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ABSTRACT

This dissertation employs the “Task-Approach” to study how tasks impact different facets
of the labor market. The first study explores heterogeneity in task costs associated with
occupational choice. Exploiting variation in occupational task measures, I construct a
measure of task dissimilarity to estimate transition task costs of displaced workers. I find
evidence of heterogeneity in task costs across individual task measures. Worker charac-
teristics are also shown to be a source of heterogeneity in the cost estimates. Notably,
the types of tasks we generally associate with low, middle, and high-skilled workers per-
forming the most are the dimensions of task costs that are least costly when switching
occupations. Furthermore, I find supporting evidence that task costs vary over the busi-
ness cycle. The second study builds on the concept of occupational dissimilarity using the
“Task-Approach.” A novel method measuring occupational isolation in local labor markets
is presented to show associations with isolation and occupation level wages. On average,
wages are lower in occupations that are more isolated. Furthermore, the findings suggest
greater wage volatility in isolated occupations. Finally, using occupational task rankings
of U.S. occupations as a previously unexplored methodology measuring returns to interna-
tional task-specific human capital of new immigrant workers in the U.S. shows that returns
to high-skilled related task-specific experience are both statistically and economically sig-
nificant. Also, new immigrants receive statistically and economically significant returns to

source country occupation-specific experience.
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INTRODUCTION

The field of labor economics encompasses many facets of economics ranging from the
demand of labor to wage inequality and everything in between. Studies in labor economics
are often closely associated with policy debates, i.e., minimum wage. To accentuate the
importance of understanding the dynamics between workers and firms it is important to
note that 62.8% (as of April 2018) of the civilian population in the U.S. participates in the
labor force (those employed and unemployed).! Therefore, explorations into the behaviors
of economic agents participating in the labor market have broad and potentially substantial
implications for the economy as a whole.

The U.S. labor market has evolved over the last hundred years in both a macroeco-
nomic and microeconomic sense. The U.S. economy has grown from a predominantly
manufacturing based economy to a service based one. This evolution in the labor market
has changed the demand for labor across markets. The rise of the service industry has led
to an increase in demand for low-skilled workers. At the same time, the dissolution of
manufacturing due to more efficient capital and cheaper labor prices in other economies
has led to a diminished demand for middle-skilled workers.

Skill-Biased-Technological-Change (SBTC) has further affected the demand for labor.
SBTC is the situation where technological change differentially affects the demand for
workers of various skills. For example, an engineer has become more productive due to
advancements in computer-aided design and drafting (CADD) technologies. Technolog-
ical change has caused the value of engineers to increase, increasing the demand for en-
gineers. In general, technological advancements have improved the productivity of most
high-skilled workers leading to higher demand for their skills and more significant wage
growth. However, technological change has not led to increased demand for all skill levels.

In 1970, workers employed as Administrative Assistants consisted of 3.4% of all workers
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employed in the U.S. By 2016, this percentage had decreased to 2.1%. Better informa-
tion technologies (IT) may be a contributing factor of the observed employment declines
in middle-skilled associated occupations (Autor et al., 2003). Advancements in IT has al-
lowed employers to employ fewer workers because a single worker can be more productive
than the level of productivity of multiple workers in the same job just a few decades ago.
Therefore, it is clear why SBTC is one of the major contributing factors of growing wage
inequality in the U.S.

The effect of SBTC has adversely biased those employed in Routine intensive occupa-
tions more than any other types of occupations. As a simple illustrative example, take an
individual who worked on an assembly line prior to the 1970s. The worker awaits at her
station along the assembly line to add her components to the production of the good. Once
the good reaches her station, she combines her part to the good in the same fashion as she
has done for every previous unit. This type of work activity is consistent, and there is little
need for the worker to be adaptable to changing environments. Therefore, the worker’s
productivity is relatively constant, and the pace of the line constrains the worker’s ability to
be more productive. Routine tasks refer to the work activities that are repetitive and limited
by the speed of machines. Technological advancements in capital over the last few decades
allows physical capital to perform these same routine work activities. Therefore, as the
price of physical capital decreases, employers will employ more physical capital instead of
relatively more expensive labor inputs.

The question that is the focus of this dissertation is what are some of the mechanisms
behind how workers adjust to shocks through the reallocation of human capital and what
are some of the outcomes associated with those mechanisms. Human capital is the knowl-
edge, abilities, and skills used in the production of a good or service. Human capital is
acquired through education/training, tenure in the labor market, and experiences specific to

an industry, occupation, or work activity.



There is some debate in the labor literature of which source of human capital is more
essential, i.e., which is valued more in the labor market. Neal (1995); Parent (2000); Dust-
mann and Meghir (2005); Kambourov and Manovskii (2009); Williams (2009) and Sullivan
(2010) stress that either industry or occupation-specific human capital is the most impor-
tant component of an individual’s human capital. However, recent literature has stressed
the importance of task-specific human capital (Gibbons and Waldman, 2004; Gathmann
and Schonberg, 2010; Schulz et al., 2013). One reason that task-specific human capital has
garnered much attention recently is that task-specific human capital is not firm, industry,
or occupation-specific, but specific to types of work activities performed in a job (Gibbons
and Waldman, 2004). Gathmann and Schonberg (2010) show evidence that task-specific
experience is valued more than occupation-specific experience. The fact that employers
value a worker’s experiences performing types of work lends further support to the impor-
tance of task-specific human capital. Furthermore, the knowledge, skills, and abilities a
worker acquires performing these work activities are portable across firms, industries, and
occupations. The degree to which task-specific human capital is transferable across tech-
nologies will depend on how similar or dissimilar the types of work activities performed
are between jobs.

The use of tasks in the labor literature was revolutionized by Autor et al. (2003). The
authors construct the “Task-Approach” to analyze the evolution of the U.S. labor market
as personal computers became more common in the workplace. More recently, the “Task-
Approach” has been used to shed light on earnings and wage inequality, employment dis-
tributions (polarization), and occupational transitions (Gibbons and Waldman, 2004; Autor
et al., 2006; Gathmann and Schonberg, 2010; Acemoglu and Autor, 2011; Autor and Han-
del, 2013; Autor and Dorn, 2013; Schulz et al., 2013; Cortes and Gallipoli, 2017; Ross,
2017). Germane to the studies in this dissertation, Gathmann and Schonberg (2010) and

Cortes and Gallipoli (2017) employ the “Task-Approach” to study how task dissimilarity



influences occupational transitions. In both studies, the authors find that workers are more
likely, when switching occupations, to choose occupations that are more similar to the work
activities that the worker performed in their previous occupation.

Common to the mobility literature, is that an individual will choose a destination that
maximizes the net-benefit of the move, i.e., which alternative yields the greatest benefit less
the costs associated with the move. In regards to tasks and occupational mobility, work-
ers choose the occupation where their task-specific human capital is most transferable and
where the costs associated with adapting to new technologies is minimal. This fact high-
lights the importance of understanding an individual’s preferences in the types of tasks they
perform and how those preferences influence the costs of adapting to new technologies.

Chapter 1 of this dissertation will explore heterogeneity in task costs associated with oc-
cupation choices of involuntarily displaced workers. This analysis will provide insight into
how task costs influence how workers adjust to being laid-off. Task costs are estimated us-
ing the “Task-Approach” as a measure of relative dissimilarity between occupational pairs.
Here the task cost is associated with the additional effort that a worker exerts in adapting
to different technologies. Workers reference the effort they gave in performing the tasks
related to their previous employment, and given their preference in completing each task,
the task costs associated with adaption in performing a work activity of differing intensity
will influence their choice to stay or switch occupations. In addition to estimating the task
costs related the decision to change occupations, when the worker chooses to switch, the
dissimilarity measures are used to estimate task costs associated with which alternative is
selected.

Not only will the worker’s preferences over tasks influence transition costs, but so will
the worker’s type. The use of type here is in reference to the worker’s skill level, i.e.,
low-skilled, middle-skilled, and high-skilled. To account for the influence worker type or

characteristics have on task costs, two methodologies will be employed. First, tasks costs



will be estimated using a heteroscedastic conditional logit estimator. Here, a worker’s
characteristics will influence the scale of the random utility component and therefore the
task cost estimates. The second approach will be to interact various worker characteristics
with the task dissimilarity measures to explore how individual characteristics influence the
estimation of task transition costs.

Lazear (2009) discusses that not only will the idiosyncrasy of a firm’s skill weights
influence the likelihood of a displaced worker finding a new employment match, but labor
market conditions will as well. Variation in task costs is explored in this chapter as well. In
thin labor markets, the probability that a worker displaced from any firm will find a match
to a similarly “like” job is lower than in thick markets. The likelihood of a match with a
similar occupation in a thin market decreases the more idiosyncratic a source occupation
is. It is then feasible to hypothesize that during economic downturns workers may not
exhibit as strong of a preference in how dissimilar an alternative occupation is relative to
their previous employment. This aspect of transitions is relatively important as it relates
the earnings that a displaced worker can expect once a new match is found. Poletaev and
Robinson (2008) show evidence that displaced workers will incur greater wage loss than
displaced workers who found a new match in a similar occupation.

Chapter 2 builds on the findings of Chapter 1 by exploring occupational dissimilarity at
the local labor market level. The concept of dissimilarity is further extended to incorporate
the size of an occupation and all other occupations in a local labor market. This measure
of dissimilarity is termed, “isolation,” and is used to estimate how wages at the occupa-
tional level are affected. The finding in Chapter 1 is the inspiration for this line of inquiry.
If workers are less likely to switch occupations when employed in a more idiosyncratic
occupation, then this may suggest that the supply of labor relatively inelastic in isolated
occupations. The uniqueness of the technologies of the firm may also imply that the de-

mand for labor is relatively inelastic. We might then suspect that wages will be lower in



isolated occupations and that the magnitude of any labor shock to isolated occupations will
be higher than for occupations that are less isolated.

Finally, Chapter 3 explores the transferability of international human capital. This chap-
ter employs a novel methodology for measuring international human capital. Measures of
general, occupation-specific, and task-specific human capital are used to measure hetero-
geneity in the returns to experience immigrants receive immigrating to the U.S. There is
little consensus in the existing literature on international portability of human capital. Lim-
itations to studying the portability of international human capital are partially due to data
limitations on an immigrant’s source country work experiences. This limitation has caused
most studies on the portability of international human capital to be limited to measures of
general human capital, i.e., education and overall work tenure in the source country. Data
on immigrant source country work histories are obtained using The New Immigrant Sur-
vey. The survey consists of immigrants who received their green card status in 2002/2003.
Respondents were asked questions regarding their post and pre-immigration experiences.
Questions relating to occupational employment and tenure are of particular value to this
study. Occupation-specific experience can be measured using this information and allows
for a novel approach in measuring an immigrant’s task-specific experiences. Again, the
lack of this information has limited the ability of previous works exploring returns to vari-
ous human capital specificities.

The analysis performed in this chapter may also have a cautionary tale when studying
international portability of human capital. With regards to returns to occupation-specific
and task-specific experience, the granularity in how occupations are defined matters. Also,
the composition of immigrants who stayed in the same U.S. occupation as their last source
country occupation and those that switch occupations may also influence the results. How
occupations are defined are the composition of the sample may affect both the statistical

significance and economic significance of the estimates.



The remaining portions of the dissertation will discuss each chapter chronologically as

described above and end with concluding remarks.



CHAPTER 1
COSTS OF SKILL REALLOCATION ACROSS OCCUPATIONAL TASK
MEASURES

1.1 Introduction

It is important to understand the behaviors and mechanisms in how workers adjust to la-
bor market shocks. One such way that workers are able to adjust to shocks is through the
reallocation of their skills across firms, industries, occupations, and geographic markets.
How able workers are in adjusting to evolving labor markets depends on the specificity of
human capital, and even more so, on the portability of human capital. One such dimension
of human capital that has received much attention in the last few years is task-specific hu-
man capital (Gibbons and Waldman, 2004; Lazear, 2009; Gathmann and Schonberg, 2010;
Geel et al., 2011; Yamaguchi, 2012; Macaluso, 2017; Cortes and Gallipoli, 2017; Roys
and Taber, 2017). Task-specific human capital is the knowledge, skills, and abilities work-
ers acquire to perform certain work activities. Unlike occupation-specific human capital,
task-specific human capital can be transferred across occupations, at least partially. The
degree of which task-specific human capital can be transferred depends on how dissimilar
any two occupations are. Often the costs of occupational transitions with respect to tasks is
estimated through the worker’s wages. However, workers will also exhibit costs in having
to complete task differently than how tasks were performed in their previous occupation.
This paper will explore task costs associated with occupational transitions. The channel
that these costs arise from is worker’s preference in performing tasks. The reason that
workers will incur task costs is due to workers needing to exert different amounts of effort
completing the work activities specific to the new occupation. The findings in this paper
will provide further insights into the understanding of how workers choose to reallocate

their human capital when adjusting to market shocks.



I build on the existing mobility and task literature by exploring heterogeneity in individ-
ual task-specific occupational transition costs. I further examine heterogeneity in individual
task dimensions in a worker’s choice to remain or switch occupations (extensive margin)
and if a worker chooses to switch, how costs vary in the decision of which occupation to
choose (intensive margin).! Using individual worker data from the Monthly Current Pop-
ulation Survey (CPS) and occupational characteristic data from O*NET (ONET), I model
the worker’s problem in a discrete choice framework, where a worker’s occupational choice
is a function of how distant the worker’s possible alternative choice is relative to their last
occupation’s set of tasks.> As is the case within any mobility framework, an individual
chooses the alternative that yields the greatest net-benefit. In the framework described
above I will estimate the task costs associated with effort exertion in performing tasks rel-
ative to the worker’s previous set of work activities. This approach allows me to study how
occupational dissimilarities in tasks influence occupational choice.

Prior research has found that workers are not only more likely to switch to a more sim-
ilar occupation, but transition costs associated with task-specific human capital increases
the more dissimilar the new employment match is from the worker’s previous employment
(Poletaev and Robinson, 2008; Gathmann and Schonberg, 2010; Robinson, 2011; Cortes
and Gallipoli, 2017). The approach in this paper will have implications on occupational
choice within broad task categorical occupations. Workers that choose to switch occupa-
tions, but do so within broad task categories may exhibit preferences in the types of work
activities they perform. If two alternatives are equally dissimilar in their sets of task (not
equally distant in all individual tasks), but worker preferences affect the cost of transitions
in each individual task dimension then a worker is more likely to choose the alternative that

is more similar in the most costly task dimension. Understanding task cost heterogeneity

'T would like to thank an anonymous referee for the suggestion to explore how task dissimilarity influ-

ences occupational choice for all workers and for only those that switch occupations.
’The use of task distance and task dissimilarity are used interchangeably in this paper.
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can provide a better idea of how occupational choice varies across workers with varying
characteristics. I find evidence that workers incur greater costs in performing low-skilled
associated tasks. For example, a worker choosing between two alternatives that have low
and high-skilled associated tasks and one alternative that is relatively more intensive in the
low-skilled task, then we would expect the worker to choose the alternative that is relatively
less intensive in the low-skilled task.

In most studies on task costs, the costs are estimated through the wage equation. This
follows from the fact that task-specific human capital is partial transferable (Gathmann and
Schonberg, 2010; Cortes and Gallipoli, 2017). The transferability has to do with the vary-
ing technologies across firms. When a worker moves between occupations, the knowledge,
skills, and abilities acquired in performing occupation-specific tasks cannot be fully trans-
fered across the different technologies of the new occupation. Cortes and Gallipoli (2017)
generalizes task costs arising from the time and effort a worker exerts in adapting to new
technologies. Some of these costs are likely to be a product of a worker’s preferences in
performing such tasks. In the framework presented in this paper, tasks costs are derived
from the cost of effort in performing work activities. The cost of effort will vary across a
worker type. It is well established, especially in the game theory literature, that the costs
of effort depends on the type of worker, i.e., skilled versus un-skilled (Akerlof, 1982; Fehr
et al., 1993). By incorporating a worker’s type into the cost of effort function, the task cost
parameter will not be identified. 1 will employ two strategies to account for the influence
skills have on task costs. The first is to relax the assumption that the random utility com-
ponent is identically distributed across workers and in doing so, a worker’s characteristics
will influence the scale parameter of the distribution of the stochastic term and therefore the
costs estimates. The second approach will be to estimate task costs by interacting worker
characteristics with tasks.

I use several worker characteristic indicators to estimate heterogeneity in task costs. |
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find that female workers are more likely to switch to an occupation that is more dissimilar
in analytical tasks than male workers. I explore how task costs vary across the age profile.
Guvenen et al. (2015) shows that as workers are able to better realize productive matches
as their experience in the labor market increases. Generally, older workers will have more
experience than younger workers and the costs of an occupational transition will be greater
for those with more experience. I show that in general, task costs increase over the age
profile. Low-skilled workers are more likely to choose and alternative that is more dis-
similar in low-skilled associated tasks, relative to other skill levels. High-skilled workers
do not exhibit as strong of a preference in how dissimilar occupations are in interpersonal
tasks as other skill levels. I conclude that tasks costs significantly differ across worker
characteristics.

Between the period 1994-2013, Cortes and Gallipoli (2017) find evidence that mobility
related task costs associated with occupational dissimilarity has diminished and that tran-
sition costs across broad task categories has remained relatively stable over this period.
However, there has been little attention to how task costs vary over a business cycle. A
worker displaced from relatively idiosyncratic occupations will face greater difficulty in
finding an occupation that employs similar technologies (Lazear, 2009). During economic
downturns and thin labor markets, workers may have different preferences in the types of
work activities they perform. This may suggest that workers have a greater willingness
to accept a match that employs technologies that differ more than they would in a thick
market. In such a case, the implication would be that task costs are lower during economic
downturns than during expansions. This analysis provides further insight into how workers
adjust to shocks during various economic conditions.

The remainder of the paper is structured in the following way. Section 1.2 discusses the
relevant literature of human capital specificity and skill/task dissimilarity in occupational

choice. Conceptual motivation is discussed in Section 1.3. Section 1.4 discusses the data
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and empirical specifications used to study task cost heterogeneity in occupational choice.
Results examining the extensive and intensive margins of task cost on occupational choice

will also be discussed in this section. Concluding remarks will be made in Section 1.5.

1.2 Background

The costs associated with human capital portability depend on the specificity of human
capital. There is a large literature stressing the importance of industry and/or occupation-
specific human capital (Neal, 1995; Parent, 2000; Dustmann and Meghir, 2005; Kambourov
and Manovskii, 2009; Williams, 2009; Sullivan, 2010). More recently, Gibbons and Wald-
man (2004); Gathmann and Schonberg (2010) and Schulz et al. (2013) have stressed the
importance of task-specific human capital. The distinction between task-specific human
capital and other specificities is that tasks are not firm, industry, or occupation-specific.
Instead, they are specific to a type of work (Gibbons and Waldman, 2004). Gathmann and
Schonberg (2010), using data on German workers, show that the returns to task-specific ex-
perience is greater than the return to occupation-specific experience. Workers reallocating
their skills across occupations lose those skills that are specific to an occupation, but are
able to transfer some of their task-specific skills.

How much task-specific experience is transferable depends on the degree of dissim-
ilarity between occupational pairs. Poletaev and Robinson (2008) and Robinson (2011)
find that the more dissimilar occupations are in their skill demand profiles, the greater the
wage loss for displaced workers. In a similar context, Lazear (2009) shows that the id-
iosyncrasies in weights that firms place on varying skills will impact the wage of a worker
switching jobs in the next period. Workers who are involuntarily displaced from a job that
is more idiosyncratic will face greater difficulty finding a match that is closely related to
their skills acquired in their previous job. Geel et al. (2011) find empirical evidence that the

probability of an occupation transition is declining throughout a worker’s entire career the
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more specific the skill requirements are in an occupation. In further empirical support of
the relationship between occupational dissimilarity and occupational mobility, Gathmann
and Schonberg (2010) show that when workers switch occupations, they are more likely to
switch to an occupation that is similar in task composition to that of their previous occu-
pation. Furthermore, Gathmann and Schonberg (2010) show that task dissimilarity better
predicts occupational mobility than a random mobility model. Cortes and Gallipoli (2017)
report that task distance is significantly associated with the cost of occupational mobil-
ity, but stress that task-related costs only account for a small percentage (6%) of the total
cost and that access costs to the alternative occupation accounts for much of the mobility
costs. In a recent paper, Macaluso (2017) finds that workers laid-off from occupations that
are more skill remote (a measure of occupational dissimilarity in occupation skill require-
ments within a labor market) are more likely to have greater wage loss and accept a new
employment match in a less remote occupation.

There is mixed evidence on the directionality of transitions across occupations. Robin-
son (2011) reveals that in some, but not all dimensions, workers are moving to a lower
skill level. Cortes (2016) finds evidence of displaced middle-skilled workers reallocating
to both low-skilled and high-skilled related occupations. Given the decline in employment
in middle-skilled associated occupations, this suggests that workers in middle-skilled jobs
are partially able to adjust to adverse shock by moving to higher-skilled jobs. This evidence
on directionality may suggest that when workers transition to closely related occupations
with slightly higher skill requirements that either the worker, the firm, or both are willing
to incur some initial skill investment cost, which is suggested by Lazear (2009).

Autor and Handel (2013) stress the importance of selection into occupations based on a
workers comparative advantage in performing job tasks which yields the greatest return to
each task-specific skill. Variation in skills within occupation can result in different levels of

productivity. Yamaguchi (2012) reports that the importance of human capital accumulation
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differs across educational attainment levels. Cortes and Gallipoli (2017) report that at the
median value for college educated workers, that task distance accounts for 3.4% of total
transition costs. Furthermore, Cortes et al. (2018) show that female workers are more
likely to acquire interpersonal related skills as well as select into occupations that are more
predominant in interpersonal related tasks. Therefore, an individual’s skills are likely to
influence her preference in the type of work activities that she performs. In this paper, I
explore how sources of skill heterogeneity influence task costs associated with occupational
transitions.

In addition to the portability of task-specific human capital and the influence work
skills have in tasks costs, labor market conditions will also influence occupational choice.
As mentioned above, the likelihood of finding a similar job to the last job is lower when
the task components are more idiosyncratic. The probability decreases further the thinner
the labor market. Khan (2010) reports that college graduates entering the labor market in
a recession (thin market) are likely to have lower lifetime earnings than those who entered
in an expansionary period. This outcome is attributed to workers’ willingness to accept
poorer matches (Jovanovic, 1979). 1 explore if there is evidence of the heterogeneity in
task distance costs across a business cycle.

It is evident that tasks are an important component of human capital. It is well estab-
lished that workers incur costs in occupational transitions and that those costs are increasing
as pairwise dissimilarity increases. Cortes and Gallipoli (2017) establish that there exists
heterogeneity across broad task categories. I will expand on those findings to explore het-
erogeneity across individual task measures which will shed light on task cost heterogene-
ity within broad task categories. This will provide evidence that relative task differences
within occupations can provide insight as to which similarly related occupations a worker
may switch to within the broad category. Additionally, I will extend the analysis to explore

skill heterogeneity and variation over the business cycle in task costs.
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1.3 Conceptual Motivation

A worker’s occupation is not exogenously determined; workers will select into occupa-
tions that provide the greatest return to their skills (Autor and Handel, 2013; Gathmann
and Schonberg, 2010; Kambourov and Manovskii, 2009; Sullivan, 2010; Williams, 2009).
Autor and Handel (2013) describe that a worker’s skill endowment is applied to the pro-
duction technologies of a firm which vary in the tasks that workers perform. Workers may
have insufficient skills necessary to perform the tasks in a productive manner. It is feasible
then to extend this rationale by including a cost of effort in performing a set of occupa-
tion specific tasks. In a similar application to Akerlof (1982), a worker’s random (indirect)

utility from an employment match in occupation j in period ¢ can be shown to be
Vit = w(Tjt, 0is; @) — e(Tjt, Oir; v, ) + € (1.1)

where 7 is a one by s vector of tasks that a worker performs, which yields some output
in occupation j and 0, is the individual worker’s skill endowment.> A worker’s skill en-
dowment includes sources of human capital that varies over time from general experience,
education, occupation-specific, task-specific, etc. that influence her productivity and costs
of effort as the worker accumulates more experience from participation in the labor mar-
ket. Wages are increasing in 8 and cost of effort is decreasing in 8. In essence, a worker’s
skill endowment represents her fype, i.e., high-skilled, middle-skilled, or low-skilled. The
marginal utility from obtaining additional human capital through the cost of effort compo-
nent is denoted by ). The parameter « is the marginal utility from incremental increases
(decreases) in the wage and 7 is the marginal (dis)utility from performing more of a partic-
ular task. Therefore, «y is a vector of parameters that have the same dimensionality as the
vector of tasks. The random utility component ¢;;; is distributed i.i.d. with mean zero and

which reflects a worker’s match quality, entry costs (obtaining a license or certification),

3In a similar framework, Roys and Taber (2017) model occupational choice with workers having prefer-

ences in types of skills used in an occupation.
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and preferences for occupation j. I will discuss relaxing the assumption that the stochastic
term is identically distributed across individuals below.

The sign of v, can be positive, negative, or zero. If v, is positive, this would imply that
performing more of task s is associated with more effort which is costly to the worker. If -
is equal to zero then performing more of a task is not costly to the worker, holding all else
constant. Intuitively, it is possible to see the situation where workers in a given occupation
have positive preferences over performing more of some task. For example, a software
programmer may enjoy performing more programming (an abstract task) rather than less,
as this is a task they likely enjoy.

The cost of effort for a worker performing a set of occupation-specific tasks given her

skill endowment is represented by the following functional form

_
e(T 51, 0i:7) = ei;’b (1.2)

Thus, the marginal (dis)utility from performing more of task s is 7. e Therefore, changes in
how much of a task is performed in an occupation impacts a worker’s utility in occupation
j is determined by the parameter v and her endowment of skills.

A worker’s occupational choice in the next period is to choose the alternative occupa-
tion, k, that yields the greatest (least) utility (dis-utility). In other words, to choose the
alternative that provides the greatest (least) additional utility (dis-utility) from the previous
period’s level. Intuitively, this implies that a worker references the effort she exerted in
occupation j as well as the reward (wage) for exerting that effort to the level of reward and
exertion that would be needed in her next occupation. The parameter -y in this framework

is the marginal utility of exerting more (less) effort relative to the previous employment

match. Therefore, the optimization decision at the beginning of the next period is

AVigjirr = max{AViji11, AVigjig1, ... . AVigji } Ve # jand t + 1 (1.3)
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where

AVigjtr1 = aAWipjip1 — AT i1 + Uikjer1 (1.4)

2
01t
The error term, u, 18 €41 — €5 and is assumed to be distributed Generalized Extreme Value
Type 1. This random component is interpreted to represent a worker’s difference in match
quality between alternative &£ and occupation j, as well as, differences in idiosyncratic
preferences between the two occupations. Wages are denoted as w;;; herein for notational

purposes.

The probability that a worker will choose alternative k is then

i
exXp (aAwikjtJrl — mATkjtJrl)

PTi[MAwaAT,O;OKW] = Tikjt+1 — (L.5)

{il exp (aAwilth - mATUH—l)

The probability of choosing an alternative occupation includes the possibility of staying
in the same occupation. There are no restrictions imposed on which occupation a worker
can choose and the model assumes that all occupations exist from one period to the next.
This implies that the alternative choice set in period ¢ 4 1 is the same as the set of occupa-
tionsin ¢, or K = J.

Note that the wage remains in eq. (1.5), as wages are determined by both the worker’s
human capital and the occupation-specific task composition. Wage is both an individual and
occupation specific characteristic (Autor and Handel, 2013). Although a worker’s human
capital does not vary across alternatives when making their decision on which occupation
to choose, the occupation-specific task composition does. Therefore, the wage difference
will remain in the probability equation.

Cortes and Gallipoli (2017) have a similar framework as to that shown above, but with a
distinction in the probability of an alternative occupation being chosen being independent
of worker characteristics. Incorporating costs to effort in performing tasks as a function
of an individual’s skills increases the complexity of isolating how task costs influence the

occupational transition decision. In the above framework, v is not identified. In Section
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1.4, I will discuss estimating task costs using a reduced form utility function. In the reduced

form model, % will be denoted by . Since the parameter, § will include a worker’s human
capital, there is likely to be heterogeneity in the effects of the task dissimilarity measures
on the probability that an alternative occupation is chosen. In the empirical section, I will

explore different methods estimating task cost heterogeneity across skills.

