Z Xjf = 1.

ke{H,Q,55} ke{H,Q,SS}

Set By equal to 0.96 and fix v to be consistent with average earnings growth ob-
served in the data, around 8.4% per year, resulting in values for v and  equal to 1.046
and 0.918, respectively.”” As a result of these assumptions and normalizations, the

vector of parameters for estimation is given by23
12 12
A= {{“j,H/ “j/Q}jzll {(Tej }j:l/ {ng}ke{H,les},pg, 7T, 0'9} .

4.1 Estimation Methodology

We use a Simulated Method of Moments (SMM) approach to estimate the 42 elements
of the structural parameter vector. Let A denote the parameter estimates and Q) the
associated estimated covariance matrix. The first step is to choose a vector of auxil-
iary moments from the HS&B dataset, denoted by Y, which describe statistics about
occupational transitions, skills portfolios across occupations, the dispersion of (log)

earnings, and correlations across skills. Given a value of the structural vector A, the

22The appropriate amount of discounting is represented by the product 3y and not just .
23By the constant-returns assumption, the weight of the third skill type is given once we know the
other two.
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model can be solved and simulated. This simulation yields a model-analog for the vec-
tor Y, denoted by Y. The estimate A is then the value of A that solves the following
criterion:

A = argmin(Y — Y)W(Y - Y)".
A

The matrix W is a weighting matrix that places more weight in moments with the
lowest amount of uncertainty. It is a diagonal matrix where each diagonal element is
the inverse of the variance of the moment itself. Standard numerical routines solve
this minimization problem. To provide a sense of the amount of uncertainty surround-

ing our estimates, numerical standard errors are computed following Gourinchas and

Parker (2002):

O = (A\WHA) "H\WQ WH) (H\WH,) 1, (1)

where H/, is the Jacobian matrix of the vector-valued function H(A) = Y — Y, evalu-
ated at A = A. In other words, the ij element of Hy is hAl-j =9(Y; - Y))/0A;. Qq is
the variance matrix of the set of moments in Y.

Table 5 displays the statistics found for Y. The columns labeled wy and wg re-
port average shares of a skill type - humanities and quantitative - in an individual’s
portfolio, averaged across individuals in a given occupational group. The wy column
corresponds approximately to the “Share of Humanities” moment reported in Table 1.
The column wq corresponds to “Share of Quantitative ” in Table 1.* The last column
of Table 5 reports the share of individuals that began their labor market career in a
given occupation but switched in the second year. These shares range from a high of
nearly one third in Service to a low of 4.1% for Engineers.

The two vectors of average shares for the two human capital types, wy and wq,

identify the 24 technological parameters ajg and ajo, j = 1,..12. The fractions of

24For some occupations the values are not exactly the same across the two tables. The difference is
a consequence of having eliminated individuals who reported having ever being occupied as Owners
and Homemakers.
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individuals who leave an occupation after one year identify the 12 variances, 062],, asso-

ciated with each occupation j = 1,...,12. Occupations in which updates to the initial
productivity signals have a large variability will experience a larger fraction of transi-
tions. The larger variability is itself a consequence of being more likely that the Gittins
index for those volatile occupations, after they are explored, falls below the second-best
Gittins index.

Nine aggregate moments complete the set of moments that comprise the parameter
vector Y. The standard deviation of (log) earnings across all individuals in the first year
of labor market experience identifies 0y, which is the main driver of income differences
(in levels) in the first year. Measures of the dispersion across individuals” portfolio
shares of the three different skills helps identify the three diagonal elements of Xz. The
moment labeled percentage of “Stay-Switch Events” is defined as the fraction of work-
ers whose occupational choice is the same in periods 1 and 2 but different in period 3.
That fraction in the data is 11% (of all workers, not of all switchers). Finally, we also
target the three cross-correlations in credits across skills and the overall switching rate.

In principle one could include the model-analog coefficients shown in Table 3 as
additional moments in the estimation and formally test the over-identifying restric-
tions. We decided to leave these regression coefficients outside of the estimation pro-
cedureas as they involve the variable J. Instead, in the next section, we examine the
model-analog to the reduced-form coefficients in Tables 3 and 4 using our estimated
structural parameters.

Given a vector of structural parameters A, we simulate labor market histories for a
large number of individuals by taking a (¢, 8) draw from the abilities and productiv-
ity signals distributions. Given these draws and a portfolio of skills, we solve for the
expected earnings by finding the optimal sequence of occupational switches for each
possible update of the productivity signals. The optimal portfolio is the one which
maximizes the difference between the maximum expected earnings in the labor mar-

ket and the cost of purchasing it. This procedure yields the optimal portfolio of one
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individual as well as a randomly selected simulated labor market history. Repeating
those steps for a large number of individuals provides the model-analog to the mo-

ments in the vector Y(A).

5 Results

5.1 Parameter Values

Table 6 reports the elements of A, along with their estimated numerical standard er-
rors. These parameters tend to be tightly estimated. Overall, the standard errors of the
parameters are generally small relative to the estimates.

Production displays substantial variation in the use of skills across occupations.
There is also an emphasis on technical, quantitative skills. The estimated Cobb-Douglas
quantitative parameter for the production technology, &g, ranges from 0.14 to 0.96 with
a mean of slightly more than a half. The ranges for humanities and social science are
respectively (0.03,0.44) and (0.01,0.42). The mean for humanities is less than a fifth.
Unsurprisingly, Engineers have the highest quantitative and lowest humanities com-
ponents whereas Arts Pprofessionals have the highest humanities and lowest quanti-
tative components.

The estimated Cobb-Douglas technology parameters are more dispersed than the
portfolios. Compare &y and &g with wy and wg in Table 5. Although the technology
parameters are more dispersed than the average portfolio shares across occupations
observed in the data, the & follow the pattern seen in the portfolio shares. The cor-
relations between these figures are 0.86 for humanities and 0.96 for quantitative skills
respectively.

The compressed portfolio weights in Table 5 relative to the technology parameters
result from hedging. Increasing marginal costs also contribute to balancing out these
portfolios. As a student accumulates skills in a particular area, the cost of acquiring

more of these skills rises, inducing the student to acquire skills in other fields. Given
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these complementary motives, we compare the distance of the estimated production
parameters to the portfolios implied by our estimates, with and without uncertainty,
in the post-probation fit. The specification without uncertainty is described in Section
5.3. The difference in these two distance measures is highly correlated (0 = 0.7) with
uncertainty as measured by 0c. In other words, hedging on average appears to increase
with volatility in the occupation fit and its associated turnover.

The volatility of the post-probation fit, 0 (which is related to the probability of
exiting an occupation) itself also varies substantially across occupations. Engineers
encounter the least uncertainty whereas Skilled Operatives, Service and Arts Profes-
sionals workers experience the most uncertainty. Note as well that uncertainty in the
occupational fit is higher in those professions that emphasize humanities skills, i.e.
those with highest &; y.’s. Although not especially pronounced, occupational uncer-
tainty correlates best with humanities components. The correlation between the first
and third column in Table 6 is 0.32, and 0.50 if we omit the outlying observation of
Service.

Consider one of the riskiest occupations, Arts Professional. It not only has a rela-
tively high estimated standard deviation of shocks, 0, fars = .38, but the technology
is also tilted towards humanities with &p,or arts, 7 = 0.44. A high weight in humanities
is not very portable across occupations. The profession with the second highest &; y is
School Teacher, with a much smaller value of 34%. The average & is only 0.19. The
low portability of humanities counteracts to some extent the high volatility of shocks
in this profession. In other words, although Arts Professionals do not find much use
in other occupations for their high proportion of humanities skills, they also experi-
ence relatively high volatility in their € shocks which makes occupational shifts likely.
Hence, from Table 5, the percentage of switching in this occupation is about average.

