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1 Introduction

The substantial literature that has investigated the labor market outcomes of young workers has em-

phasized the importance of three factors: a) on-the-job human capital accumulation, b) selection and

matching (e.g. occupational or job choice), and c) learning about unobserved productivity.1 The most

common approach is to investigate these mechanisms separately, often with simplifying assumptions, such

as e.g. that all occupations are identical or that human capital is not transferable.2 These restrictions

have been necessary to construct tractable frameworks that are amenable to estimation. Nonetheless,

they ignore salient features of the data, such as e.g. the path dependence of labor market outcomes or

heterogeneity across occupations. These empirical patterns however may be key in understanding the

impact of labor market shocks, such as the effects of automation and AI or the impact of trade shocks,

or labor market policies.

This paper contributes to this literature in two ways. First, we document several facts relating to

wages and occupational switching. These facts improve our understanding of the process through which

workers allocate to different occupations. Second, motivated by these facts, we construct a model of

occupational choice that has the following features: it allows for human capital accumulation (learning-

by-doing), that is partially specific to the occupation and partially transferable. Workers have imperfect

information about their ability in each occupation and learn about it from their performance in their

current occupation. We allow for informational spillovers, so the information acquired in one occupation

is useful about a worker’s match in other occupations. The model features substantial heterogeneity, both

on the worker, as well as on the occupational side. Despite the number of moving parts, we show that

Gittins indices, most commonly employed in models with only information frictions, can in fact be used

in this much more general setup to preserve tractability.

More specifically, we use data from the National Longitudinal Survey of Youth 1997 (NLSY97) where

we focus on the nine major occupational groups. We first illustrate that there is substantial heterogeneity

across occupations both in wage levels, as well as in how wage increases with tenure. In addition, we

find that the variance of wages increases as a function of occupational tenure. We also confirm an older

finding that occupational mobility declines with occupational tenure. In addition, we show that wages

fall (or increase less) before switching occupations.

We then revisit how occupational mobility varies depending on the worker’s wage rank within an
1See Rubinstein and Weiss (2006) for a survey, as well as the literature review in Section 2.
2Human capital is typically assumed to be either fully specific (to a job or occupation) or fully general.
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occupation. The lowest-paid workers in an occupation are the ones more likely to switch to another one.

The propensity to switch falls as we consider workers with higher wages and the highest-paid workers in

an occupation are the ones who are least likely to switch. This pattern holds for every one of the nine

major occupations. In addition, the same pattern emerges when using data from the 1996 panel of the

Survey of Income and Program Participation (SIPP). This finding is related to the results of Groes et al.

(2015) who use Danish data and document that occupational mobility is U-shaped: the lowest and the

highest-paid workers in an occupation are most likely to switch, suggesting that as workers are revealed

to be of higher ability they move up on a hierarchical occupational ladder. In contrast, we use U.S. data

focusing on major occupational groups, and find a decreasing hazard with wages, which suggests that the

occupation-specific match component is important: workers who are mismatched are paid less and are

more likely to switch occupations, whereas well-matched workers are highly paid and are the least likely

to switch.

These facts suggest that both occupation-specific matching and human capital accumulation are crucial

ingredients for understanding the labor market outcomes of young workers. In particular, the high rates

of occupational switching cannot be accounted for by human capital accumulation alone; learning, in

the spirit of Jovanovic (1979), is perhaps the most natural explanation. Additionally, learning about

occupational match quality is consistent with workers’ wages falling before they switch occupations, and

it can also explain why most occupational switching is driven by workers at the bottom of the within-

occupation wage distribution.

Inspired by these facts, we introduce a model of occupational mobility that incorporates various forms

of human capital accumulation, learning about unobserved productivities, as well as non-employment.

Workers can work in only one occupation at a time. Each occupation belongs to a cluster, which contains

groupings of occupations that use similar skill sets. For instance, journalists and public relations specialists

might belong to the same cluster, since they both make heavy use of communication skills. While employed

in an occupation, workers accumulate three forms of human capital: human capital that can be used in

that occupation only, human capital that is transferable to other occupations within the same cluster, and

general human capital that is fully transferable. In addition, workers learn about two components of their

productivity, one that is specific to the occupation and one that is specific to the cluster, which captures

learning spillovers across occupations. Continuing the previous example, if a worker realizes that they

are well suited in journalism, then this is informative about how they may perform as a public relations

specialist.
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Our setup admits heterogeneity in several dimensions. In particular, occupations and clusters are

allowed to differ in the importance of human capital, the rate of human capital accumulation, the uncer-

tainty regarding the underlying match of each worker and also the speed at which workers learn about

it.3 Similarly, we allow for ex-ante heterogeneity in worker observable characteristics, which may interact

with occupational heterogeneity. For example, we may have that in some occupations more educated

workers may accumulate human capital faster compared to less educated workers, but not in others.

Every period each worker needs to decide between one of the occupations and non-employment. Their

decision depends not only on their wage in each occupation but on dynamic considerations as well. In

particular, when making their occupational choice, the worker takes into account a) this period’s wage, b)

human capital considerations, i.e. the different forms of human capital they will accumulate, c) learning

considerations, i.e. the information they will receive about the different forms of unobserved productivity.

As the number of occupations/clusters grows past a handful, so does the state space of the worker,

which includes their human capital levels and their beliefs. As a result, the curse of dimensionality quickly

becomes binding. We are able to make progress as follows.

First, we show that Gittins indices are applicable in this context, despite it being much more general

than the typical application of Gittins indices. In particular, almost all the uses of the Gittins index in

economics have focused on models where the payoffs evolve exclusively due to learning (see discussion in

Section 2). As noted however in Gittins et al. (2011), “ ... the notion of learning is not really central to the

story of the Gittins index and index theorem” (Chapter 2, page 29). We show that we can use this tool

in this much more general setup where, in addition to information frictions, human capital accumulation

is also a crucial determinant of worker compensation.