1.4 Empirical Methodology and Results

The intent of this paper is to explore heterogeneity in the cost of performing more of a
task, across individual tasks, across varying worker types, across a business cycle, and how
those costs influence occupational choice. The cost estimates do not necessarily inform
about the degree in which task-specific human capital is transferable. However, the results
and implications are suggestive of how workers view performing tasks in varying amounts
relative to their prior occupation’s set of tasks. The concept of transferability is captured
in a worker’s productivity, which is reflected in the wage. The objective of this paper is to
estimate mobility costs associated with pairwise task dissimilarity and not necessarily the
portability of task-specific human capital. Task costs are a product of preferences in effort
exertion in work activities. Estimates of the cost in exerting more effort in performing
tasks can be obtained by estimating eq. (1.5) using the utility function denoted in eq. (1.1).
However, as mentioned above, it is not feasible to specifically isolate + and therefore, I

specify the following reduced form utility function.
Vije = awgje + T8 + X500 + Qjy + €55 (1.6)

Here, g = %, is the reduced form estimate of how tasks affect the indirect utility of a
worker employed in occupation j for a given increment in intensity. If performing more of
a task is costly then (3, will be negative. The vector of occupation-specific characteristics is

denoted by X; and includes the unemployment rate in occupation j in the previous month,
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pairwise difference in the average hourly wage of occupations, and the male to the total
employment ratio in occupation j in the previous month. The former will capture any vari-
ation in occupation choice serving as a proxy for market thickness. Higher unemployment
rates in an occupation suggest that the market in that occupation is relatively thin. The use
of the unemployment rate as a proxy for market thickness is supported by evidence that the
number of unemployed workers will increase until the market becomes sufficiently thick
for matches to occur (Gan and Zhang, 2006). The male-to-employment ratio will control
for occupation selection based on the employment make-up of an occupation. This can
capture any selection based on the employment sex composition of an occupation. For
example, Tolbert et al. (1999) finds that workers belonging to a minority group are more
likely to become stressed relative to the majority group. Therefore, it is possible that selec-
tion, at least in the context of the sex-ratio, is a relevant characteristic of an occupation in a
worker’s occupational choice. Additionally, the male-to-employment ratio may reflect any
discrimination, albeit taste-based, statistical, or compensatory, that occurs in an occupation
7J, causing some workers in an occupation to value that employment more or less.

To account for all other occupation characteristics that affect all workers, I include
alternative occupational fixed effects (£2;). Cortes and Gallipoli (2017) include fixed effects
for both source and destination occupations. In this framework, workers are choosing an
alternative on the basis of the characteristics of that occupation. Since the set of alternatives
includes the choice to remain, €2; will capture characteristics of the source occupation that
are common to all workers. For example, in the case where a source occupation experiences
an increase in demand, such variation will be captured in the destination occupation fixed
effects. Characteristics that are specific to a worker from a particular source occupation
that is not common to all workers will be captured in 8 and the random utility term. Such
characteristics that may reflect skills specific to a source occupation will be captured in the

worker’s human capital. Any preference for a given occupation, albeit match quality or



20

preferred type of work, will be captured in the random utility term.
The probability that an alternative occupation (destination occupation), k, is chosen by

worker 7 (in differences) in the next period is then

exp (Awikjt1 + ATkjtr18 + X160 + Qier1)
E{; exp (Awirje1 + ATjep1 + X410 + Qeyr)

Prilk|Aw, AT;a,0,7] = (1.7)

As previously stated, estimates of § will not capture the true effect of task dissimilarity on
worker utility. Attempting to capture some of this heterogeneity I will employ two methods:
first, I will use a heteroscedastic conditional logit estimator that allows the error variance,
O’i, to no longer be identically distributed (Hole, 2006; DeShazo and Fermo, 2002; Bhat,

1995). Under this framework, the probability of choice k being chosen is

Prilk| Aw, AT, 0: 0, 6,, ] = exp (A(Qit+1) (@Awijerr + ATrjep1 S+ Xi410 + Qieyr))

Bl S exp (A(Birs1) (aAwijir1 + AT 8 + X160 + Quegr))
(1.8)

It is likely that an individual’s human capital will influence the error variance of a poten-

4

tial alternative.” This influence is represented by A, which is a function that influences

the scale parameter and thusly, the error variance.’

The function A is parameterized as
exp(0;¢) (Hole, 2006; DeShazo and Fermo, 2002; Bhat, 1995). The vector of  measures
of human capital is denoted by 6 and ¢ is a parameter vector that represent the influence

those measures of human capital have on the error variance. If each element in ¢ is zero

“DeShazo and Fermo (2002), question the validity of identically distributed random components and

discuss how estimates may be affected by this assumption.

3Cortes and Gallipoli (2017), allow individual match quality in an occupation choice to influence the lo-
cation of the distribution of the random component. In this paper, I am holding the location of the distribution

to be identical, but the scale of the random component to vary across individuals.
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then the heteroscedastic logit model collapses to the traditional conditional logit model as
developed by McFadden (1974).

The second approach in capturing heterogeneity in how task dissimilarity measures im-
pact occupational choice through the cost of effort is to interact task distance with worker
characteristics using the traditional conditional logit estimator. I will do so for three dif-
ferent sources of human capital: by worker sex, age, and education. It is possible that the
average male or female has different preferences for tasks. For age, I will categorize a
worker as being in one of three age categories: 24-35, 36-50, and 51-65. Doing this may
capture some of the effects general experience has on how workers prefer how much of
a task to perform. As a worker progresses in her work tenure, her realized match qual-
ity between skills and work activities is much greater, and deviating from such a match
is more costly than for someone who is in the beginning of their career (Guvenen et al.,
2015). Finally, education will proxy for a worker’s skill type. In general the more educated
a worker is, the more skilled that worker is considered to be. Different skill groups may
have different preferences for the same task and therefore, how task dissimilarity influences

occupational choice will vary by skill level.

1.4.1 Data

To construct the measures of task dissimilarity, I define tasks following the disaggregated
set defined in Acemoglu and Autor (2011). The vector of s tasks are Non-Routine Cogni-
tive: Analytical (NRCA), Non-Routine Cognitive: Interpersonal (NRCI), Routine Cogni-
tive (RCOG), Routine Manual (RMAN), and Non-Routine Manual: Physical Adaptability
(NRMN). I construct these task measures using occupation characteristics from the U.S.
Department of Labor’s Occupation Information Network, O*NET (herein ONET). De-
scriptions of the ONET characteristics can be found in 1.A. The constructed task values

are normalized (weighted by occupation employment in each year) values, meaning that



22

an occupation specific value for task s denotes it’s relative position in the occupational dis-
tribution. Thus, the use of task intensity to describe task values is in reference to a task’s
position within the distribution. The interpretation of a one unit increase in a task’s value is
the same as a one standard deviation increase in relative intensity, e.g. a 34.13% increase
in the intensity of that task relative to the average occupation.

The intent of using these five tasks measures over the more common Abstract, Routine,
Manual is to explore if there is heterogeneity within skill-related tasks. As an example,
tasks NRCA and NRCI are both high-skill related tasks, where NRCA is associated with
performing such work activities as critical thinking and NRCI is associated with interper-
sonal related work activities, such as managing and directing others. In the same context,
middle-skill related tasks, RCOG and RMAN are quite different in the types of work ac-
tivities associated with each measure. An example of a RCOG task is data entry, where a
RMAN task is metal punching.

I define task dissimilarity or task distance for task s as

S_

Aty = | — 77 (1.9)

Task s in occupation j is denoted as 7. Therefore, the distance metric is the absolute value
in the difference between alternative (destination occupation) k& and occupation (source
occupation) j. I will also allow for a more flexible functional form in worker preferences
over individual task dissimilarity measures by specifying a quadratic functional form in eq.
(1.6). This will allow workers to exhibit increasing or decreasing preferences over task
distance.

Data on occupational choice is collected from the Monthly CPS for the years 2006-
2016. This period includes the later portion of the expansion period prior to and recovery
after the Financial Crisis of 2008-2009. The Monthly CPS surveys individuals in a house-
hold for four consecutive months, then the household is dropped for eight consecutive

months, and is brought back into the survey for four more months. The sample of workers
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used in this analysis are those who were involuntarily laid-off (defined by the CPS variable
WHYUNEMP, categorical value 2 “Other job loser”). The use of these workers follows
Neal’s (1995) definition of “exogenously displaced” workers. The sample is restricted to
those who entered a survey rotation between January, 2006 and September, 2015. This
allows me to see a worker’s full history within a rotation. Furthermore, I restrict the sam-
ple to those between the ages of 24-65 to mitigate the chance that a worker is in school
and therefore her occupation decision is more a consequence of school completion than
occupation characteristics.

A worker’s last (source) occupation 7 is their occupation of employment prior to lay-
off and their alternative (destination) choice, k, is the occupational match after a period
of unemployment. The minimum amount of time a worker is unemployed is one month
and the maximum amount of time a worker can be unemployed is 14 months. A limiting
aspect of this data is that occupational choice is only observed over the rotation duration
of the worker in the survey. Workers who became unemployed and never found a new
employment match are not included in this analysis. The sample only consists of workers
who reported being employed prior to and after a period of unemployment. This leaves a
sample of 9,546 workers who were involuntarily laid-off.

The use of the Monthly CPS for occupational transitions has the advantage in that it is
not a retrospective survey. Mellow and Sider (1983) finds that measurement error in retro-
spective surveys is significant.® Occupation classification in the Monthly CPS uses Census
3-Digit coding. I crosswalk the occupational codes in the Monthly CPS to 2-digit Standard
Occupational Classification (SOC) or “Major Group” coding.” I use this level of occupa-

tional coding for two reasons: first, there is too little variation in task dissimilarity measures

® Another source of measurement error is that the CPS is an address based survey. A respondent may
move and any new occupant(s) will take the initial occupant’s place in the survey. I account for this by

dropping respondents whose age differed by more than one year during the 16 month rotation.

"Table 1.B.1 provides descriptions of each occupational code at the 2-digit level.
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at the 1-digit level. Secondly, at the 3-digit aggregation, the sample size is too small when
breaking the sample of workers into sub-samples. Another advantage is aggregating occu-
pational coding to the SOC 2-digit level to attenuate measurement bias. Errors in reporting
a respondent’s occupation is likely from miscoding a similar occupation. Aggregating to
this level of coding will account for some of this error that may exist using the 3-digit
Census definitions. Examining the costs of occupational transitions, Cortes and Gallipoli
(2017) also use 2-digit occupational classification. A limiting aspect of using 2-digit cod-
ing is highlighted by occupation code 23, “Legal Occupations”, which is categorized using
the task data as a Routine task intensive occupation. When one thinks of legal occupations,
we think of judges and lawyers - a high-skilled occupation, which is true. However, at
this level of aggregation “Legal Occupations” are also made-up of “Legal Assistants” and
“Miscellaneous Legal Support Workers,” which consist of more than 50% of the employ-
ment in the legal occupation. Therefore, task costs at this level of aggregation may not be
a true depiction of those that would be estimated when occupations are defined in a more
granular way.

Table 1.1 reports the summary statistics on workers and occupations. The sample of
involuntarily laid-off workers are predominantly male, with an average age of 42, and the
majority of workers have a high school degree or equivalent. More than half of the sample
switched jobs after their lay-off with an average unemployment duration of 6.5 months.®
On average, a worker who is observed reporting a last wage and new wage sees an average
decrease in hourly wage (Winsorized at 2.5%) of $0.16. The average wage loss should be
noted with caution as the number of workers that report an actual hourly wage is small.
This is due to the survey only reporting income data on outgoing rotation groups.

Table 1.1 also reports the average distance in each task measure over the sample pe-

riod. Occupations are, on average, more dissimilar in the NRCA and least dissimilar in

81f workers entered the eight month drop period and were either still unemployed or re-employed at the

beginning of the next four month period, they are assumed to be unemployed during the entire eight months.
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the NRCI task dimension. The average unemployment rate in an occupation is 6.5% and
the average male-to-employment ratio is 56%. Table 1.B.2, reports the tabulation at the 2-
digit level of source and destination employment counts for each occupational pair. Work-
ers laid-off from occupations “Sales and Related Occupations,” Office and Administrative
Support Occupations,” and “Construction and Extraction Occupations” report a relatively
large number of workers choosing high-skill related occupations, especially Management
occupations. This may be due to workers becoming self-employed. The largest share of
employment is in Sales and Office Occupations and Natural Resources, Construction, and
Maintenance Occupations (39%). It is important to note that this sample is not reflective
of the distribution of employed workers, but is a representative sample of the workers that
were laid-off, involuntarily, during this period. The Financial Crisis of 2008/2009 and the
following contagion was relatively severe for those in construction and related occupations
which fall in the Natural Resources, Construction, and Maintenance Occupations category.’

The sample will be split into the sub-sample of all laid-off workers and a sub-sample
of workers who switched occupations. The number of workers who switched occupations
after unemployment is 5165. This sample will be used to explore heterogeneity in how
task costs influence which occupation a worker will choose (intensive margin). Task costs
in the sample of all displaced workers is being identified by the choice to stay or switch
occupations (extensive margin). Therefore, the estimated tasks costs are interpreted as

those that influence the decision to switch occupations.

9These generalized occupational descriptions are based on the Bureau of Labor Statistics’ high-level

occupational classification
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1.4.2 Results
Heterogeneity in Task Costs

The estimation results from eqgs. (1.7) and (1.8) from the Monthly CPS data on workers in-
voluntarily displaced is presented in this subsection.'? First, I estimate how individual task
dissimilarity measures influence occupational choice pooling years 2006-2016 together for
all workers and by only those workers that switched occupations (switchers) after being
laid-off.

Table 1.2 reports the estimates from eqs. (1.7) and (1.8) at the extensive and intensive
margins. Columns [1] and [2] are the estimates from eq. (1.7) without and with alternative
occupation fixed effects for all workers. Column [3] shows the estimates from eq. (1.8)
for the same sample of workers. Columns [4] - [6] report the corresponding estimates to
columns [1] - [3] for the sub-sample of switchers. For the heteroscedastic conditional logit
estimates the estimates for the parameters that influence the scale of the error variance in
reported in Table 1.B.3.

Rows 1 through 3 in Table 1.3 report the estimates from eqs. (1.7) and (1.8) at the first
and third quartile and the mean distance. Columns [1] - [10] reports the estimates from eq.
(1.7) with common destination occupation controls. As previously discussed, the estimates
are interpreted as task costs. The estimates of /3 reflect how the difference in utility between
alternative k£ and occupation j changes as the dissimilarity in task s in alternative k varies.
Therefore, the estimates reported in Table 1.3 are measures of marginal utility relative to
the worker’s previous utility in j.

At the extensive margin (odd columns), task costs are significant at the 1% level for
all tasks at the first quartile and mean distance. At the third quartile of task distance task

costs are significant at 10% or higher for NRCA, NRCI, and RMAN. When occupations

10Estimates from eq (1.8) do not include alternative occupation fixed effects due to estimation limitation

with the estimator.
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are relatively similar to a worker’s previous occupation, the additional dis-utility is greatest
in the low-skilled associated NRMN task. RCOG is the least costly task dimension at
the first quartile of distance. This suggests that for workers, holding all else constant, the
likelihood of staying in the same occupation is higher in the NRMN dimension compared
to the RCOG task dimension.

As task distance increases, in all dimensions, marginal dis-utility is decreasing. This re-
sult suggests that workers exhibit diminishing costs in tasks. At the third quartile, marginal
dis-utility is greatest in the NRCA task dimension. The positive estimates do not neces-
sarily imply that a worker receives positive utility for performing more or less of a task at
greater degrees of dissimilarity. For example, using the point estimates reported in Table
1.2, column [2], a worker switching from the average occupation in the NRMN dimension,
holding all else constant, to an alternative that is 47.88% (75th percentile) relatively more
intensive, i.e., NRMN equalt to 2.03, will incur a cost (in utility) of 1.24. In compari-
son, choosing to switch to an alternative that is 39.62% (mean distance) relatively more
intensive, i.e., NRMN equal to 1.26, the average worker will incur a cost of 1.08. These
results suggest that task costs associated with the decision to stay or switch occupations
are decreasing as occupation pairs become increasingly different in the work activities that
workers perform.

At the intensive margin (even columns) an interesting pattern arises. In the NRCA
(except at the 25th percentile) and NRMN dimensions, the likelihood of choosing an al-
ternative increases as all other alternatives become more dissimilar relative to the worker’s
previous occupation. However, in the NRCI, RCOG, and RMAN (with the exception of the
75th percentile) the likelihood of choosing an alternative decreases as all other occupations
become more dissimilar to the worker’s previous occupation. This result is likely due to
the cross-correlation between occupations. If one occupation is intensive in NRCA then

it is not intensive in RMAN. Conversely, an occupation that is intensive in RMAN is not
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intensive in NRCA. Any time a worker switches occupations, they will be performing more
of a task and less of another. The positive estimates on NRCI, RCOG, and RMAN implies
that when the average worker chooses to switch occupations, she is choosing to switch to
an alternative that is relatively more intensive in these three dimensions. Conversely, the
average worker is choosing to switch to an alternative that is more similar to their previous
employment match in NRCA and NRMN tasks. Therefore, interpreting the estimates pre-
sented at the intensive margin as structural costs estimates should be made with caution.
The estimated task costs may be more of an artifact of the data.

The positive results for the switcher sample do not necessarily imply that workers ex-
hibit preference such that there is no cost of effort in performing more of NRCI, RCOG, and
RMAN tasks. Autor and Handel (2013) discuss when estimating task prices, that the cross-
correlation between tasks can lead to negative estimates. If an occupation only consisted of
a single task with a negative task price, then a worker would in essence be paying to work.
The authors present a method for accounting for the cross-correlations when estimating
task prices along with a necessary condition of having at least one task have a negative
price. From the cost side, it may be possible that a worker must have preferences over tasks
where performing more of at least one task is associated with positive marginal utility. I
will present an alternative approach accounting for the cross-correlation in estimating costs
at the intensive margin.

I construct a one dimensional task composition distance metric, that reflects how dif-
ferent an occupation pair is in their task compositions. The distance metric is a Euclidean

distance metric that maps from the five task dimensions to a single task dimension.

distancey; = (1.10)

The one dimensional task distance metric avoids the possible influence that cross-correlations
may have in estimating task costs at the intensive margin.

Table 1.4 reports the estimates from eq. (1.7) including destination occupation fixed
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effects. The estimates for the switcher sub-sample indicate that the relative marginal utility
of switching to a “near” occupation is associated with a positive relative benefit. In other
words, at the 25th percentile in the compositional distance measure, the likelihood that a
worker will choose an alternative is lower the more dissimilar all other alternative are in
their task dissimilarity.!! The task cost is increasing in distance and the cost is 2.35 times

greater at the 75th percentile than at the mean distance.

Heterogeneity in Task Cost Estimates

From eq. (1.1), a worker’s human capital is likely to influence the marginal cost of effort in
performing more of a task. Table 1.3 columns [11] - [20] report the cost estimates from eq.
(1.8) at the extensive (odd columns) and intensive margins (even columns). It is important
to note that the results from eq. (1.8) are not directly comparable to the estimates of eq.
(1.7). This is due to destination fixed effects being omitted as previously noted. However,
we can see that the costs due vary between the two and that the variation is not in the same
direction. Task costs are higher in the NRCA, RCOG, and NRMN dimensions, while costs
are lower in the NRCI and RMAN dimensions at the extensive margin. For closely related
occupations, costs are greatest in the NRMN and NRCA dimensions. However, RMAN is
associated with the lowest task cost at the 25th percentile.

At the intensive margin, task costs are decreasing in dissimilarity in the NRCI and
NRMN dimensions. This result is in contradiction to the estimates from eq. (1.7). When
the assumption of identically distributed random utility is relaxed and worker characteris-
tics are allowed to influence the error variance, task costs vary in magnitude compared to
the estimates reported in columns [1] - [10] and in some cases workers exhibit stronger pref-
erences in performing certain tasks. The larger standard errors suggest that when allowing

worker characteristics to influence the error variance that task costs have more variation.

"'The change in the probability that alternative & is chosen as alternative [ becomes more dissimilar is

Oddistancey;

= —BPP,.
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However, how specific individual characteristics influence the task costs associated with
occupational choice is not discernible.

The analysis was also extended to look at task costs over the more traditional Abstract,
Routine, and Manual task measures. 1.C reports the results from the above and subsequent
analysis when defining task in this way. In general, the results are qualitatively similar
to those reported above. Costs are highest in the high and low-skill associated tasks and

lowest in the middle-skill associated Routine task.

Heterogeneity Across Worker Characteristics

I now turn to estimating heterogeneity in task costs across worker characteristics. Because
different skills will effect the cost of effort in performing tasks, this following analysis
provides evidence on how certain worker characteristics influence task costs. To estimate
the effect of worker characteristics on cost estimates, I interact characteristic indicators
with each task distance metric. I estimate task costs from eq. (1.7) including destination
occupation fixed effects for the entire sample and the sub-sample of switchers.

The characteristics that are interacted with the task distance measures are sex, age, and
educational attainment of a worker. I estimate task costs by each characteristic separately,
i.e., by sex where the indicator variable denotes if a worker is male or not. For the age
of the worker, I group a worker to be in one of three age categories: ages 24-35, 36-50,
and 51-65. Education categories are less than a high school degree, high school degree or
equivalent, some college (includes an Associate’s degree), and Bachelor’s degree or higher.

The estimates of [ are reported in Table 1.B.4 - 1.B.6. The task costs evaluated at
the mean of task distance for each characteristic are reported in Table 1.3. Rows 4 - 12
report the task costs for each characteristic evaluated at the mean task distance. The results
suggest that there is not only heterogeneity across tasks for each worker characteristic,

but that task costs vary across each worker characteristic. This suggests that workers of
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varying characteristics exhibit different preferences in the types of work activities that they
perform.

The task costs between female and male workers indicate that male workers incur less
of a cost in the low-skilled NRMN task dimension. The cost in switching for females
(column [9]) is approximately 4.4 times greater than males in the NRMN dimension. The
lowest task cost is RCOG and NRCI for female and male workers respectively. This result
suggests that a worker’s decision to stay or switch is least affected by how dissimilar all
other alternatives are in these two dimensions.

Estimates for female workers at the intensive margin (which occupation is chosen when
choosing to switch) suggest, at least at the mean distance, that occupation choice is not sig-
nificantly influenced by the degree of dissimilarity between occupation pairs in the NRCA
and NRCI. This result supports the findings in Cortes et al. (2018). Female workers have
been shown to acquire more cognitive skills relative to male workers. The difference in
cognitive human capital accumulation between females and males may explain why when
a worker switches, the task costs associated with what occupation is chosen is not signif-
icant in the NRCA and NRCI dimensions for females. Cortes et al. (2018) reports that
males are more likely to accumulate more human capital in “brawn” skills. The task cost
in RMAN are small and insignificant for male workers.

Age categories are interacted with task distance as a proxy for experience (Moscarini
and Vella, 2002). If workers match quality improves as workers progress in their careers,
then task costs are expected to be increasing over each age category. This is due to a worker
being able to better identify productive matches across production technologies (Guvenen
et al., 2015). Deviations for any such match will likely be costly to the worker. At the
mean task distance, task costs associated with the decision to switch occupations do not
exhibit the expected pattern. The youngest group of workers have higher costs in NRCI

and NRMN tasks than the two older groups. Workers between the ages of 36-50 incur
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the greatest cost in the NRCA task dimension. Choosing to switch to an alternative that
has the average degree of dissimilarity will result in additional cost of 0.46. Although, the
NRCA dimension is associated with the highest additional costs for workers between the
ages 36-50, the cost is lowest across the three age categories. Younger workers incur lower
costs in the middle-skilled associated tasks. For example, the cost is 1.4 and 1.2 times less
than the costs that workers in the age groups 36-50 and 51-65 incur at the mean RCOG task
distance. At the mean RMAN task distance, costs are 2.5 and 2.2 times less than workers
between ages 36-50 and 51-65, respectively. This might suggest that younger workers
do not have as strong of preferences in performing RCOG and RMAN tasks relative to
the amount of effort that was needed to perform the two tasks, relative to their previous
employment. This result suggest that younger workers are less likely to choose to stay in
the same occupation as all other occupations become more dissimilar in the middle-skilled
associated tasks compared to all other task dimensions and age groups.

If a worker is deciding to switch occupations, the tasks costs associated with which
occupation to choose, follows expectations that costs increase over the age profile in all
tasks. Therefore, if match quality improves with labor market tenure, then when choosing
to switch, workers incur greater costs the more dissimilar occupation pairs are. The switch
columns in Table 1.3 shows that the marginal dis-utility at the mean task distance is greatest
in the NRCA and NRMN tasks. The estimates for NRCI, RCOG, and RMAN are positive
and significant across the three age categories with the exception of RMAN for the two
older age groups. These findings are indicative that workers when switching are choosing
alternative occupations that are relatively more intensive in NRCI, RCOG, and RMAN.

Exploring heterogeneity in task costs across worker characteristics, I interact indicator
variables for educational attainment with the task distance measures. The four categories
of educational attainment are: less than a high school degree (reference category), high

school degree or equivalent, some college (includes those who obtained an Associate’s
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degree), and Bachelor’s degree or higher. Table 1.3 reports the relative task costs, as a
measure of marginal utility, at the mean task s distance.

Focusing on the results at the intensive margin, the decision to switch or stay in the
same occupation, workers with less than a college degree incur higher costs than all other
education levels in the middle-skilled associated RCOG and RMAN tasks. Interestingly,
the likelihood of switching or staying in the same occupation is unaffected for workers who
have some college education in the RMAN dimension. This is suggestive that workers with
some education do not have as great of a preference in the relative difference in performing
more or less of RMAN tasks. Another result that stands out, is regarding the additional
NRCI task cost workers with a college education incur. Switching to an alternative that has
the average degree of dissimilarity in NRCI is 3.6 times less costly in comparison to the
next lowest cost educational level (some college). Task costs are lowest in the tasks that are
generally associated with different levels of education. Occupation skill-levels are gener-
ally described by where occupation wages fall within the occupation distribution. Workers
with less than a high school degree are in general employed in occupations with lower
hourly wages and therefore, employed in low-skilled occupations. The results in Table 1.3,
column [9] suggests that low-skilled workers incur lower costs in the low-skilled NRMN
task dimension relative to other worker skill levels. Middle skilled workers (high school
diploma and some college) do not exhibit greater preferences in middle-skilled associated
tasks and therefore, incur lower costs than low and high-skilled workers. In the high-skilled
interpersonal task dimension, high-skilled workers incur 3.6 times less of a cost at the mean
distance than the next closest educational attainment category (some college).

Turning the focus to the intensive margin across educational attainment categories, the
results are in support of the conclusion that workers of a certain skill level do not exhibit
as strong of a preference in how different alternatives are in the same skill associated task.

The implication of this results suggests that the likelihood of which alternative is chosen
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when switching occupations decreases as all other alternatives become more dissimilar
(relative to the worker’s previous occupation) in the task dimension that is associated with
the worker’s skill level. An exception to this generalization is the result for the marginal
NRCA task cost estimate for those with some college education. The estimate at the mean
NRCA task distance is positive and insignificant, which suggests that when switching,
workers with some college education do not incur any additional cost.

A similar pattern to what was discussed above for all workers at the intensive mar-
gin arises in the task cost estimates interacting with worker characteristics. Task costs
(marginal utility) are positive for the NRCI, RCOG, and RMAN tasks. This general result
does not hold for those who have at least a Bachelor’s degree in the RMAN dimension.
When estimating task costs by education level, the positive results suggest that workers are
more likely switching to alternatives that are more dissimilar in NRCI, RCOG, and RMAN,
but the likelihood of which occupation is chosen will vary across worker skill levels.