Dispersion in abilities to acquire a skill type, the 0z, ., differs across types of
human capital. The ability to acquire quantitative skills is highly concentrated (the

variance is 0.39) relative to the ability to study humanities (0.91) and especially social

26



science (1.65). Workers appear to learn about their true productivities relatively fast:
the estimated value of 7t is 0.89. Finally, the estimate of ps is —0.28. At first, this es-
timate might appear peculiar. The sample, however, focuses on college students. As
shown in Table 2 the distribution of credits is concentrated. As a result, more credits in
a given type of human capital will generally imply fewer credits in other types (con-
sistent with the three correlations shown in Table 5). The estimated covariance reflects

this feature of the data.

5.2 Goodness of Fit

The estimates in Table 6 map out an explicit as well as involved trade-off between
specialization and hedging. Before considering this trade-off further, we now exam-
ine how well the estimated model replicates outcomes observed in the labor market
that were not targeted as part of the estimation procedure. Since occupational switch-
ing and dispersion in initial earnings were targets of the estimation, the focus turns to
earnings in 1991 to assess the performance of the model. In simulations of the model,
income levels depend upon arbitrary normalizations of parameters, hence comparing
income distributions is not insightful. We therefore compare the distributions of in-
come growth in the data and the model.

Table 7 provides statistics from the distribution of (annual) income growth, both for
the HS&B sample of students and for the estimated model. Dispersion in the observed
data exceeds dispersion in the model. The standard deviation of the distribution of
income growth in the simulated distribution is slightly more than half that seen in
the data. The maximum simulated growth is approximately 90% of the maximum
observed whereas the minimum growth in the simulated data is approximately two
thirds of the smallest growth in the data. This difference is not surprising. In reality
individual earnings vary after workers settle in an occupation. The construction of the

model rules out such shocks and changes to earnings that occur after exploration of
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occupations in the labor market ends.?

The model rules out other possibilities. Students do not update their beliefs on their
occupational calling while at university. They also cannot update their skill set when
they switch professions. Students, of course, change majors and workers can improve
the alignment of their skills after they settle on an occupation. On the other hand,
such career learning while studying may well occur early on and thus not drastically
alter the desired make-up of acquired of skills. Many changes in majors occur when
students are just beginning their studies. Intended majors can change even before
tirst year enrollment. Likewise, workers who do not switch also acquire on-the-job
skills. Acquiring fundamental skills when young is often less costly, more enduring
and easier to build upon. The impact of poorly aligned skills may be long lasting.
There are many possibilities yet little direct evidence guiding these abstractions.

Despite these limitations, the model generates an earnings growth distribution with
a substantial amount of inequality that shares important characteristics with earnings
growth responses found in the HS&B survey. The model does not replicate the ex-
tremes exceptionally well but does very well replicating the core of the distribution.
The first quartile, the median, and the third quartile all line up well, especially consid-
ering the lower dispersion in the simulated model. Skewness and kurtosis are likewise
close in the data and the simulated model. Even with less dispersion than in the data,
the model is able to generate a substantial mass of negative earnings growth rates.
These are associated with occupational switchers.

To further explore the relationships among income, diversification in human cap-
ital portfolios and individual occupational transitions, Table 8 replicates the regres-
sions from Table 3 on model-simulated data. Obviously, not all of the control variables

employed in the analysis with actual data in Section 2 are available with our model-

25The mean income growth reported in Table 7, 8.4%, differs slightly from that reported in Table 2,
8.3%. The reason is minor differences in sample selection. For the purpose of estimating the model, we
eliminate individuals belonging to two occupations (Owner and Laborer/Homemaker) . See the Appendix
for details.
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generated output. Gender is absent in the simulated model and there are no analogs
to GPA, type of degree and major. Hence, SEX, GPA and type of degree and ma-
jor dummies do not appear in the simulated regressions. The remaining variables -
log(Yo1—1), log(CRED), 6, STAY, and CAREER along with occupational dummies -
are constructed the same way as in the actual data. To ease the comparison between
model and data, the last two columns report the same coefficients found when fit-
ting the regression to actual data. The first two columns display results with model-
generated data.

In Table 8, the coefficient estimates from simulated data compare favorably to those
estimated from the observed data. Although the simulated data abstract from a num-
ber of factors (some are mentioned above while others involve familiar variables re-
lated to wage determination), the estimates are all roughly in line with the HS&B em-
pirical estimates. As one might expect, the coefficients from using simulated data are
in general somewhat higher than in the noisier data, as is the R2.

The model generates large and positive coefficients on initial earnings (0.73 and
0.60) because those with high initial earnings have strong signals and hence portfolios
targeted to the first occupation. They are less likely to switch, accruing growth for a
larger number of periods resulting in higher earnings. The model generates a positive
relationship between credits and income whereas in the data this relationship is nega-
tive. When we further condition on switching, the positive coefficient on STAY (0.25
which is higher than the empirical counterpart of 0.19) reflects simple selection. Those
who stay in the job receive good € draws and earn more relative to similar workers
who try other occupations.

Now consider the relationship between hedging, earnings, and occupational ex-
ploration. Note first that the coefficient on J displays the same pattern as found in
HS&B data. Without controls for occupation switches, the coefficient estimates in the
observed and simulated data are positive. Adding the control for mobility increases

the magnitude of this coefficient by a factor of three in the model and four in the data.
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For an individual who switches occupations (STAY = 0), the coefficient of é on (log)
earnings is about 0.36, again somewhat higher than that found in the data (0.24). The
coefficient on the interaction term § x STAY is also higher (—0.39) in absolute value
than its empirical counterpart (—0.27) but implies that, everything else constant, port-
folio distance decreases stayers’ earnings.

Replicating Table 4, Table 9 reports Probit estimates from the model generated data
in which the probability of switching occupations is a function of the distance mea-
sure and other observables, including occupational dummies. The first two columns
of the table display coefficients when fitted to the occupational transitions found in
our model-simulated data. The last two columns of Table 9 display the relevant es-
timates from the first two columns of Table 4. The simple model again matches up
fairly well. The coefficients based on simulated data are once again higher than those
from the (noisier) data but the general pattern in the coefficients appear in both sets of

regressions.

5.3 Counterfactual Earnings Distributions

The A estimates in Table 6 shape the trade-offs an individual confronts when choosing
a portfolio of skills to acquire before entering the labor market. Personalized circum-
stances embedded in the ¢ and 6 draws pin down these trade-offs precisely for each
individual. When deciding what and how much to study, each agent weighs up and
balances a number of idiosyncratic uncertain options.

Two thought experiments aim to condense and abstract from the individual-specific
components of occupational uncertainty. The first considers the impact on the income
distribution of removing uncertainty. Suppose agents know their € before investing
thus making the investment and occupation choices straightforward. This perfect in-
formation scenario, labeled "no uncertainty"”, provides a natural benchmark for assess-
ing the impact of hedging.

The aim of the second policy experiment is to assess the impact of the relative in-
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flexibility associated with European higher educations systems in diversifying across
areas of study. A European student wishing to become a biologist is offered a cur-
riculum from which there is little freedom to deviate. In contrast, the baseline model
resembles an American system in which students have a relatively large degree of free-
dom to diversify across areas of study. The comparison between a relatively inflexible
education system and one that allows tailoring portfolios to a students’ characteristics
is related to work by Bordon and Fu (2013). They compare a system in which students
have to state a major in their college application with an alternative system in which a
planner allocates students to colleges and then students choose majors after they learn
about their abilities.

Capturing institutional features that tailor choices is elusive. Given the heteroge-
neous costs of acquiring skills, no one bundle ideally suits every student entering a
given occupation. On the other hand, a training regime targeting an occupation will
try to align with the technological parameters of that occupation. To succinctly mimic
the choice of a rigid training option in an uncertain labor market, the second experi-
ment specifies that agents choose their portfolios as if € = 0. As such, students choose
human capital portfolios stressing their first choice but are then sent out into a world
with uncertainty.

More specifically, in the experiment (labeled “Specialization”), agents specialize by
choosing their optimal portfolios as if they were to remain in that occupation forever.

