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Abstract

This paper assesses the impact of occupational mobility on life cycle wage inequality.
I develop a model of job mobility which attributes differential returns to occupations
to occupationally heterogeneous labor market frictions, compensating differentials, and
non-pecuniary job switching costs. I estimate the structural model on linked Hungarian
administrative data and use it to quantify the relative importance of each of these
mechanisms. High-skill occupations offer higher wages and more stable employment; in
turn, low-skill occupations feature higher non-wage amenities but larger non-pecuniary
costs of switching to high-gkill jobs. As a result, workers who start their careers in the
bottom 10 percent of the wage distribution in a high-skill occupation surpass those who
start in the top 5 percent of a low-skill occupation in 5 years. I find that occupationally
heterogeneous labor market frictions are the key drivers of these ex ante wage profiles.
These results indicate that occupational heterogeneity in the sources of wage inequality

is instrumental to fully account for life cycle wage dynamics.
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Wages vary substantially among workers. One prominent explanation attributes these dif-
ferences to differential returns to skills. Other theories, including labor market frictions and
compensating differentials, offer competing explanations. Labor market frictions imply that
some workers find better luck in rising through the ranks while some unlucky workers lose
their jobs more frequently than others. Compensating differentials capture the idea that
certain workers require larger amounts of monetary compensation to endure undesirable job
traits than their peers.

This paper argues that occupations serve as a key vehicle for all of these channels. Work-
ers in various occupations receive job offers and separation shocks at varying rates; they
receive a varying share of their compensation in non-wage job amenities; furthermore, they
face differing non-pecuniary costs to switch jobs. These mechanisms imply that the value of
a job in a certain occupation is not only in its flow wage and non-wage compensation, but
also in its potential career trajectories that vary across occupations. This dynamic view has
far-reaching implications on the inequality of wages over the life cycle.

I formalize this argument by proposing and estimating a model of job mobility within
and across occupations. All model primitives are occupation-specific. In the model, different
occupations feature different wage offers, capturing differences in pure returns to occupa-
tions. Workers receive job offers and separation shocks at various rates across occupations,
capturing occupation-specific labor market frictions. Occupations offer different non-wage
amenities, resulting in occupation-specific compensating differentials. Finally, workers in
different occupations face different non-pecuniary costs to switch into a certain occupation.
Together, these mechanisms imply that jobs in various occupations differ not only in their
flow values but also in the options they afford their workers.

I estimate the structural model using linked Hungarian administrative data on half of
the country’s population: notably, these data contain administrative information on workers’
occupational transitions at a high frequency. The occupational classification maps to skill

levels, thus creating a fine proxy for course skills in a data-driven way. Using these rich



data, I uncover substantial occupational heterogeneity in the modeled mechanisms. I find
that high-skill occupations offer higher wages and lower job separation rates than low-skill
ones, and workers in high-skill occupations receive these better-paying offers more frequently
than those in low-skill occupations. At the same time, low-skill occupations offer higher non-
wage amenities. However, not everyone can take advantage of the wage gains from entering
high-skill occupations: low-skilled workers face larger non-pecuniary costs to switch to these
jobs, essentially locking them in lower wage trajectories. Taken together, these effects imply
that high-skill jobs are more valuable than low-skill jobs: their lower levels of flow utility are
offset by higher option values.

Using the structural estimates, I assess the contribution of occupational heterogeneity
in each model mechanism to wage inequality. Upon entering the labor market, high-skilled
workers who start in low-wage jobs expect rapidly rising wages: this steep wage growth stems
from better wage offers in high-skill occupations. At the same time, low-skilled workers in
high-wage jobs expect a sharp drop in their wages, due to more frequent job separations.
Together, these forces imply that initial occupations shape workers’ expected wage paths to
a larger extent than their initial wages. Measures of model fit indicate that occupational
heterogeneity in each of the captured mechanisms accounts for most of the empirical disper-
sion of wages. Allowing all mechanisms to interact with occupations fully accounts for the

rising inequality of wages over the life cycle.

Literature: By its nature, this paper fits in multiple literatures. Fundamentally, I establish
a new link between occupational mobility and wage inequality by accounting for heterogene-
ity within well-studied mechanisms. Thus, this paper relates to a line of work investigating
the role of occupations in explaining the trends of wage inequality (Juhn, Murphy, and
Pierce, 1993; Kambourov and Manovskii, 2009a,b; Groes, Kircher, and Manovskii, 2015).
Unlike these papers, I focus on life cycle inequality, i.e., the dispersion of wages among
workers at certain points in their careers. More recently, Bayer and Kuhn (2020) provide

reduced-form evidence linking life cycle wage inequality to occupations, distinguishing be-



tween job levels within occupations; however, they do not model wage dynamics arising from
labor market frictions, non-wage amenities, or non-pecuniary job switching costs. Another
related literature posits that occupational transitions result from workers’ choices (Miller,
1984; Siow, 1984; McCall, 1990; Antonovics and Golan, 2012). Contrasting these papers, I
argue that market frictions play an equally important role in understanding occupational
mobility. More broadly, I contribute to papers that model career decisions in a dynamic dis-
crete choice setting (Keane and Wolpin, 1997; Neal, 1999; Sullivan, 2010; Sullivan and To,
2014). In comparison, the present model emphasizes the role of occupation-specific labor
market frictions.

This paper incorporates occupational heterogeneity to returns to skills, labor market
frictions, and non-wage amenities. Each of these mechanisms have spurred vastly influential
literatures. For returns to skills, see Card (1999) for a comprehensive survey, or more recently
Ashworth, Hotz, Maurel, and Ransom (2020). For labor market frictions in heterogeneous
job search models, see Postel-Vinay and Robin (2002); Cahuc, Postel-Vinay, and Robin
(2006); Jolivet, Postel-Vinay, and Robin (2006); Taber and Vejlin (2020). For non-wage
amenities and compensating differentials, see Rosen (1986); Sorkin (2018); Arcidiacono, Hotz,
Maurel, and Romano (2020). I contribute to these literatures by incorporating occupational
heterogeneity to each mechanism that seeks to explain wage inequality.

The methodology of this paper extends the framework in accompanying work. Arcidia-
cono, Gyetvai, Jardim, and Maurel (2021) bring the conditional choice probability approach
from the dynamic discrete choice literature to job search. They focus on estimating non-
stationary job search models and demonstrate considerable computational gains. Adding
to this paper, I bring rich occupational heterogeneity in the model mechanisms and show
identification in this extended setting.

Finally, my paper relates to two tangential literatures. An influential stream of papers
attribute the dispersion of wages to worker- and firm-specific heterogeneity (Abowd, Kra-

marz, and Margolis, 1999; Card, Heining, and Kline, 2013; Card, Cardoso, Heining, and



Kline, 2018; Bonhomme, Lamadon, and Manresa, 2019). I take a more structural approach
and argue that occupation-specific heterogeneity accounts for the life cycle profile of wage
inequality. Another tangentially related literature models the labor market through the lens
of multiple job ladders or island economies (Pilossoph, 2014; Wiczer, 2015; Jarosch, 2015;
Busch, 2017; Carrillo-Tudela and Visschers, 2020). Focusing on a different set of questions,
these papers analyze the dissipation of income or productivity shocks through the realloca-
tion of resources across islands; however, they typically impose the same amount of frictions
on searching across islands. I add to this literature by modeling heterogeneous frictions across
occupations and demonstrating that occupations provide a key source of heterogeneity in

understanding life cycle wage dispersion.

Roadmap: The rest of the paper unfolds as follows. Section 1 presents the data and
descriptive evidence that high-skill occupations offer faster wage growth than low-skill ones.
Section 2 introduces the model. Section 3 discusses the identification of the structural
parameters. Section 4 contains and interprets the estimation results. Section 5 connects

these results to life cycle wage inequality. Finally, Section 6 concludes.

1 Descriptive Evidence

1.1 Data

I use matched employer-employee data from Hungarian administrative records covering half
of the population, i.e., 4.6 million individuals, linked across 900,000 firms. These data
have several strengths over other frequently used data sets: most importantly, they include
detailed occupations from administrative sources, and they follow workers in continuous
1

time.

On the individuals’ side, a de facto 50 percent random sample? of the Hungarian popu-

IThe data are constructed from continuous-time spells, and allow me to observe the approximate date of
employer and occupation changes.
2T adopt the terminology of DellaVigna, Lindner, Reizer, and Schmieder (2017).



lation are observed in the years 2003-11; every Hungarian citizen born on Jan 1, 1927 and
every second day thereafter are included, yielding a sample of 4.6 million people. Labor
market measures are recorded in up to two work arrangements at a time; importantly, one
of these measures is occupation.® The occupational classification maps major occupational
groups to skill content, proxied by the educational requirement of occupations within the
group: Appendix Table A.1 presents this mapping for the occupations I include.