Again, some of the positive results at the intensive margin across worker characteristics
may be an artifact of the cross-correlation between occupations in their task compositions.
Table 1.4 reports the marginal utility of skill reallocation associated with the compositional
task distance metric. Task dissimilarity similarly influences the likelihood that either a
male or female worker will choose to remain in the same occupation. However, the task
costs associated with a choosing an alternative occupation that differs from the previous
occupation are lower for females than for male workers. For the most part, as occupa-
tions become more dissimilar the probability that worker chooses to remain in the same
occupation is greater the older the worker becomes. At the intensive margin, task costs are
decreasing as workers become older. For those workers who have a Bachelor’s Degree or
higher, the probability of staying in the same occupation is greater than workers at lower
skill levels. This is due to high-skilled workers incurring greater tasks costs as occupations

become more dissimilar relative to the source occupation. The probability of choosing a
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given alternative does not increase as much in comparison to low and high-skilled workers
as all other alternative’s pairwise dissimilarity increases. This may suggest that middle-
skilled workers do not have as strong of preferences in the types of work activities that they

perform.

Task Costs Over The Business Cycle

As suggested by Lazear (2009), the costs of occupational transitions will vary depending
on the thickness of the labor market and the idiosyncrasy of the source occupation. It is
then of interest to estimate task costs over a business cycle in order to analyze if worker
preferences over work activities vary depending on macroeconomic conditions. It is feasi-
ble that workers may be willing to accept offers from alternatives that are more dissimilar
to their source occupation during periods where matches to similar occupations are more
difficult to achieve.

To estimate task costs over the business cycle I separately estimate eq. (1.7) and include
alternative occupation fixed effects for each year.'> The point estimates for tasks costs are
not reported, but the costs are plotted for each year at the mean of each task distance
measure in Figures 1.D.1 - 1.D.14 in the Appendix. Using the marginal utility estimates at
mean distance, [ perform parametric and nonparametric tests to formally explore evidence
that costs may vary over the business cycle. The parametric test is performed by estimating
the effect the annual unemployment rate has on each estimated task costs (BS). I use the
macroeconomic aggregate, unemployment rate, based on the methodology used in Depew
et al. (2017). The authors use the unemployment rate to estimate evidence of cyclicality in
quit and return elasticities for Indian IT immigrants. As a robustness exploration on cyclical
in tasks costs, I estimate evidence of variation in tasks over a business cycle employing the

nonparametric Mann-Whitney U test. The test will be used to provide evidence if task are

2The years 2006 and 2016 are omitted from this analysis due to small sample sizes from the sample

restrictions described in Section 1.4.1.
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significantly different when the annual unemployment rate is above or below the average
rate between the years 2007 and 2015. The Mann-Whitney U test has previously been used
to show monthly variation in returns of financial assets (Kohers and Patel, 1999).

Table 1.5 reports the results from OLS estimates of unemployment on task costs (columns
[1] - [10]) and the Mann-Whitney U test (columns [11] - [20]). Focusing on the OLS re-
sults, positive estimates are interpreted to indicate that task costs are decreasing as the
unemployment rate increases and negative estimates are associated with greater task costs.
All reported estimates are conditional on a time trend. The results suggests that task costs
are significantly different over the business cycle for all workers at both the extensive and
intensive margins in RMAN and NRMN task costs. Additionally, the RCOG task costs
associated with switching are lower during periods of higher unemployment.

The results further suggest that task costs vary over the business cycle depending on
worker characteristics. There is significant evidence that NRCI associated task costs are
greater for female workers. Male workers incur greater RMAN task costs as the unemploy-
ment rate rises. However, male workers incur lower NRMN task costs during economic
downturns. This suggests that for male workers, preferences in how different alternatives
are relative to the NRMN tasks performed in the previous occupation are not as strong as the
preferences during periods of economic expansion. For young workers, the results suggest
that task costs are increasing in the RMAN dimension during periods of higher unemploy-
ment. Older workers may not have as strong a preference performing RCOG and NRMN
tasks relative to their last occupation during economic downturns. There is evidence to sug-
gest that task costs vary over the business cycle by educational attainment. Workers with
less than a high school diploma incur lower RCOG and higher RMAN task costs. Workers
with the highest educational attainment have stronger preferences in performing RMAN
tasks, but incur lower costs when switching to a more dissimilar occupation in the RCOG

task dimension.
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The results from the nonparametric test report the expected direction in how task costs
vary over the business cycle based on the OLS results and the p-values from the Mann-
Whitney U test are reported below each sign. The null hypothesis under this test is that
task costs do not vary when the unemployment rate is above or below the average unem-
ployment rate. Twenty-eight of the reported estimates are significant. These results along
with the results from regressions of the unemployment rate on task costs are suggestive
that worker preferences over tasks vary depending on the macroeconomic conditions. If
workers exhibit differential preferences in relative task intensities over the business cycle,
then task costs associated with occupational mobility will also vary. The implication of this
is that occupational transitions may have more (less) variation depending on conditions in
the labor market.

The results between the parametric (OLS) test and the nonparametric (Mann-Whitney
U) test are significant in twenty-two of the same task cost estimates across the different
samples, which provides robust evidence of heterogeneity in task costs over the business
cycle. In addition, given the small sample size of nine years, the significant results provide
strong evidence of association that task costs vary over the business cycle. Middle and low-
skilled related tasks exhibit greater variability over the business cycle than high-skilled
related tasks. It is worthwhile to mention that at least two dimensions of task costs are
significantly correlated with unemployment for each sample with the exception of workers
between the ages 36-50, those with a high school education, and those with some college
education. In this lens, occupational transitions will vary as preferences in performing work
activities differ over the business cycle.

Table 1.6 reports the results from the OLS and Mann-Whitney U testing for variation
in task costs over the business cycle using the compositional task distance metric (see eq.
(1.10)). The associations between task costs and the unemployment rate using the task

composition measure provide a broader sense of task preferences over the business cycle.
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The results reflect how preferences in tasks as a whole vary depending on economic con-
ditions in the labor market. Task costs are significant and increasing for females and those
between the ages 24-35 when choosing to switch occupations. The OLS and nonparametric
tests reveal more evidence of variation in task costs over the business cycle at the intensive
margin (Switch columns). The task costs associated with which occupation is chosen sig-
nificantly varies over the business cycle for all workers, males, the two older age categories,
and low-skilled workers. All significant coefficients indicate that task costs are decreasing
during economic downturns at the intensive margin.

The positive and significant coefficients reported in Table 1.6 for low-skilled worker at
both margins are noteworthy. The lower task cost during periods of high unemployment
may indicate that low-skilled workers are more flexible in how they adjust to being laid-off.
Meaning, the loss in task-specific human capital may not be as significant for low-skilled
workers as it may be for higher-skilled workers. Which may allow them to more easily
adjust to adverse shocks by having a greater willingness to choose an alternative that is
more dissimilar to their previous occupation than other workers during periods of higher

unemployment.

1.5 Conclusions

This paper builds on the findings of Poletaev and Robinson (2008); Gathmann and Schénberg
(2010); Robinson (2011); Cortes and Gallipoli (2017) by estimating task cost associated
with occupational choice. The approach in this paper estimates task costs (non-pecuniary)
for workers who were involuntarily separated from employment matches conditioning on
wage differences between occupational pairs and occupation fixed effects. Task associated
transition costs are determined by a worker’s preferences in performing tasks through the
costs of exerting effort in completing work activities. The empirical results suggest that

tasks costs not only influence a worker’s decision to stay in or switch occupations, but also
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if switching, which alternative is likely to be chosen.

The importance of studying the behavior and mechanisms associated with occupation
mobility is that it provides insights to how labor is able to adjust to adverse shocks. Increas-
ing trade competition has negatively affected workers in routine, more specifically, routine
manual, intensive occupations (Autor et al., 2013). The heterogeneity across individual
task measures suggest that the task costs associated with switching occupations are more
pronounced for these workers than for workers in routine cognitive intensive occupations.
Furthermore, Peri and Sparber (2009) show native workers are able to adjust to increases
in labor market competition from immigration by switching to interpersonal intensive oc-
cupations due to native workers having a comparative advantage performing interpersonal
tasks. Interpersonal related mobility task costs are lower than three of the four other task
distance measures. For native workers transitions to occupations that are relatively more
dissimilar in interpersonal tasks is associated with lower task costs, all else constant. In
addition, the importance of understanding heterogeneity in tasks costs is highlighted by in-
terpersonal task costs being less costly than analytical task costs. This result is not feasible
when using the more traditional Abstract, Routine, and Manual task measures. The lower
costs in the interpersonal task dimension suggests that when a worker switches occupa-
tions, for two alternatives to be chosen with equal probability, one alternative will need to
be more dissimilar in the interpersonal task and less dissimilar in the analytical task, all
else equal.

Furthermore, heterogeneity in individual task costs implies that within broad task (skill)
categorical occupations, the costs of switching will depend on the specificity of the tasks
associated with an alternative occupation. This provides better insight into the mechanisms
that influence occupational pairwise flows. A possible limitation of this paper is that task
costs may be affected by the cross-correlations between occupations. This arises if workers

transitioning between occupations are likely switching to occupations that consist more of
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some tasks and less of others relative to the previous occupation. To account for this, I use
a one-dimension distance measure that reflects compositional difference between occupa-
tion pairs. The estimates associated with the one-dimension support both the theoretical
expectations and previous findings in the literature.

Additionally, task costs vary across worker characteristics and the business cycle. How-
ever, the result regarding the business cycle is specific to the period 2007-2015 and may
not be generalizable. Depending on how task costs are identified and the task, costs will
increase and decrease depending on macroeconomic conditions. Lower task costs during
economic downturns suggest that switching occupations is more likely for laid-off work-
ers. The results also support the finding in Cortes et al. (2018) that females have more
preference for “brain” (cognitive) associated tasks than “brawn” (manual) associated tasks.

Task costs estimates are likely to be better estimated at finer granulations of occupation
definitions. However, at finer occupation definitions there is a higher likelihood of corre-
lations in occupational choice within broader task related categories. The need for nesting
“like” occupations would be important in this context. Further exploration into geographic
level outcomes employing the concept of task dissimilarity would be of interest. Macaluso
(2017), examines how skill remoteness influences varying labor market outcomes at the
individual level. Barnes et al. (2018), examines how occupational isolation influence local
labor market level wages. Isolation expands on task distance by incorporating an occu-
pations size in the labor market. Workers are less likely to switch occupations the more
idiosyncratic the occupation. This may suggest that workers are more attached to occu-
pations that are greatly dissimilar in their task composition. Therefore, labor supply is
relatively more inelastic. Thus, this may have implications on how adverse shocks affect

local labor markets which consist of relatively more idiosyncratic occupations.
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1.6 Tables

Table 1.1: Summary Statistics

Mean Standard Deviation Minimum Maximum

Panel A: Worker Statistics

Male 0.6264 0.4838
Age 42.1196 10.7228 24 65
24-35 0.3232 0.4677
36-50 0.4197 0.4935
51-65 0.2572 0.4371
Education
Less Than HS 0.1293 0.3355
HS or Equivalent 0.3260 0.4688
Some College 0.2988 0.4577
Bachelor’s or Higher 0.2460 0.4307
9 Occupational Switchers 0.5411 0.4983
Time Unemployed (Months)? 6.5199 4.3818 1 14
Difference in Avg Hourly Wage -0.1601 3.2828 -18.0714  16.7685
Workers 9,546
Panel B: Occupation Statistics
Distance
NRCA 1.1897 0.8751 0 3.5658
NRCI 0.9380 0.7666 0 3.3916
RCOG 0.9502 0.7654 0 3.6373
RMAN 1.2271 0.8524 0 3.5667
NRMN 1.2560 0.9086 0 3.1222
Unemployment in Occupation 0.0652 0.0321 0.0211 0.1441
Male:Employment 0.5603 0.2450 0.1131 0.9748

Occupations X Occupations x Years 5,324

T Workers unemployed at the beginning of the eight month period where they are dropped from the survey are
assumed to be unemployed during the entire eight months

t Wages are Winsored (2.5%) hourly wages. Difference in average hourly wages is the difference in the aver-
age monthly wage of the source occupation (last occupation of employment prior to lay off) and destination
occupation (occupation of employment post-layoff).
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Table 1.2: Task Dissimilarity Costs

Al Workers Switchers Only
Conditional Logit Conditional Logit Heteroscedastic Logit Conditional Logit Conditional Logit Heteroscedastic Logit
(1] [2] 131 (41 [51 [6]

Panel A: Point Estimates

NRCA 12452k -1.0506%% -1.2068%#* -0.0448 0.5255%++ 0.1804*
(0.0516) (0.0576) (0.1108) (0.0626) (0.0815) (0.0996)
square 0.2630% % 0.2378 %+ 0.2440%++ -0.1483%#% 102767 -0.2677%*
(0.0200) (0.0234) (0.0275) (0.0247) (0.0327) (0.1138)

NRCI -1.0434555% 099555 -0.9708%5#% -0.0262 0.4742%5% 0.0331
(0.0562) (0.0583) (0.0956) (0.0620) (0.0774) (0.0741)
square 0.3925% 0.3820%#* 0.3702%# 0.1117##* 0.1185%#% 0.1158%*
(0.0182) (0.0200) (0.0348) (0.0212) (0.0283) (0.0526)
RCOG -0.6927 5% -0.5671 %% -0.7030%% 0.6460%** 0.7965%++ 0.6144%+
(0.0476) (0.0498) (0.0809) (0.0609) (0.0671) (0.2671)
square 0.2357##* 0.1988##* 0.2280% -0.1869%3% 0.231 2% -0.2060%*
(0.0170) (0.0186) (0.0276) (0.0227) (0.0257) (0.0899)

RMAN -0.7446%%% -0.8142%% -0.7135%#% 0.6903 % 0.5453 %5 0.8058*
(0.0508) (0.0540) (0.0791) (0.0700) (0.0725) (0.3436)
square 0.2779%** 0.2599% 0.2583 %+ -0.197 1% -0.1810%#* -0.2237#*
(0.0167) (0.0186) (0.0280) (0.0238) (0.0256) (0.0965)
NRMN -1.4372%5% 12607+ -1.4535%5% -0.7223 %% 0.1152 -0.8821 %+
(0.0583) (0.0617) (0.1411) (0.0733) (0.0932) (0.3754)

square 0.3706%#* 0.3197##* 0.4268# 0.1051 % -0.1568%#% 0.1564%*
(0.0231) (0.0244) (0.0443) (0.0274) (0.0357) (0.0709)

Panel B: Marginal Cost of Effort at Mean Task s Distance

NRCA -0.6195% %% -0.4848%#7#* -0.6263%##* -0.3977#%%* -0.13297%#% -0.4565%*
(0.0197) (0.0223) (0.0566) (0.0228) (0.0296) (0.1930)
NRCI -0.3069%#** -0.2789%#* -0.2763%** 0.1833%** 0.2519%** 0.2503%**
(0.0285) (0.0281) (0.0358) (0.0317) (0.0373) (0.1116)
RCOG -0.2448%#* -0.1893%#* -0.2697##* 0.2907%** 0.3571%%** 0.2229%*
(0.0232) (0.0234) (0.0340) (0.0272) (0.0335) (0.0987)
RMAN -0.0625%%* -0.1763%##%* -0.0796%+#%* 0.2066%** 0.1010%** 0.2568%*
(0.0288) (0.0300) (0.0303) (0.0330) (0.0375) (0.1124)
NRMN -0.5062%** -0.4575%** -0.3815%** -0.4582%** -0.50971#** -0.4893%**
(0.0254) (0.0262) (0.0437) (0.0271) (0.0311) (0.2061)
Controls AIl Models
Unemployment Rate X X X X X X
Male:Employment Ratio X X X X X X
Avg Wage Diff X X X X X X
Destination Occ FE X X
Het Controls
ge X X
High School X X
Some College X X
Bachelor’s or Greater X X
Male X X
Time Unemployed X X
Source Occ FE X X
Year FE X X
Workers X Occs 210,012 210,012 210,012 113,630 113,630 113,630
Log-Likelihood -21,684.39 -20,744.01 -21,437.00 -15,070.02 -13,842.15 -14,895.93
X2 14,523.9760 15,748.2936 494.7763 1,945.5416 3,140.8365 348.1863

Robust standard errors are in parentheses
*0.10, ** 0.05, and *** 0.01 denote significance levels
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Table 1.4: Conditional Logit Task Cost (Marginal Utility) Estimates - Euclidean Distance

Conditional Logit Estimates Heteroscedastic Conditional Logit Estimates

All Switch All Switch
(1] (2] (31 (4]
All Workers - 25%-tile Distance -0.7894%#*  (,0562%**  -(,727]%:** -0.0214
(0.0082) (0.0108) (0.0602) (0.0147)
All Workers - Mean Distance ~ -0.4268***  -(0.2345%**  -(.3692%** -0.0841*
(0.0093) (0.0147) (0.0313) (0.0431)
All Workers - 75%-tile Distance  -0.0322* -0.5510%*%* 0.0203* -0.1524%3*
(0.0165) (0.0274) (0.0119) (0.0775)
Females -0.4237#%*%  _(.1982%**
(0.0163) (0.0256)
Males -0.4277#%%  (.247 7%
(0.0115) (0.0182)
Ages (24-35) -0.3944#%* (). 2289%**
(0.0159) (0.0259)
Ages (36-50) -0.4201%%*  -0.2145%**
(0.0137) (0.0220)
Ages (51-65) -0.4728%%*  -(0.2748%**
(0.0185) (0.0304)
Less than High School -0.4559%*%  -().3412%%*
(0.0296) (0.0517)
High School -0.3818#**  -(.233]%**
(0.0164) (0.0257)
Some College -0.3403#%*  (.]1359%**

(0.0162) (0.0257)

Bachelor’s Degree or Higher -0.5428%**  -(0.2753%%%*
(0.0220) (0.0321)

Standard errors are in parentheses

*0.10, ** 0.05, and *** 0.01 denote significance levels

Controls: difference in average hourly wage between occupation pairs, employment share of males in an
occupation in ¢ — 1, and unemployment rate in an occupation in ¢t — 1

Conditional logit estimates include destination occupation fixed effects

Included variables for exp (z;0) for the heteroscedastic conditional logit estimator: age, indicator for sex of
worker, year, time unemployed (in months), source occupation fixed effects, and education dummies

All task cost estimates by worker type are evaluated at the mean task distance
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Table 1.6: Tests of Task Cost Heterogeneity Over The Business Cycle - Euclidean Distance

OLS Estimates of Unemployment on Task Costs Mann-Whitney Test

Euclidean Distance Euclidean Distance
[All] [Switch] [All]  [Switch]

All -0.0033 0.0174* + —
(0.0068) (0.0083) [0.3272] [0.1416]

Females -0.0259%* -0.0113 + +
(0.0080) (0.0084) [0.0143] [0.8065]

Males 0.0094 0.0344%* — —
(0.0069) (0.0101) [0.2207] [0.0275]

Ages 24-35 -0.0278** -0.0135 + +
(0.0112) (0.0153) [0.1416] [0.8065]

Ages 36-50 0.0094 0.0272* — —
(0.0083) (0.0119) [0.6242] [0.0864]

Ages 51-65 0.0081 0.0447* — —
(0.0110) (0.0189) [1.0000] [0.0500]

Less than High School 0.0133* 0.0463%** — —
(0.0067) (0.0097) [0.2207] [0.0275]

High School -0.0060 0.0170 + -
(0.0087) (0.0118) [0.3272] [0.6242]

Some College 0.0059 0.0168 — —
(0.0145) (0.0236) [0.2207] [0.3272]

Bachelor’s Degree or Higher -0.0139 0.0120 + -
(0.0207) (0.0304) [0.2207] [0.4624]

Standard errors are in parentheses

P-values are in brackets

* (.10, ** 0.05, and *** 0.01 denote significance levels

Reported estimates based on the Conditional Logit estimates with destination occupation fixed
effects

OLS estimates include a time trend
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APPENDIX

1.A Task Construction

The task measures used in this paper are normalized values weighted by the size of employ-
ment in each occupation. The construction of these measures followed that in Acemoglu
and Autor (2011) using O*NET occupational characteristics under work activities, work
context, and abilities. The following describes the characteristics used to construct each
task measure (O*NET codes in parentheses). The aggregation from the below task mea-

sures to Abstract, Routine, and Manual is described in Autor and Handel (2013).

e Non-Routine Cognitive: Analytical

Analyzing data/information (4.A.2.a.4)
Thinking Creatively (4.A.2.b.2)

interpreting information for others (4.A.4.a.1)

e Non-Routine Cognitive: Interpersonal

Establishing and maintaining relationships (4.A.4.a.4)
Guiding, direction, and motivation of subordinates (4.A.4.b.4)

Coaching/developing others (4.A.4.b.5)
e Routine Cognitive

Importance of repeating the same task (4.C.3.b.7)
Importance of being exact or accurate (4.C.3.b.4)

Structure vs unstructured (reversed) (4.C.3.b.8)

e Routine Manual



Pace determined by speed of equipment (4.C.3.d.3)
Controlling machine and processes (4.A.3.a.3)

Spend time making repetitive motions (4.C.2.d.1.1)
e Non-Routine Manual: Physical Adaptability

Operating vehicles, mechanized devices, or equipment (4.A.3.a.4)
Spend time using hands-to-handle, control or feel (4.C.2.d.1.g)
Manual dexterity (1.A.2.a.2)

Spatial orientation (1.A.1.f.1)
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1.B Tables
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Table 1.B.1: Occupation Definitions at Standard Occupational Classifica-
tion 2-Digit Coding

SOC Code

Description

11
13
15
17
19
21
23
25
27
29
31
33
35
37
39
41
43
45
47
49
51
53

Management Occupations

Business and Financial Operations Occupations
Computer and Mathematical Occupations
Architecture and Engineering Occupations

Life, Physical, and Social Science Occupations
Community and Social Service Occupations

Legal Occupations

Educations, Training, and Library Occupations
Arts, Design, Entertainment, Sports, and Media Occupations
Healthcare Practitioners and Technical Occupations
Healthcare Support Occupations

Protective Service Occupations

Food Preparation and Serving Related Occupations
Building and Grounds Cleaning and Maintenance Occupations
Personal Care and Service Occupations

Sales and Related Occupations

Office and Administrative Support Occupations
Farming, Fishing, and Forestry Occupations
Construction and Extraction Occupations
Installation, Maintenance, and Repair Occupations
Production Occupations

Transportation and Material Moving Occupations
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Table 1.B.3: Heteroscedastic Conditional Logit
Scale Parameter Estimates: Pooled Sample
2006-2016

All Switchers
[1] (2]

Age 0.0051***  -0.0002
(0.0008) (0.0024)

High School -0.1045%*%  -0.2079**
(0.0253) (0.0872)

Some College -0.1645%%*  -(0.4189***
(0.0276) (0.0898)

Bachelor’s of Greater -0.0813*** _(.713]1%**
(0.0311) (0.1028)

Male -0.0815  -0.2942%**
(0.0199) (0.0579)

Time Unemployed  -0.0169***  -0.0062
(0.0020) (0.0058)

Source Occ FE X X

Year FE X X

Standard errors are reported in parentheses

*0.1 #*0.05 *** 0.01 denote significance level

For the entire sample, no years are significant and only
source occupation indicator variables are significant for
occupations 15, 23, 29, 35, 45, 47, 49, and 53.

For the switcher sample, the years 2009, 2013, and
2014 are significant and only source occupation indi-
cator variables are significant for occupations 13, 29,
35,37, 39, 43, and 51.
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Table 1.B.4: Task Dissimilarity Costs: By Sex

52

Females Males
All Workers Switchers Only All Workers Switchers Only
(1] [2] [3] [4] (5] (6] (7] [8]
Panel A: Point Estimates
NRCA S1L1351#%% 0 -0.9493%#% - 1351%** (. J717*** -1.3545%*% ] 149]%**k  0.2256%** (.3910%**
(0.0783) (0.0889) (0.0783)  (0.1305) (0.0681) (0.0759) (0.0789) (0.1009)
square 0.2520%**  0.2311%**  (0.2520%*%* -0.3254*** (.2699%**  0.2421*** -(.1233%** -(.2593%k*
(0.0310) (0.0368) (0.0310)  (0.0529) (0.0262) (0.0302) (0.0312) (0.0409)
NRCI -1.1585%**  -1.1376%** -1.1585%** (0.4404*** -1.0029*** -0.9284***  -0.0903  0.4474%**
(0.0903) (0.0930) (0.0903)  (0.1211) (0.0734) (0.0757) (0.0784) (0.0951)
square 0.4092%**  (0.3945%**  (0.4092%** -0.1959*** (0.3922***  0.3819%** (0.1652***  -0.0636*
(0.0300) (0.0318) (0.0300)  (0.0429) (0.0233) (0.0254) (0.0262) (0.0345)
RCOG -0.6247#**  -0.4805%** -0.6247*** (0.8441*** -0.6531%** -0.5489%** (.7558%** (.921[***
(0.0675) (0.0711) (0.0675)  (0.0990) (0.0732) (0.0740) (0.0963) (0.0968)
square 0.2238***  (0.1876%***  (0.2238*** -0.1614*** 0.1862%**  (.1483*** -(0.3287*** -().3772%%*
(0.0212) (0.0240) (0.0212)  (0.0322) (0.0300) (0.0304) (0.0417) (0.0414)
RMAN -0.4420%**  -0.5283*** -0.4420%** 0.6418*** -1.0209%** -1.0792%%* (0.4622%**  (.4]144%**
(0.0846) (0.0898) (0.0846)  (0.1178) (0.0671) (0.0707) (0.0903) (0.0922)
square 0.2756%**  0.2558%**  (0.2756%** -0.1315%** (.3233%**  (3122%** -0.1603%** -(.1715%**
(0.0280) (0.0309) (0.0280)  (0.0414) (0.0222) (0.0243) (0.0307) (0.0324)
NRMN -1.4583##%  -1.2701*** -1.4583***  -0.0748  -1.2852%%* -]1.1448*** -0.6074***  -0.0326
(0.1065) (0.1081) (0.1065)  (0.1637) (0.0706) (0.0774) (0.0895) (0.1092)
square 0.1645%**  0.1127**%  0.1645%** -0.3510%** 0.4135%**  0.3664*** (0.1514%%* -0.1144%%*
(0.0475) (0.0463) (0.0475)  (0.0641) (0.0269) (0.0298) (0.0325) (0.0407)
Panel B: Marginal Cost of Effort at Mean Task s Distance
NRCA -0.5356%**  -0.3994*** -0.2222%**  -0.0025  -0.7124%%* -0.5732%** -0.5191%** -0.2259%**
(0.0270) (0.0312) (0.0338)  (0.0425) (0.0284) (0.0309) (0.0316) (0.0381)
NRCI -0.3908***  -0.3976***  0.0981* 0.0730  -0.2670*** -0.2119*** (0.2197*** (.328]%**
(0.0439) (0.0447) (0.0510)  (0.0583) (0.0382) (0.0368) (0.0412) (0.0449)
RCOG -0.1993***  -0.1239%**  0.5503*** (0.5374*** -0.2991%%*% -0.2672%** (.1311%** (.2042%**
(0.0377) (0.0371) (0.0482)  (0.0528) (0.0300) (0.0313) (0.0344) (0.0403)
RMAN 0.2344%**  0.0995%*  0.4410%** 0.3191*** -0.2275*** -0.3131***  0.0688 -0.0064
(0.0446) (0.0503) (0.0493)  (0.0569) (0.0379) (0.0381) (0.0437) (0.0457)
NRMN -1.0451#**  -0.9869%** -0.9499*** -0.9566*** -0.2464%** -0.2244*** -0.2270%** -0.3199***
(0.0511) (0.0557) (0.0498)  (0.0558) (0.0322) (0.0325) (0.0351) (0.0380)
Controls AIl Models
Unemployment Rate X X X X X X X X
Male:Employment Ratio X X X X X X X X
Avg Wage Diff X X X X X X X X
Destination Occ FE X X X X
Workers X Occs 210,012 210,012 113,630 113,630 210,012 210,012 113,630 113,630
Log-Likelihood -21,556.29  -20,621.50 -14,873.66 -13,687.15 -21,556.29 -20,621.50 -14,873.66 -13,687.15
2 14,368.1214 15,391.9103 2,023.6047 3,304.7075 14,368.1214 15,391.9103 2,023.6047 3,304.7075

Robust standard errors are in parentheses

*0.10, ** 0.05, and *** 0.01 denote significance levels

Results are from pooled estimates
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Table 1.B.7: Task Composition Dissimilarity Costs