Let

g _ 0 . _
j —argjeraﬁfl}{mgx C(Z,h)+ peifi(h)/ (1 ﬁv)},

Let the optimal portfolio associated with this optimal occupational choice be k'. We

give h’ to individuals in the stochastic world, and construct earnings distributions.
Table 10 presents descriptive statistics from simulations of the estimated baseline

model and from the two experiments, each broken down for three groups: all workers,

those who switch occupations, and those who are non-switchers. The figures for the
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experiments are expressed as percentage deviations from the corresponding group in
the baseline case.

The first column reports the aggregate number of switchers under each regime. Oc-
cupational switching, a target in the estimation, is widespread in the baseline case with
43.3% of all workers experiencing job change. In contrast, there are no shocks in the
certain world, so workers never change occupations. More interestingly, in the world
in which individuals choose portfolios under the restriction that they must specialize,
the fraction of switchers falls by nearly a fifth. This reduction is expected. Having a
portfolio of skills tailored to a particular occupation reduces the attraction of trying a
new one.

The next two columns report average income levels and average income growth
in the three scenarios. The cross-sectional average of earnings growth, E(AY), in the
baseline case for “All” corresponds to the number reported in Table 7, 8.40%. In the
baseline case, non-switchers enjoy earnings growth for two reasons. The first chan-
nel is the self-selection mechanism discussed previously that makes switching optimal
only in the event of a relatively low productivity shock. Occupational switches are of-
ten associated with a drop in earnings, more so in cases where the portfolio is tailored
to the departing occupation. The second channel is the earnings growth of . Switch-
ers experience lower earnings and earnings growth because they enjoy the geometric
growth rate for a shorter period of time.

In a certain world, there are no bad investment outcomes so aggregate earnings
rise by nearly a third while education expenditure (in the right most column) increases
by more than two thirds. Comparing all of these non-switchers with just the non-
switchers in the baseline case reduces the difference in earnings levels to just over 10%
as these baseline non-switchers receive better than average draws in their occupation.
The picture for earnings growth is somewhat different. Earnings growth in the cer-
tain world equals vy for all workers. In the baseline case, good draws in occupational

fit supplement such growth. As a result, non-switchers in the uncertain world experi-
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ence more than double the income growth which in turn generates substantially higher
earnings growth for all workers.

In the forced specialization economy, individual portfolios tend to be tailored to
the initial choice of occupation. Moreover, individuals in the specialized case more
frequently select portfolios aimed at less risky occupations. When choosing portfolios
in the baseline case, students know they will have the option of leaving bad draws be-
hind. This option value makes investing in risky occupations more attractive.”® More
cautious behavior in the specialized economy generates lower aggregate earnings lev-
els, lower aggregate earnings growth and lower expenditure (—5.2%, —11.1% and
—7.9% respectively) as workers become more tethered to their occupations through
more specific portfolios.

For non-switchers these earnings losses are slightly higher. Interestingly, special-
ized workers who do switch experience slightly higher earnings growth than switch-
ers in the baseline case. In both economies, a few individuals will invest in a portfolio
linked closely with one occupation but initially choose a very risky occupation in the
hope that luck is more important than skill. Low draws lead these workers back to
the occupation more closely aligned with their initial portfolio. When such a switch
occurs, the specialized individual turns out to have better back up skills than in the
baseline case. In the specialized world, as noted far fewer job changes occur so the
switchers into the tailored occupation play a more prominent role which helps explain
the higher earnings growth of switchers.

The next two columns present the Gini and the 99-50 percentile difference in the
earnings distributions. The model delivers an earnings distribution for “Non-Switchers”
with more dispersion than that of the “Switchers”. This is a common feature of the
simulations: switchers experience lower growth in earnings and their distribution is

relatively less disperse. On the other hand, earnings of those who remain in their ini-

26This implication is similar to the induced risk loving in search models where searchers prefer mean
preserving spreads of the offer distribution.

33



tial occupation grow faster on average and their earnings distribution is more disperse.
The Gini of earnings for all individuals is 0.308; for non-switchers this figure is 0.302
and for switchers 0.252.

Dispersion in the model is considerably lower than dispersion in the certain world
where all differences among individuals are known from the outset. Good draws in-
crease investment and hence magnify differences relative to the baseline case. Con-
siderably higher earnings dispersion emerges. On the other, the specialized world is
only marginally less dispersed than the baseline case. The proposed channel does not

appear a likely explanation for European income dispersion relative to the US.

6 Concluding Remarks

This paper assesses the way in which the composition of workers’ skills interact with
labor market uncertainty to determine the evolution of earnings. Human capital con-
sists of a portfolio of imperfectly substitutable skills acquired through formal edu-
cation. Different potential occupations value these skills differently and uncertainty
about one’s fit in any particular occupation introduces uncertainty in the investment
decision. A trade-off arises between acquiring specialized skills targeted for a particu-
lar occupation and acquiring a package of skills that diversifies the risk across occupa-
tions.

Individual-level data on the amount of college credits across different subjects and
labor market dynamics in early careers reveals that income is higher for the more spe-
cialized individuals who do not switch occupations whereas income is higher for more
diversified individuals who switch occupations.

To further evaluate the tension between specialization and diversification, we con-
struct and estimate a portfolio choice problem that features an interaction between
skills, abilities, and uncertain labor market outcomes. The model replicates the basic

patterns observed in the individual data and generates a sizable amount of inequality.
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Counterfactual earnings distributions found by endowing individuals with portfolios
chosen under certainty about occupational fit illustrate that the underlying stochastic

structure generates large effects both the level and growth of labor market earnings.
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Table 1: Empirical Human Capital Portfolios By Occupation (1991)

Occupation Share Hum. Share Quant. Share Soc. Sci.
Clerical 0.253 0.268 0.479
(0.192) (0.188) (0.192)
Manager 0.217 0.311 0.472
(0.162) (0.223) (0.198)
Skilled Operative 0.216 0.542 0.242
(0.196) (0.287) (0.203)
Professional - Arts 0.532 0.176 0.292
(0.238) (0.170) (0.181)
Professional - Medical 0.186 0.519 0.295
(0.082) (0.183) (0.162)
Professional - Engineering 0.092 0.798 0.110
(0.096) (0.123) (0.069)
Professional - Other 0.225 0.326 0.449
(0.181) (0.215) (0.225)
Sales 0.277 0.322 0.402
(0.239) (0.230) (0.216)
School Teacher 0.214 0.280 0.506
(0.138) (0.180) (0.174)
Service 0.332 0.310 0.358
(0.195) (0.202) (0.193)
Owner 0.212 0.409 0.379
(0.169) (0.263) (0.217)
Technician - Computer-Related 0.119 0.671 0.210
(0.104) (0.203) (0.166)
Technician - Non Computer-Related 0.200 0.558 0.242
(0.140) (0.242) (0.193)
Laborer/Homemaker 0.218 0.446 0.335
(0.222) (0.279) (0.222)
All Occupations 0.233 0.372 0.394
(0.186) (0.372) (0.394)

Notes: Each cell displays the average, across all individuals working in an occupation, of the portfolio weight of a given
human capital type. The standard deviation of the distribution of the portfolio weight across individuals is in parentheses.
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Table 2: Summary Statistics - Selected Variables

Mean Median Std. Dev. Min. Max.

) 0.289  0.246 0.180 0.007  0.994
log(Ye;) 8.181  8.226 0.520 5.076  10.287
AY 0.083  0.058 0177  -0417 1.137
CRED 122 120 28 75 363
STAY 0563  1.000 0.496 0.000  1.000

Notes: The table reports summary statistics for a few variables of interest in the
baseline sample of the HSB Study. § denotes our measure of distance described
in the text. log(Yo1) is the log of earnings (in 2010 dollars) at the end of our
sample (1991), AY is growth rate of earnings during a worker’s early labor mar-
ket history, CRED is the number of credits taken, and STAY is defined as 1 if a
worker does not switch occupations and 0 otherwise.