For the purposes of this paper, I restrict these rich data along several dimensions. First,
I discard observations from 2011, the last year of the sample. The Hungarian occupation
classification system was restructured in 2010, and the new classification is used from 2011.
Unfortunately, the old and new occupation codes are not harmonized, and doing so would
discard a substantial share of occupations. Second, I include males of age 22-50 who held at
least one job in the sample, in an attempt to include as homogeneous analysis units in the
sample as possible. By age 22, college students have presumably finished their education; the
data do not contain information on educational attainment for most individuals, thus I resort
to excluding younger workers. Furthermore, various pension rules are in effect for males from
age 53; I drop older workers to ensure my results are not contaminated by their anticipatory
behavior. Third, I include workers at privately owned firms. Hungary is a post-socialist
welfare state, and thus has a large public sector: 30 percent of worker-month observations
in the data are working in some form of a public sector job. Since these jobs are contracted
differently than private sector jobs, including them would compromise the homogeneity of the
sample. Fourth, I drop individuals who work in agricultural occupations and armed forces
as transitions into and out of these occupations occur infrequently. Furthermore, I add
office clerks to commercial occupations as they are comparable in skill content, and because
they make up a small part of the sample on their own. The seven remaining occupations
are Managers, Professionals, Technicians, Commercial occupations, Industry occupations,

Machine operators, and Elementary occupations: see Appendix Table A.1. Fifth, finally, I

34-digit occupations, based on the Hungarian Standard Classification of Occupations (HSCO). HSCO is
similar in spirit to the Standard Occupational Classification (SOC) system by the BLS.



only consider data on the primary work arrangement for all workers, even if they reportedly
work in multiple parallel jobs.

These rich data accommodate the enormous requirements of estimating the model. I
consider a discrete distribution of jobs, comprised of a handful of occupations and wage
bins. Besides the eight occupations, I discretize wages into ten bins: I define the first wage
bin as between 75 and 100 percent of the effective minimum wage, and bins 2 to 10 as nine-
quantiles of the conditional wage distribution, truncated at the minimum wage. Therefore,
job-to-job transitions fall into one of 4,900 cells:* Appendix Figure A.1 presents the entire
job-to-job transition matrix. Most transitions occur within the same job. Conditional on an
occupational switch, workers tend to move into occupations that are similar in terms of skill
content to their current one. However, a sizable fraction of transitions occur from low-skill

to high-skill occupations and vice versa.

1.2 Young workers’ wage growth across occupations

I now show that initial wages mask substantial occupational differences in subsequent wage
growth. Figure 1.1 illustrates that occupations offer diverging wage trajectories to their
workers. Young workers earn similar wages upon entering the labor market: for example,
the median wages of office clerks and machine operators coincide at age 22. However, those
who start their careers in high-skill occupations experience much faster wage growth than
those in low-skill occupations. Ten years into their careers, office clerks earn 80 percent
higher wages than machine operators.

Occupations offer diverging wage paths for workers at all wage levels. Figure 1.2 contrasts
the observed wage paths of workers who start their careers in a low-wage job in a high-skill
occupation to those of workers who start in high-wage low-skill jobs. At age 22, workers
whose first job is in a low-skill occupation but pays above the median earn 58 percent higher

wages than workers who start in a high-skill occupation but earning below median. However,

47.10 x 7-10 = 4,900 job-to-job transition cells.



Figure 1.1: Diverging occupational wage paths early in the life cycle
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Notes: Median log wages of workers entering the labor market by age 22. Lines denote aggregate wages for
workers whose first job is in respective occupation.

Figure 1.2: Initially low-paid high-skilled workers catch up
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these initial differences disappear in 3 years: high-skilled workers make up for their lower
wages and quickly surpass their low-skill peers, who experience hardly no wage growth. By
age 28, initially low-paid high-skilled workers earn 13 percent more on average than their
low-skill peers—especially professionals whose wage premium reaches 33 percent.
Higher-skill occupations offering upward wage mobility begets the question: how can
workers in low-skill occupations enter these more lucrative jobs? Upon switching into a
higher-skill occupation, will they immediately earn more? Or, alternatively, would it be
worthwhile for them to accept a low-paying offer in a high-skill occupation if it opens up

better opportunities in the future? I attend to these questions in the remainder of this paper.

2 Model

This paper proposes a job posting model with numerous occupational employment states as
well as a non-employment state. Contrary to wage posting models, firms post non-negotiable
job offers where a job is an occupation-wage pair. From the individuals’ perspective, job
offers arrive at rates that are specific to their current occupation and the occupation of the
job offer. Upon receiving an offer, they decide whether to accept it: their decision is governed
by the cost of switching to the new job. This switching cost is stochastic, capturing the fact
that individuals do not know ex ante whether they would accept a particular offer. I assume
that the switching costs are logistically distributed. As a consequence, I am able to express
the model in terms of the conditional choice probabilities (CCPs) — this object captures the

probability that a worker will accept a particular job offer, conditional on their current job.

2.1 Notation

I ease notation by adhering to a set of guiding principles. In general, lower indices refer to
origin states and upper indices refer to destination states. For occupations, I reserve the

(a,b,...) indices and denote a generic occupation by o. For wages, I reserve the (i,7,...)



indices and denote a generic wage rate by w. I denote jobs as an occupation—wage pair (a, ).
Non-employment is denoted by N.

Putting these pieces together, the object pff;, as an example, denotes the probability of
accepting a job offer in occupation b with wage 7 when the current job is in occupation a
and pays i. Furthermore, I omit unobserved heterogeneity from the discussion of the model

and its identification for the sake of clarity; I introduce types in Section 4.

2.2 Value functions

At any point in time, an individual is either employed in a job (a, 7) or not currently employed.
They receive job offers and decide whether they accept them; their decision is governed by
an ex ante unknown cost of switching to the occupation of the offer. Employed individuals
also receive job separation shocks. The rates of both offer arrivals and job separations differ
across occupations.

Time is continuous. For an individual who is currently employed in job (a, ), two events
may occur at any given instance. First, they may receive an offer from occupation o; these
offers arrive at the rate \? which is specific to the pair of origin and destination occupations.
The ex ante probability of receiving offers is integrated over all occupations that the offer
may come from. Second, they may separate from their current job at the separation rate d,;
job separations are exogenous and lead to immediate non-employment in the model. If none
of these events occur, time gets discounted at the rate p.

The attained value is comprised of the flow utility and the option value of the current
job. The flow utility u,(7) varies with the current occupation and wages.® The option value
is the ex ante expected continuation value from the current job, i.e., the expected maximum
value among attainable options, integrated over the set of possible job offers. In contrast
to an exogenous job separation shock, upon which the worker is forced out of employment,

accepting an offer is a choice. When workers receive an offer, they draw a switching cost ¢?

51 discuss the structure I impose on flow utilities in Section 3.
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from a known distribution with mean ¢ and compare the value of the offered job, net of the
cost of switching, to the value of staying in the current job.® Putting all the pieces together,

the value of employment is written as
<Z g+ 0q + p) V(1) = ua(7) 4+ 0, Vv + Eo e [Ao max {V,,(w) — &2, VL (7)) }] . (2.1)

The value of non-employment is analogous to the above. An individual not in employment
incurs the flow utility v and may receive a job offer from any occupation at rates specific to
non-employment. If an offer arrives, they draw a switching cost which determines whether

they would accept the offer. Formally, the value function is
(Z AN+ p) Vv =0+ E, e [AY max {V,(w) — &, Vv }] - (2.2)

2.3 CCP structure

[ assume that switching costs are drawn from the logistic distribution with mean . Com-
bined with the assumption that wages are discrete with pmf f°(w), I can express the value
functions in terms of conditional choice probabilities, i.e., the probability of accepting an

offer conditional on receiving it:”

(B + ) Vali) = wali) + 8aViy — 3 X log(1 — p2) f°(w)  and (2.3)
PV = v — 30 X log(1 — pi) f(w). (2.4)

The logistic assumption on the switching costs imply a particular structure on choice
probabilities, and my identification strategy relies on this structure. Using this distributional

assumption, the probability of accepting a job offer (b, ) conditional on receiving it when
p ) p Yy pting a j ) g

6These stochastic switching costs can be equivalently expressed as deterministic costs amended by preference
shocks drawn with job offers; see Appendix B.
"See Appendix B for details.
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the current job is (a,i) can be written in terms of the value functions and mean switching

costs as

e (Vi) = Val) — &)
P = T exp ((5) — Vali) — )’

(2.5)

Consequently, the probability of accepting (a, ) conditional on arrival when in (a,?) is

i oxp(Vali) = V(i) —ct)  exp(—c)
@ T texp (Va(i) = Va(i) — ) 1+exp(—c2)

(2.6)

It follows that the probability of accepting jobs from the same occupation that offers the

same wage is constant across wage levels:
ai __ . aj
pai - paj (27)

for all 7 and j. Section 3 discusses how I utilize this structure for identification.