All Workers Switchers Only
Conditional Logit Conditional Logit Heteroscedastic Logit Conditional Logit Conditional Logit Heteroscedastic Logit
(1] [2] [31 [41 [51 [6]
Panel A: Point Estimates
Distance -1.7680%** -1.5567%#* -1.48445%# 0.3063%** 0.6714%%* 0.1114*
(0.0193) (0.0226) (0.1231) (0.0315) (0.0339) (0.0596)
square 0.2325%#* 0.201 1%#%* 0.1984%* -0.0885%#* -0.1612%%* -0.0348*
(0.0040) (0.0047) (0.0166) (0.0067) (0.0076) (0.0178)

Panel B: Marginal Cost of Effort at Mean Task s Distance

Distance -0.4613#%%* -0.4268%##%* -0.36927##* -0.1910%#* -0.2345%#% -0.0841*
(0.0081) (0.0093) (0.0313) (0.0139) (0.0147) (0.0431)
Controls All Models
Unemployment Rate X X X X
Male:Employment Ratio X X X X X X
Avg Wage Diff X X X X X X
Destination Occ FE X X
Het Controls
Age X X
High School X X
Some College X X
Bachelor’s or Greater X X
Male X X
Time Unemployed X X
Source Occ FE X X
Year FE X X
Workers X Occs 210,012 210,012 210,012 113,630 113,630 113,630
Log-Likelihood -22,071.13 -21,023.04 -21,750.87 -15,473.26 -14,120.98 -15,254.58
X2 15,309.7365 17,370.0628 640.5063 961.2796 2,746.5880 437.3669

Robust standard errors are in parentheses
*0.10, ** 0.05, and *** 0.01 denote significance levels
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Table 1.B.8: Task Composition Dissimilarity Costs: By Sex

Females Males
All Workers Switchers Only All Workers Switchers Only
(1] [2] [3] [4] (5] (6] (71 [8]
Panel A: Point Estimates
Distance -1.6949%#*  -1.4641%** -1.6949%** (0.9595%** -1.8179%*%* -1.6221%**%  0.1100%*  0.5246%**

(0.0321) (0.0358) (0.0321)  (0.0610) (0.0250) (0.0293) (0.0362) (0.0403)

square 0.2205%**  0.1851***  (0.2205%** -0.2060%**  0.2408%**  0.2125%** -0.0566%*** -0.1374%**
(0.0068) (0.0076) (0.0068) (0.0133) (0.0050) (0.0060) (0.0077) (0.0091)

Panel B: Marginal Cost of Effort at Mean Task s Distance

Distance -0.4555%*%  -0.4237#*%*%  -0.1451%*%* -0.1982%** -0.4647*** -0.4277**%* -0.2082%** -0.2477***
(0.0145) (0.0163) (0.0247) (0.0256) (0.0100) (0.0115) (0.0166) (0.0182)

Controls All Models
Unemployment Rate X X X X X X X X
Male:Employment Ratio X X X X X X X X
Avg Wage Diff X X X X X X X X
Destination Occ FE X X X X
Workers X Occs 210,012 210,012 113,630 113,630 210,012 210,012 113,630 113,630
Log-Likelihood -22,065.21  -21,014.42 -15,447.63 -14,107.12 -22,065.21 -21,01442 -15,447.63 -14,107.12
x? 15,255.6475 17,379.9878 1,038.8245 2,758.4134 15,255.6475 17,379.9878 1,038.8245 2,758.4134

Robust standard errors are in parentheses
*0.10, ** 0.05, and *** 0.01 denote significance levels
Results are from pooled estimates
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1.C Results for Abstract, Routine, and Manual Task Measures

Table 1.C.1: Task Dissimilarity Costs (Abstract, Routine, and Manual Tasks)

All Workers Switchers Only
Conditional Logit Conditional Logit Heteroscedastic Logit Conditional Logit Conditional Logit Heteroscedastic Logit
(1] [2] (31 (41 [5] [6]
Panel A: Point Estimates
Abstract -2.0037%%** -1.8353%:# -1.8700%#* -0.4709%#* 0.7222%%%* -0.6970
(0.0497) (0.0585) (0.1751) (0.0609) (0.1053) (0.4306)
square 0.6288%#* 0.6198%%* 0.5816%** 0.1087%* -0.3154%%* -0.2264
(0.0187) (0.0242) (0.0551) (0.0234) (0.0422) (0.1605)
Routine -0.7998##* -0.599 17454 -0.6553%** 0.6044%** 0.5038%*** 3.8103%**
(0.0419) (0.0460) (0.0760) (0.0648) (0.0701) (0.9177)
square 0.3135%#* 0.2146%** 0.2606%** -0.1015%#* -0.123 1% -0.458 1%
(0.0135) (0.0180) (0.0291) (0.0215) (0.0273) (0.1535)
Manual -2.3243%%% -2.2061 %% -2.0795%#%* -0.4693 %% 0.2485%#* -5.0274%%*
(0.0511) (0.0549) (0.2033) (0.0620) (0.0855) (1.1542)
square 0.6267*** 0.5869%** 0.5786%** 0.0134 -0.2765%** 0.7136%**
(0.0199) (0.0215) (0.0575) (0.0242) (0.0332) (0.2149)
Panel B: Marginal Cost of Effort at Mean Task s Distance
Abstract -0.6785%** -0.5290%** -0.644 1 %% -0.2417%#%%* 0.0574* -1.174 1%
(0.0219) (0.0224) (0.0623) (0.0254) (0.0296) (0.3147)
Routine -0.1377%** -0.14597%#* -0.10497%5#* 0.3899%#* 0.2439%#* 2.8427%#%*
(0.0229) (0.0227) (0.0233) (0.0305) (0.0296) (0.6525)
Manual -0.7500%** -0.7318%** -0.6261%** -0.4355%** -0.4460%** -3.2350%**
(0.0184) (0.0178) (0.0638) (0.0217) (0.0209) (0.7113)
Controls All Models
Unemployment Rate X X X X X X
Male:Employment Ratio X X X X X X
Avg Wage Diff X X X X
Destination Occ FE X X
Het Controls
Age X X
High School X X
Some College X X
Bachelor’s or Greater X X
Male X X
Time Unemployed X X
Source Occ FE X X
Year FE X X
Workers X Occs 210,012 210,012 210,012 113,630 113,630 113,630
Log-Likelihood -22,088.02 -21,064.50 -21,866.50 -15,280.37 -13,996.91 -15,098.16
X2 12,146.1253 14,211.3887 443.0349 1,469.8886 3,042.4833 364.4175

Robust standard errors are in parentheses

*0.10, ** 0.05, and *** 0.01 denote significance levels
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Table 1.C.2: Task Dissimilarity Costs: By Sex (Abstract, Routine, and Manual Tasks)

Females Males
All Workers Switchers Only All Workers Switchers Only
(1] [2] [3] [4] (5] (6] (71 [8]
Panel A: Point Estimates
Abstract -2.1354%%% - -1.9175%**  2.1354%** (0.9311*** -1.9605%**  -1.7995%%* -0.5722%%* (0.6019%**

(0.0804) (0.0958) (0.0804) (0.1478) (0.0646) (0.0747) (0.0762) (0.1227)

square 0.7001%***  0.6606*** 0.7001*** -0.4209%** 0.5931***  0.5950%**  0.1300%** -0.2540%**
(0.0325) (0.0422) (0.0325) (0.0600) (0.0230) (0.0294) (0.0282) (0.0489)

Routine -0.7069%**  -0.5817*** -0.7069%** 0.6803*** -0.9240%** -0.6765%** (.352]%** (.3545%**
(0.0669) (0.0736) (0.0669) (0.1101) (0.0548) (0.0610) (0.0842) (0.0920)

square 0.3320%**  0.2569***  (0.3320%** -0.0954**  0.3107***  0.1976%** -0.0884*** -(0.1455%**
(0.0212) (0.0284) (0.0212) (0.0412) (0.0179) (0.0240) (0.0287) (0.0365)

Manual -2.1453%%%  -1.9934%¥* 2 1453%** (0.4387*** -2.2002%F*F  -22465%F* -0.4410%** (0.2104**
(0.0922) (0.0951) (0.0922) (0.1494) (0.0631) (0.0705) (0.0739) (0.0946)

square 0.4105%**  0.3635%**  0.4105%** -0.5008*** 0.6820%**  0.6673*** (0.0853*** -0.1912%**
(0.0410) (0.0396) (0.0410) (0.0605) (0.0232) (0.0270) (0.0279) (0.0365)

Panel B: Marginal Cost of Effort at Mean Task s Distance

Abstract -0.6597#**  -0.5250%** -0.1562***  0.0440  -0.7105%** -0.5455%** -0.2981***  0.0665*
(0.0312) (0.0313) (0.0390) (0.0432) (0.0305) (0.0312) (0.0339) (0.0374)

Routine -0.0057 -0.0391 0.6877*** 0.4788*** -0.2679*** -0.2591*** 0.1655%**  0.0472
(0.0351) (0.0330) (0.0484) (0.0442) (0.0301) (0.0306) (0.0396) (0.0377)

Manual -L1142%*% - -1.0804***  -0.8516%*** -0.8192%** -0.5769%** -0.5703*** -0.2269%** -0.2698***
(0.0410) (0.0385) (0.0441) (0.0420) (0.0224) (0.0217) (0.0262) (0.0244)

Controls All Models
Unemployment Rate X X X X X X X X
Male:Employment Ratio X X X X X X X X
Avg Wage Diff X X X X X X X X
Destination Occ FE X X X X
Workers X Occs 210,012 210,012 113,630 113,630 210,012 210,012 113,630 113,630
Log-Likelihood -21,991.41  -20,974.23 -15,135.46 -13,884.43 -21,991.41 -20,974.23 -15,135.46 -13,884.43
x? 12,144.0799 14,074.7712 1,601.3461 3,172.3319 12,144.0799 14,074.7712 1,601.3461 3,172.3319

Robust standard errors are in parentheses
*0.10, ** 0.05, and *** 0.01 denote significance levels
Results are from pooled estimates
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1.D Figures

1.D.1 Marginal Utility Annual Estimates at the Mean Task Distance
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1.D.1: Skill Reallocation Costs By Year at Mean Task Distance: All Workers
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Estimates based on sample of all involuntarily separated workers. All specifications include alternative char-
acteristic controls: unemployment in alternative k in previous month, male:employment ratio, and difference
in the average wage of alternative occupation k in previous month and the average wage of a worker’s last
occupation prior to separation. The heteroscedastic condition logit estimator includes error variance scale

factors: age, male, and if a worker has at least a Bachelor’s degree or greater. Confidence intervals shown are

at the 95% level.
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Figure 1.D.2: Skill Reallocation Costs By Year at Mean Task Distance: Switchers
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Estimates based on sample of workers that switched occupations who were involuntarily separated work-

ers. All specifications include alternative characteristic controls: unemployment in alternative k in previous

month, male:employment ratio, and difference in the average wage of alternative occupation k in previous

month and the average wage of a worker’s last occupation prior to separation. The heteroscedastic condi-

tional logit estimator includes error variance scale factors: age, male, and if a worker has at least a Bachelor’s

degree or greater. Confidence intervals shown are at the 95% level.
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Figure 1.D.3: Skill Reallocation Costs By Year at The First Quartile Task Distance:
All Workers
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Estimates based on sample of all involuntarily separated workers. All specifications include alternative char-
acteristic controls: unemployment in alternative k in previous month, male:employment ratio, and difference
in the average wage of alternative occupation k in previous month and the average wage of a worker’s last
occupation prior to separation. The heteroscedastic conditional logit estimator includes error variance scale
factors: age, male, and if a worker has at least a Bachelor’s degree or greater. Confidence intervals shown are

at the 95% level.
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Figure 1.D.4: Skill Reallocation Costs By Year at The First Quartile Task Distance:
Switchers

0

Marginal Utility

-1

(a) Marginal (dis)Utility - NRCA Distance

Marginal Utility
1

Marginal Utility

-1

T
2007

T
2008

T
2009

T
2010

T
2011
Year

T
2012

T
2013

T
2014

® Conditional Logit All

© Conditional Logit Occ FE

T
2015

0

( M ]

i

R

i

%

-2

:

t

Th
Il

\l[ l

]
g

T
2007

T
2008

T
2009

T
2010

T
2011
Year

T
2012

T
2013

T
2014

@ Conditional Logit All

© Conditional Logit Occ FE

T
2015

© Het Conditional Logit

© Het Conditional Logit

(b) Marginal (dis)Utility - NRCI Distance

] ] i ﬁbl ] 1] H | F ﬂ }%} b, 1 i % %
i 1 {1 )

@ Conditional Logit All
o Het Conditional Logit

o Conditional Logit Al o Conditional Logit Occ FE

© Het Conditional Logit

o Conditional Logit Occ FE

(c) Marginal (dis)Utility - RCOG Distance (d) Marginal (dis)Utility - RMAN Distance

-1 0
.
—e—|
——t
e
—o1—
et

Marginal Utility

-2

-3

T T T T T
2011 2012 2013 2014 2015

Year

T T T T
2007 2008 2009 2010

@ Conditional Logit All
© Het Conditional Logit

© Conditional Logit Occ FE
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Estimates based on sample of workers that switched occupations who were involuntarily separated work-
ers. All specifications include alternative characteristic controls: unemployment in alternative k in previous
month, male:employment ratio, and difference in the average wage of alternative occupation £ in previous
month and the average wage of a worker’s last occupation prior to separation. The heteroscedastic condition
logit estimator includes error variance scale factors: age, male, and if a worker has at least a Bachelor’s de-

gree or greater. Confidence intervals shown are at the 95% level.
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Figure 1.D.5: Skill Reallocation Costs By Year at The Third Quartile Task Distance:
All Workers
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Estimates based on sample of all involuntarily separated workers. All specifications include alternative char-
acteristic controls: unemployment in alternative k in previous month, male:employment ratio, and difference
in the average wage of alternative occupation k in previous month and the average wage of a worker’s last
occupation prior to separation. The heteroscedastic conditional logit estimator includes error variance scale
factors: age, male, and if a worker has at least a Bachelor’s degree or greater. Confidence intervals shown are

at the 95% level.
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Figure 1.D.6: Skill Reallocation Costs By Year at The Third Quartile Task Distance:
Switchers
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Estimates based on sample of workers that switched occupations who were involuntarily separated work-
ers. All specifications include alternative characteristic controls: unemployment in alternative k in previous
month, male:employment ratio, and difference in the average wage of alternative occupation £ in previous
month and the average wage of a worker’s last occupation prior to separation. The heteroscedastic condi-
tional logit estimator includes error variance scale factors: age, male, and if a worker has at least a Bachelor’s

degree or greater. Confidence intervals shown are at the 95% level.
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Figure 1.D.7: By Worker Sex - Skill Reallocation Costs By Year at Mean Task Dis-
tance: All Workers

0
—
L
Ly

-6

-4

Marginal Utility
-4
I
Marginal Ull|2I|y
.
——

~ ©
T "
T T T T T T T T T T T T T T T T T T
2007 2008 2009 2010 2011 2012 2013 2014 2015 2007 2008 2009 2010 2011 2012 2013 2014 2015
Year Year
‘0 Conditional Logit Occ FE (Females) < Conditional Logit Occ FE (Males)‘ ‘0 Conditional Logit Occ FE (Females) < Conditional Logit Occ FE (Males)‘

(a) Marginal (dis)Utility - NRCA Distance (b) Marginal (dis)Utility - NRCI Distance

0
—
-
-
Ly
—
—
—
L
T
0
—

-4

Marginal Utility
-2
|
—_——
Marginal Utility
-5
.
o
———
J—
i
—
——i
—d
i
—1

©
°
7
2007 2008 2009 2010 2011 2012 2013 2014 2015 2007 2008 2009 2010 2011 2012 2013 2014 2015
Year Year
‘o Conditional Logit Occ FE (Females) < Conditional Logit Occ FE (Males)‘ ‘o Conditional Logit Occ FE (Females) < Conditional Logit Occ FE (Males)‘

(c) Marginal (dis)Utility - RCOG Distance (d) Marginal (dis)Utility - RMAN Distance

IIRRRARRRT

T T T T T T T T U
2007 2008 2009 2010 2011 2012 2013 2014 2015
Year

‘o Conditional Logit Occ FE (Females) < Conditional Logit Occ FE (Males)‘

(e) Marginal (dis)Utility - NRMN Distance

Estimates based on sample of all involuntarily separated workers. All specifications include alternative char-
acteristic controls: alternative occupation fixed effects, unemployment in alternative k in previous month,
male:employment ratio, and difference in the average wage of alternative occupation k in previous month
and the average wage of a worker’s last occupation prior to separation. Confidence intervals shown are at the

95% level.
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Figure 1.D.8: By Worker Sex - Skill Reallocation Costs By Year at Mean Task Dis-

tance: Switchers
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Estimates based on sample of all involuntarily separated workers. All specifications include alternative char-

acteristic controls: alternative occupation fixed effects, unemployment in alternative k in previous month,

male:employment ratio, and difference in the average wage of alternative occupation k in previous month

and the average wage of a worker’s last occupation prior to separation. Confidence intervals shown are at the

95% level.
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Figure 1.D.9: By Age Group - Skill Reallocation Costs By Year at Mean Task Distance:
All Workers
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Estimates based on sample of all involuntarily separated workers. All specifications include alternative char-
acteristic controls: alternative occupation fixed effects, unemployment in alternative k in previous month,
male:employment ratio, and difference in the average wage of alternative occupation k in previous month
and the average wage of a worker’s last occupation prior to separation. Confidence intervals shown are at the

95% level.
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Figure 1.D.10: By Age Groups - Skill Reallocation Costs By Year at Mean Task Dis-
tance: Switchers
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Estimates based on sample of all involuntarily separated workers. All specifications include alternative char-
acteristic controls: alternative occupation fixed effects, unemployment in alternative k in previous month,
male:employment ratio, and difference in the average wage of alternative occupation k in previous month
and the average wage of a worker’s last occupation prior to separation. Confidence intervals shown are at the

95% level.
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Figure 1.D.11: By Education Group - Skill Reallocation Costs By Year at Mean Task
Distance: All Workers
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male:employment ratio, and difference in the average wage of alternative occupation k in previous month
and the average wage of a worker’s last occupation prior to separation. Confidence intervals shown are at the

95% level.
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Figure 1.D.12: By Education Groups - Skill Reallocation Costs By Year at Mean Task

Distance: Switchers
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Figure 1.D.13: Skill Reallocation Costs By Year at Mean Composition Distance: All

Workers
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and difference in the average wage of alternative occupation k in previous month and the average wage of

a worker’s last occupation prior to separation. The heteroscedastic conditional logit estimator includes error

variance scale factors: age, male, and if a worker has at least a Bachelor’s degree or greater. In years 2008,

2010, 2014, and 2015 the heteroscedastic conditional logit estimator not able to achieve convergence for the

switcher sample. Confidence intervals shown are at the 95% level.
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Figure 1.D.14: Skill Reallocation Costs By Year at Mean Composition Distance: By
Work Types
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CHAPTER 2
TASK ISOLATION, WAGE LEVELS AND WAGE CHANGES: PUMA LEVEL

EVIDENCE
with Stephen R. Barnes' and Todd A. Sprensen*

2.1 Introduction

Over the last thirty years, factors such as Skill Biased Technological Change (SBTC), in-
creased trade openness, and immigration have all caused shocks to local labor markets. A
large body of research has studied the impacts of these shocks on workers, including Peri
and Sparber (2009) and Peri and Sparber (2011). One key finding is that there are important
dimensions of heterogeneity in the impacts of shocks on workers (Autor et al., 2013; Topel,
1994). A key factor in the existence of heterogeneity in shocks is that some workers are
better able to adjust than others. One way in which workers may respond to a labor market
shock is by reallocating their skills to a different occupation. Previous research has demon-
strated that occupational mobility is costly (Gathmann and Schonberg, 2010; Poletaev and
Robinson, 2008). Recent work has shown that a large and important dimension of the cost
of moving between occupations is related to the fact that different rasks are performed in
different occupations (Cortes and Gallipoli, 2017; Gibbons, 2017).

Our work seeks to understand how workers’ labor market outcomes vary with the type
of occupational choices available to them. Specifically, we hypothesize that occupations
in which jobs are more dissimilar from other jobs in the local labor market will see more
volatile occupational wages than will occupations in which jobs are more similar to the
alternative jobs. We examine this question, building upon the work of Cortes and Gal-

lipoli (2017) and Gibbons (2017), by examining how labor market level outcomes change

"Louisiana State University
tUniversity of Nevada, Reno
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for occupations based on how distant they are from one another. Using data from the Oc-
cupational Information Network, O*NET (ONET) and the American Community Survey
(ACS), we are able to construct measures of how distant a pair of occupations are from
one another in the dimension of five important tasks, as well as an aggregate measure of
Euclidean distance between occupations. We construct these measures using stable defini-
tions of occupations spanning the years 2006-2015. We expand upon Gibbons (2017) by
considering not just the pairwise task distance between two occupations, but the average
distance between one occupation and all other occupations. We term this measure task
isolation.

Our geographic level of analysis is the Public Use Micro Area (PUMA). Heterogeneity
in the relative size of occupations in different PUMASs generates variation across local labor
markets. Using this variation, we examine how wage changes in local labor markets co-
vary with the relative amount of task isolation in a local labor market. Employing a number
of fixed effects estimation strategies, we find evidence that more task isolation is correlated
with larger absolute year to year changes in wages at the occupational level. In addition,
we find that greater isolation is associated with lower wages.

The rest of the paper proceeds as follows: the next section briefly discusses background
literature. Section 3 describes our data and estimation approach. Section 4 presents some

preliminary results, and Section 5 concludes.

2.2 Background

There is an established literature on SBTC (Autor et al. (2003, 2006); Acemoglu and Au-
tor (2011); Autor and Dorn (2013)), trade (Autor et al. (2013)) and immigration (Borjas
(2003); Ottaviano et al. (2013); Card (2009)) that has shown that shocks affect labor mar-
kets. Evidence from the immigration literature demonstrates that one dimension of occu-

pational mobility is task re-specialization. Peri and Sparber (2009) and Peri and Sparber
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(2011) show that both high skilled and low skilled native workers respond to increased
competition from immigrants of the same skill type through occupational mobility. Specif-
ically, the authors show that natives re-specialize into occupations that involve more verbal
skills, in which the native workers presumably have a comparative advantage as native
speakers of English.

More recently, a large literature on the role of occupational tasks has evolved (Firpo
et al. (2011); Autor and Handel (2013)). The growing body of research using the “Task
Approach” highlights the connection between the activities workers perform in an occu-
pation and their skills. Tasks are work activities that workers apply their human capital
or skills to. Therefore, tasks can serve as a proxy for worker skills. However, Firpo et al.
(2011) finds that there exists variation in worker skills across task measures. The higher the
level of occupational aggregation the more able researchers are to determine a hierarchical
relationship between skill levels and occupations Autor (2013); this motivates our level of
analysis being no finer than 3-digit occupational levels.

Recent work (e.g. Acemoglu and Autor (2011)) typically categorizes tasks into two
high skilled tasks, two medium skilled tasks, and one low-skilled task. Large advances
in information technology (IT) over the last thirty years have dramatically changed how
workers performing these tasks interact with capital. The two high skilled tasks are Non-
Routine Cognitive Analytical (NRCA) and Non-Routine Cognitive Interpersonal (NRCI).
To an academic, these tasks are most easily understood as research and teaching, respec-
tively. Advances in IT have been mostly labor augmenting for workers performing these
tasks. The two medium skilled tasks are Routine Cognitive (RCOG) and Routine Manual
(RMAN). Better IT has significantly lowered the amount of labor needed to perform rou-
tine cognitive tasks such as clerical and administrative tasks. As a result, less secretaries
are needed. When we examine census data, we see that over the more than 300 occupations

reported, secretaries dropped from 3.4% (the third most common occupation) in 1970 to
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only 2.1% (the ninth most common occupation) in the labor force in 2016. Technology
has also lowered the cost of replacing Routine Manual tasks, such as production line work,
with capital. Recently, there has been an increased focus on Routine Biased Technological
Change (Ross, 2017; Cortes, 2016) rather than just upon more task agnostic SBTC.

The low-skilled task is Non-Routine Manual Physical Adaptability (NRMP). These
tasks, often performed in the service sector, are essentially tasks that involve procedures
that are variable enough that technology has not yet advanced to the point at which capital
can replace labor. For example, the share of workers who are janitors or housekeepers has
increased slightly, from 2.55% to 2.71% between 1970 and 2016. Autor and Dorn (2013)
discuss the growth in low-skilled service jobs and the polarization of the U.S. labor market.
Their findings highlight the fact that the share of workers in service based occupations is
growing.

There is a small and growing literature that establishes that occupational mobility is
more costly when occupations are more different. Lazear (2009) shows that involuntarily
separated workers are subject to greater wage loss when the worker’s prior occupation’s
skill weights are more idiosyncratic. Two early papers, Gathmann and Schonberg (2010)
and Poletaev and Robinson (2008), find evidence that workers who move occupations suffer
a loss in productivity. The downward mobility in occupational skill portfolios is attributed
to the limited transferability of occupational specific skills. Additionally, Cortes and Gal-
lipoli (2017) and Gibbons (2017) show that the cost of switching between two occupations
increases with the dissimilarity between the two occupations. Recently, Gibbons (2017)
establishes that workers become less likely to move between a pair of occupations as the
two occupations become more distant in the dimension of task, consistent with there be-
ing higher costs to mobility when occupations are further away in the dimension of task.
Additionally, he shows that there exists heterogeneity in the “task cost” of mobility, with

mobility being costliest in NRMP and least costly in RCOG.
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Our research expands off of the study by Gibbons (2017) of individual worker mobility
at the occupational pair level by aggregating up task distance to the local labor market
and studying how this task isolation may affect labor market level wage and employment
outcomes.

In a similar context to our measure of isolation, Macaluso (2017) studies the effects
of skill remoteness on laid-off workers. The construction of the one-dimensional skill
remoteness measure is based on a workers skill endowment and the skill requirements of
occupations in a local labor market (MSAs). Workers who are laid-off from occupations
that are more skill remote incur lower wages at time of new employment, have a higher
propensity to move across geographic labor markets, and are more likely to switch to a less
skill remote occupation.

Our study differs in that we are interested in how isolation of an occupation affects the
average wages of employed workers in that occupation. In addition to our one-dimension
isolation measure, we also explore heterogeneity in the effects of isolation at the individual
task level. Our analysis defines a local labor market at the Public Use Microdata Area

(PUMA) level.

2.3 Data and Methods

Below we describe our data and methods. We first discuss the details of the construction of
the task measure, then we describe how the task variables are used to create our measure

of task isolation. We then summarize our estimation approach and our data.

2.3.1 Task Measure Construction

We construct task measures using data provided by the U.S. Department of Labor’s Oc-

cupational Information Network (ONET). We employ the 2017 survey year to create our
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measures of task at the national level. The survey data is comprised of responses from
workers employed in a nearly exhaustive set of occupations. Respondents rank the rela-
tive importance of a number of descriptors of aspects of their occupation, e.g. “Thinking
Creatively”. Acemoglu and Autor (2011) define five task measures based on a number
of different attributes. We follow their mapping to create the measures of the five tasks
described in the last section: Non-Routine Cognitive Analytical (NRCA), Non-Routine
Cognitive Interpersonal (NRCI), Routine Cognitive (RCOG), Routine Manual (RMAN),
and Non-Routine Manual Physical Adaptability (NRMP). Each occupation is given a raw
task score in each of these measures.

Next, we crosswalk occupational codes to data from 2006-2016 from the American
Community Survey (ACS) in order to find a count of how many individuals are employed
in a given occupation in a given year. Using these employment weights, we construct our
normalized task measures, 7;; which are z-scores describing where a given occupation j
falls in the distribution of employment for task s in year ¢ for the local labor market. More
details on the construction of these measures are available in Acemoglu and Autor (2011)
and Gibbons (2017). We apply this procedure to the Standard Occupational Classification

measure at the 1, 2, and 3-digit levels.