Correlation Matrix - Selected Variables

5  log(Yey) AY CRED  STAY

0 1.000 —-0.084** 0.072** 0.027 —0.101**

log(Yo1) 1.000 0.442** 0.126**  0.12**
AY 1.000  0.048* —0.099**

CRED 1.000 0.032

STAY 1.000

Notes: The table reports unconditional correlations among a few variables of in-
terest in the baseline sample of the HSB Study. J denotes our measure of distance
described in the text. log(Yo ) is the log of earnings (in 2010 dollars) at the end of our
sample (1991), AY is growth rate of earnings during a worker’s early labor market
history, CRED is the number of credits taken, and STAY is defined as 1 if a worker
does not switch occupations and 0 otherwise. *: Correlation is significant at least at
the 0.05 level. **: Correlation is significant at least at the 0.01 level.
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Table 3: OLS Regression Results - Dependent Variable is

ZOg(Ygl)
Coeff.
(t-stat.)
1) ) 3) (4)
log(Ygl_T) 0.286*** 0.272*** 0.270*** 0.271***
(14.98) (14.00) (13.88) (13.95)
log(CRED) —0.117* —0.116* —0.131** —0.138**
(-1.82) (-1.81) (-2.05) (-2.15)
SEX —0.095***  —0.093*** —0.097*** —0.097***
(-4.30) (-4.21) (-4.42 ) (-4.39)
0 0.053 0.070 0.096 0.235%**
(0.90) (1.20) (1.63) (2.81)
STAY 0.072*** 0.100*** 0.185***
(3.36) (4.40) (4.34)
CAREER 0.148*** 0.159***
(3.42) (3.66)
0 X STAY —0.265**
(-2.34)
Intercept 5.521**  5561***  5.638***  5.632***
(14.35) (14.48) (14.70) (14.70)
N 1,940 1,940 1,940 1,940
R? 0.269 0.273 0.278 0.280

Notes: The table reports coefficient estimates (and estimated f-statistics in parentheses)
from regressing final earnings (log(Yo;)) on the variables displayed on the first column.
log(Ye1_7) denotes initial earnings (post-graduation), SEX is defined as 1 if the worker
is a female and 0 otherwise, log(CRED) is the log of credits, § denotes our measure of
distance described in the text, STAY is defined as 1 if a worker does not switch occupa-
tions and 0 otherwise, and CAREER is defined as 1 if a worker begins her labor market
experience in a non-managerial occupation and ends in a managerial one. Additional re-
gressors (coefficients not shown) are GPA and dummies for occupations, type of degree,
and major. Coefficient significantly different from zero at least at the 0.1 level (*), at least

at the 0.05 level (**), and at least at the 0.01 level (***).

42



Table 4: Probit Regression - Dependent Variable : STAY

Coefficient Estimate

(4)

log(Yo1—T)

log(CRED)

SEX

Intercept

—0.803***  —0.669*** —0.669"**

—3.109***  —3.090***

—0.677***
(-3.88)

0.519***
(8.68)

—0.004
(-0.15)

—0.084
(-1.29)

—2.920**
(-2.50)

Notes: The table reports coefficient estimates (and estimated f-statistics in parentheses)
from a Probit regression of STAY on the variables displayed on the first column. STAY
is defined as 1 if a worker does not switch occupations and 0 otherwise. log(Yo;_1) de-
notes initial earnings (post-graduation), SEX is defined as 1 if the worker is a female and
0 otherwise, log(CRED) is the log of credits, § denotes our measure of distance described
in the text. Additional regressors (coefficients not shown) are GPA and dummies for oc-
cupations, type of degree, and major.Coefficient significantly different from zero at least
at the 0.1 level (*), at least at the 0.05 level (**), and at least at the 0.01 level (***).



Table 5: Elements of the Vector Y

Occupation Sample Size wH wQ % Switch

Clerical 280 0.256 (0.011) 0.284 (0.012) 0.262 (0.026)
Manager 500 0.225 (0.007)  0.300 (0.010) 0.176 (0.017)
Skilled Operative 60 0.221 (0.025) 0.514 (0.036) 0.244 (0.054)
Professional - Arts 90 0.504 (0.026) 0.174 (0.017) 0.157 (0.039)
Professional - Medical 120 0.207 (0.010) 0.460 (0.018) 0.077 (0.024)
Professional - Engineering 110 0.092 (0.009) 0.790 (0.013) 0.041 (0.019)
Professional - Other 220 0.238 (0.013) 0.318 (0.015) 0.131 (0.023)
Sales 160 0.218 (0.011) 0.284 (0.014) 0.240 (0.033)
School Teacher 90 0.348 (0.021) 0.283 (0.020) 0.158 (0.039)
Service 90 0.231 (0.020)  0.393 (0.026) 0.303 (0.050)
Technician - Computer-Related 150 0.147 (0.012) 0.602 (0.020) 0.114 (0.026)
Technician - Non Computer-Related 60 0.201 (0.020)  0.538 (0.035) 0.172 (0.050)

Sample Size

Standard Deviation (Log) Earnings

First Period

Standard Deviation wgy
Standard Deviation wg
Standard Deviation wgS
%" Stay-Switch Events”
p(CREDss, CREDg)
p(CREDgs, CREDy)
p(CREDy,CREDy)
Switching Rate

1,940
1,940
1,940
1,940
1,940
1,940
1,940
1,940
1,940

0.539 (0.009)
0.185 (0.003)
0.258 (0.004)
0.218 (0.004)
0.110 (0.007)
-0.366 (0.020)
0.060 (0.023)
-0.531 (0.016)
0.408 (0.011)

Notes: Each cell reports a sample moment, either a mean or a standard deviation, and in parentheses an estimate of the standard deviation
of that sample moment. In the upper panel we report, for each occupation, the mean portfolio shares in Humanities and Quantitative
Skills, and the fraction of Switchers in the first period. In the lower panel, we report the standard deviations of (Log) Earnings in the initial
period, the cross-sectional standard deviation for the portfolio shares in each skill type, the fraction of “Stay-Switch Events” (see main text
for an explanation of how the statistic is computed), the cross-sectional correlations among the different human capital types, and the overall
Switching Rate. We also report the sample size used to compute each sample moment.
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Table 6: Estimation Results

A

A

Occupation Ry &g O¢

Clerical 0.241 (0.020) 0.418 (0.058) 0.263 (0.047)
Manager 0.186 (0.077) 0.489 (0.038) 0.184 (0.063)
Skilled Operative 0.242 (0.054) 0.729 (0.020) 0.685 (0.014)
Professional - Arts 0.443 (0.033) 0.141 (0.042) 0.380 (0.029)
Professional - Medical 0.116 (0.082) 0.572 (0.033) 0.102 (0.040)
Professional - Engineering 0.029 (0.019) 0.958 (0.029) 0.097 (0.035)
Professional - Other 0.173 (0.046) 0.442 (0.043) 0.214 (0.036)
Sales 0.169 (0.044) 0.490 (0.041) 0.236 (0.037)
School Teacher 0.336 (0.025) 0.409 (0.063) 0.213 (0.044)
Service 0.056 (0.024) 0.523 (0.033) 0.456 (0.033)
Technician - Computer-Related 0.099 (0.039) 0.783 (0.049) 0.215 (0.034)
Technician - Non Computer-Related 0.280 (0.039) 0.635 (0.023) 0.337 (0.058)

Estimate (Std. Error)

0.216(0.040)
0.912 (0.017)

0.387 (0.055)
1.646 (0.034)

0.891 (0.031)
-0.279 (0.024)

Notes: This table reports the estimated value for each element in the vector of structural parameters A. In parentheses, we report

numerical standard errors computed using (1).
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Table 7: Income Growth Distribution Summary - Model vs.
Data

Min. 1st. Quart. Median Mean 3rd Quart.