Second, we can relax two key restrictions of the Gittins index approach, namely the full independence

across options and the absence of switching costs. For instance, we allow for the endogenous accumulation

of specific human capital that would be lost following a switch, which the literature has argued may be a

key component of switching costs. In addition, we allow for rich patterns of correlation across occupations,

by grouping them in clusters, while preserving the tractability afforded by the Gittins index across clusters

(see also Dickstein, 2021).

Our setup is suitable both for assessing the effects of labor market shocks, as well as for policy

evaluation. For instance, the labor market consequences of automation or a sectoral shock, such as a

trade shock, depend on how transferable human capital is to new sectors and how informative previous
3The idea of learning about match quality in the labor market dates back to Jovanovic (1979).
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experience is about potential new matches. Similarly, policies that may lead to lower employment can

lead to less learning and worse matches, as well as lower human capital accumulation.

In the next section we discuss the related literature, while in Section 3, we document facts relating to

wages, occupational switching, and tenure. Motivated by the empirical findings, in Section 4 we introduce

our model of occupational choice and discuss how it remains tractable through the use of Gittins indexes.

Section 5 discusses several extensions, while Section 6 concludes.

2 Related Literature

The debate about the importance of human capital accumulation vs. selection dates back to Abraham

and Farber (1987), Altonji and Shakotko (1987) and Topel (1991) and focused mostly on the importance

of firm-specific human capital.4 Kambourov and Manovskii (2009b) using the methodology of Altonji

and Shakotko (1987), found significant returns to occupational tenure, underlying the importance of

occupation-specific human capital. The interested reader should also refer to the survey by Sanders and

Taber (2012).

Following a more structural approach, Kahn and Lange (2014) estimate a model of learning with time-

varying productivity. Pavan (2011) considers a model with general, career-specific and firm-specific human

capital and sorting. Pastorino (forthcoming) estimates a model of learning, job assignment and human

capital accumulation within a firm and finds learning to account for about a quarter of wage growth,

mostly accounted through improved job assignments. The present paper extends the above literature by

considering several choices simultaneously, including non-employment, by allowing for heterogeneity across

both occupations and individuals, partial transferability of human capital and information spillovers.

Gittins indexes were first used in a labor market setting in Miller (1984). In his setup, two jobs belong

in the same occupation if their prior belief about unobserved match quality and the speed of learning is the

same. A worker switches occupations once they have exhausted all jobs in an occupation. More recently

Gittins indexes have been used by Papageorgiou (2022) in a model of local labor markets used to explain

agglomeration economies and by Silos and Smith (2015) who use it to examine the acquisition of pre-labor

market skills. In contrast to these papers, we allow for informational spillovers across occupations.

Closer to our setup, Dickstein (2021) considers the choice of pharmaceutical care where physicians are

uncertain about how a patient will respond to available treatments. As in our model, available choices

are organized in clusters and within clusters choices are allowed to be correlated (see also Pandey et al.
4Altonji and Williams (2005) revisited and updated that literature.
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(2007)). Pastorino (2015) introduces a setup where a worker’s unobserved ability is firm specific, but

each firm has a hierarchy of jobs and workers move up and down the firm hierarchy. Papageorgiou (2014)

considers an economy with three occupations where workers learn about their comparative advantage.5

The present paper extends the above literature, by allowing not just for learning about match quality

as in the typical multi-armed bandit problem, but also human capital accumulation which is partly

transferable across occupations. The introduction of occupation-specific human capital is important both

because of its direct relevance, and because it acts as a source of switching costs, which are typically not

included in work that uses the bandit problem approach.6 Traiberman (2019), in his study of the effects

of import competition, shows that occupation specific human capital accumulation is as an important

source of switching costs.

Our work complements the task-based approach to skills and occupations adopted in papers such as

Poletaev and Robinson (2008), Yamaguchi (2012), Lise and Postel-Vinay (2020) and others. In fact, in

our setup it would be possible to allow the initial distribution of worker productivities in every occupation

to flexibly depend on multidimensional test scores, such as those available in the NLSY97.

Finally, the paper follows a recent growing literature that considers the importance of occupational

choice in labor market outcomes. This includes work by Kambourov and Manovskii (2009a) and (2009b),

Alvarez and Shimer (2009) and (2011), Antonovics and Golan (2012), Kramarz et al. (2014), Papageorgiou

(2014) and (2018), Groes et al. (2015), Gervais et al. (2016), Gorry et al. (2019), Guvenen et al. (2020),

Eeckhout and Weng (2022), Carrillo-Tudela et al. (2022), Carrillo-Tudela and Visschers (2023), Eckardt

(2023), and others. We extend the literature by introducing a new model of occupational choice, consistent

with the facts documented in the data.

3 Data/Facts

We use data from the National Longitudinal Survey of Youth 1997 (NLSY97). This survey is designed

to be representative of the US population born between 1980 and 1984. Interviews are conducted every

year starting in 1997. Our analysis uses data from the first 15 waves of the survey through 2011, so that

its respondents are relatively young, which works well for our analysis, since most occupational switching

takes place early in workers’ careers.7 The full sample includes 8,984 individuals and contains information
5See also Felli and Harris (1996) and Klein and Rady (2011).
6The use of Gittins indices requires no fixed switching costs between options (Banks and Sundaram, 1994). We introduce

specific human capital as a source of switching costs, which does not violate this requirement.
7Kambourov and Manovskii (2008)
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Figure 1: Log-Wage Occupational Tenure Profile by Occupation (Wage Residuals). Controls are a cubic polynomial
in age, race, gender, education and year dummies. Each line corresponds to a different occupation.

on wages, occupations and the usual demographics, such as gender, age, race and education level. The

NLSY97 serves our purposes well: unlike other commonly used datasets, such as the CPS or the SIPP, it

is a long panel that allows us to track workers throughout their career and construct accurate measures

of occupational tenure.