3 Identification

The core idea behind identification is to match job-to-job and non-employment-to-job haz-
ard rates to the structural parameters of the model. Here I unfold the main identification
argument in a sequential fashion. The identification strategy presented here builds on Arcidi-
acono, Gyetvai, Jardim, and Maurel (2021) which models the search behavior of employed
and unemployed individuals in a nonstationary environment. I build on this approach by
bringing in various forms of occupational heterogeneity. This section demonstrates how in-
corporating this occupational heterogeneity extends this framework. In contrast with this
companion paper, however, I do not consider nonstationarity on the non-employment-to-job

side for exposition’s sake: combining the two approaches would be an interesting extension.

12



3.1 Hazards

The identification of hazards is separate from the structural parameters of the model. I model
the hazards of job-to-job, job-to-non-employment, and non-employment-to-job transitions
in a competing risk model with multiple spells. Since the model does not accommodate
heterogeneity in tenure on the current job, hazard rates are assumed to be constant over
time; that is, I assume durations follow an exponential distribution. Identification of the

hazards in this setting is well understood® and, thus, is not discussed here.

3.2 Structural parameters

The backbone of my identification argument is that, by definition, the hazard rate of tran-

sitioning from job (a,i) to (b,j) is

WY = b o (5)pl (3.1)

where A’ is the arrival rate of offers from b to a, f° is the distribution of offered wages in b,
and pZJZ is the probability of accepting an offer (b, j) when the current job is (a, ¢), conditional
on receiving that offer.

The key identification argument is that fast offers yield more transitions at high wages
while strong preferences spur churn at all wage levels. If workers know that offers from a
certain occupation arrive frequently, they can rest assured that if they reject a low-wage offer
now, a high-wage one will arrive soon. Conversely, if workers have strong preferences to work
in a certain occupation, they would accept an offer from it at any wage level and they would
not leave once they enter. Therefore, variation in the hazard rates across occupations at

various wage levels separate offers from choices. I now expand on this high-level argument.

8See, e.g., Cox (1959, 1962); Tsiatis (1975).
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Offered wage distribution: Consider the hazard of moving from (a, ) to (a,?):

hgi = Na.f* (1)pl;- (3.2)

As noted before in Equation 2.7, the offer-contingent probability to switch from a given
job to the same job does not vary with the level of wages. Therefore, taking the ratio of
the hazards of switching into the same job, the arrival rate and the switching probabilities

cancel:

B pe(i)

L= - 3.3
het () (33)
Since the distribution of offered wages integrates to 1, it follows that®
pe
i) = 2 3.4
F) = (3.4

Note that the structure of choice probabilities allows for the identification of offered wages
within, but not across, occupations. For example, wages in managerial job offers are drawn
from the same distribution, regardless of whether the offer goes to technicians or machine

operators. This result emerges from the fact that p% = pZJ] for a # b.

Offer arrival rates (J2J): Consider the log odds of accepting a job (b,j) while being

employed in (a, ), denoted by wfgf:

bi bj hbj
I =] @) =] —_ 3.5
i Og(l—pfg) Og<xsz<j>—h’;z-> (35)

using the fact that p* = %/ <)\2 1oy )).10 The only unknown parameter determining the

odds is the offer arrival rate, as the hazard of switching jobs and the offered wage distribution

2l _ 2, It

9Summing Equation 3.3 over wages yields h = Sem T e
i hed/(S0) hej
L-pgl — 1=hg3/OLfP() — NfP()—he)

0From Equation 3.1:
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have already been identified.

I start by identifying the arrival rates of offers from the same occupation as the current
one, \%. Using the value of employment in Equation 2.3, the log odds of accepting an offer
from the current occupation is

@l = Val(j) = Vali) — ¢ (3.6)

ar a

Consider a pair of log odds, one associated with moving across jobs that pay different wages
within the same occupation and another associated with the reverse move. Taking two such
pairs, it holds that!!

aj ai __ al ak __ a
Wai + Waj = Wak + Wae = _2011' (37)

The offer arrival rates from the current occupation are readily identified from Equation 3.7:

o LB + e G ek — (el e (k) + gk £ (0)) el nis (3.5)
’ Fo(i) o () heghat — fo (k) fo(Ohgihg : :

Now I turn to identifying the arrival rates of offers from different occupations than the
current one, \°. Again, using the value of employment in Equation 2.3 the log odds of

accepting an offer from the current occupation can be expressed as

@ = Vy(j) — Val(i) — b (3.9)

a

Taking two such pairs of occupation-wage bins, it holds that

o + wp = P + o = — (cz + cg) . (3.10)

"Note that w? = wZ; also holds. However, I already extracted all the information contained in offers from
the same wage bins in the identification of the wage offer distribution f°(j).
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Note that these log odds contain the offer arrival rates from a to b A2 as well as the reverse
AL, Therefore replicating Equation 3.10 for another two pairs of bins (da’,i)—(b',7’) and

(a', K")—(b', ¢') identifies both arrival rates. Appendix C provides more details.

Choice probabilities (J2J): With the offer arrival rates at hand, the choice probabilities

are readily identified from the definition of hazards:

W= \b o (5)ple. (3.11)

Switching costs (J2J): The switching costs come from the identifying equations for the
offer arrival rates. Equation 3.7 readily identifies the cost of switching to a job in the same

occupation:

Bt -y (3.12)

However, the equivalent equations for cross-occupation switches cannot separately iden-
tify the cost of switching from occupation a to b and the reverse, b to a. Rather, identification
comes from the aggregation of occupations by skill content, observed in the data. The skill
content of occupations is declining by the design of the occupation classification system,
presented in Table A.1

I impose a restriction of relative symmetry: for occupations a # b,

& =a e (3.13)

where s, is the skill content of occupation a. The o multipliers are the same for commercial,
industry, and machine operators. I estimate 11 separate multipliers; Figure 3.1 displays

them.
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Figure 3.1: Switching cost multipliers
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Under these restrictions, Equation 3.10 can be rewritten as

o+ o =—(1+a3)d, (3.14)

a*

The same logic extends to cycles of three job switches as well:

o + wiy + @ = — (CZ +c +a” cg) and (3.15)
wyl + wg’; + ol = — (aj‘; &+ + Qg ci) . (3.16)

This system of equations jointly identifies the unidirectional costs as well as the o multipliers,

and, thus, the entire matrix of switching costs.

Offer arrival rates (N2E): Now I turn to structural parameters for those not in employ-

ment. Consider the log odds of accepting an offer (b, j) from non-employment:

o = Vi(j) — Vi — . (3.17)

Combining this log odds with the log odds of accepting an offer from the same occupation

17



and another wage, (b,17), it holds that

wy — @i = Vi(j) = Vali) = wy! + . (3.18)

Since all other parameters have been identified by now, this equation identifies A}, .

Choice probabilities (N2E): Given the N2E offer arrival rates, the choice probabilities

fall out from the hazard definition:

W3 = 2 P ()R- (3.19)

Flow utilities (J2J, N2E) and switching costs (N2E): I identify the remaining struc-

tural parameters together in a system of linear equations. The log odds of accepting a job

offer are
wZJZ = 5, :_ ’ (Ub(j) - Z Ay log(1 — p;)’;”)fo(w)>
=3 ip (“a@ — > A¢log(1 - pZE")f’(@U)) (3.20)
5b — 5‘1 o ow o b
G (7 B e =)
and

- (ubu)—szlogu—pgf)f%w))

T htp
1 o ow o
ot (U - %;))‘N log(1 —px’) f (w)> —cy. (3.21)

Equations 3.20 and 3.21 are linear in the unknown parameters u, (i), uy(j), v, and c.'?
Therefore writing these equations for all possible (a,i) — (b, j) combinations yields a lin-

ear system of equations. However, the system cannot identify all parameters separately;

12 As standard in the literature, I do not estimate the discount rate p but rather set it to 0.05.
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therefore, I impose additional structure on them.

I parametrize u,(7) to be an occupation-specific level shift of a common log wage profile:

Uqa (1) = ¢, + Blogw; (3.22)

for all @ and 7. This parametrization aids the interpretation of the results as I can quantify
the occupational differences in wage profiles in utility and in monetary terms.

Finally, I restrict ¢% to vary with the skill content of the occupation of the offer. That
is, I flexibly estimate five separate switching cost parameters out of non-employment to
occupations in each skill level.

Putting these parametrizations together, the identifying equations become

- 1 log w; 1 log w; O0p — 04
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The linear system admits an exact solution, which concludes our tour de identification.
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3.3 Discussion

Like all economic models, the one presented here is a stylized depiction of reality and, as
such, trades off simplicity for realism. At this point, it is worth taking a step back to discuss
these tradeoffs.