Data  -0.417 0.004 0.058  0.084 0.131
Model -0.275 0.027 0.068  0.084 0.127

Max. Std. Dev. Skew. Kurt.

Data  1.137 0.175 1.594 8.895
Model 1.031 0.094 1.474 7.871

Notes: The table compares several statistics of interest of the
income growth distribution found in the HS&B dataset with
a model-simulated (150,000 individuals) income growth
distribution. The sample of students used to compute the
Data moments are the same 1,940 individuals reported in
Table 5.
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Table 8: Regression Results - Model-Simulated Final
Wage (log(Yo1))

Model Data
(1) 2) (1) )

log(Yor_7) 0734 0595  0.286** 0.271***
(14.98) (13.95)

log(CRED) 0.217 0.348 -0.117*  —0.138**
(-1.82) (-2.15)

0 0.115 0.363 0.053 0.235***
(0.90) (2.81)

CAREER -0.008 0.159***
(3.66)

STAY 0.245 0.185***
(4.34)

6 X STAY -0.386 —0.265**
(-2.34)

Intercept 0.232 0.062 5.521*** 5.632***
(14.35) (14.70)

N 150,000 150,000 1,940 1,940
R2 0.706 0.722 0.269 0.280

Notes: The table reports coefficient estimates (and estimated t-statistics in
parentheses) from an OLS regression of final earnings (log(Yo1)) on the vari-
ables displayed on the first column. log(Ye;_t) denotes initial earnings,
log(CRED) is the log of credits (in the model this variable is calculated as
log(Zf:1 I)), 6 denotes our measure of distance described in the text, and
STAY is defined as 1 if a worker does not switch occupations and 0 other-
wise. The first two colums report values found using model-simulated data
and the last two columns correspond to columns 1 and 4 of Table 3. Coeffi-
cient significantly different from zero at least at the 0.1 level (*), at least at the
0.05 level (**), and at least at the 0.01 level (***).
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Table 9: Probit Regression Results - Model-Simulated
Occupational Stayers vs. Switchers (STAY)

Model Data
1) ) (1) 2)
0 -3.036  -2.589 —0.803*** —0.677***
(-4.69) (-3.88)
lOg(Ygl_T) 0.960 0.519***
(8.68)
Intercept -0.140 -2.747 0.729 —2.920**
(1.39) (-2.50)
N 150,000 150,000 1,940 1,940

Notes: The table reports coefficient estimates (and estimated ¢-statistics in paren-
theses) from a Probit regression of STAY on the variables displayed on the first
column. STAY is defined as 1 if a worker does not switch occupations and 0 oth-
erwise. l0g(Yg;_7) denotes initial earnings, and é denotes our measure of dis-
tance described in the text. The first two colums reflect values found in model-
simulated data and the last two columns correspond to the first two columns of
Table 4. Coefficient significantly different from zero at least at the 0.1 level (*), at
least at the 0.05 level (**), and at least at the 0.01 level (***).

Table 10: Baseline and Counterfactual Earnings Distributions

%Switchers Earnings Earnings Earnings p(99)/p(50)  Cost
(Level)  (Growth)  (Gini)

Baseline All 43.3 21.817 0.084 0.308 4212 236.312
Non-Switchers 26.133 0.099 0.302 4.032 254.245
Switchers 17.219 0.065 0.252 3.072 212.805

% Change from Baseline

No Uncertainty All -100.0 32.6 -45.6 29.0 73.3 73.3
Non-Switchers 10.7 -53.7 31.7 81.1 38.3

Switchers - - - - -
Specialization All -19.1 -5.2 -11.1 -0.1 -1.5 -7.9
Non-Switchers -8.2 -19.8 -1.0 -14 -7.0
Switchers -8.9 2.3 0.8 -1.0 -14.3

Notes: The table reports selected moments from three model simulations. The upper panel (“Baseline”) corresponds to simulations
using our estimated parameters and the model described in the text. The middle panel (“ No Uncertainty”) corresponds to the case
in which individuals choose portfolios under the knowledge of § and e. The lower panel (“Specialization”) correponds to the case in
which individuals with specialized portfolios experience the labor market of the “Baseline” scenario. p(99)/p(50) denotes the ratio of
the 99th percentile to the median of the earnings distribution. All model-generated distributions come from the same cross-section of
150,000 individuals.
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Online Appendix (Not for Publication)

1 Sample Selection

From the raw data files of the High School and Beyond Study (HS&B) we get a sam-
ple of 14,820 students. More than half of these individuals never attended a post-
secondary institution. Of those who did, the Post-Secondary Education Transcript
Study (PETS) requested transcripts. The PETS data files provide a total of 5,660 records
from post-secondary institutions which include information about year of graduation
thus enabling us to associate labor market histories with human capital after the latter
has been acquired.

Some students obtain two post-secondary degrees so PETS reports more than one
record for some students. HS&B provides information at the individual level. In order
to merge HS&B and PETS data, we need one record per individual. For those indi-
viduals with more than one record, we keep the record corresponding to their first
post-secondary degree. The total number of unique records from PETS that can be
matched to the HS&B is 4,690.

The HS&B provides information on workers” monthly employment status and an-
nual earnings. From those two variables we construct a measure of monthly earnings
by dividing annual earnings over the number of months the individual reports having
been employed. We transform earnings into 2010 dollars using the Consumer Price
Index. We eliminate individuals with incomplete labor market histories. These are
defined as histories in which a worker reports having been non-employed or having
earned zero dollars (or both) either during the year after graduation or during 1991.
We need data for the first and last years to perform our empirical analysis. Dropping
individuals with incomplete labor market histories results in a sample of 3,100.

For the remaining sample of individuals we construct human capital portfolios as
follows. Human capital is partitioned into three broad areas of knowledge: Quantita-

tive (Q), Social Sciences (SS), and Humanities (H). Each of these areas is the sum of credits
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taken in areas of study belonging to that area of knowledge.

¢ Q=Non-Additive Pre-College Level Math+Credits in College-Level Math + Cred-
its in Calculus and Advanced Math+ Other Math Credits from Math Depts.+
Credits in all Statistics Courses + Credits in Science + Credits in Engineering +

Credits in Computer Science + Credits in Computer-Related Courses

e H = Total Credits in Humanities Courses + Total Credits in Arts and Performing

Arts.?”

e SS = Total Credits in Business Courses + Total Social Science Credits + Credits in

Basic Communications Courses

Students with less than 75 credits or those who report missing values for credits in
any of the three categories are dropped.”® Dropping these individuals leaves a sam-
ple of 2,230. An additional 10 individuals do not report occupation which leaves the
sample size at 2,220.

We further eliminate individuals in the top and bottom 0.5% of the income growth
distribution (this restriction leaves the sample size at 2,200). Keeping these roughly
20 individuals in the sample has virtually no effect on the regression results or on the
summary of human capital portfolios by occupation. The reason to discard them is
twofold: (a) to show that the regression results are not the product of a handful of indi-
viduals with unreasonable increases in earnings and, more importantly, (b) because we
want the structural model to replicate a reasonable mean income growth distribution.
Some individuals among those 20 report unreasonable values for earnings growth in-

fluencing the mean of its distribution substantially.

27 Below we also report results when Fine and Performing Arts is a distinct category from Humanities.
In this case, the total number of human capital categories is four.