We only include observations on workers who have completed their education. We also do not include

individuals from the oversample. Workers who report working fewer than 30 hours per week are considered

non-employed. Wages are deflated to the real 2000 wage level using the Consumer Price index. We trim

the top and bottom 0.5% of wage observations. The final sample contains 23,348 wage observations.

The NLSY97 uses the 2002 Census Occupational Classification. Our analysis focuses on the nine major

occupational groups of the 2002 classification.8 Since we are interested in examining different patterns for

each occupation, focusing on a finer partition is not possible due to sample size restrictions. It is worth

noting however that 73% of all switches at the 3-digit level also involve a switch of a major occupational

group as well.
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Figure 2: Impact of Tenure on the Probability of an Occupational Switch by Occupational Tenure. Probit
regression of the probability of switching occupations on tenure levels zero through five, cubic polynomial in age,
race, gender, education and year dummies.

3.1 Wage Tenure Profiles

We begin by examining the wage profile as a function of occupational tenure. Figure 1 presents the log-

wage tenure profile broken down by major occupational groups. Wages here are residuals, after controlling

for a cubic polynomial in age, race, education and year dummies. All occupations show an increase in

residual log wages with tenure, but there is substantial heterogeneity, both in the wage level, but also in

rate of wage increase: workers in some occupations enjoy significant wage gains, whereas others experience

more moderate increases.

3.2 Probability of Occupational Switch with Tenure

We next investigate the relationship between occupational tenure and the probability of an occupational

switch. In Figure 2 we present the results from a probit regression of the probability of switching occu-

pations on several tenure levels, demographic controls and year dummies. There is a very steep decline

of the impact of tenure on the switching probability. In particular, workers with tenure less than a year

have a 23% higher probability of switching occupations compared to workers with tenure six years or
8The major occupational groups are 1) Management, business and financial operation occupations (10-950), 2) Professional

and related occupations (1000-3540), 3) Service occupations (3600-4650), 4) Sales and related occupations (4700-4960), 5)
Office and administrative support occupations (5000-5930), 6) Farming, fishing and forestry occupations (6000-6130), 7)
Construction and extraction occupations (6200-6940), 8) Installation, maintenance and repair occupations (7000-7620), 9)
Production occupations (7700-8960), 10) Transportation and material moving occupations (9000-9750).

We do not include observations for the sixth group, Farming, fishing and forestry occupations (6000-6130), because there
are too few observations for a detailed analysis of that occupation (0.63% of all observations are in that group). The patterns
we present below appear to hold in this occupation as well, but they are much noisier due to the small sample size.
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Figure 3: Impact of Tenure on the Probability of an Occupational Switch by Tenure. Probit regressions of the
probability of switching occupations on tenure levels zero through five, cubic polynomial in age, race, gender,
education and year dummies. Each line corresponds to a different occupation.

greater. The effect of tenure on switches seems to peak at year 4. Figure 3 plots the same graph for

each of the major occupational groups separately. Again, the pattern holds qualitatively for all groups,

with occupational switching falling rapidly with tenure, though there is substantial heterogeneity among

occupations.

These results are consistent with those in McCall (1990) who found that for workers who switched

employers but remained in the same occupation, increased tenure in the previous employer lowers the

probability of separation from current employer.

3.3 Wage Dispersion with Tenure

We now consider the within-occupation dispersion of wage residuals as a function of occupational tenure.

As shown in Figure 4, the cross-sectional variance of log wage residuals increases with occupational tenure.

In other words, within an occupation, inequality across workers with similar tenure levels, increases as

tenure goes up. Inequality somewhat subsides for workers with 6 or more years of tenure. In Figure 5,

we plot the same relationship within each occupational group separately. It is worth noting that there is

substantial heterogeneity across occupations both in the level of inequality and also the rate of increase

with tenure.
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Figure 4: Cross-Sectional Variance of Log-Wage Residuals as a function of Occupational Tenure. Controls are a
cubic polynomial in age, race, gender, education and year dummies. Tenure indicator 6 includes workers with 6 or
more years of tenure.

Switch Occupations t+ 1: ∆ lnwaget Residual ∆ lnwaget

Yes 4.29% -0.82%
No 6.49% 1.95 %

Table 1: Wage Change Before Occupational Switching. Wage residual controls are a cubic polynomial in age, race,
gender, education and year dummies

3.4 Wage Change Before Switching Occupations

We also investigate the path of wages prior to an occupational switch. As shown in the first column of the

top panel of Table 1, workers who switch occupations in between periods t and t+ 1, experience a wage

increase of 4.3% between periods t− 1 and t. On the contrary, workers who remain the same occupation,

enjoy a 6.5% increase in their wages. The same pattern holds when considering residual wages: workers

who switch occupations in the following year, experience declining wages before the switch; workers who

remain in the same occupation have a wage increase of almost 2%. This is consistent with the notion that

workers switch out of an occupation following a series of relatively bad realizations.