The crux of job search models is to separate “choices” from “offers”—that is, to separately
identify determinants of the job search process that a worker can control from those that
they cannot. In my model, offers are specific to origin and destination occupations and
the wages at the destination job. Offers arrive at different rates to workers currently in
different occupations; however, the offered wages are drawn from the same distribution for
each destination occupation. While this feature is shared with most wage posting models (cf.
Burdett and Mortensen, 1998), its implications are amplified in this setting. To the extent
that workers in low-skill occupations receive high-wage offers from high-skill occupations, but
they are not observed to make such transitions in the data, will seep into their preference
and cost parameters.

I also remark that I omit certain sources of wage inequality that has been in the forefront
of the job search literature. Prior work has discussed the distributional implications of
modeling worker-, firm-, and match-specific heterogeneity in a general equilibrium setting
(Postel-Vinay and Robin, 2002; Cahuc, Postel-Vinay, and Robin, 2006; Lise, Meghir, and
Robin, 2016; Bagger and Lentz, 2019; Taber and Vejlin, 2020). Furthermore, human capital
accumulation has been shown to account for wage dynamics (Burdett, Carrillo-Tudela, and
Coles, 2011; Bagger, Fontaine, Postel-Vinay, and Robin, 2014; Taber and Vejlin, 2020). Here
I take a partial equilibrium approach with ex ante heterogeneity due to occupations, and ex
post heterogeneity due to the realizations of the stochastic switching costs. The effects of
the omitted channels are subsumed into the wage offers. Although it is an open empirical
question, my approach may yield similar results to the extent that similar occupation-specific
offer distributions arise endogenously in general equilibrium. Considering these channels is

subject to future research, which I return to in the concluding section of this paper.
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Figure 4.1: Offered wages
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Notes: Cumulative distribution functions and accepted wages in Appendix Figure E.2.

4 Results

I now take the model to the data. I estimate the parameters of the structural model using
maximum likelihood. I impose the model structure on the hazards of job-to-job and job-to-
unemployment transitions: I express the hazards as a function of the structural parameters
and maximize the likelihood of these constructed hazards fitting the empirical transition
patterns. I model the hazards in a competing risk framework with two-sided censoring
and exponential hazards. In an additional step, I introduce unobserved heterogeneity among
workers and estimate this new model using an EM algorithm (Arcidiacono and Miller, 2011).
This procedure is efficient yet computationally light: the likelihood function only takes in
aggregated data in each origin and destination job pair, instead of the entirety of transitions.

Appendix D discusses the estimation procedure in detail.
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Table 4.1: Offer arrival and job separation rates

Offer arrival rates

Current occupation Total Share Job sep. rates
Own High Low

Managers 2.74 17.3 251 74.9 0.21
Professionals 3.96 14.3 32.1 67.9 0.24
Technicians 3.04 171 245 755 0.25
Commercial 1.16 48.1 7.3 927 0.43
Industry 0.95 60.0 4.4 95.6 0.34
Machine operators 1.85 33.2 5.0 95.0 0.33
Elementary 1.20 47.9 9.7 90.3 0.99

Out of labor force 0.93 - 12.9 87.1 -

Notes: Offer arrival rates denote share of offers within a worker’s current occupation,
arriving from one’s own/high-skill /low-skill occupations. Job separation rates are annual.
All offer arrival rates in Appendix Figure E.3.

Table 4.2: Aggregate switching costs

Switching costs

Current occupation Own High-skill Low-skill

Managers 0.06 0.08 0.53
Professionals 0.06 0.05 0.70
Technicians 0.05 0.03 0.24
Commercial 0.10 0.20 1.18
Industry 0.03 1.00 0.28
Machine operators 0.04 2.07 0.48

Elementary 0.86 5.68 1.07
Out of labor force — 0.56 0.28
Notes: Mean switching costs from one’s current occupation to

own/high-skill/low-skill occupations. All switching costs in Ap-
pendix Figure E.4.

Table 4.3: Flow utilities and option values

Occupation Flow utilities Values

I6; ¥,  Comp. diff. Full Min Max
Managers 1.42 -1.49 0.26 20.0 207.4 211.3
Professionals -1.83 0.21 20.8 208.6 211.7
Technicians -1.21 0.32 19.5 207.7 211.1
Commercial 0.72 1.26 16.2  204.8 208.0
Industry 0.84 1.36 16.2  205.9 209.9
Machine operators 0.40 1.00 16.8 206.7 210.5
Elementary 5.07 26.52 12.1  204.8 206.7
Out of labor force - — 124.6 -

Notes: Compensating differentials: willingness-to-pay to switch to machine operat-
ing, relative to current wage. Full values: average of overall values normalized by
flow utilities across wages in occupation. Min/max value: unnormalized values.
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4.1 Baseline estimates

In the model, high-skill occupations offer faster wage growth than low-skill ones. As shown
on Figure 4.1, high-skill occupations offer higher wages than low-skill ones. The contrast is
especially stark for professionals vs. elementary occupations: while 28 percent of professional
offers come from the highest wage bin, 54 percent of offers from elementary occupations come
from the lowest wage. Therefore, differential wage offers across occupations would give rise
to diverging wage paths, akin to the empirical patterns. However, these forces do not impact
wage trajectories in isolation: even though low-skill offers pay little, they are still rarely
rejected (as shown in Appendix Figure E.2). The other mechanisms in the model shed light
on the sources of this behavior.

The offer arrival rates in Table 4.1 tell two different stories about high- and low-skill
occupations. Workers in high-skill occupations receive 2.74—3.96 offers annually, while those
in low-skill occupations receive about one less offer, ranging from 0.95-1.85 offers per year.
Overall, offers come from low-skill occupations much more frequently than from high-skill
ones. This pattern is shared by current high- and low-skilled workers as well as individuals
out of the labor force. However, the differences are smaller for current high-skilled workers:
they receive high-skill offers with a five time higher probability than current low-skilled
workers (24.5-32.1 vs. 4.4-9.0 percent) and twice as frequently as those who are not working
(24.5-32.1 vs. 12.9 percent). Low-skilled workers are more likely to receive an offer from
the occupation they are currently working in (33.2-60.0 vs. 14.3-17.3 percent); however,
conditional on offers from occupations in one’s current skill level, offers are less likely to
come from their own occupation. These patterns may emerge as a result of the transferability
of skills across high- and low-skill occupations. On one hand, current high-skilled workers
likely possess the necessary skills for high-skill occupations, thus they get high-skill offers
more frequently—but they also get low-skill offers relatively frequently as they can be a
good match there as well. On the other hand, current low-skilled workers rarely get the

opportunity to switch to high-skill occupations.
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The job separation rates in the last column of Table 4.1 worsen the outlooks of low-
skilled workers. These jobs are less stable: workers in low-skill occupations separate to
non-employment at much faster rates than those in high-skill ones. Elementary jobs are
especially fragile: these workers lose their job once a year while only one in four managers
separates to non-employment in a given year. These elementary occupations, such as janitors
and helpers, substitute unemployment: they require no formal qualifications, pay little, and
are typically short-term arrangements. Therefore, high-skill occupations are valuable not
only due to their faster wage growth but also their higher retention rates.

Let’s turn to what the data tell us about the behavior of workers once they get a job
offer. Upon the offer’s arrival, they learn the cost of switching from their current job to the
new one, and decide whether they accept the offer. Table 4.2 displays aggregate measures
of these cost realizations. Overall, the least costly switch is within one’s current occupation,
more costly to switch to another occupation at a similar skill level, and most costly to switch
to occupations at another skill level. Moving to another skill level is associated with a five
times higher cost than staying at one’s current skill level. Once again, high- and low-skill
occupations paint two different pictures: “downskilling” for high-skilled workers is less costly
than “upskilling” for low-skilled workers. High-skilled workers have to pay a cost in the range
of 0.03-0.08 to switch to another high-skill job and costs of 0.24-0.70 to switch to low-skill
jobs. Low-skilled workers face much higher costs in both directions: 0.28-1.18 for another
low-skill job and 0.20-5.68 for transitions to a high-skill one. These large costs help explain
why low-skilled workers reject high-skill offers at high rates. Separating to non-employment
is of no help to ease these transitions either: moving into a high-skill occupation from non-
employment demands a cost of 0.56, while it is a third of that, 0.28, for low-skill occupations.

Finally, I discuss the value of jobs in high- vs. low-skill occupations. This value is com-
prised of the flow utility that workers instantaneously incur, as well as the option value of
being in a certain job. Looking at the flow utilities in Table 4.3, low-skill jobs yield higher

utility than high-skill ones for the same wage. I translate these differences into compensating
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differentials: the third column of the table shows how much a worker in a certain occupation
would have to be compensated to become a machine operator. That is, the compensating
differential for a worker in occupation a making wage w,), denoted by wMO, satisfies the

equation

Yo + Blogwa = Yyo + Blog wy'©. (4.1)

Current high-skilled workers would accept a machine operating job for a fraction of their
current pay, while current low-skilled workers would need much higher wage offers. For
instance, professionals would take that job for 21 percent of their current wage but industry
workers would need 36 percent higher pay. The results are especially stark for elementary
workers who would accept an offer that pays 27 times more than their current job. These
estimates likely reflect the occupational wage distribution: elementary occupations pay very
little compared to professional ones.