2.3.2 Measuring Occupational Isolation

Using the normalized task measures, we construct measures of task isolation. We first con-
struct a measure of the absolute value of the distance in task s between any two occupations,

7 and k, as in Gibbons (2017):
djy, = |7 — 77| (2.1)

We then transform this measure of occupational distance into a measure of occupational

isolation by finding a weighted average of the distance between occupation k and all other
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occupations 7 = 1,2, ...., J. We then can find the degree of task isolation that describes an

occupation in a given labor market [ as follows:

J
Zj:l diy, X nj
J
Zj:l i

This new variable is essentially a transformation of two variables that tells us how

Dy, = (2.2)

far occupation k is from all other occupations in labor market /, in the dimension of task
measure s. The script s can represent one of the five tasks, as well as an aggregate Euclidean
measure of these tasks.

Note that there would be very little additional information in this measure if we were
weighting by the values of n that are taken from the national labor market. If our 7 vari-
ables took the standard normal distribution without weights, d would essentially be creating
a new random variable that is the absolute value in the difference between the z-distributed
variables. The variable D would simply be an average of these absolute values of differ-
ences for a given k. When we calculate D values for each occupation k, based upon 7,
which was distributed standard normal when using employment weights for each occupa-
tion, we find that a weighted average of the D values produces a similar mean and standard
deviation.

The purpose of our approach, however, is to provide information about how isolated
some workers may be. In order to do this, we need to first know how distant each pair of
occupations is in some standardized way. This motivates our use of national labor market
data to derive a standard normal distribution of 7. When we take the 7 values to a sub-labor
market distribution of actual jobs (n;;), we are able to obtain a measure of how isolated
an individual occupation is from other occupations in the dimension of a specific task in a
given labor market.

Our use of PUMA as our local labor market necessitated a cross-walk between 2000 and

2010 definitions of PUMA. The cross-walk is relatively straightforward, with the exception
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of a number of PUMASs in the state of Louisiana that need to be omitted on account of
survey issues that resulted from depopulation occurring on account of Hurricane Katrina.

Our isolation measure is conceptually illustrated in Figure 2.1. The two panels in the
figure represent two different local labor markets with the same five hypothetical occupa-
tions. To further simplify, here we consider only two of our task measures: NRCA and
RCOG. The pairwise task distance between occupation k (centered) and the other four j
occupations in tasks NRCA and RCOG are the same, as these distances are defined at the
national level. We refer to the occupations j by the direction of these occupations from
k (NW, NE, SW, SE). The size of the nodes for each occupation represents the level of
employment in the occupation.

In the local labor market on the left, we can see that the NW and SE occupations, which
are nearer to k£ than the SW and NE occupations, have much higher levels of employment
than do the more task distant occupations. In the panel on the right, the reverse is true. Thus,
occupation k in the left panel is less isolated than the occupation on the right, because the
less distant j occupations are relatively large in their total employment. This would suggest
that a worker in occupation k£ would be more able to transfer her task-specific human capital
in the market on the left as there are simply more job opportunities available in more similar
occupations. With this motivation in mind, we now proceed to discuss our approach to

estimating how task isolation correlates with labor market level outcomes.

2.3.3 Estimation Approach

We now use our measure of task isolation to test whether more task isolated occupations
can be characterized by wages that differ in levels or volatility from less task isolated oc-
cupations. We employ data from ONET and ACS data for the years 2006 through 2016.
We define PUMAS as the local labor market. Our main left hand side variables of interest

are the log of the average occupational wage as well as the change in the log of the average
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wage between year ¢ and year ¢ + 1.

As each ACS survey asks about earnings in the previous year, 2014 is the last year
for which we can match a measure of task isolation on wage changes: the 2016 ACS will
provide data on labor market earnings during 2015, and the 2015 ACS provides data on
2014 earnings. In other words, the 2014 ACS is needed to construct the right hand side
variable, and the 2015 and 2016 ACS are needed to construct the left hand side variable.
When we estimate how isolation influences the occupation wage, our sample is between
the period 2007 and 2016. Isolation estimates on wage volatility are obtained using ACS
data between the years 2008 and 2016. The 2017 ACS was not yet available at the time of
this writing.

We present our estimation equations below. The first equation will be used to measure
the relationship between occupational task isolation and the level of the local occupational
wage. The second equation describes the regressions that will be run to examine the rela-

tionship between occupational task isolation and the change in wages.

s
yer = o+ Buln (D) + Ty + € (2.3)
s=1
s
Ayer = a+ > Bdn(Dyy) + zwey + e 2.4)
s=1

In our estimations related to changes in the wage, we will specify Ay, a number of
different ways. A simple but problematic way to measure Ay, is to use the actual change
in the average occupational wage. One issue with this approach is that if more task iso-
lated occupations experience large changes in wages (which are positive) and less isolated
occupations experience smaller changes in wages (which may be large and negative), these
effects may cancel each other out if the correlations are symmetric.

We can thus split our sample into subsamples for 1) all observations for which wages

declined and 2) all observations for which wages increased. Taken together, these two
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approaches will allow us to first avoid opposite direction correlations canceling one another
out and second allow us to empirically examine the degree of symmetry in the magnitudes
of the correlations between wage changes and occupational task isolation.

The main shortcoming with the previous approach is the lower power from the smaller
sample size. Accordingly, our preferred approach will be to use the absolute value of the
change in the wage as our main left hand side variable of interest.

In our estimations, we experiment with a variety of fixed effects strategies and control
variables. In our preferred specifications, we include PUMA fixed effects interacted with
occupation fixed effects along with year fixed effects. We also include a control for the log
of occupation-employment level in a given PUMA and the log of total employment in a

PUMA. We now discuss some summary statistics.

2.3.4 Summary Statistics

Some summary information regarding isolation measures is displayed in Figure 2.2. Here,
we display kernel density estimates of our isolation measures for the five individual tasks
measures as well as the composite euclidean distance measure. This data is obtained from
construction based on employment weights in the years 2006-2014 for 2351 PUMAS and
up to 92 3-digit occupations. Thus, each figure is based on up to 1,946,628 observations
(Years x PUMAS x Occupations), though missing occupations in some PUMASs result
in only 1,480,349 usable observations. We use the term missing to mean that there is no
employment in the ACS in one or more of the 92 occupations at the 3-digit level in a
PUMA.

In the figure, we see that each isolation measure is skewed to the right and has an
average of around one. This is a statistical artifact of our measure being an average of
the absolute value of the distance between two draws from a standard normal. A simple

simulation can show that the mean of such a random variable, where all weights are equal,
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is about 1.13. Recall that our own measure is rather a weighted average of these draws,
with the weights being the size of the occupations.

Finally, we see a slightly more symmetric distribution for our composite measure. The
mean of this figure is also higher, consistent with it being a Euclidean mean of the individual
task measures. A simple simulation shows that the Euclidean mean of the distance between
five random variables that themselves are the absolute value of the distance between two

draws from the standard normal distribution should be around 3.

2.4 Results

We now proceed to describe our results for both wage levels and wage volatility. Through-
out our analysis, we will focus on six specifications. Our first specification presents results
from a single variable regression where our right-hand side variable of interest is our iso-
lation measure. In the second specification, we add year indicator variables to capture
unobservable changes in economic conditions at the national level. This is very important
given that our data spans the end of the last expansion to the depths of the Great Recession
and finally ends with the beginning of the post great recession recovery. In our third specifi-
cation, we add additional indicator variables for occupations. These controls are extremely
important, as our isolation measure varies greatly between occupations, and it is very likely
that there are unobserved characteristics of occupations which may be both correlated with
isolation and wages. In the fourth specification, we add additional controls for employment
in the occupation in a given PUMA, as well as a control for the total level of employment in
the PUMA. These controlled variables will be important in capturing time varying trends in
a given local labor market, as well as for the specific occupation whose wages we measure
in that labor market.

Finally, in specifications five and six, we add additional fixed effects to control for

characteristics of the local labor market which we study. In specification five, we add
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PUMA fixed effects rather than occupation fixed effects. In specification six, we include
in interaction between PUMA and occupation. This last specification provides a great
deal of control for unobservable characteristics which may be correlated with both wages
and isolation. In this specification the effect of isolation on the left-hand side variable is
identified by variation overtime in a given PUMA and given occupation, holding constant
national conditions which affect wages, the size of the occupation in the PUMA, the size
of the local labor market itself, and local labor market unobservables specific to a given
occupation. In all specifications, standard errors are clustered at the occupational level.
We present results from estimations at the 1, 2 and 3-digit occupational level, estimates of
the standard errors should be interpreted with caution at the two digit and especially one
digit level on account of a small number of clusters. Thus, our preferred estimates will be
from the sixth column of tables estimated using data on isolation and wages at the 3-digit

occupational level.

2.4.1 Occupational Task Isolation and Wage Levels
Euclidean Measure

In Tables 2.1 through 2.3, we examine results using our Euclidean distance measure at
the 1, 2, and 3-digit occupational levels, respectively. Results from three similar analyses
are presented in Tables 2.1 through 2.3 corresponding to different levels of aggregation
across occupations and our composite measure of task isolation. Table 2.1 presents results
from 1-digit occupations, which provide the highest level of aggregation. In general, the
analysis shows no strong relationship between isolation and wage levels when occupations
are grouped into very broad categories. However, this aggregation also reduces variability
in our measures of isolation and may group together many of the real-world occupational

alternatives that serve as feasible options that workers are able to switch to when adjusting
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to labor market shocks. The results when using 2-digit occupations remain mixed, but we
see significantly better explanatory power when controlling for occupation fixed effects.
Models including occupational controls tend to reveal a negative relationship between task
isolation and wage levels.

Finally, results using 3-digit occupational groupings shown in Table 2.3 reveal a stronger
relationship between task isolation and wage levels. More narrowly defined occupations
better differentiate between unique occupations and similarly related alternative occupa-
tions in the context of occupational tasks. In this analysis, we are best able to capture the
ability workers have in substituting their skills to those occupations with similar skill de-
mands. Wages tend to be lower in local labor markets for those occupations that are more
isolated.

Examining the ways in which the estimates change across the different specifications
in Table 2.3 is informative for our understanding of potential sources of bias. The initial
results in Column 1, whilst not statistically significant at the 10% level, Suggest higher
wages in more isolated occupations. Adding year controls does little to change these re-
sults. In specifications three and four, we can clearly see the importance of controlling
for unobservable occupational characteristics. Once occupation controls are included, the
results become negative and significant at the 10% level. In specification five, we experi-
ment with local labor market controls. In this specification we drop occupation controls,
and see that the results revert back to the more precisely estimated version of the results
in the first two columns. Finally, in specification six, we add fixed effects that interact the
unobserved characteristics of each labor market with unobserved characteristics of each oc-
cupation. For all estimations, including occupational controls, the results are significant at
better than the 1% level, though the magnitude of the results drops significantly in the sixth

specification. The result from our preferred specification yields an estimate of -0.1363.
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Heterogeneity by Task Measure

In Tables 2.4 through 2.6 we continue our analysis of the correlation between occupational
task isolation and wage levels in a given occupation, this time focusing on heterogeneity
across our five different task measures. As before, we can see that for each level of occu-
pational aggregation, controls for the occupation are very important when comparing the
magnitude of the estimates. Focusing on Table 2.6, we see that in our preferred specifica-
tion the results are negative for four of the five measures of isolation, and are significant at
the 5% level or better for two of these metrics. Underscoring the importance of exploring
heterogeneity in these measures, we see positive and significant results for NRCI. The cor-
relation between isolation and wages may be negative, but more isolated occupations are
characterized by higher wages in this particular dimension. Jointly, the individual task iso-
lation measures are significant factors that influence occupation wage. In all specifications,
except specification 2 (5%), all isolations measure significantly influence the wage jointly
at the 1% level. The test of joint significance implies that together, individual task isolation

measures are correlated with the average occupation wage.

2.4.2 Occupational Task Isolation and Wage Changes
Euclidean Measure

Next, we consider the relationship between our composite measure of task isolation and
the absolute value of changes in log wages in the following year. In this analysis, a positive
coefficient on task isolation is consistent with the hypothesis that more isolated occupations
will exhibit more volatile wages. We report results from our 3-digit estimation in our main
set of tables; results for the 1 or 2-digit specifications are available in the Appendix.

In Table 2.7 we examine how raw wage differences are correlated with task based oc-

cupational isolation. If isolation’s influence on wages is symmetric, OLS results on how
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isolation influences wage should lead to a null result. In our preferred specification, we do
see an insignificant but slightly positive result. Suggesting that this may be the case. Simi-
lar results are found when examining this relationship at the 1-digit level. These results are
available in the appendix, Tables 2.A.1 and 2.A.2.

We examine whether occupational wages respond symmetrically to positive and neg-
ative changes in labor demand by repeating the analysis in two subsamples: first, among
occupations with wages growing between the two years and second, among occupations
with wages declining between years. In Table 2.8, we see a negative relationship between
isolation and declining wages when the occupation fixed effects are controlled for. This
results suggests that wage decline is more pronounced in occupations that are already ex-
periencing declining wages. We find that this result is also the case at the 1 and 2-digit
levels, as seen in tables 2.A.4 and 2.A.3. In Table 2.9 we see a positive result of similar
magnitude in the absolute value of a positive change in wage to the result in Table 2.8. This
explains the null findings in Table, 2.7. Similar results hold for the one and two digit level,
as seen in the Appendix in Tables 2.A.3 and 2.A 4.

In general, occupations with positive wage growth exhibit a positive correlation be-
tween task isolation and wage changes, while occupations experiencing wage declines
exhibit a negative correlation between task isolation and wage changes. In total, the co-
efficients are slightly larger in absolute value among occupations with wage declines sug-
gesting that workers facing declines in demand are more willing to accept lower wages than
are workers who are able to secure higher wages in an environment with growing demand.
These results were not significant at conventional levels, but each estimation leveraged only
half of our total data. We now turn to an analysis of the absolute value of changes in wages.

In Table 2.10, we find results that are positive and significant in all specifications that
control for occupation fixed effects. As was the case with our analysis of the level of

wages, results are much lower in magnitude once we control for the interaction of puma
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and occupation fixed effects. The coefficient for our preferred set of estimates is 0.0332.
Similar results hold at the one and two digit level, as shown in the Appendix in Tables 2.A.7

and 2.A.8.

Heterogeneity by Task Measure

Finally, we examine the same set of estimates related to wage volatility, this time exploring
heterogeneity in the effect of task distance between the five task measures. In Table 2.11,
we see only one result that is significant for our preferred specification, and only at the
10% level, again suggesting that symmetric responses of increasing or decreasing wages to
isolation may be canceling each other out. Turning to our wage increase and wage decrease
subsamples, in Tables 2.12 and 2.13 we see that the coefficients are typically of opposite
sign. Finally, we see in Table 2.14 no significant results in our preferred specification when
we focus on the absolute value of differences in wages. This may suggest that our data does
not possess substantial enough variation to identify heterogeneous responses at this level.
The Appendix reports results from estimates using 1 and 2-digit occupational definitions in

Tables 2.A.9 - 2.A.16.

2.4.3 Heterogeneity in Estimates by State

Finally, we explore heterogeneity in the relationship between occupational isolation and
labor market outcomes across states. Our data allows us to obtain separate estimates of our
parameter of interest across U.S. states and the District of Columbia. The ability to explore
this dimension of heterogeneity highlights one of the motivations for our use of PUMAs
as the level of geographic analysis. By using the finest geographic unit available in micro-
data, we are able to obtain separate estimates by state. However, due to data limitations,
we are unable to obtain estimates for four states: the District of Columbia, Rhode Island,

Wyoming, and Vermont. We also exclude estimates for Alaska and Hawaii from these
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estimates.

In Figures 2.3 and 2.4, we display kernel densities of the coefficient estimates for each
state. In the first figure, it is clear that the relationship between isolation and the level of
wages is negative in the vast majority of states. Figure 2.4 does not support robustness of
our estimates of the relationship between isolation and wage changes. We can see from
this figure that a large number of states yield positive estimates for the effect of isolation
on wage changes. Also, there is a left tale of outliers with strong negative estimates which
may be driving our overall estimate of the negative relationship between the two variables.

We further explore the spatial relationship in these estimates in Figures 2.5 and 2.6. The
map of the relationship between isolation and wage levels appears to show a concentration
of more negative estimates in both the Southwest and northern Great Plains. On the other
hand, larger positive estimates seem to be concentrated in the Ohio and Mississippi River
Valleys. Less clear patterns on the association between isolation and wage volatility are
presented in Figure 2.6.

A lack of spatial independence may suggest that either regional factors affecting eco-
nomic changes are at play, or that shocks to one labor market are highly correlated with
shocks occurring in other markets. In order to more formally test for spatial dependents in
the estimates, we run a Moran’s I test. The test rejects a null hypothesis of spatial inde-
pendence in the map of the relationship between wage levels at the occupational isolation,
while it fails to reject for the map on wage changes. This evidence of spatial dependence
and significant heterogeneity in the relationship between occupational isolation and wage

levels is a clear motivation for future research.

2.5 Conclusions and Future Work

This paper presents PUMA level evidence that more task isolated occupations are charac-

terized by both lower wages as well as by more volatility in occupational wages. This work
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contributes to a small but growing literature on task differences between occupations. Pre-
vious work has found that occupational mobility is costly and that individual workers are
affected by the isolation in their own skill set from the tasks performed in other potential
occupations. Here, we are the first to estimate how task isolation affects an aggregate labor
market outcome.

With structural changes happening in many labor markets, it is increasingly important
to understand how able workers are to adjust to changing demand conditions and how
important it is for policy makers to pursue economic diversification at the regional or local
level. Clearly, a better understanding of the role that task based occupational isolation plays
in this will contribute to a better understanding of the causes, consequences and solutions

to labor market changes that may impact workers.
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2.7 Figures

Figure 2.1: Isolation Example
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Figure 2.2: Isolation Densities
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Figure 2.3: Kernal Density of Isolation on Wage Levels by State
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Figure 2.4: Kernal Density of Isolation on Wage Changes by State
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APPENDIX

2.A Tables
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CHAPTER 3
NEW EVIDENCE ON INTERNATIONAL TRANSFERABILITY OF HUMAN

CAPITAL
with Sankar Muldzopaa’hyayH

3.1 Introduction

The number of immigrants worldwide has increased at a dramatic rate in the last few
decades. Grieco and Trevelyan (2010) reported that number of foreign born individuals
in the U.S. have increased from 9.6 million (or about 4.7% of the U.S. population) in 1970
to 38 million (or about 12.5% of the U.S. population), in 2009. Economic outcomes of
immigrants in their host countries depends on international portability of human capital
acquired in their source countries. Current literature suggests that the return to source
country education is generally positive (Friedberg, 2000; Schaafsma and Sweetman, 2001;
Bratsberg and Jr., 2002; Ferrer and Riddell, 2008; Chiswick and Miller, 2008; Nielson,
2011; Ferrer et al., 2006). On the other hand the return to source country work experience
is small or even negligible (Friedberg, 2000; Cohen-Goldner and Eckstein, 2008; Basilio
et al., 2017; Green and Worswick, 2002; Aydemir and Skuterud, 2005).

The literature on the international portability have almost exclusively focused on gen-
eral capital (education and general work experience (GE)). However, a number of papers in
the past two decades have stressed that a large part of human capital is industry and/or oc-
cupation specific (Neal, 1995; Parent, 2000; Dustmann and Meghir, 2005; Kambourov and
Manovskii, 2009; Williams, 2009; Sullivan, 2010). More recently, Gibbons and Waldman
(2004); Gathmann and Schonberg (2010); Schulz et al. (2013), have pointed out the impor-

tance of task-specific human capital. These papers have established the importance of both

Tt University of Nevada, Reno
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occupation-specific (OE), and task-specific experience (TE) in wage growth. However,
how specific experiences (OE and TE) acquired by immigrants in their source countries is
valued a host country remain unexplored.

In this paper, we use data from the New Immigrant Survey (NIS) to estimate the associ-
ation between source country GE, OE, and TE of immigrants and their U.S. wages in their
first U.S. job. We are not aware of any other studies that have estimated how OE or TE
acquired in one country is valued in another country. We estimate wage regressions where
GE, OE, and TE enters the wage equation in a quartic way, along with a large number of
control variables for socio-demographic characteristics (Murphy and Welch, 1990). We
also include source country and U.S. entry year fixed effects. We check the sensitivity of
returns to GE, OE, and TE to different levels of occupational granularity: from the 1-digit
(least granular) to the 3-digit level (most granular) and different levels of task granularity:
from three types of tasks (Abstract, Routine, and Manual) to five types of tasks (Non-
Routine Cognitive: Analytical (NRCA), Non-Routine Cognitive: Interpersonal (NRCI),
Routine Cognitive (RCOG), Routine Manual (RMAN) and Non-Routine Manual: Physical
Adaptability (NRMN)) (Autor et al., 2003; Autor and Handel, 2013). OLS results show
that an immigrant with five years of OE will earn between 20.3% and 27.2% more than an
immigrant without any OE. The return to OE is highest when occupation is defined in the
most granular way. We also find that the returns to Abstract TE is positive and significant.
An immigrant with five years of Abstract TE earns between 16.2% and 20.2% more than
a comparable immigrant without any Abstract TE. Returns to Routine and Manual TE are
always insignificant. A more dis-aggregated task based approach shows that among the
abstract tasks, analytic (NRCA) skills are most transferable. Other skills including Inter-
personal (NRCI) skills have limited or no transferability.

The rest of the paper is structured in the following way. Section 3.2 discusses the

relevant literature, Section 3.3 presents the data, Section 3.4 presents in the empirical results
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and Section 3.5 concludes.

3.2 Background

This paper relates to two strands of literature. The first strand is about international portabil-
ity of human capital. In an influential paper, Friedberg (2000) shows that returns to source-
country GE are much smaller than host country GE or even insignificant for immigrants in
Israel. Cohen-Goldner and Eckstein (2008) report similar results. Basilio et al. (2017) find
small but statistically significant returns to source country GE. Kossoudji (1989) finds neg-
ligible returns to source country GE for immigrants to the U.S. Green and Worswick (2002)
report similar results for Canada. Aydemir and Skuterud (2005) and Green (2009) report
that even though the immigrants to Canada enjoyed a substantial return to source country
GE in the early 1980’s, the return to source country GE by the early 1990’s declined to
zero. Aydemir and Skuterud (2005) further found that most of the decline was due to a
larger presence of immigrants from “non-traditional” (mostly developing countries) coun-
tries in Canada. Worswick (2003) suggested that even though the return to source country
work experience is negligible at the time of entry, source country work experience may
become valuable after immigrants spend time in the host country. However, Chiswick et al.
(2005) and Beenstock et al. (2009) found evidence to the contrary.

The second strand is the literature on the estimation of OE/TE. Previous studies that
estimate return to OE/TE have noted that OE/TE may be endogenous in the wage equation.
Altonji and Shakotko (1987) proposed an IV approach which has been used by Kambourov
and Manovskii (2009); Sullivan (2010); Williams (2009) and Gathmann and Schonberg
(2010). This approach is not feasible within our analysis because our data does not not
have the information required to construct the instrument proposed by Altonji and Shakotko
(1987). Therefore, we rely on OLS and an intensive set of controls to estimate returns to

source country experiences. While this is an important limitation, as a robustness check
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of our estimates we account for time-constant heterogeneity by adding the wages earned
by the immigrants in their source countries before moving to the U.S. as a control. We
should note that previous literature on this topic suggests that OLS and IV estimates are
qualitatively similar. For example, Sullivan (2010) report that five years of OE (at the
one-digit occupational level) increases wage by 10.36% using OLS and 13.30% using IV
estimates. Kambourov and Manovskii (2009) report that the return to five years of OE
(at the two-digit occupation level) 1s 10.98% using OLS and 8.75% using IV estimates.
Dustmann and Meghir (2005) report that one additional year of sector tenure increases
wage by 1.4% using OLS and 1.0% using IV estimates. There is a growing literature that
explores returns to task-specific human capital. Gathmann and Schonberg (2010) employ
the “Task-Approach” using German worker data to estimate the returns to GE, OE, and
TE. They find that German workers receive greater returns to TE compared to OE. They
also use the IV proposed by Altonji and Shakotko (1987) to show that workers receive a
positive return to TE. The overall conclusion from this literature is that not only are the
qualitative results from OLS and IV similar, but also the direction of bias (if it exists) is not
clear. Therefore, even though technically we only estimate associations, previous literature
suggest that the associations reported in this paper may have a causal interpretation.

There are some additional complications that are somewhat specific to immigrant earn-
ings studies. We are using data on immigrants and not workers who lost their jobs due
to plant closures. Therefore, they may not be what Neal (1995) called “exogenously dis-
placed.” An individual will immigrate to the U.S. if the expected (PPP adjusted) wage is
sufficiently higher (compared to the cost of migrating) in the U.S. compared to his home
country. However, for many (even most) immigrants this does not necessarily mean achiev-
ing a better match quality given the differences in the level of wages between U.S. and most
of the source countries (Chiswick and Miller, 2008). The second issue is how to disentangle

the effects of U.S. experience and entry cohort heterogeneity. Fortunately, the NIS includes



140

information on the wage at the time of their entry into the U.S. job market (i.e. their wage
in their first job in the U.S.). We use this wage because at that point immigrants do not have
any U.S. work experience. Another added advantage of using immigrants’ first U.S. wage
is that job tenure is zero for all immigrants (Topel, 1991). In addition, we use entry year
dummies to allow for entry cohort heterogeneity.

The third issue is that immigrants may face occupational downgrading after moving
to the host country (Bauer and Zimmerman, 1999; Akresh, 2008; Chiswick and Miller,
2008). In this literature there is no clear consensus between the relationship between immi-
grants’ skill and occupational downgrading. For example, Bauer and Zimmerman (1999)
show that higher skilled immigrants face sharper occupational downgrading immediately
after immigrating to Germany. On the other hand, Akresh (2008) shows that more skilled
immigrants experience very little occupational downgrading after migrating to the U.S.
Chiswick and Miller (2008) find that the greater pre-immigration labor market experience
is associated with poorer job matches. In a recent paper by Imai et al. (2017), the authors
find substantial occupational downgrading among Canadian immigrants. They show that
this occupational downgrading leads to reduced wages. They also find that this downgrad-
ing and consequential reduction in wages is greater in immigrants with limited language
ability. They however, do not have information on source country OE and TE and therefore

do not address the issue of transferability of OE and TE.

3.3 Data and Descriptive Statistics

We use data from the New Immigrant Survey, 2003. This data set provides extensive in-
formation on new immigrants to the U.S., who received their permanent residency (green
card) in 2002-2003. 8573 adult immigrants completed interviews. If the spouse of the
principal immigrant was also an immigrant then the spouse was also interviewed. In all

4915 spouses were interviewed. Therefore, a total of 13488 foreign born individuals who
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received their green cards in 2002-2003 were interviewed. Out of them 6977 (59%) held
at least one job in their countries before moving to the U.S. We focus on only those immi-
grants who were between the ages of 16 and 65 (both included) at the time of immigrating
to the U.S. This reduced the sample size to 5919 immigrants. We further restrict the sam-
ple based on the availability of covariates, those who report participating in the U.S. labor
market after immigrating, and those who have an accurate work history in their source
countries. The sample size after accounting for the availability of covariates and labor mar-
ket participation is 2713. However, approximately nine percent of that sample has stated
work histories where the start of their first source country job being after the completion of
their last source country job or an overlap in starting and ending dates between their first
and last source country occupations. We omit these observations from our analysis, which
leaves a sample of immigrants who participated in the U.S. labor market of 2460.

In the NIS, respondents were asked about their work history in their source countries.
They were asked about the starting dates, finishing dates, and occupations in their first (after
they turned 16) and last (if worked in more than one job) jobs in their source countries.
For each job, occupations are reported using 2002 Census 3-digit categories. Following
the standard practice in the literature, we classify occupations in 1, 2, 3-digit Standard
Occupational Classification (SOC) coding.

To construct measures of task-specific experience (TE) we use U.S. Department of La-
bor’s Occupational Information Network’s (O*NET, herein ONET) occupation characteris-
tics to construct task measures following Acemoglu and Autor (2011). We include different
aggregations of tasks to explore if granularity of task definitions matter when studying re-
turns to TE for immigrants. Therefore, we use the five task definitions of Acemoglu and
Autor (2011) and the more common three task definitions of Autor et al. (2003).!