3.5 Probability of Occupational Switch by Wage Percentile

We next turn to investigate how a worker’s relative position within an occupation affects the probability

of an occupational switch. In Figure 6 we plot the probability of an occupational switch as a function of

the worker’s within occupation wage percentile, using wage residuals as the base of the rank.9 The results
9The results remain qualitatively unchanged if we consider raw wages, use residual wages using the worker’s position

within an occupation in a particular year, include only occupational switches within the same employer or consider only
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Figure 5: Cross-Sectional Variance of Within-Occupation Log-Wage Residuals as a function of Occupational
Tenure. Controls are a cubic polynomial in age, race, gender, education and year dummies. Tenure indicator 6
includes workers with 6 or more years of tenure. Each line corresponds to a different occupation.

Figure 6: Probability of an Occupational Switch by Within-Occupation Wage Percentile (residuals). Controls are
a cubic polynomial in age, race, gender, education and year dummies.

suggest that the lowest paying workers have the highest probability of an occupational switch. Workers

further up the occupation-specific wage distribution are less likely to switch, and the highest paid workers

are the ones least likely to switch occupations. In Figure 7 we present the same relationship for each major

occupational group separately. It is clear that the result is not driven by a particular group; instead, in

every major group, the probability of an occupational switch is declining in the worker’s within-occupation

wage percentile.

In order to make sure that our result is not driven by some particular feature of the NLSY97 dataset, we

compute the same set of moments using the 1996 panel of the Survey of Income and Program Participation

(SIPP). Unlike the NLSY97 that follows a single cohort of workers, who are still relatively young, the SIPP

switches involving an employer switch.
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Figure 7: Probability of an Occupational Switch by Within-Occupation Wage Percentile by Major Occupation
(residuals). Controls are a cubic polynomial in age, race, gender, education and year dummies. Each line corresponds
to a different occupation.

Figure 8: Probability of an Occupational Switch by Within-Occupation Wage Percentile - SIPP 1996 data (resid-
uals). Controls are a cubic polynomial in age, race, gender, education and year dummies.

is a nationally representative sample of households in the civilian non-institutionalized U.S. population.

In addition, the 1996 SIPP’s occupational classification system is different from the NLSY97’s. Interviews

were conducted every four months instead of annually, for four years and included approximately 36,000

households.10

As shown in Figure 8, the same relationship holds in the 1996 SIPP as well. Again the lowest-paid

workers in a occupational group are the ones most likely to switch, whereas the highest-paid ones are the

ones most likely to stay. When examining each major occupation separately (Figure 9), again the same

pattern emerges for each one of them. Thus, we conclude that the pattern documented here is not due

to some particular feature of the dataset used.
10Hourly wages are deflated to real 1996 dollars using the Consumer Price Index.
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Figure 9: Probability of an Occupational Switch by Within-Occupation Wage Percentile by Major Occupation -
SIPP 1996 data (residuals). Controls are a cubic polynomial in age, race, gender, education and year dummies.
Each line corresponds to a different occupation.

This particular moment matters, since, as Groes, Kircher, and Manovskii (2015) argue, it informs on

the modeling of occupational choice. Groes et al. (2015) use Danish data and document that occupational

mobility is U-shaped: The lowest and the highest paid workers in an occupation are most likely to switch.

Workers paid near the occupation mean wage have the lowest probability of switching. Groes et al.

(2015) interpret their finding as evidence for vertical occupational mobility: There are better and worse

occupations; as workers learn about their ability, they climb up or down the occupational hierarchy. In

contrast, our results that focus on major occupational groups in the U.S., suggest that occupation-specific

match quality is important: workers who are mismatched, i.e. those with low wages and low occupational

tenure, switch occupations, whereas well-matched workers, i.e. those with high wage and tenure as a

result, are the least likely to switch. This conclusion has been subsequently confirmed by Carrillo-Tudela

et al. (2022), who analyze patterns of occupation mobility using SIPP data from 1990 until 2008.

3.6 Summary and Discussion

To summarize, some of the key facts characterizing workers’ occupational switching probability, wages,

and occupational tenure are: (i) wages are increasing in occupational tenure; (ii) occupational switching

probability declines with tenure; (iii) within-occupation wage dispersion increases with tenure; (iv) wages

fall (or increase less) before switching occupations, and (v) within an occupation, the lowest paid workers

are most likely to switch occupations.

Next, we argue that both human capital accumulation, as well as learning and selection, are potentially
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important for understanding these facts jointly. For instance, the increase in wages with occupational

tenure could be explained by workers accumulating human capital in their given occupation, as well as

by worker selection: workers who are well-suited in a particular occupation remain there, whereas the

ones less suited are more likely to explore a different occupation. Human capital, as well as learning,

are also consistent with the decline in occupational switching as workers’ tenure lengthens, the former

because human capital acts as an endogenously accumulated switching cost, and the latter because of the

interaction between learning and selection.

However, the high rates of occupational switching cannot be accounted for by human capital accu-

mulation alone: if workers simply became better over time in their chosen profession they would have no

incentives to switch. Therefore a “shock” is necessary to induce workers to switch.11 The most natural

explanation is perhaps that workers are learning about their fit in different occupations, as originally

proposed by Jovanovic (1979) in the context of matching with firms. Learning is also consistent with

workers’ wages falling before they switch occupations since their expected productivity falls as they learn

that they are not as well suited in that occupation. It would also explain why most of the occupational

switching is driven by workers at the bottom of the within-occupation wage distribution since those are

the ones with low (expected) productivity, where a negative signal could push them to try out other

occupations.