28The PETS dataset provides no direction on what subjects exactly constitute each of the definitions
included in the main four areas of knowledge. They provide a definition for each of the variables used
to avoid the double-counting of credits as much as possible. For instance, in the categories of human-
ities credits, they include Foreign Languages, but they report as a separate category credits in Foreign
Languages.
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Finally, we eliminate individuals whose first occupation is either Physician or Pro-
tessional - Legal, because the number of responses in those categories is small. Com-
puting average human capital portfolios for those occupations is subject to a large
amount of noise. By discarding these individuals we arrive at the final sample of 2,130
for the regressions which do not control for major (roughly 45% of the original 4,690
unique records), and 1,940 for those regressions which do (roughly 30% of the total
number of unique records). The difference of 190 individuals represents those without
information on major. Finally, we also provide regressions in which we use the vari-
able TEST. That variable summarizes a student’s performance in assessment tests at
the end of high school. The sample size in those regressions due to missing observa-
tions is 1,770.%%

To estimate the structural model in the second part of the paper, we discard every-
one in the occupational categories Laborer/Homemaker and Owner. This step is taken
for two reasons: (a) to reduce the number of parameters to estimate at the cost of elim-
inating a very small profession (only 20 respondents label themselves as Owners), and
(b) because the profession “Laborer/Homemaker” is one which does not require post-
secondary education. The final sample size we use to estimate the model’s parameters

is 1,940.31

2 Relabeling of Occupations and Majors

The original HS&B dataset reports a larger number of occupations and majors than the
ones we use throughout the paper. We group both variables into a more manageable

number of categories and this grouping is summarized in Tables 11 and 12.

2 This variable is labeled BYTEST in the HS&B dataset.

30Due to the confidentiality of the data we are required to report all sample sizes rounded to the
nearest 10. It may be the case that the difference in sample sizes we report here does not match exactly
the reported number of individuals dropped for any given step of the sample selection process.

31To estimate the model we keep those individuals for whom we have no information on major.
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Table 11: Relabeling Occupations

HSB Occupation Relabel
Clerical - Secretarial, Clerical - Financial, Clerical - Other Clerical
Mgr. - Sales, Mgr. - Govt., Mgr. - Retail, Mgr - Manuf., Manager
Mgr. - Other

Skilled Operative, Craftsman Skilled Operative
Prof. Arts Professional - Arts
Prof. Medical Professional - Medical
Prof. Engineer Professional - Engineering
Prof. Other Professional - Other
Sales Sales
School Teacher School Teacher
Service, Protective Services, Military Service
Tech - Computer Related Technician - Computer Related
Tech - Non-Computer Related Technician - Non-Computer Related
Laborer, Homemaker, Farmer Laborer/Homemaker

Notes: The table summarizes our mapping from the set of occupations used in the HS&B dataset (left column) and the set of occupations we
use in our empirical analysis (right column).
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Table 12: Relabeling Majors

HSB Major Relabel
Agribusiness, Agric. Animal Plant Science Agriculture
Natural Res. Conserv., Forestry/ Forest Prod.,

Arch. and Environ.

Accounting Accounting
Finance Finance
Operations Research Oper. Res.
Business Administration / Management Business
Journalism, Communications, Communications Tech. Journalism

Computer Programming, Data Processing
Comp. and Info. Science

Computer Science

Early Childhood Ed., Elementary Ed, Secondary Ed.,
Special Ed., Physical Ed., All Other Education

Education

Electrical/Commun. Engineer, Chemical Eng.
Civil/Ocean Eng., Mechanical Eng.,
Other Eng., Eng./Scientific Tech.

Engineering

Spanish, Other Foreign Languages

Foreign Lang.

Dental Medical Tech, Community /Mental Health

Health Physician Ed., Practical Nursing

Allied Health: Other, Speech Pathol./Audiol.

Clinical Health Science, Dentistry, Nutrition/Food Science

Medicine, Nursing, Health Admin.,Public Health, Other Health Science

Medical

English Amer. Lit, Creative Writing, Letters: All Other
Liberal Studies

English

Zoology, Botany, Biochem., Bio-Physics,
All Other Biol. Sciences, Mathematics, Chemistry,
Geology, Earth Sciences, Physics, All Other Physical Sci.

Math
and Science

Economics

Economics

Geography, History, Sociology/Demog./Criminology,

Misc. Social

Political Science, International Relations Sciences
Anthropology / Archaeology

Graphic Design, Drama, Speech, Film Arts, Fine and
Music, Fine and Performing Arts, Art History Perf. Arts
All Other Reported Majors Other

Notes: This table summarizes our mapping from the set of majors used in the HS&B dataset (left column) and the

set of majors we use in our empirical analysis (right column).
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3 Additional Regression Tables

Table 3 in the main text relates the level of earnings to occupational switching and the
measure of distance é. Table 13 reports five additional specifications. These additional
regressions examine the robustness of the relationship between earnings, é and occu-
pational switching to alternative definitions of the measure ¢ and to the inclusion of
additional control variables.

Relative to the baseline specification, the first alternative regression does not con-
trol for major. Omitting that control has the effect of reducing the association between
¢ and earnings for switchers. For non-switchers the relationship remains virtually un-
changed.

The second specification differs in the way in which we measure J. The baseline
case presented in the text uses three types of human capital: Quantitative (Q), Human-
ities (H), and Social Science (SS). The label “Sep. FPA" means that Fine and Performing
Arts (FPA) is considered a skill separate from Humanities, making the number of hu-
man capital types equal to four. Changing the measure ¢ in this fashion has small
effects on the regression coefficients.

The third specification does not weight credits by GPA when calculating human
capital portfolios. Doing so weakens the relationship between earnings and é, both for
switchers and for stayers. Also, the degree of uncertainty surrounding the coefficient
estimates is larger. For instance, the coefficient associated to § x STAY has a p-value
of 0.17. Of all these alternative regressions, not weighting credits by GPA and not in-
cluding a dummies for major are the two in which coefficient estimates change the
most.

The final two specifications control for standardized test results obtained during the
final two years of high school. Test results are recorded in the variable TEST. Results
are fairly similar across the two specifications, and also similar to the baseline case

reported in the main body of the paper. Notably, the variable TEST is only estimated
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Table 13: OLS Regression Results - Dependent Variable is log (Yo )

Coeff.
(t-stat.)
(1) (2) 3) (4)

log(Yoi_7)  0312*** 0271  0.270"* 0277  0.294"**

(16.72) (13.96) (13.87) (13.59) (14.32)
log(CRED)  0.022 —0.140**  —-0.137** —0.174"** —0.056

(0.43) (-2.18) (-2.14) (-2.59) (-0.86)
SEX —0.125"**  —0.097***  —0.098"** —0.090"** —0.084***

(-5.86) (-4.41) (-4.44) (-3.90) (-3.58)
TEST 0.761***  0.263***

(3.98) (2.92)

) 0.169** 0.242%** 0.162* 0.260***  0.241***

(2.13) (2.78) (1.83) (3.00) (2.75)
STAY 0.153***  0.185***  0.152***  0.192***  0.183***

(3.74) (4.26) (3.57) (4.33) (4.05)
CAREER 0.171***  0.160***  0.153***  0.158***  0.159***

(4.05) (3.68) (3.50) (3.48) (3.45)
0 x STAY —0.189*  —0.266"* —0.174 —0.293**  —0.280**

(-1.73) (-2.29) (-1.48) (-2.49) (-2.35)
Intercept 4.522***  5.629***  5.658™*  5.596"**  5.606"**

(13.84) (14.65) (14.77) (13.83) (15.70)
Degr. Dum. Yes Yes Yes Yes No
Maj. Dum. No Yes Yes Yes Yes
Sep. FPA No Yes No No No
Wgt. GPA Yes Yes No Yes Yes
N 2,130 1,940 1,940 1,770 1,770
R? 0.262 0.280 0.278 0.289 0.262

Notes: The table reports coefficient estimates (and estimated ¢-statistics in parentheses) from five alternative
regressions of final earnings (log(Ye1)) on the variables displayed on the first column. log(Ye;_t) denotes
initial earnings (post-graduation), SEX is defined as 1 if the worker is a female and 0 otherwise, log(CRED)
is the log of credits, STAY is defined as 1 if a worker does not switch occupations and 0 otherwise, TEST is
score on a standardized test, and CAREER is defined as 1 if a worker begins her labor market experience
in a non-managerial occupation and ends in a managerial one. Degr. Dum. denotes controlling for the
type of degree, Maj. Dum. denotes controlling for the type of major, Sep. FPA denotes separating Fine and
Performing Arts from Humanities, and Wgt. GPA denotes weighting credits by GPA when constructing 4.
All regressions also control for GPA and dummies for occupations. Coefficient significantly different from
zero at least at the 0.1 level (*), at least at the 0.05 level (**), and at least at the 0.01 level (***).
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with a large degree of certainty when a dummy for the type of degree is not included.