The value of a certain job is not only in how much it pays but also what future wages it
affords to its workers. The last three columns of Table 4.3 presents these values. High-skill
jobs are more valuable: their full value is 19.5-20.8 times the magnitude of their flow utilities
on average, while this multiplier is only 12.1-16.8 for low-skill jobs. These aggregate values
are not a result of lower baseline flow utilities. The value of low-wage high-skill jobs are
larger than the value of a high-wage elementary job, regardless of its enormous non-wage
amenities. The same pattern holds in comparison with other low-skill jobs as well: high-skill
jobs that pay in the lowest bin are roughly as valuable as well-paying low-skill jobs. These

results highlight the importance of option values, with far-reaching dynamic implications.

4.2 Adding unobserved heterogeneity

I now introduce unobserved worker-specific heterogeneity to the model. That is, I distribute

workers to two heterogeneity types with some probability 7 and estimate this distribution,
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Figure 4.2: Aggregate type probabilities
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Figure 4.3: Offered wages
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Table 4.4: Offer arrival and job separation rates with unobserved heterogeneity

Offer arrival rates Job sep. rates

Current occupation Type 1 Type 2
Total Share Total Share Type 1 Type 2
Own High Low Own High Low

Managers 3.19 16.6 24.5 755 2.22 179 257 743 0.26 0.16
Professionals 4.63 13.7 31.5 685 3.20 15.0 33.1 66.9 0.29 0.17
Technicians 3.51 15.9 234 76.6 2.46 179 254 746 0.30 0.19
Commercial 1.29 46.0 7.7 923 0.96 488 7.2 928 0.54 0.29
Industry 0.98 55.1 5.0 95.0 0.89 65.3 39 96.1 0.44 0.23
Machine operators 2.12 316 52 948 1.54 349 48 952 0.41 0.24
Elementary 1.34 46.0 10.3 89.7 0.99 483 9.5 90.5 1.34 0.72
Out of labor force 0.85 - 12.2 878 1.06 - 13.4 86.6 - -

Notes: Offer arrival rates: totals are annual rates; shares denote percentages of offers arriving from one’s own/high-skill/low-
skill occupations. Job separation rates: annual rates. All offer arrival rates in Appendix Figure E.9.

Table 4.5: Aggregate switching costs with unobserved heterogeneity

Switching costs

Current occupation Type 1 Type 2
Own High-skill Low-skill Own High-skill Low-skill

Managers 0.05 0.06 0.43 0.07 0.10 0.63
Professionals 0.05 0.04 0.60 0.08 0.06 0.83
Technicians 0.04 0.02 0.20 0.07 0.03 0.30
Commercial 0.08 0.17 1.04 0.12 0.24 1.38
Industry 0.02 0.85 0.24 0.03 1.16 0.34
Machine operators 0.03 1.86 0.41 0.05 2.37 0.57

Elementary 0.73 5.06 1.01 1.00 6.68 1.19
Out of labor force - 0.67 0.34 - 0.46 0.23

Notes: Mean switching costs from one’s current occupation to own/high-skill /low-skill occupations. All
switching costs in Appendix Figure E.11.

Table 4.6: Flow utilities and option values with unobserved heterogeneity

Flow utilities Values

Occupation Type 1 Type 2 Type 1 Type 2

B 1,  Comp. diff. 15} 1,  Comp. diff. Full Min Max Full Min Max
Managers 1.14 -1.78 0.14 1.46 -1.14 0.37 21.3 165.2 167.4 20.9 230.8 235.2
Professionals -2.18 0.10 -1.43 0.30 22.6 166.2 168.1 21.6 2325 2359
Technicians -1.42 0.19 -0.92 0.43 204 165.6 167.8 20.5 231.1 235.1
Commercial 0.80 1.34 0.55 1.18 15.8 163.2 165.3 179 2279 232.3
Industry 0.97 1.56 0.65 1.26 15.6 164.0 166.4 179 2295 234.5
Machine operators 0.46 1.00 0.31 1.00 16.5 164.9 1674 18.4 229.8 234.5
Elementary 6.06 136.20 4.02 12.58 10.5 163.5 164.6 14.0 2282 230.7
Out of the labor force - - - 84.9 - - 178.4 - -

Notes: Compensating differentials: willingness-to-pay to switch to machine operating, relative to current wage. Full values: average of
overall values normalized by flow utilities across wages in occupation. Min/max value: unnormalized values.
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along with all the type-specific structural parameters; see Appendix D for details about this

estimation procedure.

The estimated types pick up stark differences across workers. Type 1 workers make up
64.3 percent of the sample while Type 2 makes up 35.7 percent. Figure 4.2 breaks down these
overall figures by wage bins and shows that types separate low and high earners: workers in
the lowest wage bin almost surely belong to Type 1 while those in the highest bin are Type
2. At the same time, the highest-wage workers in low-skill occupations belong to Type 2
with a 99.8 percent probability. These types apply to an uneven sample: while most Type 1
high-skilled workers earn below-median wages, they only make up 6 percent of the sample,
compared to 59 percent of low-wage low-skilled workers. The contrast is even starker for
low-skilled workers earning high wages: while they almost certainly belong to Type 2, they
represent only 2 percent of the sample.

Unobserved heterogeneity reveals vastly different labor market landscapes across types.
Starting with wage offers, Figure 4.3 attests that Type 2 workers receive higher wage offers
than Type 1.13 Type 2 high-skill occupations receive a lot more offers from high wages,
especially professionals at 62 percent. Workers in low-skill occupations receive almost no
offers from high wages, but offers to Type 2 workers bring about slightly higher pay than for
Type 1 workers.

Unobserved heterogeneity types also affect the rates at which workers receive offers and
separate from their jobs. Type 1 workers receive 35 percent more offers in both low- and
high-skill occupations than Type 2 workers, as Table 4.4 demonstrates. However, a larger
share of offers come from Type 2 workers’ current occupation and other occupations of a
similar skill content. At the same time, Type 1 workers separate more often from their jobs
while Type 2 workers face more stable employment. These patterns suggest that Type 2

workers are more securely attached to the labor market but are also locked in to their current

3Even though Section 3 demonstrates that offered wages are flexibly identified, I impose additional
parametrizations across types in the estimation. I model flexible wage offers for one type and shift them
by a type-specific logit multiplier for the remaining types. See Appendix D for details.
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occupations, relative to Type 1.

This lock-in pattern continues with the costs of switching. Type 2 workers face higher
costs across the board, as shown in Table 4.5. Otherwise, the patterns are similar to those
without unobserved heterogeneity: the least costly transitions are within one’s current oc-
cupation, and transitions to occupations at another skill level are the most costly ones.
Current high-skilled workers face lower costs to switch to low-skill occupations than the
reverse. Within low-skill occupations, Type 2 workers face costs of 0.24-6.68 to switch to
high-skill occupations, while Type 1 workers face 50 percent lower costs, ranging 0.20-0.60.

Preferences also exhibit this heterogeneity, as Table 4.6 illustrates. On one hand, Type
2 workers value wages more than Type 1, 1.46 compared to 1.14. On the other hand, Type
1 workers incur 50 percent larger non-wage amenities than Type 2 on average. Taken in
tandem, the latter effect trumps the former: compensating differentials are more substantial
for Type 1 than for Type 2 workers in absolute terms. Type 1 high-skilled workers would
accept a machine operator offer for 10-19 percent of their current wage while this amount
is 20 percentage points higher for Type 2 high-skilled workers. Similarly, Type 1 low-skilled
workers would need much higher compensation than Type 2; e.g., Type 1 commercial workers
require 14 percentage points higher wages than the 18 percent amount for Type 2 commercial
workers.

A final piece demonstrating the effects of unobserved types on the results is the option
values resulting from these estimates. Type 1 workers’ values range between 20.4-22.6 times
their flow utility in high-skill occupations and 10.5-16.5 in low-skill ones, whereas these
figures are higher for Type 2 workers, 20.5-21.6 in high-skill and 14.0-18.4 in low-skill oc-
cupations. Curiously, the values of low-wage high-skill jobs are roughly equal to high-wage
low-skill jobs for Type 1 workers, resembling earlier results without unobserved heterogene-
ity. However, for Type 2 workers high-wage jobs in low-skill occupations are unequivocally
more valuable. These findings suggests that in early stages of one’s career, being in a low-

paying high-skill job is more beneficial; but as time goes by, being locked in to a low-skill
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occupation yields higher value.