Thus human capital accumulation, as well as learning appear to be crucial ingredients of any framework

built to account for these facts and explore shocks or policies affecting worker occupational choices, such

as automation or trade shocks. While human capital or learning could be specific to an occupation, it is

also possible that there are “spillovers” of both to other occupations. For instance, the human capital that

a worker accumulates in an occupation might be (partially) transferable to other occupations. Similarly,

what a worker learns about their match in an occupation might be informative about their fit in other

occupations as well.12

Motivated by these observations, we present a tractable framework that includes both learning, as

well as human capital accumulation, both of which can be partially specific and partially transferable

to other or even all occupations. Adding all these ingredients, while conceptually straightforward, can

also increase the state space quite a bit rendering the model computationally intractable, especially if we
11Stochastic human capital accumulation could also be an alternative explanation for the gross flows between occupations,

though it is not obvious how employed workers could see their human capital decline. One could think of the stochastic
process induced by learning as a microfoundation for stochastic human capital.

12These observations have motivated the task-based approach to skills and occupations adopted in papers such as Poletaev
and Robinson (2008), Yamaguchi (2012), Lise and Postel-Vinay (2020) and others, where different occupations make use of
similar skills, albeit at different intensities.
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consider more than a few occupations. However as we show below, our setup can maintain tractability,

despite allowing for human capital and beliefs in all occupations, as well as spillovers across them.

4 Model

4.1 Environment

Time is discrete, and that individuals are risk neutral with a discount rate β. At each point in time

individuals can be employed or non-employed.13 Each individual dies with probability ξ every period and

a new individual takes their place ensuring that the total population remains constant. The model includes

both ex ante and ex post individual heterogeneity. There are two dimensions of ex ante heterogeneity:

first individuals are heterogeneous in their fixed observable characteristics, such as education, gender, etc.,

denoted by the vector X. Second, there is also fixed heterogeneity captured by the vector θ. This vector

is perfectly observable by all market participants. In what follows, individual subscripts are suppressed

throughout to reduce notation congestion. The ex post heterogeneity comes from the accumulation of

human capital, and the beliefs regarding individual productivity in each occupation which we discuss in

detail below.

Individuals work in one out of O available occupations or they can be non-employed. Occupations are

organized into one of C clusters and each occupation belongs to exactly one cluster. The purpose of this

classification is to allow for a pattern of dependence for occupations within a cluster, while keeping the

assumption of independence between clusters, which is required for our use of Gittins indices as explained

in detail below.

Log output of a worker with characteristics X, in occupation o of cluster c at time t is given by

qoct (·) = hco (τot, X) + hcc (τct, X) + yot + yct

where τot is tenure in occupation o and τct =
∑
o∈c
τot is tenure in cluster c. hco (τot, X) captures occupation-

specific human capital which depends on occupation-specific tenure. This function can differ across

occupations. Similarly, hcc (τct, X) captures cluster-specific human capital which evolves as a function of

cluster-specific tenure and again can differ across clusters.14 The last two terms of the output equation
13In what follows we do not distinguish between unemployment and out of the labor force. In Section 5.2 we discuss an

extension where that distinction would be meaningful.
14It would be straightforward to include stochastic human capital accumulation, but we prefer to have the uncertainty in

individual’s histories to be captured by the learning processes.
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capture the worker’s current period productivity, net of human capital. In particular,

yot = ηo + εot

and

yct = ηc + εct

where εot ∼ N
(
0, σ2

yo

)
and εct ∼ N

(
0, σ2

yc

)
are i.i.d. Both yot and yct are separately observed, but ηo

and ηc are unobserved and are drawn independently before a worker enters the labor force from normal

distributions,

ηo ∼ N
(
µo (X, θ) , (ση

o )2
)
, (1)

and

ηc ∼ N
(
µc (X, θ) , (ση

c )2
)
, (2)

where µo (X, θ) and µc (X, θ) are observed by the agents. Information is symmetric, so workers and firms

share the same beliefs about one’s abilities. Their dependence on both X and θ, implies that two workers

with the same observable characteristics, X, can have different priors, if they differ in θ. To ease notation

congestion, in what follows we drop the X argument where obvious.

Every period, agents observe yot and yct and update their beliefs regarding ηo and ηc according to

Bayes’ rule, using the usual updating formulas. A worker’s posterior beliefs regarding ηo and ηc are

N
(
µp

ot, (σ
p
ot)

2
)

and N
(
µp

ct, (σ
p
ct)

2
)

respectively. µp
ot (µp

ct) is a function of all past output realizations in

that occupation (cluster) and σp
ot (σp

ct) is updated deterministically based on tenure in the occupation

(cluster). It is worth noting that a single state variable (tenure) is the sole determinant of both the

variance of the posterior distribution of beliefs and the amount of specific human capital accumulation,

which helps with the tractability of the problem.

There are competitive markets within occupations, which ensures that each worker’s wage is equal to

their expected output in their current occupation, o, so that15

woct =Et (exp (qoct)) ,

= exp
(
hco (τot) + hcc (τct) + µp

ot + µp
ct + 1

2
(
(σp

ot)
2 + (σp

ct)
2 + σ2

yo + σ2
yc

))
.

15This formula uses properties from expectations, from Normal distributions and the following steps woct =
exp (hco (τot) + hcoc (τct)) Et (exp (yot)) Et (exp (yct)) = exp (hco (τot) + hcc (τct)) Et (exp (ηo + εot)) Et (exp (ηc + εct)),
which leads to the result.
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Finally, log home production of a non-employed worker with characteristics X is b (zt, X) where zt

is a latent variable that is observed by the worker and follows a Markov process that evolves only when

the worker is non-employed. New workers draw their initial value of z0 from b0 (·). There is no cost to

switching occupations/clusters or from movement between employment and non-employment.16

The sequence of actions is the following: every period a workers picks an occupation or non-employment

and receives their wage if employed and their value of home production otherwise. If employed, they then

produce output, observe yot and yct and update their beliefs regarding ηo and ηc. At the same time their

cluster and occupation specific human capital increase. Finally, with probability ξ they die and in the

next period a new worker takes their place, with the same characteristics X and θ who draws their z0

and has zero tenure in all occupations.