We take U.S. based task measures and generate ranks of tasks in an occupation. We

'The five tasks are used to construct the Abstract, Routine, and Manual tasks, see the appendix of Autor

and Handel (2013) for more details on the construction process.
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do this based on the findings of Dicarlo et al. (2016), who show that skill ranks across
countries are similar despite differences in production technologies. Skills and tasks are
related in that workers apply their stock of skills in performing occupational tasks (Autor,
2013). Therefore, if skill profiles of source countries occupations are similar to the U.S.
then the types of tasks that are performed in a source country may be similar to that those in
the U.S. Intuitively, using U.S. task data for foreign occupations is not practical for obvious
reasons (technologies). However, if task ranks (based on which ones are more pronounced
in a occupation) are similar across countries, then we can use U.S. occupational task ranks
as a hierarchical rule for occupations in foreign countries. To construct TE, we take the
most predominant task in a source country occupation and allow experience in that task
to transfer, if and only if, that worker chooses his next occupation that is predominant in
the same task.? Therefore, TE is only transferable in the predominant occupational task.
As an example illustrating the intuition of this methodology, take a worker employed as
welder in his source country. This occupation is likely to consist largely of the welder
performing a routine task (welding), but the secondary task may be more manual in nature.
The predominant task in the same occupation in the U.S. is likely to be the same. However
the welder in the U.S. may perform an abstract task (using software to design welds) as a
secondary task. Therefore, secondary, tertiary, etc. task ranks in a source country may not
be the same as in the U.S.

Table 3.A.1 shows the structure of the NIS questions and how individuals can be grouped

2We constructed several TE measures. We constructed a 1-dimensional TE measure using ONET data
following Gathmann and Schonberg (2010). However, this measure using U.S. occupational characteristics
to construct the portability measure (angular separation distance metric) is specific to U.S. production tech-
nologies. Similarly, we constructed a portability measure of TE using the ranks of individual tasks in an
occupation. In this method, we generate a distance metric based on task’s rank between occupational pairs.
A worker’s TE was therefore a product of years in an occupation and the difference (1 — distance). Results on
TE using this construction are statistically similar, but qualitatively different to those presented in the main

results.
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into one of three categories: stayer, switcher, and non-participant. In this paper, our focus
is on individuals who work in the U.S. and therefore have a U.S. wage observation. They
may be either stayers (those who stay in their source country occupation after immigrating
to the U.S.) or switchers. Within this sample, the number of immigrants who are classified
as stayers are 1,006, 694, and 551 at the 1, 2, and 3-digit occupational classifications. Two
important takeaways from Table 3.A.1 are: 1) GE and OE are not the same for all stayers
(due to individuals who may have worked in multiple occupations in their source countries,
Type I versus Type II) and 2) some switchers may have non-zero OE (Type I switchers, first
source country occupation is the same as first U.S. occupation). Existence of Type I switch-
ers ensures that OE can be estimated even for immigrants who switched occupations after
immigrating to the U.S.

The respondents were only asked about their first and last job in their source countries.
Therefore, any gaps in their work history between their first and last jobs could consist of
employment in same occupation, employment in another occupation that differs from their
first and last employment, unemployment, or non-participation in the labor market. We
assume any gap in their work history consists of employment when deriving GE. If a stayer
held the same job in their first and last occupation, their OE includes gap in work history.?
Type II stayer’s OE is only their tenure in their last job worked. OE for Type I switchers is
defined as the number years worked in their first job.

Figure 3.1 reports the means of GE, OE, and TE by sample and occupational granularity
(digit-level). Switchers, on average have more GE than stayers. The average GE at the 2-
digit occupational coding level is 11.06 for stayers and 12.30 years for switchers. There
are large differences in OE across groups. Stayers, on average, have 8.19 years of OE
whereas switchers have only 0.23 years of OE at the 2-digit level. This is indeed the pattern

discussed in Neal (1995).

3The average gap in work history for stayers is 5.01, 4.85, and 4.61 years at the 1, 2, and 3-digit levels

respectively.
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Table 3.1 presents the summary statistics for all immigrants (column 1), stayers (columns
2-4), and switchers (columns 5-7). There are three samples of stayers (and switchers) be-
cause we define stayers (and switchers) based on the 1, 2, and 3-digit occupational coding.
Among all workers 40.2% are female. The percentage of female workers varies between
37.6% and 39.5% among stayers and 40.5% and 42% among the switcher sample. The av-
erage number of years of education among all workers is 13.82 years. Stayers have slightly
more education than switchers. Average education varies between 14.9 and 14.38 years
among the stayer samples and they vary between 13.44 and 13.51 years for the switcher
samples. Stayers are more proficient in English than switchers are. In our data between
53.3% and 61.3% of stayers have “very good” English speaking skills. On the other hand,
between 32.7% and 35.2% of switchers have an English proficiency categorized as “very
good.” We use interviewer reported measure for fluency in spoken english which is avail-
able for all interviewees. The measure takes a value of one through four with one for very
good English to four for poor English. The variables takes five in the interview was con-
ducted in a language other than English because the interviewees were not comfortable in
answering questions in English.

We classify the immigrant source countries into two groups: low-income and high-
income. The countries and regions with a per capita income of 30% or more compared
to the U.S. are classified as high income (Canada, South Korea, Europe and Central Asia,
and Poland).* The high-income groups makes up 23.74% of the entire sample. Therefore,
the majority of immigrants are from low income countries. Stayers, at the 2-digit level,

consists of approximately the same proportion as the entire sample (23.34%).

4We use per capita GDP in 2000 for comparison. The data on GDP per capita for countries and regions
was obtained from http://databank.worldbank.org/data/views/reports/tableview.aspx. Caribbean countries are
classified by the World Bank as being high-income. However, NIS classifies immigrants hailing from Latin
America and Caribbean region. It is not possible to distinguish immigrants from either Latin America or

Caribbean. Therefore, these immigrants are categorized as coming from low-income countries.
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Immigrants in this sample received their green card in one of the following categories:
employment based, spouse of an U.S. citizen, diversity, refugee or asylee, spouse of prin-
cipal immigrant, and other (family based). There are difference in the distribution of visa
types for stayer and switcher samples. For example, between 30.5% and 43.7% (12.2% and
12.7%) of stayer (switcher) samples are employment principles (their employer sponsored
their green card). Finally, in wage regressions we control for the number of years between
last source country job and first U.S. job to account for any potential depreciation of human
capital.

The primary outcome variable of interest is the (log of) hourly wage of the immigrant’s
first job in the U.S. - Winsorized (replacement of values in the bottom and top tails (outliers)
of the distribution equal to the next nearest value) at the one percent level to reduce the
influence of outliers. The Winsorized wage distribution has a minimum hourly wage of
$1.93 and maximum hourly wage of $153.60. All wages are in 2003 prices. Average
hourly wage of the stayers was between $18.09 and $21.34 and $10.48 and $11.35 for

switchers.

3.4 Results

We begin with kernel weighted local polynomial regressions with (log of) first U.S. wage
against source country GE. The results are shown in Figure 3.2. In the figures, we restrict
our attention to source country GE less than or equal to 15 years. About 70% of immigrants
in our sample have 15 or less years of source country GE. Figure 3.2 has three panels for
three levels of occupational granularity that determines which immigrants are classified as
stayers and which immigrants are classified as switchers. Panel (a) is for 1-digit, Panel
(b) is for 2-digit, and Panel (c) is for 3-digit occupational granularity. Each panel shows
three lines: bold line represents all immigrants, dash-dot line represents stayers (i.e. those

who did not switch occupation after immigrating to the U.S.) and the dashed line represents
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switchers. In each panel, the dashed line is almost flat, suggesting that the switchers receive
very little to no return to their source country GE. The dash-dot line (stayers) of the other
hand, is relatively steep, suggesting that wages are positively associated with source coun-
try GE (especially for the first five years or so) among immigrants who stay in their source
country occupation after immigrating to the U.S. The bold line (all immigrants combined)
is a combination of these two groups. While in all three panels the dash-dot line suggests a
positive association between U.S. wage and source country GE, we should note that the the
dash-dot line is steepest in Panel (c) (3-digit occupational classification). The result that
the slope of the dash-dot line increases with occupational granularity suggests that, source
country OE may be an important determinant of U.S. wage. We further explore these issues

below in sub-Sections 3.4.1 and 3.4.2.

3.4.1 Returnsto GE

We start by estimating the following wage regression (non-linear terms not shown in the

equation to reduce clutter).

The dependent variable, w;, is the log of hourly wage rate of immigrant ¢ in the first
U.S. job. The vector of individual characteristics is denoted by X; and includes the im-
migrant’s years of education in source country, gender, proficiency in English, visa type,
number of years between last source country job and first U.S. job, region of residence in
the U.S., source country fixed effects, and entry year fixed effects. Since previous literature
on transferability of source country work experience have only included returns to GE, we
start with a specification where we include only GE. We use a flexible functional form with
up to the fourth order work experience terms as suggested by Murphy and Welch (1990).

They show that standard (quadratic) Mincer earnings function understates the early career
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earnings growth and overstates mid-career earnings growth. In our regressions we divide
squared, cubed, and quartic terms by 1000 to re-scale the coefficients.

Table 3.2 presents the results based on the first U.S. wage regressions. We estimate
this equation for all workers (column 1) and then separately for stayers (columns 2-4) and
switchers (columns 5-7). The classification of who is a stayer (or switcher) depends on the
granularity of occupational definitions. When we define occupation at the 1-digit level, we
have 1006 stayers and 1454 switchers. At the 2-digit level, we have 694 stayers and 1766
switchers. At the 3-digit level, we have 551 stayers and 1909 switchers.

We first discuss the estimates for all workers (column 1). All the control variables have
expected signs. For example, each year of source country education increases wage by
3.4%. Female workers earn 11.2% less than male workers. Workers with “very good”
English speaking skills earn 16.7% more than individuals who were interviewed in a lan-
guage different from English (presumably because the interviewees were not comfortable
in answering questions in English). Next we discuss returns to work-experience.

Since GE enters the wage equation in a quartic way, we present the cumulative returns
to three, five, and ten years of GE in order to discuss the magnitude of the association.
The cumulative results are shown in Table 3.3. We present the returns for all workers
(column 1) and then separate samples into stayers (columns 2-4) and switchers (columns
5-7). Estimates for all workers (column 1) suggest that a worker with three years of GE
will earn 10.6% more than a worker without any GE. The cumulative effects of five and ten
years of GE are 15.1% and 19.7% respectively. All are significant at the 1% level.

Columns 2-4 in Table 3.3 show the returns to GE for stayers. Estimates suggest that
returns to GE are substantial and statistically significant among stayers. For example, return
to three years of GE is between 15.7% and 25.8% for an immigrant who remains in his/her
source country occupation after immigrating to the U.S. The corresponding return to 5 (10)

years of GE is between 22.1% and 36.4% (27.9% and 47.2%). Furthermore, the returns are
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highest when we define stayer in the most granular way (i.e. they remain in same 3-digit
occupation after immigrating to the U.S.). On the other hand, the return to GE is small
and never significant for those who switched occupations after immigrating to the U.S.
(columns 5-7). This suggests that relatively low returns to GE in the sample of all workers
(column 1) is driven by the negligible returns to GE among switchers. This result confirms
that the uni-variate association association between source country work-experience and
U.S. wage presented in Figure 3.2, survives adding a extensive set of control variables. This
suggests that low returns to GE reported in the previous literature (discussed in Section 3.2)
may be a result of the large fraction of immigrants switching occupations after immigrating
to a host country. In our data we find that between 59.1% (at 1-digit occupational level)
and 77.6% (at 3-digit occupational level) immigrants switch occupation after immigrating

to the U.S.

3.4.2 Returns to Experience GE, OE, and TE

Given the evidence that immigrants who stay in their source country occupation receive sig-
nificant return to their source country work experience, we explore which component(s) of
source-country work-experience are portable and which are not. To that effect, we estimate
a regression equation with GE, OE, and TE (non-linear terms not shown in the equation to

reduce clutter) (Gathmann and Schonberg, 2010).

Each type of experience enters the wage equation in a quartic functional form. In our
baseline analysis we use 3-task measures (Abstract, Routine, and Manual) to create source
country TE (Autor et al., 2003; Autor and Handel, 2013). We also conducted parallel anal-
ysis using 5-task measures (NRCA, NRCI, RCOG, RMAN, NRMN) using the definitions

in Acemoglu and Autor (2011). We briefly mention but do not discuss them in details in
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the text of this paper as the results provide similar conclusions. We include results from
5-task specification in Appendix tables.

Again, we estimate this regression equation for all workers and then separately for stay-
ers and switchers. In each case, we estimate the returns to various types of work-experience
for occupations categorized at the 1, 2, and 3-digit levels. In regressions, we include the
same set of control variables reported in Table 3.2. We do not report the coefficient esti-
mates for these regressions and directly report the returns to cumulative returns to GE, OE,
and TE.

Results for all workers, Table 3.4 (columns 1-3), suggest that once we include OE and
TE, the returns to GE is small and insignificant. For all levels of occupational granularity,
returns to GE is statistically insignificant at all conventional levels. we focus our discussion
on the results from OE defined at the 2-digit level (Column 2 or 2-digit OE) but the results
are qualitatively similar across all columns (1-3) for all-worker sample. Column 2 shows
that a worker with three years of GE will earn 4.8% more than a worker without any GE.
The cumulative effects of five and ten years of GE are 6.5% and 7.4%, respectively. On the
other hand, a worker with three years of OE will earn 17.0% more than a worker without
any OE. The cumulative effects of five (ten) years of OE is 22.5% (23.8%). All of these are
statistically significant at the 1% level. Comparing columns 1 and 3 to column 2 suggests
that the return to OE is highest when occupations are defined in the most granular (3-digit)
way. We also find that the returns to Abstract TE is positive and significant. A worker
with three years of Abstract TE earns 10.0% more than a comparable worker without any
Abstract TE (column 2). Similarly, a worker with five years of Abstract TE earns 16.2%
more than a comparable worker without any TE. The corresponding number for ten years
of Abstract TE is 29.0%. All of them significant at 1%. Returns to Routine and Manual TE
are generally small and insignificant. In some cases, they are negative.

In the stayer sample (columns 4-6), when we focus on 1-digit OE (column 4) the cu-
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mulative returns to GE and OE is insignificant. However, the returns to Abstract TE is
statistically significant. At the 2-digit level cumulative returns to OE and Abstract TE are
significant. The return to GE remain insignificant. At the 3-digit level returns are insignif-
icant. In the switcher sample (columns 7-9), cumulative return to GE is never significant.
Return to OE is significant only at the 3-digit level. However, the return to Abstract TE
is always substantial and statistically significant. A switcher with three years of Abstract
TE earns between 12.7% and 15.4% more than a otherwise comparable switcher without
any Abstract TE. Similarly, a switcher with five years of Abstract TE earns between 20.6%
and 24.7% more than a otherwise comparable switcher without any Abstract TE. Returns
to other types of TE are insignificant in both stayer and switcher samples.

Comparing the estimates from three different occupational granularity suggest that
some results are common across all samples and specifications, but in other cases not only
does the statistical significance vary, but the economic significance of the estimates vary as
well. One result that is always true is that once we account for OE and TE, returns to GE is
never significant. The returns to OE is significant at all occupational granularity among all
workers but only at the 2-digit level for stayers, and 3-digit level among switchers. Returns
to Abstract TE is almost always significant across all samples but returns to other types of
TE (Routine and Manual) are not significant.

One potential reason for such inconsistent results for returns to OE may be that mis-
classification of occupation due to retrospective nature of the survey, which may be more
important when there is less variation to start with (within stayer and switcher samples).
Previous literature in this area have noted that that 1-digit may be too coarse and 3-digit
aggregation may be too noisy or produce small sub-samples (Mellow and Sider, 1983;
Cortes and Gallipoli, 2017). Given the previous literature that 1-digit is too coarse and 3-
digit is too noisy, we focus our discussion on the results from OE defined at the 2-digit level.

This may also help with measurement error due to recall problems that are more prevalent in
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retrospective surveys (Kambourov and Manovskii, 2012; Moscarini and Thomsson, 2007).

While we have discussed the relative importance of returns to different types of expe-
riences (GE, OE, and TE), from a pragmatic perspective, a more pertinent question may
be the magnitude of joint return. For example, how much more would an immigrant with
specific amounts of GE, OE, and TE earn compared to an otherwise comparable immigrant
without any source country work-experience. We present these results in Figure 3.3. For
this illustration we use estimates at 2-digit occupational categories. Our estimates suggest
that an immigrant with 10 years of GE, but no OE or TE would earn 7.4% (but not signif-
icant) more than an immigrant without any work-experience. An immigrant with 10 years
of GE, three years of OE, and no TE would earn 24.4% (significant at 1%) more than an
immigrant without any work-experience. An immigrant with 10 years of GE, three years
of OE, and three years of Abstract TE would earn 34.4% (significant at 1%) more than an
immigrant without any work-experience. Our results for stayers (Figure 3.3) suggest that
a stayer with 10 years of GE, no OE, and no TE would earn 4.0% (but not significant)
more than an immigrant without any work-experience. A stayer with 10 years of GE, three
years of OE, and no TE would earn 30.2% (significant at 10%) more than an immigrant
without any work-experience. A stayer with 10 years of GE, three years of OE, and three
years of Abstract TE would earn 36.1% (significant at 5%) more than an immigrant without
any work-experience. Our results for switchers (Figure 3.3) suggest that a switcher with
10 years of GE, no OE, and no TE would earn 4.9% (but not significant) more than an
immigrant without any work-experience. A switcher with 10 years of GE, three years of
OE, and no TE would earn 13.8% (but not significant) more than an immigrant without
any work-experience. A switcher with 10 years of GE, three years of OE, and three years
of Abstract TE would earn 26.7% (significant at 1%) more than an immigrant without any
work-experience. Therefore, these results suggest that even the switchers may receive eco-

nomically and statistically significant return if they have OE and Abstract TE.
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To represent the results regarding the returns to GE, OE, and TE in a third way, we ask
the following question: how much more would an immigrant with average work experi-
ence earn compared to an immigrant without any work experience. When we consider all
immigrants in our sample, an average immigrant has about 12 years of GE, 2 years of OE,
2 year of Abstract TE, 1 year of Routine TE, and 1 year of Manual TE (rounded to nearest
integer). An immigrant with such a work-experience profile will earn 24.5% more (signif-
icant at 1%) more than immigrant without any work experience (see Figure 3.4). In the
stayer sample, average (rounded to nearest integer) GE, OE, Abstract TE, Routine TE, and
Manual TE is about 11 years, 8 years, 4 years, 1 year, and 1 year respectively. A stayer with
these characteristics will make about 33.8% more (significant at 10%) more than immigrant
without any work experience (see Figure 3.4). In the switcher sample, average (rounded
to nearest integer) GE, OE, Abstract TE, Routine TE, and Manual TE is about 12 years,
0 year, 1 year, O year, and 1 year respectively. A switcher with these characteristics will
make about 9.2% more (not significant) more than immigrant without any work experience
(see Figure 3.4).

As we mentioned earlier we also estimated the wage equation with the 5-task specifi-
cation. The results for GE and OE are similar to those reported above with 3-task specifi-
cation. Results also indicate that NRCA TE is the only one that is consistently significant
across specifications and samples. This is consistent with 3-task specification and implies
that returns to Abstract task is mostly coming from NRCA TE but not NRCI TE. The

detailed results are in Tables 3.A.2 through 3.A.6.

3.4.3 Robustness

One concern with OLS estimates is that we are not accounting for unobserved heterogene-
ity. As previously discussed, immigrants with high OE may have unobservable differences

from individuals with low OE. The positive and significant returns to OE and TE reported



153

from the OLS wage regression may reflect underlying ability differentials. To address
this, in addition to observable characteristics, we control for an immigrant worker’s source
country wage in the first job in their source country. Source country wages may reflect
unobserved characteristics (such as ability, motivation) that are not reflected in the current
set of control variables. In the NIS data, source country wages are available at two points
of time: when they started working in their source country and in their last source coun-
try job before they immigrated to the U.S. We use first source country job wage for two
reasons: 1) their GE, OE, and TE at the time of their first source country job is zero so
that wage reflects the effects of education and unobservables, but not the effect of GE, OE,
and TE. 2) it may best reflect the unobservable traits that are easily observed by employers
and therefore best reflects the unobservables affecting their wage at their first U.S. job. In
our sample first source country job wage is available for 1693 immigrants out of a total of
2459 immigrants. Estimates for all workers suggest than the returns to GE are statistically
insignificant, but the return to OE, and Abstract TE is positive and significant.

Panels (a) and (b) of Figure 3.5 show the results. Panel (a) present the results form
wage regression based on sample of immigrants for who source country wage is available
(1693 immigrants), but does not control for source country wage. Panel (b) shows results
when we add source country wage as an additional control. Panel (a) ((b)) suggest that an
immigrant with 10 years of GE, but no OE or TE would earn 0.5% (1.7%) more than an
immigrant without any work-experience. Neither is statistically significant. An immigrant
with 10 years of GE, three years of OE, and no TE would earn 17.2% (17.9%) more than an
immigrant without any work-experience in panel (a) ((b)). Both estimates are significant at
5%. An immigrant with 10 years of GE, three years of OE, and three years of Abstract TE
would earn 28.0% (28.4%) more than an immigrant without any work-experience in Panel
(a) ((b)). Both estimates are significant at 1%.

An alternative way to illustrate returns to work-experience is how much more an im-
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migrant with average work-experience earn compared to an immigrant without any work
experience. Average (rounded to nearest integer) GE, TE, Abstract TE, Routine TE, and
Manual TE in this sample is 11, 3, 2, 0, 1 years, respectively. Figure 3.6 suggest that when
we do not control for source country wage the total return to this work-experience portfolio
is 24.1%, and when do control for source country wage it is 24.9% (see Figure 3.6). This
suggests that unobserved heterogeneity may not have a substantial effect on the estimated

returns to experience.

3.4.4 Heterogeneity in the Returns to Experience

In this section we explore the heterogeneity in the returns to work experience in two di-
mensions: the first one is based on skill level of the immigrant (high skill vs. low skill) and

the second one is based on the source country income (high-income vs. low-income).

Heterogeneity in the Returns to Experience: high-skill vs. low-skill immigrants

Farber and Gibbons (1996) show that the return to GE is higher for more educated individ-
uals. Dustmann and Meghir (2005) show similar results for OE. Kwon and Milgrom (2014)
show that the value of occupation-specific human capital is higher in occupations requiring
higher levels of education. However, these papers focus on native populations. We check
whether a similar result holds for source country work-experience of immigrants. Im-
migrants may face occupational downgrading after immigrating to the host country (Bauer
and Zimmerman, 1999; Akresh, 2008; Chiswick and Miller, 2008; Imai et al., 2017). There
is no consensus on the relationship between immigrants’ skills and occupational down-
grading. In our sample, occupation switch rate varies between between 32.8% and 42.4%
(depending on occupational granularity) for immigrants without a college degree, but is
between 26.3% and 35.2% for those with a college degree or more. To determine if the re-

turn to work-experience varies with the level of educational attainment of immigrants, we
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estimate separate regressions for high-skilled (those with a college degree) and low-skilled
(those without a college degree) workers.

Panels (a) and (b) in Figure 3.7 present the cumulative returns to GE, OE, and TE for
low-skilled (without college degree) workers and high-skilled (with college degree) work-
ers respectively. In our sample 1229 (49.96%) immigrants have a college degree and 1231
(50.04%) immigrants do not have a college degree. The return to 10 years of GE is 6.9%
for low-skilled workers and 3.7% for high-skilled workers. If a low-skilled immigrant have
10 years of GE and 3 years of OE then he will earn 13.3% (not significant) more than a
comparable low-skilled immigrant without any work-experience. On the other hand, if a
high-skilled immigrant have 10 years of GE and 3 years of OE then he will earn 22.1%
(significant at 10%) more than a comparable low-skilled immigrant without any work-
experience. If a low-skilled immigrant have 10 years of GE and 3 years of OE, and 3
years of Abstract TE then he will earn 27.5% (significant at 1%) more than a comparable
low-skilled immigrant without any work-experience. On the other hand, if a high-skilled
immigrant have 10 years of GE and 3 years of OE, and 3 years of Abstract TE then he will
earn 30.4% (significant at 1%) more than a comparable low-skilled immigrant without any
work-experience. This suggests that if they had similar GE, OE, and Abstract TE they may
get similar returns. However, the average experience is different across these two groups.
Average GE, OE, Abstract TE, Routine TE, and Manual TE for low-skilled workers are
13, 2, 1, 1, and 2 years respectively. The corresponding numbers for high-skilled workers
are 11, 3, 4, 0, and 0 years. Given these, a low-skilled (high-skilled) immigrant with av-
erage work-experience profile earns 19.8% (32.2%) more than a low-skilled (high-skilled)

immigrant without any work-experience (see Figure 3.6).
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Heterogeneity in the Returns to Experience: high-income vs. low-income source coun-

tries

Source country heterogeneity may be another important source of worker unobservables
(Adsera and Chiswick, 2007). Aydemir and Skuterud (2005) found that immigrants form
“non-traditional” (mostly developing countries) who immigrate to Canada get a lower re-
turn to their source country GE. While the analysis above uses source country fixed effects
to identify parameters from within-country variation the estimated parameters still repre-
sent the average for the full sample. To check whether returns to GE, OE, and TE vary
by source country characteristics (namely income), we group the source countries into two
categories: low-income and high-countries as described in Section 3.3.

Panels (c) and (d) of Figure 3.7 show the results for immigrants originating in high-
income and low-income countries respectively. In our sample 584 (23.74%) immigrants
are from high income countries and 1876 (76.26%) immigrants are from low-income coun-
tries. The return to 10 years of GE is 6.3% for immigrants from low-income countries and
18.2% for immigrants from high-income countries. Neither is statistically significant. If
an immigrant from a low-income country has 10 years of GE and 3 years of OE then he
will earn 23.3% (significant at 5%) more than a comparable immigrant without any work-
experience. On the other hand, if an immigrant from a high-income country has 10 years
of GE and 3 years of OE then he will earn 30.8% (significant at 10%) more than a com-
parable without any work-experience. If an immigrant from a low-income country have
10 years of GE and 3 years of OE, and 3 years of Abstract TE then he will earn 32.8%
(significant at 1%) more than a comparable immigrant without any work-experience. On
the other hand, if an immigrant from a high income country have 10 years of GE and 3
years of OE, and 3 years of Abstract TE then he will earn 45.3% (significant at 1%) more
than a comparable low-skilled immigrant without any work-experience. This suggests that

returns to work experience is higher for immigrants from high-income countries compared
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to low-income countries. Average GE, OE, Abstract TE, Routine TE, and Manual TE for
immigrants from low-income countries are 12, 2, 2, 1, and 1 years respectively. The cor-
responding numbers for high-skilled workers are 13, 3, 3, 1, and 2 years. Given these,
an immigrant from low-income (high-income) country with average work-experience pro-
file earns 23.7% (39.2%) more than an immigrant from low-income (high-income) country

without any work-experience (see Figure 3.6).

3.5 Discussion and Conclusion

This article sheds new light on portability of human capital using data from new immigrants
to the U.S. Using wages earned by immigrants on their first job in the U.S., we show that
human capital may be more portable across countries than have been previously reported.
In particular, we show that the return to source country GE is negligible, which is consis-
tent with previous literature. However, even though the return to source country general
experience is small or even negligible, returns to occupation-specific experience accumu-
lated in the source country is statistically and economically significant. Moreover, we find
that task-specific human capital is an important component, and human capital associated
with Abstract tasks are transferable across countries. We find consistent evidence that Ab-
stract TE, especially Non-Routine Cognitive: Analytical (NRCA) TE acquired in source
countries of the immigrants have significant wage returns in the U.S. However, we find that
while analytical TE is transferable, but interpersonal TE is not.> This may stem from the
fact that NRCI skills are more closely tied to English skills than are those associated with
performing NRCA tasks. This evidence of little to no transferability of interpersonal task-
specific human capital may also explain why large number of immigrants switch out of

NRCI intensive occupations after immigrating to a host country (Peri and Sparber, 2009).