5 Life Cycle Wage Dynamics

With the structural estimates at hand, this final section relates occupational mobility to the
life cycle profile of wage inequality. I simulate careers starting from the empirical distribution
of initial jobs, and compare wages at various points of the life cycle. I show that workers
who start their careers in high-skill jobs have higher ex ante expected wages over their
lifetime than low-skilled workers, regardless of their initial wage. Then I demonstrate that
this occupational heterogeneity explains 96 percent of the empirical life cycle profile of wage
inequality. Remarkably, the occupationally heterogeneous model fits the rapidly increasing
wage inequality immediately upon entering the labor market. I find that heterogeneous offer
arrival and job separation rates, flow utilities, and switching costs contribute equally to the
explanatory power of occupations.

I start by demonstrating that occupations offer ex ante differing wage profiles, mirroring
the descriptive evidence presented in Section 1. I simulate a large number of workers starting
their careers at all possible wage levels in each occupation. Then I draw job spells from the
competing hazard estimates and piece them together, thus creating lifetime careers. I record
the occupational transitions and wage paths along these simulated careers. Finally, I compile
ex ante wage profiles by averaging out these paths at each point of the life cycle.

Figure 5.1 shows these mean wage profiles by initial jobs in high- vs. low-skill occupations
at all wage levels for each unobserved worker type. Specifically, the thick orange line tracks
the ex ante expected wages of a 22 year old worker starting their career in a low-wage
professional job. Similarly, the purple line follows the ex ante wage evolution of a 22 year
old starting in a high-wage elementary job. Within three years, by age 25, the (initially)
professional worker already expects to earn higher wages. The (initially) elementary worker

sharply loses their initial wage advantage: in expectation, they separate from their job and
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Figure 5.1: Ex ante wage profiles
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Notes: Simulated wage profiles from baseline hazard estimates. Mean log wages by age across 2,500
simulations for each initial occupation-wage pair. Thick orange line: ex ante wage profile of a worker
starting in a professional job in the lowest wage bin. Thick purple line: ex ante wage profile of a worker
starting in an elementary job in the highest wage bin.

never catch up. These patterns are not unique to these two hypothetical workers: regardless
of their initial wages, high-skilled workers (orange lines) always converge to the eventual
steady-state mean from above while low-skilled workers (purple lines) converge from below.
Similar findings emerge for both unobserved types with some notable differences. Both
types exhibit the same crossing pattern at age 25; however, the returns to high-skill occu-
pations are higher and more persistent for Type 2 than for Type 1 workers. Wage paths
for Type 1 workers converge to the same, lower mean by age 30 while convergence to a 42

percent higher mean happens slower, by age 38, for Type 2 workers.

Which source of heterogeneity drives these patterns? I answer this question by repeating

the above simulation for a number of auxiliary models that incorporate only one hetero-
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geneity source at a time. I estimate a version of the baseline model that features only
occupation-specific wage offers. A second variant incorporates only labor market frictions
through occupationally heterogeneous offer arrival and job separation rates. A third version
models only occupation-specific non-wage amenities. A final fourth variant allows only costs
of switching to vary across workers’ current and offered occupations.

Figure 5.2 suggests that labor market frictions are the key determinant of the ex ante
wage patterns:'* the top right panel resembles the overall paths in Figure 5.1 the closest.
Labor market frictions result in faster wage growth for workers in high-skill occupations and
sharper wage drops for workers in low-skill occupations. Figure 5.3 shows that heteroge-
neous offer arrivals induce the rising patterns while job separations underlie expected wage
drops. However, labor market frictions alone cannot account for the magnitude of the overall
expected wage premium for workers starting in high-skill occupations: the gap between the
orange and purple lines are nowhere near as wide. This high premium stems from the other
occupational sources. In isolation, occupation-specific wage offers induce slightly higher ex-
pected wages for initially high-skilled workers: even though they receive higher-paying offers,
fixed acceptance behavior across occupations results in similar paths. Heterogeneous non-
wage amenities create slightly more dispersion across the ex ante wage paths, but in the
opposite direction for higher wages. Workers who start in high-paying low-skill jobs incur
the highest flow utility, high wages and high non-wage amenities, and hold onto these jobs.
Similarly paid high-skilled workers, however, are more likely to leave to jobs with lower pay
but overall higher non-wage amenities. Therefore, the purple lines on the top converge to
the steady-state mean slower. The flipside of this logic applies to initially low-wage workers:
those in low-wage, low-skill jobs will not receive wage offers that are high enough to offset
their high non-wage amenities. Therefore the purple lines on the bottom converge to the

steady-state mean slower. Finally, switching costs alone imply similarly slower convergence

14T report results without unobserved heterogeneity for brevity: see Appendix Figure E.12 for two-type
results. Furthermore, I zoom in on early career stages and only show ex ante wage paths until age 35—
wages are similar in expectation afterwards.
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Figure 5.2: Ex ante wage profiles by heterogeneity source
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Notes: Simulated wage profiles from auxiliary hazard estimates. Mean log wages by
age across 2,500 simulations for each initial occupation-wage pair. Thick orange line:
ex ante wage profile of a worker starting in a professional job in the lowest wage bin.
Thick purple line: ex ante wage profile of a worker starting in an elementary job in the
highest wage bin. Results with unobserved heterogeneity in Appendix Figure E.12.
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Figure 5.3: Ex ante wage profiles by heterogeneous labor market frictions

a: Only offer arrivals b: Only job separations
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Notes: Simulated wage profiles from auxiliary hazard estimates. Mean log wages by
age across 2,500 simulations for each initial occupation-wage pair. Thick orange line:
ex ante wage profile of a worker starting in a professional job in the lowest wage bin.
Thick purple line: ex ante wage profile of a worker starting in an elementary job in the
highest wage bin.

for low-skill occupations, as they face higher overall non-pecuniary costs to switch jobs.

Next, I link these diverging wage profiles to the life cycle profile of wage inequality.
I repeat the simulation procedure outlined above, but instead of a hypothetical starting
distribution, I start from the empirical distribution of jobs at age 22. Then, just like before,
I draw and piece together job spells, thus creating lifetime careers from age 22 to 50. I
record the occupational transitions and wage paths along these simulated careers. Finally,
I calculate the within-group variance across paths at each age, by initial jobs. I repeat this
exercise for estimates of the four restricted models, as well as an occupationless benchmark
which shuts down all sources of occupational heterogeneity.

Table 5.1 contrasts the life cycle profiles of wage inequality in these alternative model
specifications to the empirical life cycle wage dispersion. Overall, the full model fits 94

percent of the observed inequality of wages, and closely matches the sharp increase in the
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Table 5.1: Fitting the life cycle profile of wage inequality

Variance at various ages

Estimates Overall tﬁt (log points)
(percent) 355 30 35

Data - 0.152 0.294 0.363 0.343
Full model with all sources 94.3 0.152 0.273 0.313 0.323
Occupationless benchmark 65.6 0.152 0.182 0.212 0.223
Only wage offers 103.0 0.152 0.306 0.343 0.345
Only labor market frictions 90.4 0.152 0.268 0.303 0.305
Only non-wage amenities 86.2 0.152 0.261 0.294 0.290
Only switching costs 86.3 0.152 0.265 0.286 0.287

Notes: Overall fit: variance of simulated log wages divided by variance of log wages

in data, age 25-50. Variance of log wages by age across simulated careers from
empirical distribution of initial jobs. See Appendix Table E.1 for BIC measures of
model fit.

inequality profile. The occupationless benchmark, with no occupational heterogeneity in
its dispersion-generating sources, cannot compete with this fit: it only matches 63 percent
of the total variation, and almost none of the increase early in the life cycle. Looking at
all mechanisms in isolation, each of them improves the occupationless benchmark signif-
icantly, to the point that on their own they match most of the empirical dispersion. In
fact, occupation-specific wage offers generate slightly higher dispersion than the data.!® La-
bor market frictions account for 90 percent of the variation in isolation, while non-wage
amenities and non-pecuniary job switching costs account for 86 percent each on their own.
These results indicate that occupational heterogeneity in the sources of wage inequality is
instrumental to account for the data patterns.

This accounting exercise is inspired by Taber and Vejlin (2020) but is conceptually dif-
ferent. Taber and Vejlin (2020) arbitrates between various sources of wage dispersion by
shutting down each model mechanisms sequentially and measuring the drop in model fit at
each exclusion. In contrast, I incorporate occupational heterogeneity in these mechanisms:
therefore I do not exclude sources of dispersion, I only restrict them to be homogeneous
across occupations. The occupationless benchmark in this paper can be thought of as the

conceptual equivalent to the full model in Taber and Vejlin (2020); however, their full model

5These estimates fit the data poorly, as Appendix Table E.1 shows.
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provides a better fit than the occupationless benchmark as they consider a different set of
model mechanisms.'® Instead, the focus of my paper is to shed light on the importance of
occupational heterogeneity within the mechanisms themselves. Incorporating occupational
heterogeneity to a wider range of mechanisms that lead to wage inequality is an important

and interesting avenue for future research.