It is also straightforward to incorporate general human capital into the model by adding an additive

term to output that increases both when the worker is employed as well as when non-employed. As long as

general human capital depends on age and the rate of general human capital accumulation is everywhere

the same, this does not affect worker behavior and the solution we present below holds. This extension

requires including tenure in non-employment as a state variable as well.

4.2 Behavior

Every period a worker needs to decide between O occupations and non-employment. The worker’s state

space is

st =
{

[µp
ot, τot]o∈{1,...,O} , [µ

p
ct]c∈{1,...,C} , zt

}
(3)

in other words, their belief, µp
ot, and tenure level, τot, for every occupation o, their belief, µp

ct, for every

cluster c and the latent non-employment variable zt. Note that by keeping track of τot and using τct =∑
o∈c
τot, the worker effectively also keeps track of their tenure in each cluster. Tenure affects both the level

of specific human capital at the occupational or cluster level, as well as beliefs regarding ηo or ηc.

If there are more than a handful of occupations available to the worker, then the worker’s state space

is quite large and solving this problem numerically becomes extremely difficult, as one quickly runs into

the “curse of dimensionality”. For illustration, let O = 10 and C = 5 and assume we discretize the state

space to allow for 10 tenure levels and 10 levels of beliefs for each occupation and each cluster, as well

as the latent non-employment variable. Then state space of this problem contains 1010×2+5+1 = 1026

16The specification of non-employment is similar in spirit to the rest unemployment state in Alvarez and Shimer (2011)
and also Alvarez et al. (forthcoming). Workers costlessly move out of non-employment when that state is no longer attractive
relatively to employment.
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elements. Below we discuss how we use Gittins indexes to solve the problem, without being constrained

by these issues.

We first reformulate the worker’s problem as a choice between one of C clusters and non-employment,

and then picking an occupation within a cluster. In particular, the worker’s problem is given by

W (st, X, θ) = max {W1 (st) ,W2 (st) , ...,WC (st) ,WU (st)} (4)

where Wc(st, X, θ) is the value of a worker with state variables, s, defined in (3) and characteristics (X, θ)

employed in cluster c at time t and optimally choosing an occupation within that cluster. Similarly

WU (st, X, θ) is the value of a non-employed worker.

In addition, the workers picks an occupation within each cluster c, so that

Wc (st, X, θ) = max
o∈c

{Wco (st, X, θ)}

where Wco (st, X, θ) is the value of a worker employed in occupation o of cluster c.

Note that when deciding between the clusters and also non-employment, a worker takes into account

not only the cluster level variables, but also the state variables of the occupations within each cluster.

For instance, some clusters may contain occupations where a worker has high levels of occupation-specific

human capital, hco (τot, X) and/or optimistic beliefs, µp
ot, regarding their ability in that occupation and

of course this will influence the worker’s cluster choice. In addition, it is important to point out that

the worker’s problem is dynamic and a worker does not necessarily choose to work in the choice with the

highest contemporaneous wage. In particular, they also take into account the impact of their choice on

a) the accumulation of different forms of human capital and b) the option value of learning about their

occupational and cluster match.

This problem is a multi-armed bandit problem at the cluster level. We use Gittins indices to solve it,

since it satisfies the necessary conditions for the Gittins theorem to hold.17 In particular, a) there are no

costs to switching clusters (arms), b) the state variables of each cluster evolve only when the worker is

employed in that cluster and are otherwise unchanged, c) there is constant exponential discounting, d) the

clusters are independent, so that the payoff from each cluster depends only the cluster-specific variables

and e) the process governing the evolution of the state variables is Markovian.18’19

17The formulation of the bandit problem dates back to the 1940s. Gittins and Jones (1974) showed that the problem can
be solved through the use an index that is now known as the Gittins index (see also (Bergemann and Valimaki, 2008)).

18See Mahajan and Teneketzis (2007), Bergemann and Valimaki (2008) and Gittins et al. (2011) (Chapters 2 and 3).
19For the general human capital extension mentioned above, the value of an individual would be the sum of two components:
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Lemma 1. The solution to the worker’s problem (4) takes the form of an index policy, whereby every

period the worker chooses the cluster with the highest index.

Proof. Gittins (1979), DAI Theorem.

In order to compute the Gittins index for each cluster and for non-employment, we follow the approach

employed by Whittle (1980) and (1982), Karatzas (1984) and Pandey et al. (2007). We first consider the

clusters and then discuss non-employment.

In particular, for each of the C clusters, consider a “transformed” problem whereby the worker from

now on, has only two choices: either work in one of the occupations of that cluster (and continue accu-

mulating human capital and learning) or retire and receive value Mc. Note that this problem ignores the

other clusters and non-employment. The Gittins index of that cluster is the retirement value at which the

worker is exactly indifferent between retiring and continuing to work in that cluster. More specifically,

the value function of the worker in that case is given by

Vc (Mc, s
c
t , X, θ) = max

{
Mc,max

o∈c
Et (exp(qoct (sc

t , X))) + β (1 − ξ)EtVc
(
Mc, s

c
t+1, X, θ

)}
, (5)

where

sc
t =

{
[µp

ot, τot]o∈c , µ
p
ct

}
is the worker’s state in the above problem which includes their tenure level for each occupation, which

determines their level of human capital and precision of their beliefs, both at every occupation, but also

at the cluster level, since τct =
∑
o∈c
τot. In addition, it includes the worker’s mean beliefs regarding ηc and

ηo for every o within the cluster.