3 Abstract is a normalize summation of NRCA and NRCI and therefore is a composite of both NRCA and

NRCIL
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We also find that routine or manual skill acquired in the source countries of the immigrants
do not bring significant wage return in the U.S. We are not aware of any previous research
that have estimated returns to source country OE and TE for immigrants.

Another salient result from the evidence provided above, is the importance of how
occupations are defined. The more granular an occupation is defined as, the greater the
likelihood that a respondent reports the incorrect occupation. To illustrate the sensitivity of
returns to OE in regards occupational coding, we perform a counterfactual exercise where
we define our OE measure at the 1-digit level, but classify stayers at the three levels of oc-
cupational aggregation. In essence, we are holding OE constant across stayers, but varying
the sample size of stayers. The sample of stayers are the same as reported above for each
level of occupational granulation. Figure 3.B.1 indicates that when estimating returns to
source country experience the definition of occupation matters. Although returns to OE are
greater at the 3-digit level, each additional year of OE (over the first five years) is associated
with greater wage growth at the 2-digit level. Furthermore, returns after five years of OE
decline more for stayers at the 1-digit aggregation than at higher levels.

We should note that in regards to task-specific experience we are approximating a
source country’s occupation technologies using U.S. (ONET) data. Although there is some
evidence that the rankings of tasks are similar across countries (Dicarlo et al., 2016), the
specificity of technologies and therefore their rankings may differ at different levels of
occupational coding. It is plausible that at the 1-digit level occupations are too broadly
defined and given such a broad definition, composite technologies of occupations at this
level do vary across countries. Similarly, at the 3-digit level occupation technologies may
be too specific and approximating tasks across countries based on rank may not be the most

consistent. Further exploration of these issues may be pursued by future researchers.
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Table 3.1: Summary Statistics
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All Workers Stayers Switchers

1-Digit 2-Digit 3-Digit 1-Digit 2-Digit 3-Digit

Hourly wage 13.589 18.087 19.674 21.34 10477 11.197 11.35
(15.882)  (19.697) (19.717) (20.23) (11.610) (13.359) (13.59)

Education 13.820 14.375 14725 14.898 13.437 13.465 13.509
(4.000) (3.969) (3.751) (3.817) (3.975) (4.038) (3.997)

English (Very Good) 0.411 0.533 0.597 0.613  0.327 0.338  0.352
(0.492) (0.499) (0.491) (0.487) (0.469) (0.473) (0.478)

English (Good) 0.140 0.132 0.120 0.118  0.145 0.148  0.146
(0.347) (0.339) (0.325) (0.323) (0.352) (0.355) (0.353)

English (Average) 0.057 0.036 0.029 0.031 0.072 0.069  0.065
(0.232) (0.186) (0.167) (0.173) (0.259) (0.253) (0.247)

English (Poor) 0.031 0.029 0.024 0.022  0.033 0.034  0.034
(0.174) (0.167) (0.155) (0.146) (0.179) (0.181) (0.181)

English (Very Poor) 0.361 0.270 0.231 0.216  0.423 0412  0.402
(0.480) (0.444) (0.421) (0.412) (0.494) (0.492) (0.490)

Female 0.402 0.377 0.395 0376  0.420 0.405 0.410
(0.490) (0.485) (0.489) (0.485) (0.494) (0.491) (0.492)

Employment Principle 0.197 0.305 0.373 0437  0.122 0.127  0.127
(0.398) (0.461) (0.484) (0.497) (0.327) (0.333) (0.333)

Spouse of US Citizen 0.113 0.098 0.089 0.078  0.124 0.123  0.124
(0.317) (0.298) (0.285) (0.268) (0.329) (0.328) (0.329)

Diversity Principle 0.122 0.083 0.053  0.051  0.150 0.149  0.143
(0.328) (0.275) (0.225) (0.220) (0.357) (0.357) (0.350)

Spouse of Principle 0.308 0.304 0.301  0.279  0.310 0.310 0.316
(0.462) (0.460) (0.459) (0.449) (0.463) (0.463) (0.465)

Region of Residence (East) 0.369 0.387 0.379 0377  0.356 0.365 0.366
(0.483) (0.487) (0.485) (0.485) (0.479) (0.481) (0.482)

Region of Residence (West) 0.275 0.271 0.261 0.260 0.278 0.281 0.280
(0.447) (0.445) (0.439) (0.439) (0.448) (0.450) (0.449)

Region of Residence (South) 0.184 0.183 0.192  0.176  0.185 0.181  0.186
(0.388) (0.387) (0.394) (0.381) (0.388) (0.385) (0.390)

Years Between Last Source Job and US Job 1.924 1.744 1.643 1421 2.049 2.035  2.069
(3.709) (3.633) (3.693) (3.130) (3.758) (3.711) (3.849)

Workers 2,460 1,006 694 551 1,454 1,766 1,909

Standard deviations are denoted in parentheses.
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All Stayers Switchers
1-Digit 2-Digit 3-Digit 1-Digit 2-Digit 3-Digit
GE 0.0441%**  0.0671*%*  0.0968**  0.1091** 0.0220 0.0182 0.0191
(0.0165) (0.0308) (0.0394) (0.0461) (0.0183) (0.0177) (0.0170)
square -3.1734%*%  -5.3253%  -7.8664%*  -8.4873* -1.1747 -0.8613 -1.0127
(1.5939) (3.0278) (3.9854) (4.6013) (1.7558) (1.7095) (1.6480)
cubic 0.0798 0.1577 0.2429 0.2601 0.0149 0.0053 0.0117
(0.0572) (0.1100) (0.1493) (0.1714) (0.0627) (0.0608) (0.0590)
quartic -0.0007 -0.0016 -0.0026 -0.0029 0.0000 0.0001 0.0001
(0.0007) (0.0013) (0.0018) (0.0021) (0.0007) (0.0007) (0.0007)
Female -0.1146%** -0.1306%** -0.1394%** -0.1811%** -0.0833*** -0.1000%** -0.0954%***
(0.0234) (0.0421) (0.0505) (0.0589) (0.0270) (0.0255) (0.0246)
Education 0.0343%**  0.0425%**  0.0395*** 0.0421*** 0.0282*** 0.0313*** (0.0312%%*%*
(0.0035) (0.0066) (0.0089) (0.0111) (0.0040) (0.0037) (0.0036)
Eng: Very Good 0.1901%** 0.2190%** (0.3175%%*% (0.3378*%* (.1424%** (.1196%** (0.1397***
(0.0370) (0.0653) (0.0858) (0.1110) (0.0424) (0.0399) (0.0382)
Eng: Good 0.0464 0.1140*  0.2325%** (.3001%** 0.0098 0.0101 0.0127
(0.0382) (0.0631) (0.0854) (0.1075) (0.0478) (0.0432) (0.0409)
Eng: Average 0.0030 0.1244 0.1690 0.1922 0.0323 0.0036 0.0074
(0.0431) (0.1023) (0.1462) (0.1663) (0.0450) (0.0445) (0.0434)
Eng: Poor -0.0051 -0.0613 0.0757 -0.0095 0.0339 -0.0210 -0.0014
(0.0468) (0.0953) (0.1242) (0.1597) (0.0494) (0.0480) (0.0450)
Constant 1.8596%**  1.5168%*** 1.5945%*% 1.4258*** 22338*** ]9325%** 1.9323%%*
(0.1590) (0.2438) (0.2741) (0.2974) (0.2412) (0.2461) (0.2362)
Other Controls
Work Gap X X X X X X X
Visa Type X X X X X X X
Region X X X X X X X
Entry Year X X X X X X X
Source FE X X X X X X X
N 2,459 1,006 694 551 1,453 1,765 1,908
R? 0.41 0.47 0.48 0.48 0.30 0.32 0.32

Robust standard errors are reported in parentheses

*0.10, ** 0.05, and *** 0.01 denote significance levels

Control Work Gap denotes time between immigration and employment in first US job

Visa Types: employment based, spouse of an US citizen, diversity, refugee or asylee, spouse of principal immigrant, and other
(family based)
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Table 3.3: OLS Estimates of Cumulative Returns to Source Country General Experience (Quar-

tic)

All Stayers

1-Digit  2-Digit  3-Digit

Switchers

1-Digit 2-Digit  3-Digit

3 Years of GE  0.1059%*** 0.1574** (0.2260%**  (0.2576**
(0.0371)  (0.0688)  (0.0874) (0.1026)

5 Years of GE ~ 0.1508*** (0.2208** (0.3161%** (.3638***
(0.0506)  (0.0933)  (0.1180) (0.1391)

10 Years of GE  0.1969***  (0.2792%*  (0.3980%*** (0.4734%**
(0.0606)  (0.1100)  (0.1378) (0.1639)

0.0557  0.0471  0.0486
(0.0412) (0.0399) (0.0383)

0.0823  0.0704  0.0718
(0.0564) (0.0544) (0.0523)

0.1175*  0.1029  0.1021
(0.0683) (0.0651) (0.0627)

N 2,459 1,006 694 551

1,453 1,765 1,908

Standard errors are in parentheses
*0.10, ** 0.05, and *** 0.01 denote significance levels
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All Immigrants Workers Stayers Switchers
1-Digit 2-Digit 3-Digit 1-Digit ~ 2-Digit  3-Digit  1-Digit 2-Digit 3-Digit
3 Years of GE 0.0291 0.0478 0.0421 0.0658 0.0507 0.1632  0.0449 0.0254 0.0114
(0.0368)  (0.0373)  (0.0368)  (0.1165) (0.1336) (0.1556) (0.0429) (0.0401)  (0.0386)
5 Years of GE 0.0402 0.0654 0.0593 0.0838 0.0617  0.2297  0.0645 0.0367 0.0185
(0.0502)  (0.0510)  (0.0504) (0.1573) (0.1806) (0.2080) (0.0588)  (0.0548)  (0.0528)
10 Years of GE 0.0470 0.0744 0.0718 0.0707 0.0395 0.3011  0.0866 0.0490 0.0283
(0.0606)  (0.0621)  (0.0614)  (0.1845) (0.2148) (0.2457) (0.0715) (0.0667)  (0.0641)
3 Years of OE 0.1526%#* 0.1699*** 0.2024***  (0.1043  0.2623** 0.1176  0.1109 0.0891 0.1184*
(0.0250)  (0.0306)  (0.0337)  (0.1199) (0.1255) (0.1449) (0.0754) (0.0577)  (0.0660)
5 Years of OE 0.2033%#* (0.2251%** (.2719***  0.1387  0.3516** 0.1596  0.0642 0.1056  0.2672%*
(0.0316)  (0.0374)  (0.0413)  (0.1575) (0.1640) (0.1868) (0.0899) (0.0752)  (0.1224)
10 Years of OE 0.22627%%% (.2381*** (.3059***  (0.1582  0.3941** 0.1910 -0.0871 0.0513 0.1871
(0.0390) (0.0414)  (0.0458) (0.1704) (0.1758) (0.1933) (0.1314) (0.1341)  (0.1827)
3 Years of Abstract  0.1239%** (0.0997*** 0.1066*** 0.0911*** 0.0588%* 0.0443 0.1272%%* (.1292%** (.1541%%**
(0.0196)  (0.0186)  (0.0186)  (0.0267) (0.0304) (0.0384) (0.0428) (0.0295)  (0.0300)
5 Years of Abstract  0.2017#%* 0.1623*** (.1738*** (.1376*** (0.0846* 0.0609 0.2065%** (.2086*** (.2473***
(0.0311)  (0.0295)  (0.0295)  (0.0450) (0.0500) (0.0628) (0.0658) (0.0466)  (0.0470)
10 Years of Abstract 0.3614%** (0.2898*#* (.3104*** 0.1911**  0.0944  0.0508 0.3653*** (.3588*** (.4141%%**
(0.0505)  (0.0478)  (0.0484)  (0.0955) (0.1067) (0.1334) (0.0929) (0.0736)  (0.0715)
3 Years of Routine -0.0317  -0.0380  -0.0204  -0.0223  0.0281 0.0011 -0.0452  -0.0384  -0.0079
(0.0252)  (0.0292)  (0.0216)  (0.0294) (0.0593) (0.0864) (0.0725) (0.0399)  (0.0247)
5 Years of Routine -0.0542  -0.0593  -0.0314  -0.0287  0.0629 0.0047 -0.0247  -0.0574  -0.0116
(0.0400)  (0.0460)  (0.0347)  (0.0465) (0.0934) (0.1362) (0.1029) (0.0624)  (0.0395)
10 Years of Routine  -0.1124*  -0.0866  -0.0445  -0.0124  0.2059 0.0217  0.2636 -0.0636  -0.0121
(0.0638)  (0.0715)  (0.0579)  (0.0799) (0.1498) (0.2213) (0.2620)  (0.0927)  (0.0655)
3 Years of Manual -0.0273  -0.0128  -0.0295*  -0.0262  -0.0157 -0.0371 -0.0281 -0.0040  -0.0209
(0.0194)  (0.0185)  (0.0175)  (0.0336) (0.0468) (0.0553) (0.0357) (0.0210) (0.0184)
5 Years of Manual -0.0437  -0.0225  -0.0490*  -0.0389  -0.0319 -0.0583 -0.0411 -0.0084  -0.0355
(0.0313)  (0.0296)  (0.0280)  (0.0563) (0.0765) (0.0929) (0.0552) (0.0337)  (0.0296)
10 Years of Manual ~ -0.0744  -0.0522 -0.0935** -0.0458  -0.0963 -0.0953 -0.0426  -0.0269  -0.0727
(0.0533)  (0.0495)  (0.0465)  (0.1135) (0.1459) (0.1949) (0.0797)  (0.0570)  (0.0503)
N 2,459 2,459 2,459 1,006 694 551 1,453 1,765 1,908

Standard errors are in parentheses

*#0.10, ** 0.05, and *** 0.01 denote significance levels
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3.7 Figures

Figure 3.1: Average Experience by Sample and Digit
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Figure 3.2: Kernel Weighted Local Polynomial - Returns to General Experience
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Figure 3.4: Returns to Source Country Experience for the Average Immigrant - 2-Digit
Level
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Figure 3.5: Returns to Experience: Source Country Wage Sample - 2-digit Level
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Figure 3.6: Average Returns to Experience
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Table 3.A.1: NIS Interview Questions and Classification as Stayer, Switcher, and Non-

Participants

Occupation in First Occupation In Last Occupation in First Classification Type

Source Country Job Source Country Job U.S. job
X X X Stayer I
X Y Y Stayer II
X Y X Switcher I
X X Y Switcher I
X Y Z Switcher II

Not Working

Non-participants




Table 3.A.2: OLS Estimates of Cumulative Returns to Source Country GE, OE, and TE (Quartic)
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Al Tmmigrants Workers Stayers Switchers
1-Digit 2-Digit 3-Digit 1-Digit  2-Digit  3-Digit 1-Digit 2-Digit 3-Digit
3 Years of GE 0.0398 0.0448 0.0443 0.1139  -0.0043  0.1525 0.0575 0.0319 0.0245
(0.0365)  (0.0375) (0.0373)  (0.1192) (0.1380) (0.1543)  (0.0424)  (0.0404)  (0.0394)
5 Years of GE 0.0568 0.0654 0.0650 0.1471 0.0042  0.2298 0.0841 0.0485 0.0386
(0.0498)  (0.0514) (0.0510)  (0.1605) (0.1849) (0.2069)  (0.0582)  (0.0554)  (0.0539)
10 Years of GE 0.0763 0.0901 0.0885 0.1346 0.0432  0.3502 0.1216* 0.0728 0.0590
(0.0604)  (0.0628) (0.0620)  (0.1866) (0.2133) (0.2405)  (0.0718)  (0.0678)  (0.0653)
3 Years of OE 0.1492%*%* (.1678**%* 0.1872***  0.0394  0.2944**  0.1157  0.5501***  0.0519 0.0719
(0.0261)  (0.0319) (0.0349)  (0.1216) (0.1288) (0.1437)  (0.1616)  (0.0675)  (0.0789)
5 Years of OE 0.1981%*** (,2232%#* (0.2539**+  0.0558  0.3836** 0.1505 1.4284**%  0.0544 0.1610
(0.0335)  (0.0392) (0.0431)  (0.1598) (0.1675) (0.1852)  (0.5558)  (0.0844)  (0.1443)
10 Years of OE 0.2163*** (0.2388*** (0.2897***  0.0787  0.3852** 0.1610  7.5671**  0.0246 0.1821
(0.0419)  (0.0427) (0.0479)  (0.1729) (0.1768) (0.1905)  (3.7792)  (0.1355)  (0.2131)
3 years of NRCA  0.1725%*%* (.1693*** (.1305*** 0.1306*** (0.0892*  0.0376  0.5014*** (.5412*** (.2400%**
(0.0301)  (0.0355) (0.0239)  (0.0346) (0.0456) (0.0406)  (0.1671)  (0.1274)  (0.0690)
5years of NRCA  0.2708*** (.2690*** 0.2103*** (.2026*** 0.1195  0.0438 0.1480  0.7628*** (.3798%**
(0.0476)  (0.0552) (0.0379)  (0.0593) (0.0734) (0.0726)  (0.2060)  (0.1839)  (0.1065)
10 years of NRCA  0.4272%%% (0.4366*** (.3582*** (.3089** 0.0711  -0.0093  -5.8783** (0.5968** (.5885%*%**
(0.0775)  (0.0832) (0.0628)  (0.1448) (0.1445) (0.1874)  (2.8815)  (0.2753)  (0.1538)
3 years of NRCI 0.0708**  -0.0106 -0.0377  0.0697**  -0.0733 -0.1589**  -0.1333 0.0309 -0.0246
(0.0291)  (0.0333) (0.0365)  (0.0341) (0.0628) (0.0731)  (0.1665)  (0.0381)  (0.0500)
5 years of NRCI 0.1144**  -0.0153 -0.0583 0.0991*  -0.1207 -0.2650** -0.7963**  0.0468 -0.0372
(0.0457)  (0.0520) (0.0581)  (0.0552) (0.1011) (0.1216)  (0.3748)  (0.0592)  (0.0799)
10 years of NRCI ~ 0.1985%**  -0.0089 -0.0843 0.0952  -0.2041 -0.4890* -6.1920**  0.0625 -0.0477
(0.0719)  (0.0782) (0.0946)  (0.1031) (0.1819) (0.2511)  (3.0430)  (0.0870)  (0.1333)
3 years of RCOG -0.0404 0.0558* 0.0049 -0.0343  0.0524  0.0123  -0.2918**%*  0.0767 0.0228
(0.0263)  (0.0290) (0.0287)  (0.0297) (0.0466) (0.0997)  (0.1039)  (0.0560)  (0.0339)
5 years of RCOG ~ -0.0693*  0.0866* 0.0075 -0.0513  0.0888  0.0204 -0.8822***  (.1237 0.0365
(0.0415)  (0.0456) (0.0458)  (0.0467) (0.0769) (0.1564)  (0.3146)  (0.0850)  (0.0538)
10 years of RCOG  -0.1430**  0.1274* 0.0100 -0.0671 0.1708  0.0265  -5.5867**  0.2133* 0.0589
(0.0656)  (0.0714) (0.0745)  (0.0789) (0.1539) (0.2615)  (2.7181)  (0.1112)  (0.0869)
3 years of RMAN  -0.0713** -0.1062*** -0.1233*** .0.0249  -0.1196 -0.1748 -0.3068*** -0.0993** -0.1217**
(0.0361)  (0.0361) (0.0476)  (0.0537) (0.0770) (0.1368)  (0.0990)  (0.0491)  (0.0522)
5 years of RMAN  -0.1086* -0.1617*** -0.1869**  -0.0212  -0.1583  -0.2506 -0.9394*** -0.1500%* -0.1830%*
(0.0572)  (0.0563) (0.0734)  (0.0876) (0.1234) (0.2118)  (0.3196)  (0.0746)  (0.0793)
10 years of RMAN  -0.1418  -0.2143** -0.2329**  0.0829  -0.0590 -0.2258  -5.8974** -0.1916* -0.2180*
(0.0913)  (0.0850) (0.1069)  (0.1618) (0.2164) (0.3226)  (2.8076)  (0.1000)  (0.1151)
3 years of NRMN  -0.0646**  -0.0167  -0.0482**  -0.0598  0.0143  -0.0204 -0.2996***  -0.0085 -0.0368
(0.0327)  (0.0220) (0.0219)  (0.0469) (0.0513) (0.0656)  (0.1016)  (0.0260)  (0.0251)
5years of NRMN  -0.0978*  -0.0273  -0.0771**  -0.0921  0.0182  -0.0315 -0.9177** -0.0142  -0.0594
(0.0528)  (0.0352) (0.0349)  (0.0803) (0.0814) (0.1089)  (0.3269)  (0.0417)  (0.0397)
10 years of NRMN  -0.1335 -0.0532  -0.1314**  -0.1293  -0.0043  -0.0566  -5.7884**  -0.0302  -0.1055*
(0.0915)  (0.0588) (0.0577)  (0.1834) (0.1390) (0.2267)  (2.8214)  (0.0703)  (0.0637)
N 2,459 2,459 2,459 1,006 694 551 1,453 1,765 1,908

Standard errors are in parentheses
*0.10, ** 0.05, and *** 0.01 denote significance levels
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Table 3.A.3: OLS Estimates of Cumulative Returns to Source Country GE, OE, and TE (Quartic) - with Source Country
Wage

AIl Immigrants Workers Stayers Switchers

1-Digit  2-Digit  3-Digit  1-Digit 2-Digit 3-Digit  1-Digit  2-Digit  3-Digit

3 Years of GE 00195  -00124  -0.0195 0.1548 0.0692 0.4922%  0.0610 0.0105  0.0030
(0.0466)  (0.0472)  (0.0475) (0.1875) (0.2111) (0.2893)  (0.0570)  (0.0512)  (0.0490)
5 Years of GE 00150  -0.0079  -0.0147 02055 0.1009 0.6256%  0.0930 0.0215  0.0145
0.0624)  (0.0635) (0.0637) (0.2465) (0.2692) (0.3569)  (0.0768)  (0.0692)  (0.0661)
10 Years of GE 00223 00218 00201 02150 0.1635 0.6601*  0.1506*  0.0488  0.0483
(0.0725)  (0.0740)  (0.0739) (0.2667) (0.2736) (0.3366)  (0.0908)  (0.0817)  (0.0779)
3 Years of OF 0.1700%%% 0.1568*** 0.1821%** -0.0341 0.0601 -0.4223 04687+  0.0303  0.0282
(0.0317)  (0.0388)  (0.0424) (0.1853) (0.2104) (0.2668)  (0.1773)  (0.0827)  (0.1008)
5 Years of O 0.2234%%%  02191%F% 02476%%% -0.0315 0.1028 -0.4835  1.0855%  -0.0674  0.0866

(0.0399)  (0.0449) (0.0487) (0.2398) (0.2628) (0.3216)  (0.5809)  (0.1763)  (0.2094)

10 Years of OE 0.2417#*% 0.2639*** (0.2861*** 0.0177  0.1623  -0.3262 4.5032 -0.0570  -0.0487
(0.0520)  (0.0518)  (0.0556) (0.2482) (0.2499) (0.2772)  (4.0280)  (0.3098)  (0.3089)

3years of NRCA  0.1722%%% (02047#%% (.1882%%% 0.1136** 0.0826 -0.0102  0.5413%% (0.5159%%% (.4403%%*
(0.0402)  (0.0418)  (0.0386) (0.0551) (0.0591) (0.0554) (0.2176)  (0.1154)  (0.1195)

5years of NRCA  0.2670%%% 0.3316%%* 02905+ 0.1859* 0.0860 -0.0858  0.3632%% (.7872%%* (.65]9%**
(0.0612)  (0.0627)  (0.0566) (0.1126) (0.1038) (0.0958) (0.1756)  (0.1675)  (0.1678)

10 years of NRCA  0.3993*** (.4748*** (0.4102*** 0.3450 -0.1110 -0.5139**  -3.7969  1.0420%** (.7375%**
(0.0902)  (0.0862) (0.0734) (0.3805) (0.2727) (0.2445)  (3.0452)  (0.2512) (0.1912)

3 years of NRCI 0.0703* -0.0159 -0.0646  0.0570 -0.1298  -0.1282 -0.0536 0.0248 -0.0847
(0.0413)  (0.0424)  (0.0435) (0.0481) (0.0892) (0.1335)  (0.1866)  (0.0483)  (0.0526)

5 years of NRCI 0.1142%* -0.0231 -0.0984  0.0939  -0.1964 -0.2305 -0.8242**  0.0373 -0.1310
(0.0629)  (0.0662)  (0.0688) (0.0776) (0.1427) (0.2044)  (0.3591)  (0.0754)  (0.0835)

10years of NRCI ~ 0.2047#% 00119  -0.1251  0.1756 -0.2299 -0.5080 15.9488*** 00514  -0.1809
(0.0865)  (0.0994)  (0.1081) (0.1595) (0.2893) (0.3149)  (5.0011)  (0.1122)  (0.1354)

3 years of RCOG  -0.0689**  0.0629 -0.0102  -0.0581 0.0015  -0.0134  -0.2584**  0.1217* 0.0005
(0.0318)  (0.0408)  (0.0300) (0.0425) (0.0633) (0.1919)  (0.1222)  (0.0705)  (0.0329)

5 years of RCOG  -0.1164**  0.1019 -0.0154  -0.0880 0.0123  0.0314  -0.7541**  0.2015* 0.0014
(0.0501)  (0.0631)  (0.0480) (0.0737) (0.1063) (0.2811)  (0.3393)  (0.1069)  (0.0526)

10 years of RCOG -0.2326*** 0.1798*  -0.0191  -0.1195 0.0798  0.3691 -3.8501  0.3832%**  0.0071
(0.0792)  (0.0937)  (0.0800) (0.1832) (0.2485) (0.3505) (2.9752)  (0.1406)  (0.0876)

3 years of RMAN -0.0437 -0.0712 -0.0618  -0.0184 -0.1597* -0.1242 -0.2327 -0.0430 -0.0344
(0.0776)  (0.0475)  (0.0870) (0.1052) (0.0887) (0.1785)  (0.1509)  (0.0633)  (0.1042)

Syearsof RMAN  -0.0673  -0.1047  -0.0936  0.0003 -02173 -0.1384  -0.6033*  -0.0568  -0.0476
(0.1193)  (0.0743)  (0.1347) (0.1669) (0.1449) (0.2681)  (0.3569)  (0.0973)  (0.1590)

10 years of RMAN  -0.0935 -0.1166 -0.1152  0.1843  -0.1249  0.1254 -3.3147 -0.0182 -0.0265
(0.1640)  (0.1122)  (0.1916) (0.2899) (0.2959) (0.3855)  (2.9932)  (0.1346) (0.2162)

3 years of NRMN -0.0572 -0.0058  -0.0639* -0.0786  0.1113  -0.0907 -0.3180***  0.0026  -0.0662*
(0.0372)  (0.0291)  (0.0369) (0.0673) (0.1020) (0.1091)  (0.1201)  (0.0366)  (0.0355)

5 years of NRMN -0.0865 -0.0134  -0.1033*  -0.1596  0.1618  -0.1241  -0.7497**  0.0007  -0.1041*
(0.0597)  (0.0463)  (0.0556) (0.1370) (0.1617) (0.1697)  (0.3457)  (0.0587)  (0.0544)

10 years of NRMN  -0.1181 -0.0519  -0.1805** -0.4455 0.1418  -0.0717 -3.5858 -0.0231  -0.1593**
(0.1025)  (0.0766)  (0.0726) (0.4207) (0.3003) (0.2907)  (3.0164)  (0.0983)  (0.0784)

N 1,693 1,693 1,693 745 528 436 948 1,165 1,257

Standard errors are in parentheses
*0.10, ** 0.05, and *** 0.01 denote significance levels
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Low-SKkilled Workers