4 An Alternative Definition of ¢

The hedging measure ¢ presented in the main body of the paper is defined as the
distance of an individual’s skill portfolio to the average portfolio of non-switchers in
their first occupation. This section provides an alternative definition of § in which the
reference, instead of being an occupation, is the individual’s major. In other words, for
a given individual who has chosen a certain major, ¢ is the distance of her portfolio
to the average portfolio of all individuals choosing that major. Table 14 is the analog
to Table 1 but using majors instead of occupations to construct average human capital
portfolios. Each cell of the table gives the average share in a major of a particular type
of human capital. In parentheses, as in Table 1, we report the standard deviation of the
share.

As with the occupation measure, there is substantial dispersion both within and
across majors. Nevertheless, on average, dispersion within majors is smaller than dis-
persion within occupations. Some majors are on average more specialized; for instance
Engineering or Computer Science have a share of Quantitative human capital equal
to 0.8 and 0.7. Fine and Performing Arts and Finance are on average specialized in
Humanities and in Social Sciences, respectively. At the other extreme, Education has
roughly equal shares of each type of skill, and Journalism has equal but somewhat
larger shares of Humanities and Social Science.

Given average shares of human capital types, it is straightforward to compute ¢ for
an individual. It is the distance of that individual’s portfolio to the average portfolio
of her chosen major. Using this new measure of §, we regress log-earnings in 1991 on
the same controls as in the main body of the paper, but using the alternative definition
of 6.

Table 15 reports the coefficient estimates of this regression. Note that the left-hand

side variable (log-earnings in 1991) and all the right-hand-side variables except J (ini-
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Table 14: Empirical Human Capital Portfolios By Major

Major Share Hum. Share Quant. Share Soc. Sci.
Agric. 0.254 0.376 0.370
(0.171) (0.170) (0.199)
Acct. 0.138 0.238 0.624
(0.050) (0.092) (0.103)
Finance 0.155 0.209 0.636
(0.050) (0.048) (0.066)
Oper. Res. 0.135 0.295 0.569
(0.070) (0.193) 0.172)
Business 0.161 0.233 0.607
(0.083) (0.110) (0.106)
Journalism 0.413 0.166 0.421
(0.184) (0.139) (0.160)
Comp. Science 0.110 0.702 0.188
(0.071) (0.136) (0.113)
Educ. 0.303 0.352 0.345
(0.154) (0.170) (0.143)
Engin. 0.080 0.812 0.109
(0.059) (0.094) (0.069)
Foreign Lang. 0.538 0.260 0.202
(0.170) (0.150) (0.088)
Medical 0.197 0.534 0.269
(0.092) (0.163) (0.155)
English 0.535 0.157 0.308
(0.191) (0.120) (0.158)
Math and Sci. 0.179 0.636 0.185
(0.094) (0.120) (0.098)
Economics 0.182 0.259 0.559
(0.081) (0.075) (0.117)
Misc. Soc.Sci. 0.301 0.152 0.547
(0.153) (0.098) (0.174)
FPA 0.690 0.111 0.199
(0.195) (0.090) (0.144)
Other 0.239 0.296 0.465
(0.148) (0.202) (0.200)

Notes: Each cell displays the average, across all individuals majoring in the same subject,
of the portfolio weight of a given human capital type. The standard deviation of the dis-
tribution of the portfolio weight across individuals is in parentheses.
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tial earnings, STAY, CAREER, etc...) take exactly the same values as before. The
coefficient estimates reported in the table show that using this new alternative defini-
tion of hedging has little consequences for the regression coefficients. Most of them are
reasonably close and the coefficients that are the most important from the perspective

of the model (the one on § and its interaction with STAY) barely change.

Table 15: OLS Regression Results - Dependent Variable is

log(Yor)
Coeff.
(t-stat.)
(1) 2) 3) 4)
log(Yo1-T) 0.285*** 0.271*** 0.267*** 0.266***
(14.98) (13.95) (13.80) (13.72)
log(CRED) —0.120* —0.120* —0.135**  —0.140**
(-1.87) (-1.87) (-2.11) (-2.19)
SEX —0.093***  —0.091*** —0.095*** —0.095***
(-4.20) (-4.11) (-4.32) (-4.32)
) 0.109 0.119 0.123 0.252**
(1.39) (1.51) (1.57) (2.40)
STAY 0.070*** 0.097*** 0.148***
(3.32) (4.28) (4.16)
CAREER 0.140*** 0.146***
(3.26) (3.38)
0 X STAY —0.266*
(-1.86)
Intercept 5.527*** 5.576*** 5.664*** 5.684***
(14.43) (14.58) (14.81) (14.87)
N 1,940 1,940 1,940 1,940
R2 0.269 0.274 0.278 0.279

Notes: The table reports coefficient estimates (and estimated t-statistics in parentheses)
from regressing final earnings (l0g(Yo1)) on the variables displayed on the first column.
log(Yo1—7) denotes initial earnings (post-graduation), SEX is defined as 1 if the worker
is a female and 0 otherwise, log(CRED) is the log of credits, STAY is defined as 1 if a
worker does not switch occupations and 0 otherwise, and CAREER is defined as 1 if a
worker begins her labor market experience in a non-managerial occupation and ends in
a managerial one. The measure of distance J is defined using majors (as described above)
instead of occupations (as described in the main text). Additional regressors (coefficients
not shown) are GPA and dummies for occupations and type of degree. Coefficient signif-
icantly different from zero at least at the 0.1 level (*), at least at the 0.05 level (**), and at
least at the 0.01 level (***).
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5 Dependence Between Signals and Abilities

The baseline estimation case presented in the main body of the text imposes the re-
striction that the vector of occupational signals 6 is independent of the vector of hu-
man capital abilities {. Note, however, that this assumption does not imply that an
individual who has a high quantitative ability has the same probability of becoming
an engineer as someone who has low quantitative ability. The lower relative price of
acquiring the human capital type of which an individual has a high ability, induces the
individual to acquire more of it. As a result, in the labor market stage, occupations in
which that skill is valued appear more attractive.

If one were to relax the independence assumption, one could in principle allow for
a joint covariance matrix in which each signal has a non-zero correlation with each
ability. Given 12 occupations and 3 human capital types, relaxing the independence
assumption introduces 36 new parameters. This is a sizable addition to an already
large parameter vector. A more manageable alternative is to associate an occupation
with the skill used most intensively; for example, quantitative skills for Engineers.
Let’s assume correlations are non-zero only between an occupational signal and that
skill. Further, one may assume that the correlation is the same across all occupations
associated with a given type of skill. In this case, the dimension of the parameter vector
increases by 3 (the number of human capital types). Formally, the covariance matrix

has the following structure:
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Using this approach it is still difficult to find moments that sharply identify the
parameters pg p, 09,0, and pg ss, especially as we want to avoid using moments in the
estimation that are related to our measure of distance 4. For this reason, and to show
that our assumption of independence imposed in the baseline estimation is rather in-
nocuous, we opt here for a more direct approach. Using our estimates for 02 ,02 ,0%

H 60’ Css
and 092, we set pg 0, Pg,H, and pg ss so that the correlation coefficient between occupa-
tional signals and abilities for the skill in which the occupation is relatively intensive,

is 0.2. 32

Table 16 reports the coefficient estimates for the regression equation relating earn-

32 Since we need to ensure that the covariance matrix remains positive-definite, given our parameter
estimates values much larger than 0.2 are not possible.
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ings, occupational switching, § and the usual controls. There are two main differences
with respect to the case in which signals and abilities are independent. First, it appears
that the explanatory power of the equation is smaller, as indicated by a lower R? of
0.634, as opposed to 0.722 in the baseline case. Second, the coefficient estimates that
relate earnings to occupational switching and ¢ are somewhat closer to their empiri-
cal counterparts. The coefficient on J is 0.284 (it is 0.229 in the data and 0.364 in the
baseline case); the one on § x STAY is -0.323 (it is -0.253 in the data and -0.386 in the
baseline estimation). The coefficient on STAY is similar to the baseline case (0.257 vs.
0.245), so it is a bit farther from the empirical value of 0.180.