As shown in Whittle (1982), the Gittins index of cluster c is given by

γc (sc
t , X, θ) = inf {Mc|Vc (Mc, s

c
t , X, θ) = Mc} , (6)

i.e. the retirement value for which the worker, in the transformed problem, is indifferent between working

in one of the cluster’s occupation or retiring and receiving value γc (sc
t , X, θ).

For the case of non-employment the “transformed” problem assumes that the worker can either remain

non-employed and receive the value of non-production while their latent variable, zt evolves, or retire and

the first, coming from general human capital that depends only on age; the second would be just as described above. The
two components have no interdependence so the value net of general human capital can be computed with Gittins indices as
described above.
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receive value Mn. In this case their value function becomes

Vn (Mn, zt, X) = max {Mn, exp(bt (zt, X)) + β (1 − ξ)EtVn (Mn, zt+1, X)} . (7)

The Gittins index of non-employment is similarly given by

γn (zt, X) = inf {Mn|Vn (Mn, zt, X) = Mn} , (8)

i.e. it is the retirement value such as that the worker is indifferent between remaining the in the non-

employment state or retiring and receiving value γn (zt, X).

Given the above, we have

Proposition 1. The optimal strategy of a worker is to choose the option (cluster c or non-employment)

that has the highest index, where the indices are given by (6) and (8) respectively.

Proof. Follows from Lemma 1, equations (5) and (7) and Whittle (1982).

In other words, a worker solves the above problem for each cluster and for non-employment, computes

the associated indices and picks the option with the highest index. Within a cluster, the choice of

occupation is given by the occupational choice o in (5), evaluated at Mc = γc (sc
t , X, θ) (Pandey et al.,

2007).20

4.3 Discussion

If we let Oc denote the number of occupations within cluster c, then in our setup, Gittins indices transforms

the problem as follows

1 problem with (2 ×O) + C + 1 state variables

⇒ C problems, each with 2 ×Oc + 1 state variables and 1 problem with 1 state variable

In other words, using Gittins indices transforms the original problem into C + 1 separate problems,

one for each cluster and one for non-employment. The goal of each one of these C + 1 “transformed”

problems is to compute an index for that cluster/non-employment.
20Note that we cannot use Gittins indexes within a cluster because the cluster human capital and learning is common to

all applications within the cluster, which would violate the independence requirement. However, when computing the value
function in (5), it may still be useful to compute Gittins indices myopically within clusters, in order to use that as an initial
condition when solving the correct solution for the problem.
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The advantage of Gittins indexes is that they substantially reduce the dimensionality of the original

problem. The state variables of each “transformed” problem consist of the state variables of that cluster

alone. For instance, following the example mentioned above, if O = 10, C = 5 and Oc = 2 with the same

number of grid points as before, the Gittins formulation consists of 5 problems with 105 elements each

and 1 problem with 10 elements. The reduction in the state space is by 21 orders of magnitude. The

reduction becomes even larger, once one considers even more clusters.

It is worth emphasizing the above setup allows for flexible heterogeneity, both at the individual

level, as well as the cluster/occupation level. In particular, clusters and occupations are allowed to

differ in the importance of human capital, the rate of human capital accumulation and the learning

processes. On the worker side, individual observable characteristics, captured by X, such as education or

observed ability may similarly affect how quickly individuals accumulate human capital or discover their

unobserved productivities. In addition, heterogeneity at the occupational level may flexibly interact with

heterogeneity at the individual level, so that for instance certain occupations may allow rapid human

capital accumulation for more educated worker, but not less educated ones.

In our model, we allow for correlation across occupations both in levels, as well as innovations. In terms

of levels, workers’ productivity may be arbitrarily correlated across occupations through the dependence

of ηo and ηc on X and θ. For instance, workers with certain characteristics, such as particular parental

background or education level may be more likely to be productive in certain occupations, but less likely

to be productive in others. There is no restriction on the structure of the correlation in levels.

In terms of innovations, we allow workers’ human capital accumulation and learning to be correlated

across occupations in the same cluster, but not with occupations in other clusters. The common compo-

nent of human capital, hcc (·), implies that part of the human capital that a worker accumulates in one

occupation may be used in other occupations in the same cluster. Similarly, the information a worker

acquires about their unobserved cluster mean productivity, ηc, is informative regarding their productivity

in other occupations in the same cluster. Finally, as discussed in Section 4.1 above, it is straightforward

to allow for general human capital, which is equally valued across all occupations and also implies that a

part of accumulated human capital can be equally used across all occupations, regardless of cluster.

In the baseline setup introduced above, we have not allowed for an explicit cost of switching occupa-

tions. These are easy to incorporate at the within-cluster level, but not when workers are switching across

clusters, since then the Gittins indices solution will no longer be optimal (Banks and Sundaram, 1994).

While this assumption appears restrictive, arguably the biggest cost when switching across clusters is the
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foregone specific human capital in the old cluster that can no longer be used in the new one, and also the

need to accumulate specific human capital anew. This cost however is included in the model.

We next discuss some potential extensions of the model introduced here.

5 Extensions

5.1 Clusters Available over Time (Arm-Acquiring Bandit)

In the baseline model, all clusters are always available to the worker. However we can extend it to

allow for some clusters to become available only later in a worker’s career. New workers have access to

only a subset of the available clusters. Over time, perhaps through the use of social networks, a worker

stochastically learns the location of additional clusters. As shown in Whittle (1981), the use of Gittins

indices is optimal in this modified setup as well, so long as the arrival of the new options does not depend

on the past choices.21

5.2 Search Frictions

Our setup can be extended to allow for search frictions. In this formulation, individuals are either

employed, unemployed (searching) in a particular occupation or out of the labor force. The first time

a worker visits an occupation they are unemployed. An unemployed worker produces b0 (·) which can

depend on various cluster and occupation specific variables, as well as individual characteristics X. They

meet firms with some probability λo, while the employed lose their jobs exogenously with some probability

δo. When employed a worker receives a wage w0 (.).