All Stayers Switchers
1-Digit  2-Digit  3-Digit 1-Digit 2-Digit 3-Digit 1-Digit  2-Digit  3-Digit
3 Years of GE 0.0321 0.0111 0.0281 0.0204 -0.0784 0.1812 0.0492  0.0050  0.0024
(0.0424)  (0.0435) (0.0432) (0.2204)  (0.2901)  (0.4032) (0.0552) (0.0471) (0.0453)
5 Years of GE 0.0487 0.0226  0.0456 0.0415 -0.1135 0.2176 0.0751  0.0153  0.0106
(0.0582)  (0.0600) (0.0596)  (0.2914)  (0.3826)  (0.5436) (0.0763) (0.0653) (0.0627)
10 Years of GE 0.0744  0.0548 0.0805 0.0851 -0.1422 0.1868 0.1250  0.0519  0.0393
(0.0713)  (0.0745) (0.0737)  (0.3240)  (0.4218)  (0.6501)  (0.0954) (0.0823) (0.0783)
3 Years of OE 0.0021 0.0469 0.0690 -0.0337 0.2275 0.1953 0.1271  -0.0590  -0.0385
(0.0345)  (0.0446) (0.0513)  (0.2391)  (0.2964)  (0.4180) (0.1631) (0.0867) (0.1096)
5 Years of OE -0.0031  0.0633 0.0938 -0.0673 0.2975 0.2536 0.0668 -0.0619 -0.1182
(0.0435)  (0.0548) (0.0625)  (0.3101)  (0.3933)  (0.5641) (0.2445) (0.0995) (0.2185)
10 Years of OE -0.0099  0.0753  0.1122*  -0.1301 0.2918 0.2250  -0.0404 0.0352  0.2721%**
(0.0505) (0.0560) (0.0635) (0.3230) (0.4352)  (0.6658) (0.5675) (0.1542) (0.1153)
3 Years of NRCA  0.4488*** (0.3350%* (0.3329%** (0.4362*** (0.4590*** 0.3877*** 13619 0.0272  -1.8790
(0.1081)  (0.1662) (0.0781)  (0.1004)  (0.1700)  (0.1298)  (1.2122) (0.2084) (1.8057)
5 Years of NRCA  0.6995%** (.5224*% (.5329%** (0.6630*** 0.6845** 0.6143*** 17608  0.0427 -13.5495
(0.1664) (0.2519) (0.1233)  (0.1676)  (0.2638)  (0.2115) (1.5745) (0.2720) (12.1213)
10 Years of NRCA  1.0409*** 0.7750%* (.8846*** 0.8944**  (0.8183*  0.9816** -1.2174 0.0629 -124.7749
(0.2348) (0.3232) (0.1933)  (0.3570)  (0.4395)  (0.4049) (1.2194) (0.2713) (109.8213)
3 Years of NRCI  0.1920%** 0.1447**%  0.0464  0.1659* 0.0843 0.0650  -0.6430  0.0837  0.0127
(0.0649)  (0.0650) (0.0523)  (0.0860)  (0.1811)  (0.1587) (1.0663) (0.0640) (0.0663)
5 Years of NRCI ~ 0.3022*** (0.2188**  0.0752  0.2506* 0.1210 0.0573  -4.2488  0.1220  0.0229
(0.1021)  (0.0982) (0.0835) (0.1362) (0.2850)  (0.2501) (5.5933) (0.0973) (0.1063)
10 Years of NRCI  0.4650%** 0.2744**  0.1316 0.3238 0.1206 -0.1886  -18.0374 0.1154  0.0594
(0.1574)  (0.1293) (0.1388)  (0.2206)  (0.4585)  (0.4406) (22.5806) (0.1301) (0.1780)
3 Years of RCOG  0.0695** 0.1542**% 0.0210  0.0784** 0.2713*** -0.2451 -0.1316 0.1670  0.0292
(0.0319)  (0.0687) (0.0368)  (0.0397)  (0.0954) (0.2045) (0.1350) (0.2104) (0.0437)
5 Years of RCOG ~ 0.1081** 0.2450** 0.0362  0.1357* 0.4236** -0.3285  -0.1305 0.2679  0.0509
(0.0505) (0.1081) (0.0580) (0.0709)  (0.1641)  (0.3469) (0.2233) (0.2912) (0.0682)
10 Years of RCOG  0.1597** 0.3911**  0.0799 0.2807 0.6208*  -0.1600  0.3139  0.4407*  0.1167
(0.0810)  (0.1659) (0.0902)  (0.1931)  (0.3596)  (0.7545) (0.6260) (0.2657) (0.1020)
3 Years of RMAN  0.0223  -0.0267  -0.0564 0.0023 0.0399 -0.0587  0.0302 -0.0398  -0.0611
(0.0406) (0.0402) (0.0523) (0.0672) (0.1097)  (0.2125) (0.1273) (0.0538) (0.0585)
5 Years of RMAN  0.0362  -0.0413  -0.0830 0.0111 0.0981 -0.0493  0.0243  -0.0617  -0.0889
(0.0644)  (0.0630) (0.0808) (0.1113)  (0.1833) (0.3372) (0.2105) (0.0813) (0.0903)
10 Years of RMAN  0.0610  -0.0606  -0.0836 0.0660 0.3485 0.1781 -0.1116  -0.0878  -0.0823
(0.1031)  (0.0954) (0.1190)  (0.2241)  (0.3701)  (0.5942) (0.5349) (0.1080) (0.1336)
3 Years of NRMN  0.0451 0.0393 0.0093 0.0608 0.0528 0.0084  -0.0012 0.0344  0.0230
(0.0370) (0.0251) (0.0225)  (0.0558)  (0.0600)  (0.0990) (0.1388) (0.0301) (0.0250)
5 Years of NRMN 0.0777 0.0599 0.0117 0.1188 0.0850 -0.0344  0.0055 0.0512  0.0317
(0.0597) (0.0402) (0.0360)  (0.1093)  (0.0990) (0.1636) (0.2321) (0.0484) (0.0398)
10 Years of NRMN  0.1545 0.0785  -0.0010 0.3158 0.1344 -0.3411  0.0492  0.0603  0.0185
(0.1032)  (0.0677) (0.0601)  (0.3388)  (0.2402)  (0.3839) (0.4685) (0.0828) (0.0655)
N 1,230 1,230 1,230 423 251 188 807 979 1,042

Standard errors are in parentheses
*0.10, ** 0.05, and *** 0.01 denote significance levels
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Table 3.A.5: OLS Estimates of Cumulative Returns to Source Country GE, OE, and TE (Quartic): High-Skilled Workers

All Stayers Switchers
1-Digit 2-Digit 3-Digit 1-Digit 2-Digit 3-Digit 1-Digit 2-Digit 3-Digit
3 Years of GE 0.0423 0.0579 0.0487 0.1302 0.1119 0.2343 0.0340 0.0601 0.0577
(0.0613)  (0.0647)  (0.0631)  (0.1642)  (0.1854)  (0.2139)  (0.0713)  (0.0732)  (0.0701)
5 Years of GE 0.0613 0.0796 0.0696 0.1705 0.1479 0.3446 0.0530 0.0826 0.0818
(0.0834)  (0.0881)  (0.0860)  (0.2212)  (0.2460)  (0.2852)  (0.0973)  (0.0993)  (0.0953)
10 Years of GE 0.0824 0.0906 0.0829 0.1500 0.1623 0.4883 0.0874 0.0911 0.0930
(0.1023)  (0.1070)  (0.1046)  (0.2588)  (0.2803)  (0.3233)  (0.1204)  (0.1192)  (0.1148)
3 Years of OE 0.2438%**  (0.2027*** 0.2390***  0.1312 0.2045 0.2030 0.4011* 0.0811 0.1384
(0.0406)  (0.0499)  (0.0517)  (0.1702)  (0.2173)  (0.2467)  (0.2423)  (0.1263)  (0.1223)
5 Years of OE 0.3249%#%  0.2753***  (0.3170***  0.1838 0.2857 0.2550 0.5252 0.0791 0.1467
(0.0511)  (0.0579)  (0.0601)  (0.2193)  (0.2640)  (0.2964)  (0.7759)  (0.1918)  (0.1956)
10 Years of OE 0.3598%*##  (0.323]*** (.3559%**  (.2491 0.3471 0.2623 -1.8924 0.0520 0.1421
(0.0657)  (0.0691)  (0.0792)  (0.2275)  (0.2343)  (0.2472)  (6.0921)  (0.2221)  (0.3705)
3 Years of NRCA  0.0974%%* (0.1193*** (0.0819***  0.0540 0.0802 -0.0774  0.3670*  0.4823*** (.1625%*
(0.0349)  (0.0398)  (0.0265)  (0.0458)  (0.0545) (0.0553) (0.1877)  (0.1485)  (0.0735)
5 Years of NRCA  0.1509%#* (.1891*** 0.1320*%**  0.0735 0.0963  -0.1754*  0.5738  0.6747**%* (.2585%*
(0.0551)  (0.0623)  (0.0425)  (0.0895)  (0.0913)  (0.1007)  (0.3603)  (0.2191)  (0.1140)
10 Years of NRCA  0.2305**  0.3050*** 0.2177***  0.0633 -0.0232  -0.5464**  0.8697 0.4930  0.4028%**
(0.0915)  (0.0957)  (0.0753)  (0.2778)  (0.2112)  (0.2492)  (4.3292)  (0.3183)  (0.1679)
3 Years of NRCI 0.0162 -0.0716 ~ -0.1577**%  0.0280 -0.1441  -0.3815**  -0.0802 -0.0096 -0.0705
(0.0333)  (0.0449)  (0.0738)  (0.0463)  (0.0875)  (0.1541)  (0.2275)  (0.0520)  (0.1040)
5 Years of NRCI 0.0281 -0.1128  -0.2451*%*  0.0399 -0.2501*%  -0.5796%*  -0.7691 -0.0165 -0.1131
(0.0528)  (0.0704)  (0.1127)  (0.0825)  (0.1399)  (0.2328)  (0.4741)  (0.0809)  (0.1602)
10 Years of NRCI 0.0630 -0.1668  -0.3592**  0.0427  -0.5063** -0.7201**  10.9744 -0.0271 -0.1993
(0.0867)  (0.1076)  (0.1536)  (0.2151)  (0.2573)  (0.3350)  (8.7966)  (0.1203)  (0.2293)
3 Years of RCOG ~ -0.1492***  0.0115 -0.0114  -0.1664***  -0.0353 -0.0696 -0.2244 0.0343 -0.0110
(0.0433)  (0.0413)  (0.0493)  (0.0579)  (0.0772)  (0.3235)  (0.1660)  (0.0619)  (0.0568)
5 Years of RCOG ~ -0.2445***  0.0179 -0.0197  -0.2632***  -0.0480 -0.0967 -0.4034 0.0589 -0.0179
(0.0678)  (0.0623)  (0.0783)  (0.0892)  (0.1191) (0.4602)  (0.4411)  (0.0941)  (0.0903)
10 Years of RCOG -0.4438***  0.0316 -0.0472  -0.4201***  -0.0254 -0.0584 0.6228 0.1290 -0.0359
(0.1042)  (0.0851)  (0.1260)  (0.1373)  (0.2005)  (0.4174)  (4.3398)  (0.1245)  (0.1456)
3 Years of RMAN  -0.4502*** -0.3661%** -0.4460*** -0.3804**  -0.3015 -1.1005  -0.5958*** -0.3799%** -0.4468%**
(0.1383)  (0.0750)  (0.1238)  (0.1640)  (0.1998)  (0.8093)  (0.2085)  (0.1478)  (0.1422)
5 Years of RMAN  -0.6460%*** -0.5367*** -0.6527*** -0.5204**  -0.4058 -1.5851  -0.9189* -0.5363** -0.5378%**
(0.1986)  (0.1131)  (0.1772)  (0.2375)  (0.2865) (1.1642)  (0.4862)  (0.2090)  (0.1701)
10 Years of RMAN -0.5692%** -0.5387*** -0.6689***  -0.2808 -0.1717 -1.4468 0.7358 -0.3697 -0.2453
(0.2193)  (0.1488)  (0.1997)  (0.2893)  (0.3203)  (1.0872)  (4.3437)  (0.2373)  (0.1909)
3 Years of NRMN  -0.4705*** -0.1811*** -0.2608*** -0.5581*** -0.3921**%* -0.3708 -0.4584*** -0.1374** -0.244]***
(0.0912)  (0.0570)  (0.0632)  (0.1313)  (0.1247)  (0.2681)  (0.1676)  (0.0695)  (0.0758)
5 Years of NRMN  -0.7159*** -0.2863*** -0.4073*** -0.8678*** -0.6327*** -0.5690 -0.5130  -0.2160** -0.3776%**
(0.1344)  (0.0894)  (0.0974)  (0.2000)  (0.1989)  (0.4329) (0.5157)  (0.1087)  (0.1163)
10 Years of NRMN -0.9025%** -0.4533*** -0.6119%** -1.2103*** -1.0613*** -0.8278 1.3055  -0.3355%%* -0.54]2%**
(0.1434)  (0.1346)  (0.1379)  (0.2992)  (0.3252)  (0.7594)  (5.0752)  (0.1630)  (0.1624)
N 1,229 1,229 1,229 583 443 363 646 786 866

Standard errors are in parentheses

*0.10, ** 0.05, and *** 0.01 denote significance levels
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Table 3.A.6: OLS Estimates of Cumulative Returns to Source Country GE, OE, and TE (Quartic): High Income Source Coun-
tries

All Stayers Switchers
1-Digit 2-Digit 3-Digit 1-Digit 2-Digit 3-Digit 1-Digit 2-Digit 3-Digit

3 Years of GE 0.0180 0.0266 0.0307 0.0277 -0.0723 0.2615 0.0658 0.0145 0.0204
(0.0411)  (0.0417)  (0.0414)  (0.1459) (0.1544)  (0.1816)  (0.0462)  (0.0444)  (0.0434)
5 Years of GE 0.0310 0.0431 0.0489 0.0393 -0.0863 0.3481 0.0993 0.0284 0.0368
(0.0558)  (0.0572)  (0.0566)  (0.1943) (0.2050)  (0.2401)  (0.0634)  (0.0610)  (0.0595)
10 Years of GE 0.0593 0.0732 0.0784 0.0345 -0.0617 0.3828  0.1545%* 0.0627 0.0704
(0.0669)  (0.0702)  (0.0689)  (0.2188) (0.2326)  (0.2718)  (0.0780)  (0.0753)  (0.0726)
3 Years of OE 0.1531%** 0.1718*** 0.2031***  (0.0287 0.3280**  -0.1074  0.6426%**  0.0545 0.0597
(0.0305)  (0.0380) (0.0444)  (0.1528) (0.1474)  (0.1829)  (0.2021)  (0.0819)  (0.1031)
5 Years of OE 0.2035%** 0.2281*** (0.2722%*%*  (0.0424 0.4316**  -0.1012  1.6618**  -0.0088 0.0935

(0.0391)  (0.0469)  (0.0536)  (0.1986) (0.1884)  (0.2280)  (0.6835)  (0.1130)  (0.1837)

10 Years of OE 0.2266*** 0.2423*** (0.2989***  (0.0715 0.4554**  0.0150  9.1869** 0.0798 0.1186
(0.0494)  (0.0512)  (0.0601)  (0.2082) (0.1905)  (0.2178)  (4.5871)  (0.1503)  (0.2858)

3 Years of NRCA  0.1756%** 0.1786*** 0.1396*** 0.1183**  0.0969* 0.0679  0.5889*** (0.4800%** (.3998***
(0.0386)  (0.0418)  (0.0320)  (0.0510) (0.0561)  (0.0565)  (0.2100)  (0.1504)  (0.1181)

5 Years of NRCA  0.2747*%* (0.2827*** (.2214*** (0.1815%* 0.1395 0.1016 0.1511  0.7524%*%% (.5892%**
(0.0603)  (0.0650)  (0.0489)  (0.0855) (0.0900)  (0.0941)  (0.2535)  (0.1960)  (0.1632)

10 Years of NRCA  0.4220%** 0.4513*** (0.3505*%**  (0.2626 0.1489 0.1317 -6.7602*  0.9597** 0.6208***
(0.0937)  (0.0972)  (0.0718)  (0.1768) (0.1697)  (0.2001)  (3.4645)  (0.4552)  (0.1697)

3 Years of NRCI 0.0880**  -0.0595  -0.0809*  0.1123** -0.2228*** -0.2877**  0.0174 0.0830*  -0.0588
(0.0412)  (0.0431) (0.0426)  (0.0478) (0.0753)  (0.1180)  (0.2173)  (0.0492)  (0.0627)

5 Years of NRCI 0.1356**  -0.0955  -0.1306*  0.1597** -0.3620*** -0.4878** -0.7791* 0.1176 -0.0953
(0.0635)  (0.0655) (0.0677)  (0.0757) (0.1218)  (0.2057)  (0.4380)  (0.0755)  (0.1000)

10 Years of NRCI ~ 0.1865**  -0.1547* -0.2281**  0.1387  -0.6065*** -0.9448** -7.7002**  0.0908 -0.1704
(0.0893)  (0.0883) (0.1100)  (0.1291) (0.2201)  (0.4450)  (3.6392)  (0.1038)  (0.1644)

3 Years of RCOG  -0.0691** 0.0718**  -0.0321  -0.0939***  0.0547 -0.0772  -0.3377*** 0.1110*  -0.0010
(0.0307)  (0.0349)  (0.0345)  (0.0344) (0.0573)  (0.0958)  (0.1301)  (0.0634)  (0.0427)

5 Years of RCOG ~ -0.1161** 0.1115%*  -0.0519  -0.1490** 0.0995 -0.1288  -1.0500*%**  0.1792*  -0.0016
(0.0485)  (0.0550)  (0.0549)  (0.0606) (0.0933)  (0.1539)  (0.3978)  (0.0965)  (0.0679)

10 Years of RCOG -0.2268*** 0.1614*  -0.0877 -0.2404 0.2271 -0.2512 -6.7981**  0.3069**  -0.0022
(0.0767)  (0.0860)  (0.0890)  (0.1619) (0.1864)  (0.2990)  (3.3230)  (0.1304)  (0.1092)

3 Years of RMAN  -0.0969** -0.1025** -0.1291*%*  -0.0441 -0.1279 0.4435  -0.4116%** -0.0773  -0.1443**
(0.0437)  (0.0451)  (0.0580)  (0.0612) (0.0928)  (0.5220)  (0.1274)  (0.0578)  (0.0592)

5 Years of RMAN  -0.1507** -0.1560%* -0.1954**  -0.0480 -0.1715 0.7323  -1.1908***  -0.1221  -0.22]12%*
(0.0693)  (0.0706)  (0.0902)  (0.1013) (0.1480)  (0.8107)  (0.4040)  (0.0881)  (0.0896)

10 Years of RMAN -0.2158*  -0.2072*  -0.2399* 0.0641 -0.0787 1.3198  -7.1982**  -0.2003  -0.2970**
(0.1114) ~ (0.1072)  (0.1362)  (0.2030) (0.2539)  (1.1685)  (3.4165)  (0.1232)  (0.1327)

3 Years of NRMN -0.0475 -0.0337  -0.0595**  -0.0090 -0.0168 0.0084  -0.3276***  -0.0213  -0.0580*
(0.0369)  (0.0276)  (0.0302)  (0.0543) (0.0795)  (0.1077)  (0.1232) ~ (0.0328)  (0.0339)

5 Years of NRMN -0.0702 -0.0563  -0.0964**  -0.0083 -0.0396 0.0112  -1.0685***  -0.0358  -0.0920*
(0.0597)  (0.0442)  (0.0475)  (0.0956) (0.1252)  (0.1712) ~ (0.4053)  (0.0527)  (0.0527)

10 Years of NRMN  -0.0867 -0.1128  -0.1717**%  0.0252 -0.1458 -0.0054  -7.0638**  -0.0728  -0.1499*
(0.1044)  (0.0738)  (0.0741)  (0.2303) (0.2056)  (0.3009)  (3.4280)  (0.0890)  (0.0805)

N 1,875 1,875 1,875 779 532 426 1,096 1,343 1,449

Standard errors are in parentheses
*0.10, ** 0.05, and *** 0.01 denote significance levels
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Table 3.A.7: OLS Estimates of Cumulative Returns to Source Country GE, OE, and TE (Quartic): Low Income Source

Countries
All Stayers Switchers
1-Digit 2-Digit 3-Digit 1-Digit 2-Digit 3-Digit 1-Digit  2-Digit  3-Digit
3 Years of GE 0.1760* 0.1846* 0.1500 0.4061* 0.3633 0.1398 0.0831 0.1185 0.0798
(0.0923)  (0.1041)  (0.0948)  (0.2311) (0.4090) (0.6474)  (0.1229) (0.1230) (0.1103)
5 Years of GE 0.2305* 0.2469* 0.2016 0.5301* 0.5082 0.2693 0.1101 0.1547  0.1022
(0.1254)  (0.1400)  (0.1287)  (0.3123) (0.5486) (0.8239)  (0.1676) (0.1646) (0.1489)
10 Years of GE 0.2472 0.2745% 0.2245 0.5553 0.6785 0.6249 0.1226 0.1559  0.0898
(0.1515)  (0.1626)  (0.1540)  (0.3731) (0.6325) (0.8101)  (0.2040) (0.1881) (0.1751)
3 Years of OE 0.0987*  0.1500%* 0.0937 0.0756 0.5110 0.5710 0.6353*  0.1689 -0.0209
(0.0526)  (0.0655)  (0.0654)  (0.2357) (0.3857) (0.4987)  (0.3402) (0.1401) (0.2099)
5 Years of OE 0.1441%%  0.2115%**  (,1642%* 0.1103 0.6086 0.6925 1.1647#* 0.1131 -0.0394
(0.0673)  (0.0754)  (0.0764)  (0.3068) (0.4993) (0.6220)  (0.5758) (0.2205) (0.2622)
10 Years of OE 0.1960%*  0.2680*** (.3069***  0.1567 0.4459 0.5522 -7.5834  0.1198 -0.0221
(0.0812)  (0.0816)  (0.0874)  (0.3279) (0.5255) (0.6007)  (6.6156) (0.2012) (0.2296)
3 Years of NRCA  0.1723%**  (,1410%* 0.1517*** 0.2172**%  0.0608 0.0792 -0.0269  0.3468 0.1511
(0.0523)  (0.0672)  (0.0533)  (0.0888) (0.1396) (0.1496)  (0.3994) (0.2272) (0.1445)
5 Years of NRCA  0.2676*** (0.2311%* (.2454*** (,3888**  (.1367 0.1243 0.1969 0.4681  0.2497
(0.0836)  (0.1043)  (0.0851)  (0.1783) (0.2369) (0.2941)  (1.0138) (0.3039) (0.2300)
10 Years of NRCA 0.4144*** (.4183%** (.4202***  (.8856 0.4486 0.1879 0.7902 0.2194  0.4688
(0.1432)  (0.1583)  (0.1434)  (0.5842) (0.5449) (0.8443)  (3.9783) (0.3063) (0.3723)
3 Years of NRCI 0.1345%:* 0.0440 -0.0247 0.1439 0.0879 -0.1406 -0.3496  -0.0334 -0.1156
(0.0582)  (0.0606)  (0.0850)  (0.0889) (0.1111) (0.1372)  (0.3881) (0.0898) (0.1134)
5 Years of NRCI 0.2115%* 0.0794 -0.0282 0.2344 0.1776 -0.2412 -2.4397  -0.0488 -0.1663
(0.0926)  (0.0951)  (0.1330)  (0.1420) (0.1814) (0.2131)  (2.4121) (0.1405) (0.1778)
10 Years of NRCI ~ 0.3247** 0.1974 0.0336 0.3979 0.5180 -0.4738 -71.7340  -0.0476 -0.1348
(0.1511)  (0.1490)  (0.2000)  (0.2515) (0.4038) (0.3974) (121.2068) (0.2160) (0.2685)
3 Years of RCOG 0.0276 0.0365 0.1361* 0.0657 0.0443  0.5681* -0.3210  -0.0994 0.0686
(0.0499)  (0.0562)  (0.0766)  (0.0715) (0.1214) (0.3288)  (0.2633) (0.1271) (0.0818)
5 Years of RCOG 0.0412 0.0519 0.2159* 0.0976 0.0502  0.8328* -0.9807*  -0.1457 0.1130
(0.0789)  (0.0889)  (0.1178)  (0.1130) (0.1990) (0.4768)  (0.5243) (0.1921) (0.1253)
10 Years of RCOG  0.0554 0.0487 0.3447% 0.1191 -0.0423 0.8509 35206  -0.1366 0.2125
(0.1251)  (0.1412)  (0.1620)  (0.1890) (0.3736) (0.5677)  (3.6925) (0.2496) (0.1678)
3 Years of RMAN  -0.0849 -0.2065*** -0.1132 -0.2363  -0.6024* -1.2319***  -0.2865 -0.2539 -0.0172
(0.0705)  (0.0704)  (0.0823)  (0.2273) (0.3363) (0.4279)  (0.2435) (0.1583) (0.1004)
5 Years of RMAN  -0.1167 -0.3115%** .0.1732 -0.3285  -0.7913 -1.8159*** -1.0651** -0.3592* -0.0099
(0.1077)  (0.1061)  (0.1242)  (0.3321) (0.4966) (0.6387)  (0.5105) (0.2123) (0.1522)
10 Years of RMAN  -0.0699 -0.3810%**  -0.2265 -0.2156  -0.2468 -1.9637** 33255 -0.2931* 0.1144
(0.1500)  (0.1407)  (0.1630)  (0.4088) (0.6613) (0.9023)  (3.6683) (0.1712) (0.2037)
3 Years of NRMN  -0.2291**  0.0164 -0.0255  -0.5392*** -0.0428  -0.1844 -0.4149  0.0315 0.0074
(0.1133)  (0.0358)  (0.0378)  (0.1923) (0.1098) (0.1508)  (0.2724) (0.0473) (0.0452)
5 Years of NRMN  -0.3224**  0.0298 -0.0381 -0.8002*** -0.1575  -0.2577 -0.6793  0.0542 0.0130
(0.1537)  (0.0577)  (0.0607)  (0.2754) (0.1932) (0.2623)  (0.4553) (0.0742) (0.0715)
10 Years of NRMN  -0.2811 0.0660 -0.0518 -0.9859  -0.7656  -0.2248 -1.2970  0.0997 0.0210
(0.3164)  (0.0992)  (0.1034)  (0.6329) (0.4689) (0.6095)  (0.9176) (0.1156) (0.1151)
N 584 584 584 227 162 125 357 422 459

Standard errors are in parentheses

*#0.10, ** 0.05, and *** 0.01 denote significance levels



177

3.B Figures

Figure 3.B.1: Counterfactual Returns to Occupational Experience Between Occupa-
tional Aggregations for Stayers
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tional coding, i.e., 1, 2, and 3-digit levels
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CONCLUSION

This dissertation employs the “Task-Approach” to estimate task costs associated with
occupation transitions of displaced workers, associations with occupational isolation and
wages, and returns to source country task-specific experience (as well as general and
occupation-specific experience). The results in each of the three chapters emphasize the
importance of how the types of work activities in an occupation influence individual or
local market level outcomes.

Chapter 1 provides further insights into the mechanisms that influence occupational
choice. Mobility task costs will vary across worker characteristics and over the business
cycle. Future studies may better isolate heterogeneity in task costs across skills.

In Chapter 2, occupational isolation is shown to be associated with lower wage and
greater volatility. A possible extension of isolation could be to explore how isolation affects
workers when involuntarily displaced from an employment match. Workers laid-off from
isolated occupations will likely face greater difficulty in finding new employment for two
reasons. First, by definition of isolation, there are few occupations that employ related
technologies. This implies that match quality may be limited, at least in the context of
task-specific human capital. Second, the size of all other occupations in the market that are
closely related are small and likely provide fewer employment opportunities. Workers may
then experience greater durations of unemployment. This may have implications for local
policy makers regarding labor market policies related to unemployed workers.

As discussed in Chapter 3, the analysis was limited in the ability to account for endo-
geneity in both occupation-specific and task-specific experience. The common IV approach
used by Dustmann and Meghir (2005); Kambourov and Manovskii (2009); Sullivan (2010)
and Gathmann and Schonberg (2010) does not provide a clear conclusion on the direction
of the bias, if it exists at all. However, results in prior studies between IV and OLS suggest

that OLS estimates are qualitatively similar to those estimated using IV. Therefore, our es-
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timates may have some causal interpretations as well. The results presented in Chapter 3
indicate that immigrants receive a return to their source country occupational and Abstract
task-specific experiences. Researchers could improve on the findings reported here by ac-
counting for an immigrant’s source country decisions in acquiring occupation-specific and

task-specific human capital.
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