6 Conclusion

This paper argues that occupational mobility plays a key role in explaining the inequal-
ity of wages over the life cycle. I unfold this argument in four steps. First, I document
that high-skill occupations offer steep wage growth to early-career workers while low-skill
occupations feature flat wage profiles. Second, I build a structural model of mobility which
incorporates occupational heterogeneity to several well-studied mechanisms behind wage
inequality. Third, I estimate the model using Hungarian administrative data that follow
workers’ occupational histories and I uncover substantial occupational heterogeneity in its
mechanisms. Fourth, I show that the occupational heterogeneity of these mechanisms is
essential to account for life cycle wage dynamics.

I gain insights from a model of job transitions which attributes wage inequality to
occupation-specific wage offers, labor market frictions, compensating differentials, and non-
pecuniary costs of job switching. In the model, workers are employed in one of numerous
occupations and incur utility from their wage and non-wage amenities. At any given in-
stance, they may receive a job offer from another occupation and wage level; once an offer
arrives, they decide whether to accept it. Their decision is shaped by comparing the value of
their current job to the counterfactual value they would incur, should they accept the offer,
as well as a non-pecuniary cost associated with switching jobs.

I estimate the structural model on linked data compiled from Hungarian administrative

16In their full model, wage inequality results from heterogeneous skills prior to entering the labor market,
firm type-specific offer arrivals, non-wage amenities, and human capital accumulation; furthermore, the
equilibrium wage distribution results from bargaining between workers and firms.
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records. These rich data have several main advantages over other, commonly used datasets;
most importantly, they approximate the date of employer and occupational transitions, and
they contain administrative information on workers’ occupations, which map into skill levels.
To estimate the model, I express its parameters in terms of the probability of accepting a job
offer from any occupation that pays a certain wage, conditional on the current occupation
and wage of the worker.

Taking my model to the data, I document that occupations that are associated with high
skill levels (such as professionals or technicians) offer higher wages than low-skill occupations
(e.g., machine operators and industry occupations). Job offers from high-skill occupations
arrive more frequently than low-skill offers, especially to high-skilled workers, while low-
skill occupations have more frequent job separations. Workers in low-skill occupations face
large non-pecuniary costs to switch to high-skill occupations. Furthermore, compensating
differentials for workers in low-skill occupations are substantially larger than for those in
high-skill occupations, locking in these workers to lower wage trajectories. Even though
low-skill occupations offer high flow values from non-wage amenities, high-skill occupations
are more valuable overall as they have higher option values.

Lastly, I link these structural estimates to wage inequality over the life cycle. I calculate
the ex ante expected wage profiles of workers starting their careers in any possible occupation-
wage combination. The full model gives rise to crossing wage paths: workers who start in
low-wage high-skill jobs experience rapid wage growth, while those starting in high-wage
low-skill jobs quickly lose their initial wage gains. Separating each model mechanism, I show
that these wage dynamics result mainly from occupational labor market frictions. However,
all other mechanisms—occupational wage offers, non-wage amenities, switching costs—are
required to fully account for the empirical dispersion of wages.

I conclude this paper with a remark on avenues for future research. Discerning the
occupational sources of wage inequality has important policy implications: occupational

heterogeneity can point out precise targets for policy interventions. For example, if inequality
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stems from large frictions or switching costs from a low-skill occupation to a high-skill one,
targeted policies should reduce frictions or subsidize transition costs across them. More
research is needed for such policy recommendations because workers, and especially firms,
may respond to interventions in ways that are not modeled here. This paper takes the first
step towards these precise recommendations by demonstrating the scope for such targeted

policies.
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Appendices

A Data

This appendix contains additional information on the Hungarian administrative data. Back

to Section 1.

Job-to-job transition matrix

Each block represents transitions across occupations and, due to the occupation classification
system, the skill content of occupations is loosely decreasing left-to-right and bottom-to-
top. Furthermore, wages within each block are increasing left-to-right and bottom-to-top;
therefore, within blocks the diagonal represents transitions which do not involve a wage
change, above the diagonal are wage cuts and under it are wage bumps. The overwhelming
majority of occupation blocks contain at least one transition; the further the jump in terms
of occupational skill content, the more likely empty cells occur. Many transitions happen
at the same occupation and a similar wage rate, implying only a firm switch. Furthermore,
conditional on an occupation switch (i.e., in off-diagonal blocks) wages are more likely to

stay at their previous level.
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Appendix Figure A.1: Number of observations by transition cells

Elementary

~

Machine operators

Industry

Commercial

From

Technicians
Professionals

Managers

Notes: Log number of transitions in each origin and destination occupation-wage pair.

Within each

occupation-to-occupation block, wages are increasing left-to-right and bottom-to-top. White cells are empty.

Appendix Table A.1: Skill content of occupations

Occupation Skill level Educational requirement

Managers 5 College or post-secondary specialist ed.
Professionals 4 College

Technicians 3 Post-secondary specialist ed.
Commercial 2 Secondary ed.

Industry 2 Secondary ed.

Machine operators 2 Secondary ed.

Elementary 1 No formal qualifications
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B Model

This appendix provides more details of the model of job mobility within and across occupa-

tions. Back to Section 2.

B.1 Stochastic switching costs interpreted as preference shocks

I assume that switching costs are ex ante unknown and drawn from a known distribution
upon the arrival of job offers, which underlies the dispersion in offer acceptance even among
observably equivalent workers. From the model’s perspective, this assumption is equivalent
to having fixed switching costs and a preference shock associated with the offer. To see this,

consider rewriting Equation 2.1 as
<Z g 4 0q + p) Va(i) = ug(i) + 04V + D> AL By e max [V, (w) — ¢ +¢,Va(i)].  (B.1)

Here € is a preference shock, drawn when a job offer arrives. Assuming that ¢ is logistically
distributed with mean zero is equivalent to the distributional assumption above.

In terms of interpretation, stochastic switching costs depict ex ante uncertainty regarding
amenities associated with transitioning from occupation a to b. A negative cost realization
may be interpreted as a desirable amenity the worker is willing to pay for. On the other
hand, preference shocks may be interpreted as ex ante unknown non-pecuniary aspects of

the job offer. These seemingly competing interpretations are, in fact, interchangeable.
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B.2 Value functions expressed in terms of CCPs

From Equation 2.1,

(Z Ao+ 04 + p) V(i) = uq (i) 4+ 04V + Z N By, max [V (w) — &, V(1))
= Ua (1) + 0a Vi + D Ao Bue {Va(i) + max [Vo(w) — V(i) — ¢, 0]}

(00 + p) Va(i) = ua(i) + 6.V + DA By p max [V, (w) — V(i) — €2, 0]
Since ¢ ~ Logistic(c?), the Emax term can be expressed as

E, zmax [V, (w) — V,(i) — &2,0] = Ey, {log (1 + exp(V,(w) — V(i) — ¢2))}.

a

Now note that the log term looks eerily similar to the probability to reject an offer (c.f.

Equation 2.5):

1
1— o = :
Pai 1+ exp (Vo(w) — V(i) — ¢2)

a

Plugging this back to the value function yields
(511 + p) %(l) = ua(i) + 6aVu + Z )‘Z Ew{_ log(l - pngu)}
Finally, integrating out the offered wage pmf yields Equation 2.3:

(00 + p) Val(i) = ua(d) + 0aVe = D Ao log(1 — pgif) 2 (w).

The same logic applies to the value of non-employment.
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C Identifying Structural Parameters

This mathematical appendix discusses further details of the constructive identification of the

structural parameters. Back to Section 3.

Offer arrival rates within occupations: From Equation 3.7,

wgf + wg; = % + % (C.1)
hl My hg hef -
Nafo(s) — hal Aefe(D) —hay Aufe(0) = hgg Mgfe(k) — hig '
Therefore
o (el £o(i) + ha 2 (5)| haghat — [hakfo (k) + hag fo(0)] helngs 3
’ Fe@) feG)hgrhag — [ (k) f(O)hgs hi '
Offer arrival rates across occupations: From Equation 3.10,
bj ai bl ak
Wy + Wy W T @
'/ bj‘ _ k be (C.4)
wfﬁ/ + wg;/’ b, + i
by ai
haji ' bj ‘ h%ﬁ: hzéc
ALFO(G) = hay NS = Ry | | NS00 — bl Agfe (k) — hip
Y % = N ak! (C.5)
P by’ hap hie
b Fo (1) — hY) Mg fe(i) — hid N fP(€) = hoje Mg fe(k') — hig
The arrival rates (A2, \¢)" are the solution to this system of equations; analytically,
AsBs — A3B AsBy — AyB
Ab o 2023 322 and )\g . 32 203 (06)

. A2B1 - A1B2 B ASBI - A1B3
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where

= fPO f(R)hihi — fPG) DR, By= [P0 f*(R)hyhiy — PG F @by

= (ORGP — fo(j >hz;h2ihzét By = fo(0)hgh B hgt — fo(5 ) bt h gt
Ag = fO(R)RERYRE — f()RERYRGE, By = fO(K)RY R R — fo( )RR he

Flow utilities and switching costs: The overdetermined linear system in Equation 3.20

can be written in matrix form as

Kk = A6. (C.7)

Here
K = {Rei}aing (C8)

with

Kol = @yl TG (Z Aplog(1 — ppt) £ (w) ) <Z A2 log(1 — p2) f°(w )) ;o (C9)

{ua(i)}aﬂ
0 = v, , (C.10)

{Cz}aﬁ

and A is a design matrix that assigns + 15, to uq(+), (ergZW to V,, and —1 to c.

