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in Early Employment Careers* 

 
This paper shows that job mobility is a valuable channel which employed workers use to 
mitigate bad labor market shocks. I construct and estimate a model of wage dynamics jointly 
with a dynamic model of job mobility. The key feature of the model is the specification of 
wage shocks at the worker- firm match level, for workers can respond to these shocks by 
changing jobs. The model is estimated using a sample of young male workers from the 1996 
panel of Survey of Income and Program Participation. The first result is that the variance of 
match-level shocks is large, and the consequent value of job mobility is substantial. The 
second result is that true wage risk is almost three times as large as the wage variance 
observed after job mobility, which is what other papers in the literature have called wage risk. 
This suggests a very different picture of the risks facing employed workers in the labor 
market. 
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1 Introduction

Understanding how much idiosyncratic risk people face and how individuals respond to different types

of risks is important for a number of reasons. There is an extensive literature analyzing individual’s

precautionary behavior under incomplete markets such as savings and labor supply.1 The implications

of these models depend critically on the assessment of the levels of wage risk and the persistence of

the shocks. From a policy perspective, in order to answer questions such as how government insurance

programs should be optimally designed, one needs to have a clear picture of the the level and sources

of risks being insured. For instance, the question of whether the government should provide insurance

against “initial conditions” (such as growing up in a bad family environment) depends on the relative

importance of initial conditions to labor market shocks later in life. Understanding how individuals

respond to different types of risks is also important, as government insurance programs often have

incentive impacts on individual’s behavior against risks (e.g. Low and Pistaferri (2010)).

In most papers, changes in properly defined wage residuals represent shocks and different properties

of permanent and transitory shocks allow researchers to use autocovariance structure of these residuals

to identify the magnitude and persistence of idiosyncratic wage risks.2 With a few exceptions discussed

below, most of the existing literature does not specify sources of wage shocks. With sources of wage

shocks left unspecified, one cannot learn their relative importance, their dynamic behavior, or the

economic consequence of these shocks. In the absence of such information, it is difficult to evaluate

the welfare consequences of policies insuring against specific sources of shocks to income (such as

unemployment insurance and active labor market programs). In addition, the changes of wages can

be endogenous as a result of workers’ choices. When shocks are mixed with endogenous choices, it

is difficult to assess the true welfare cost of wage risk, derive empirical implications of precautionary

behavior, and evaluate the true consequences of government policy interventions.

This paper aims to advance our understanding of wage risk along two dimensions. First, I distinguish

two types of wage shocks, one type of shocks occurring at worker-firm match level and the other type

occurring at individual level which applies to all firms and matches. The decomposition of wage risk

1Among others, see Deaton (1992); Carroll (1992); Gourinchas and Parker (2002) (precautionary savings) and Low
(2005) (precautionary labor supply). See Heathcote, Storesletten, and Violante (2009) and Meghir and Pistaferri (2011)
for excellent reviews.

2See, among others, Abowd and Card (1989); Baker and Solon (2003); Blundell, Pistaferri, and Preston (2008); Meghir
and Pistaferri (2004); Moffitt and Gottschalk (2011); Jensen and Shore (2008); Heathcote, Perri, and Violante (2010).
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into match-specific and worker-specific wage risk is economic significant because they have very different

implications to individuals’ behavior and policy. For instance, contrary to shocks at individual level,

negative shocks at match level do not mean permanent depreciation of individual’s general productivity

and may be recovered by workers through job mobility. If match-level risk is more important than

individual-level risk, government policies aiming at improving worker-firm match quality and reducing

labor market frictions are more effective than policies insuring against general productivity loss. Second,

by modeling worker’s job mobility decisions in response to labor market shocks, I show the value of job

mobility as a channel of response to match-level risk facing employed workers. The value of job mobility

depends critically on the cost of job change and the variation of wage shocks at worker-firm level. The

model is also capable of recovering true wage risk that workers experience prior to job mobility, which

may be quite different from the wage risk inferred from observed wages after job mobility.