There are a couple of challenges in the setup. First, in terms of the wage determination, wages cannot

depend on state variables of other clusters or occupations belonging to other clusters, as then Gittins

indices would be inapplicable. For instance, Nash bargaining cannot be used, since the worker’s outside

option would include the option of working in other clusters. An exception here would be the case where

the worker has all the bargaining power. One possible solution is to model the wage determination as

in Postel-Vinay and Robin (2002), by allowing for within-occupation on-the-job search. Similarly it is

possible to allow for a distribution of posted wages and allow workers to obtain wage increases through

on-the-job search as in Burdett and Mortensen (1998).
21This modified problem is known in the literature as an “arm-acquiring bandit” and it was first considered in Nash (1973).

See also discussion in Mahajan and Teneketzis (2007).
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The second challenge is that when a worker leaves an occupation we need to allow the possibility of

recall, so that if and when a worker returns to that occupation, they are immediately employed in their

old firm.22

5.3 Time-Varying Unobserved Heterogeneity

In the baseline model, a worker’s unobserved abilities, ηo and ηc are constant throughout. It is possible

to allow them to evolve over time, as in Kahn and Lange (2014) for instance. Whereas in the baseline

model learning is relevant mostly early in workers’ careers, now learning becomes relevant over their entire

lifecycle. In this case, workers’ beliefs now evolve according to a Kalman filter.

5.4 Choice of Hours Worked

Another extension that is possible is to allow workers a choice of how many hours to work. In that case,

the worker’s static choice of hours, h is given by

max
h
woch− ψ (h) ,

where ψ′ (h) > 0 and ψ′′ (h) > 0 and ψ (h) captures a worker’s disutility from labor. Part-time employment

can be thought of as jobs with few hours. The above setup is able to generate a positive relationship

between hours worked and tenure which is present in our data.

5.5 General Equilibrium

The baseline setup models the supply side of the labor market, while the demand side is exogenous. It

is possible to extend the model to a general equilibrium setup, by having each occupation produce a

differentiated product. A representative consumer derives utility from the consumption of the final good

that is given by CES aggregate of the intermediate goods produced by the different occupation using labor.

In this case, each product operates in a monopolistically competitive environment and faces a downward

slopping demand curve. In such a setup, the price for each occupation’s output is now endogenous and

therefore so is labor demand and thus the wage. In order for us to keep the use of Gittins on the solution

we would need to consider a stationary environment where the individual considers prices to be constant
22If workers started unemployed again, then this would effectively introduce a cost to switching clusters, and therefore

precluding the use of Gittins indices.
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over time.23

5.6 More general within cluster specification

Our formulation of the within cluster setup is not restrictive, in that it does not affect the use of Gittins

indices across clusters. The key assumption is that innovations, in this case in the accumulation of human

capital and in learning, are independent across clusters (with the exception of general human capital).

As long as this assumption holds, the within-cluster structure can be modified to allow for different

forms of human capital formation and learning. In addition, it is possible to allow for human capital

accumulation to depend on current occupation or cluster beliefs: for instance, workers with higher beliefs

could accumulate more human capital, as would be the case if human capital were endogenous.

6 Conclusion

We introduce a flexible model of the labor market that allows for transferable human capital, information

spillovers, and various dimensions of heterogeneity. Despite its generality, our setup remains tractable

through the use of Gittins indices. We also document several facts related to wages, as well as occupational

mobility.

Our framework could be suited to study several counterfactuals.24 For instance, it can be used

to understand how trade liberalization affects the allocation of workers across different sectors of the

economy (Cosar, 2013, Ritter, 2014): consider a one-time unexpected change in the demand for labor

services of particular sectors of the economy. In the context of a small open economy that takes world

prices as given, this corresponds to a trade liberalization episode. As some sectors suddenly become more

attractive than others, there is net worker reallocation. Previously accumulated human capital may be

partially transferable to the new sectors, but a part of it is also lost. Similarly, previous work experience

is informative about a worker’s potential match in the new sectors. Both of these mechanisms affect

reallocation, as well as the composition of workers who choose to reallocate. Along similar lines, one

could consider the impact of automation and AI on different types of workers, where similar mechanisms

are potentially at play (see e.g. Acemoglu and Restrepo, 2019).

In the same spirit, it is possible to consider the cost of entering the labor market in a recession

(Kahn, 2010, Wee, 2013). The relative value of non-employment may be particularly high for a subset
23From the individual’s decision perspective prices need to be exogenous and constant, so we could keep the use of Gittins

indices to solve the decision problem. Any counterfactuals would be unexpected and permanent.
24In what follows, the suggested shocks need to be unanticipated for the use of Gittins indices to still be valid.
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of workers temporarily, so they spend a considerable amount of time unemployed/out of the labor force.

Then, unexpectedly, its value drops, and these workers become employed. The loss of labor market

experience in the earlier years may have lasting effects, as it implies both foregone human capital, as well

as more dispersed beliefs regarding their productivity in different occupations. This, in turn, leads to

lower productivity and more mismatch later in the working life and potentially also more reallocation.

Finally, the above setup can be used to conduct policy experiments, such as the impact of changes in

unemployment benefits, which here correspond to an increase in the attractiveness of non-employment,

the consequences of minimum wages, which might lead to lower employment, but also reduce human

capital accumulation and learning or the impact of sector-specific subsidies.
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