Using the log parametrization wu,(7) = 1, + 5 - log w;, the matrix representation becomes
I‘L:Al 01. (Cll)
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Here & is unchanged from before,

and A; is a design matrix that assigns —+

0p—0a

(P+§b)(p+5a

) to V,, and —1 to c.

1
p+0p

{¢a}a

B
Vi

{Cg}a,b

or ——— to
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D Estimation Procedure

This mathematical appendix details the estimation strategy. In particular, Subsection D.1
discusses the maximum likelihood estimator of the baseline structural model. Subsection D.2
describes the EM algorithm for estimating the baseline model with unobserved heterogeneity.

Back to the results in Section 4.

D.1 Baseline specification

Let h% denote the hazard of moving from job (a,i) to (b,7). The cumulative hazard of

switching from (a, ) to (b, j) at time ¢ is
HY(#) / WY du = hYit. (D.1)

It then follows that the overall survival function can be written as the product of the

destination-specific cumulative hazards:

t)z[[exp( HY(t) ) Hexp( hZit) (D.2)

Assume that we possess data on N individuals with S, spells each. Specifically, we
observe data {tg, as, i, bs, Js}ses, for all S, € {S1,...,Sy}. That is, for spell s we know its
length t,, and the occupation and wage rate in the origin job (as,is) and in the destination

job (bs, js). The likelihood of observing these data for individual n is
Sy, _
Ly = I] Lns (1) (D.3)
s=1
where L, (hzjz) is the likelihood contribution of individual n’s spell s; i.e.,

s (121) = TITL[(12)" 7 o (-ni2e)] (D.4)

a,i b,j

49



I impose the structure of the model on this likelihood using Equation 3.1. With it, I can

write the likelihood as
Sh y
Lo(f, A p) = T1 Las (o f*G)pe)) - (D.5)
s=1

Going further, I get the CCPs by iterating the value function to a fixed point within the

routine: in the nth iteration,

(Z&+@+Qmmwz%@+m#”+znxmm@w

+3 Nolog (1 +exp (Va(j) "™V = Va(i) "V = &) £°(5). (D.6)

b.j

From here, I calculate the CCPs as

v _exp(Va(j) — Vali) — cp)

Pat = T exp(Va(j) = Vali) — &) (B-7)

This way I can express the CCPs in terms of the flow utilities and switching costs. Assembling

all terms, I ultimately write the likelihood as

Sn .
a0 :6) = T Lo (Ve G, ). (D)

Therefore, the parameter estimates are

s, .
(f,\4,¢) = arg max L,(f, A\ u,c) = arg max 11 Lns (Agfb(j)pzji(ua(i), cZ)) . (D.9)
yAU,C sA,U,C s=1
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D.2 Introducing unobserved heterogeneity

In a next step, I add unobserved heterogeneity to the mix. I model workers to be one of
a pre-specified, discrete number of types with some probability. Following Arcidiacono and
Miller (2011), I estimate this heterogeneous model using an EM algorithm.

With unobserved heterogeneity, the full likelihood of observing the data modifies to

ij: (HLnsr(hbj )) (D.10)

where 7, is the population probability of type r and L,,, (hffl (r)) is the likelihood contribu-

tion of individual n’s spell s given that she is type r; i.e.,

L (W) = HH[(hbﬂ )" exp (—hzz(r)ts)r(asza%:i). (D.11)

a,i b,j

The expected loglikelihood is

logL = 33"t (Zlong (ei( >)> (D.12)

n=1r=1

where ¢y, is the posterior probability that individual n is type r. I implement the following

EM algorithm:

0. Initialize posterior probabilities {q%?)}n,r, then average them out by the first occupation

in each individuals’ job history to retrieve population probabilities:

Z ¢\, (D.13)

a nea

Here N, is the number of individuals whose first observed occupation was a, and n € a,

abusing notation for the sake of brevity, denotes those individuals.

1. M-step. Taking posterior probabilities {qﬁfﬁ_l)}n,r as given, estimate hazard rates

hzz(r)(m) by maximizing the expected likelihood in Equation D.12.
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2. E-step. Taking hazard rates {hZJZ (r)(m)} as given, update posterior probabilities

r7a727b7j

as

ﬂ_[(lrlr;fl) (Hssil Lnsr <hzjz(r)(m)>>
. Y
5wl (1 Lo (20)™))

g =

(D.14)

ay indicates the first occupation in individual n’s job history. Renew population prob-

abilities by occupation as

1
(m) — __N" glm), D.15
Trar N Z an ( )

a nea

Repeat steps 1 and 2 until convergence.

D.2.1 Additional parametrizations

I impose additional structure on the wage offer distributions. Wages for Type 1 workers in

occupation a are drawn from the distribution f¢(-,1), parametrized as

exp(y1)/(1 + 35 exp(7;))
exp(72)/(1+ X exp(v;))
F(1) = : (D.16)
exp(yw-1)/(1 + X; exp(7;))
1/(1+ 3, exp(v;))
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where the v parameters are unrestricted. Wages for Type r # 1 workers then are

exp(0,m)/ (0, + X; exp(6,7;))
exp(0,72)/ (0, + X, exp(6,7;))
o) = 3 (D.17)
exp(6:yw—1)/ (0, + 32, exp(6,7;))
0,/(0, + 3, exp(v;))

where 6, is the type-specific logit shifter. If 6, > 1, the distribution shifts to the right.
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E Additional Results

This appendix contains additional results corresponding to the baseline structural model
with and without unobserved heterogeneity as well as career simulations. Further results are

reported in the Online Appendix. Back to Section 4.

E.1 Baseline model

Appendix Figure E.1: Hazard rates
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Appendix Figure E.2: Offered vs. accepted wages
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Notes: Solid lines are offered wage CDFs. Dashed lines are accepted wage CDFs. Back to Figure 4.1.

Appendix Figure E.3:

Offer arrival rates
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Notes: Back to Table 4.1.
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Appendix Figure E.4: Mean switching costs

Elementary 1.79 | 2.68 | 0.31 | 0.43 | 0.86
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Notes: Back to Table 4.2.

Appendix Figure E.5: Conditional choice probabilities of accepting offers
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E.2 Baseline model with unobserved heterogeneity: two types

Appendix Figure E.6: Type probabilities
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Appendix Figure E.7: Hazard rates
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Appendix Figure E.8: Offered vs. accepted wages
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Notes: Solid lines are offered wage CDFs. Dashed lines are accepted wage CDFs. Back to Figure 4.3.
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Appendix Figure E.9: Offer arrival rates
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Appendix Figure E.10: Conditional choice probabilities of accepting offers
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Appendix Figure E.11: Mean switching costs

Type 1 Type 2
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Notes: Back to Table 4.5.

E.3 Career simulations

Appendix Table E.1: Bayesian Information Criteria of counterfactual model estimates

. BIC

Estimates No unobs. het. 2 types

Baseline 13,356,714.90  13,247,044.19
Occupationless benchmark  14,501,118.10  14,453,636.43
Only wage offers 14,333,848.38  13,909,716.75
Only labor market frictions 13,557,265.13  13,556,405.41
Only preferences 14,409,294.71  13,954,330.06
Only switching costs 14,190,990.82  13,569,808.03

Notes: BIC = —2log L + klog N where L is the likelihood of the model,
k denotes the number of parameters and N denotes the sample size. Back
to Table 5.1.
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Appendix Figure E.12: Ex ante wage profiles by heterogeneity source

a: Only wage offers

b: Only labor market frictions
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Notes: Simulated wage profiles from auxiliary hazard estimates. Mean log wages by
age across 2,500 simulations for each initial occupation-wage pair. Thick orange line:
ex ante wage profile of a worker starting in a professional job in the lowest wage bin.
Thick purple line: ex ante wage profile of a worker starting in an elementary job in the
highest wage bin. Back to one-type results in Figure 5.2.
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