To achieve these goals, I build and estimate a wage process jointly with a structural dynamic model

of job mobility. The wage process features four independent and linearly additive components: a com-

ponent which is predicted by personal characteristics, an individual component, a match component,

and a transitory shock. The match component can be interpreted as job-specific human capital or

idiosyncratic firm effect on wages.3 The match component and individual component follow parallel

stochastic processes: each of them evolves from a permanent shock and a random growth factor. Shocks

therefore represent permanent deviations from individual-specific wage growth profile. It is worth not-

ing that the wages considered throughout this paper refer to real wages. Sticky nominal wages would

show up as real wage cuts over time, and workers could be motivated to switch to other jobs that are

willing to compensate for the cost of inflation.4

In a labor market with search frictions, there is a distribution of firms offering the same worker

different values of a match. Employed workers are motivated to search on-the-job and to choose a

better match component of the wage as they locate other jobs over time. They also face layoff risk and

may also voluntarily quit to unemployment. When they switch employers, they have to pay a one-time

switching cost, which captures unobservable non-wage factors affecting worker’s job mobility decision.

The model is estimated by method of simulated moments using longitudinal data of young male workers

3Empirically it is infeasible to distinguish pure firm effect from pure worker-firm match effect without employer-
employee matched data.

4Section 3 presents empirical evidence on the extent of wage cuts and the correlation between wage cuts and job
mobility in the data. Similar to Topel and Ward (1992), I find strong empirical evidence that workers’ mobility decisions
are correlated with job-specific wage changes in the past.
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from the 1996 panel of Survey of Income and Program Participation (SIPP). Under certain conditions,

the model implies that only the match component is correlated with job mobility choices, which can

be used to separately identify the match component from the person component in the wage residuals.

The key findings are summarized as the following. Wage risk at the match level accounts for the

majority of the wage risk facing workers. For instance, among low-education (high-school educated)

men, the variance of match-level shock (σ2
η) is 0.644

100 , whereas the variance of the person-level wage

shocks is small and insignificantly different from zero. The fact that the majority of wage risk is at

worker-firm level has three important implications. One is that job mobility is an important channel

for individuals to react against negative wage shocks. The welfare gains of job mobility among high-

education individuals range from 8-9% of the average life-time value a job. The value of job mobility

depends on the degree of frictions in the labor market: it is decreasing in the worker’s switching cost and

increasing in the probability of job offer arrival during employment. Therefore, labor market policies

aiming at reducing worker’s switching cost and increasing offer arrival probabilities are effective in

protecting workers from negative match-level shocks. The second implication is that true wage risk,

identified jointly from wage outcomes and mobility choices, is three times as large as the wage risk that

is estimated using post-mobility wage information alone. For instance, among high-education men,

true wage risk prior to job mobility is 0.89
100 , whereas the variance of permanent shocks identified from a

canonical wage process is only 0.28
100 . Lastly, variations in the match-component of wages are the main

driving force behind the increasing inequality over life. It suggests that policies aiming at improving

worker-firm matches are at least equally important as education policies aiming to improving initial

conditions.

To the best of my knowledge, this is the first paper which studies the welfare value of job mobility

as a mechanism for worker to respond to labor market shocks.5 The value of job mobility in this

context builds upon the premise that job mobility decisions are primarily affected by match-specific

wage fluctuations. In a seminal paper, Topel and Ward (1992) find evidence that previous job-specific

wage growth affects workers’ job mobility decisions (holding the current wage and other observed

characteristics fixed). However, they find this result “somewhat puzzling in light of our previous

evidence that within-job wage growth approximates a random walk” (p.473). This suggests that one

5This paper also is related to the literature trying to understand channels available for individuals in response to
labor market risk, such as Low (2005) (labor supply), Kaplan (2012) (within family), Blundell and Pistaferri (2003)
(means-tested program), Gruber (1997) (unemployment insurance), Low and Pistaferri (2010) (disability insurance).

4



needs to estimate a stochastic wage process jointly with worker’s job mobility choices, which is the

direction taken in this paper.