Table 17 shows the analogous counterfactual experiment we perform under the
restriction of independence between signals and abilities. The numbers are overall
quite similar and the conclusions derived earlier hold for this case as well. The model
generates somewhat less earnings inequality (both measured by the Gini coefficient
and the ratio of the 99th percentile to the median). The values for the other variables,
and the differences across the environment described by the estimated parameters and

the environment where individuals are specializing, are similar.

6 Switching for Non-Pecuniary Reasons

This section reports results from an additional experiment using model-simulated data.
Throughout our study we assumed that switching takes place as a result of changes in
earnings. Here we relax this assumption. We assume that surprises in an individual’s
valuation of an occupation are of two types: pecuniary and non-pecuniary. Recall that
in our baseline model specification the valuation of an occupation prior to entering
the labor market is given by &% fj(h). After trying an occupation an individual up-

dates her earnings by a shock €;. Earnings become elitei fi(h), where Var(e;) = o?.

J
We assume that the surprise has two components: a pecuniary component (€ p) and
a non-pecuniary component (€; np). The pecuniary component drives switching as a

result of changes in earnings, while the non-pecuniary component drives switching
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Table 16: Regression Results - Model-Simulated Final
Wage (log(Yo1)) - Dependence between 0 and &

Model Data
(1) (2) M 2
log(Yor_7) 0.744 0.578 0.286"** 0.271***
(14.98) (13.95)
log(CRED) 0.160 0.295 —0.117*  —0.138**
(-1.82) (-2.15)
) 0.085  0.284  0.053 0.235***
(0.90) (2.81)
CAREER -0.132 0.159***
(3.66)
STAY 0.257 0.185***
(4.34)
0 x STAY -0.323 —0.265"*
(-2.34)
Intercept 0404 0283  5.521"** 5.632***
(14.35) (14.70)
N 150,000 150,000 1,940 1,940
R? 0.606  0.634  0.269 0.280

Notes: The table reports coefficient estimates (and estimated t-statistics in
parentheses) from an OLS regression of final earnings (l0g(Ys1)) on the vari-
ables displayed on the first column. log(Ye;_t1) denotes initial earnings,
log(CRED) is the log of credits (in the model this variable is calculated as
log(Zf:l hy)), 6 denotes our measure of distance described in the text, and
STAY is defined as 1 if a worker does not switch occupations and 0 other-
wise. The first two colums report values found using model-simulated data
and the last two columns correspond to columns 1 and 4 of Table 3. The
model simulation assumes that § and ¢ are positively correlated as described
above. Coefficient significantly different from zero at least at the 0.1 level (¥),
at least at the 0.05 level (**), and at least at the 0.01 level (***).
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Table 17: Baseline and Counterfactual Earnings Distributions - Dependence
between 6 and &

%Switchers Earnings Earnings Earnings p(99)/p(50)
(Level)  (Growth)  (Gini)

Baseline All 43.3 20.758 0.082 0.269 3.615
Non-Switchers 24.824 0.098 0.260 3.469
Switchers 16.431 0.060 0.209 2.625

% Change from Baseline

Specialization All -20.7 -5.9 -13.0 -0.1 2.3
Non-Switchers 9.1 -20.8 -14 -3.0
Switchers 9.9 -3.2 14 -1.9

Notes: The table reports selected moments from three model simulations. The upper panel (“Baseline”) corresponds
to simulations using our estimated parameters and the model described in the text. However, we assume a positive
correlation between 6 and ¢ as described above. The lower panel (“Specialization”) correponds to the case in which
individuals with specialized portfolios experience the labor market of the “Baseline” scenario. p(99)/p(50) denotes the
ratio of the 99th percentile to the median of the earnings distribution. All model-generated distributions come from the
same cross-section of 150,000 individuals.

from an occupation for any other reason.

Under the assumption that the two shocks are uncorrelated and forcing Var(e;) =
Var(ejp) + Var(ejnp), we simulate the model using the estimated parameters. *°

Table 18 reports the results from a cross-sectional regression of individual earnings
on the same controls employed in the baseline case. The coefficient on STAY drops to
0.206 (from about 0.25 in the baseline results). This result is expected because the rela-
tionship between staying in and occupation and earnings is weaker. Individuals who
draw large non-pecuniary shocks favor staying in an occupation despite having low
earnings. The relationship between earnings, J, and occupational switching however,
remains virtually unchanged. The coefficient on § x STAY is the same and that of §
changes little from 0.364 to 0.375.

Overall, given our conservative assumption that non-pecuniary and pecuniary shocks

are equally important in determining occupational switching, these results show that

33 Assuming that the sum of the variances of the two components equals the variance of the estimated
shock, makes the comparison between the two scenarios easier because the total fraction of switchers is
the same.
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Table 18: Regression Results - Model-Simulated Final
Wage (l0g(Y91)) - Non-Pecuniary Shocks

Model Data

(1) (2) (1) 2)

log(Yor_7)  0.786 0.677 0.286™** 0.271***
(14.98) (13.95)
log(CRED)  0.175 0279 —0.117¢ —0.138**
(-1.82) (-2.15)

5 0.138 0.375 0.053 0.235%**
(0.90) (2.81)

CAREER -0.113 0.159***
(3.66)

STAY 0.206 0.185***
(4.34)
5 x STAY -0.386 —0.265**
(-2.34)

Intercept 0.168 0.025 5.521***  5.632***
(14.35) (14.70)

N 150,000 150,000 1,940 1,940
R? 0.744 0.754 0.269 0.280

Notes: The table reports coefficient estimates (and estimated f-statistics in
parentheses) from an OLS regression of final earnings (log(Ys1)) on the vari-
ables displayed on the first column. log(Yo;_7) denotes initial earnings,
log(CRED) is the log of credits (in the model this variable is calculated as
log():f:1 I)), 6 denotes our measure of distance described in the text, and
STAY is defined as 1 if a worker does not switch occupations and 0 other-
wise. The first two colums report values found using model-simulated data
and the last two columns correspond to columns 1 and 4 of Table 3. The
model simulation assumes that individuals experience both pecuniary and
non-pecuniary shocks as described above. Coefficient significantly different
from zero at least at the 0.1 level (*), at least at the 0.05 level (**), and at least
at the 0.01 level (***).
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associating earnings with occupational switching (as we do in the baseline estimation),
is not responsible for the relationship between earnings, J, and occupational switching

the model generates.

7 Earnings: The Current Population Survey (CPS) vs. the HSB

Because the Sophomores of 1980 data set is not as widely used in the economics liter-
ature as other panels such as the PSID, NLSY, or SIPP, we compare the unconditional
distribution of earnings by year from HS&B with Current Population Survey (CPS)
data. Figure 1 displays kernel-smoothed estimates of the annual (nominal) earnings
distribution from the CPS and the HS&B. Since the objective is to assess the overall
quality of the survey, the figure includes all respondents, not just the sub-sample of
relatively-higher educated individuals. To get the appropriate population in the CPS
we restricted it to those respondents having roughly the same age as the respondents
in the HS&B. The figure illustrates that except for the lower levels of earnings in 1986
and 1987, the two distributions are comparable for the remaining years. If anything, it
seems as if the CPS shows a large mass of individuals with unreasonably low levels of

annual earnings.
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Figure 1: Comparison of unconditional annual earnings distributions in the CPS and
the HS&B.
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