Two recent papers, Altonji, Smith, and Vidangos (2013) and Low, Meghir, and Pistaferri (2010),

make important contribution to the literature by modeling earning dynamics and employment choices

jointly. Low, Meghir, and Pistaferri (2010) estimate a wage process incorporating an individual’s

selection process between jobs and into and out of employment. Their estimates suggest that, once job

mobility decisions are controlled for, the variance of permanent shocks is much lower. This suggests

that what has been identified as permanent wage risk from typical error component model contains

variability due to responses to shocks through job mobility. Altonji, Smith, and Vidangos (2013)

construct a rich statistical model of earning dynamics from equations governing wage determination,

hours of labor supply, job-to-job transition and transitions into and out of unemployment. They show

that job mobility and unemployment, among other factors, play a key role in determining the variance

of earnings over a career.

The current paper contributes to this line of research in a few dimensions. One important difference

is that both Altonji, Smith, and Vidangos (2013) and Low, Meghir, and Pistaferri (2010) assume that

the worker-firm match component of the wage does not vary over the duration of the job. Within-

job wage changes are assumed independent of worker’s job mobility decision. Therefore, there is no

match-specific wage risk except unemployment risk. One key feature of the current paper is to model

wage dynamics within jobs and worker’s selection across jobs. By doing so, it distinguishes wage risk

that is particular to a job (worker-firm match) from wage risk applying to all jobs. Similar to Altonji,

Smith, and Vidangos (2013) and Low, Meghir, and Pistaferri (2010), I find that the estimated variance

of permanent shocks (from canonical models) is reduced when endogenous mobility is taken in account

and match value is held constant within jobs. However, incorporating dynamic process of match within

jobs yields a much higher wage risk facing workers prior to job mobility decisions, mainly from the

large estimated match-level risk.

In this paper, the structural model is estimated jointly with the wage process, thereby imposing all

the restrictions from the model on the evolution of the wage process. By contrast, in both Low, Meghir,

and Pistaferri (2010) and Altonji, Smith, and Vidangos (2013), identification of the wage process

relies on a reduced-form model of endogenous mobility decisions without imposing all the restrictions
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implied by a structural model. While estimating a descriptive statistical model may be attractive in

many ways, welfare implications of job mobility and various types of risks and related counterfactual

analysis require an estimated structural model. Low, Meghir, and Pistaferri (2010) evaluate welfare

implications of different types of risks by using the estimated wage process from the reduced-form model

and calibrating the remaining structural parameters in a life-cycle model of consumption, labor supply

and job mobility. While the model in the current paper adds to their model in certain dimensions (such

as switching cost and heterogeneous wage growth), it does not allow workers to save and ignores the

availability of public insurance programs during unemployment. Since individual’s response to wage

risk will depend partly on the availability of either self-insurance such as savings or or public insurance,

the welfare value of job mobility estimated in this paper is likely to be an upper bound.

A few recent papers in the structural job search literature also make important contributions to

understanding wage dynamics, including Yamaguchi (2010); Postel-Vinay and Turon (2010); Bagger,

Fontaine, Postel-Vinay, and Robin (2011); Lise, Meghir, and Robin (2012). While the emphasis of these

papers are somewhat different from the current paper, these papers develop equilibrium job search

model and analyze the determinants of individual wage dynamics. The current paper adds to this

literature by assuming a more flexible and reduced-form wage process where there are two unobserved

stochastic wage components evolving in parallel, each of which is subject to persistent shocks which

are economically significant for the reasons mentioned previously. The tradeoff is that, to make the

model and identification tractable, the decision of job mobility is determined in partial-equilibrium and

omitted some important features which the other papers address.

The rest of the paper proceeds as follows. Section 2 describes the wage process and the dynamic

model of job mobility. Section 3 presents the data and descriptive evidence which motivates this study.

Section 4 discusses the estimation and identification strategy. Section 5 presents estimation results.

Section 6 presents implications of the structural model on the welfare value of job mobility, the welfare

costs of different types of risks and sources of wage growth and inequality. Section 7 concludes.

2 The Model

I build a dynamic model of job search, in which an individual makes job mobility and employment

decisions jointly. The assumptions of the model are as follows. An individual i maximizes the expected
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present value of utility over a finite horizon, subject to a wage process specified below. In each decision

period (t), the individual (both when unemployed and when employed) search for job opportunities at

no cost. At the beginning of each period, if the individual is employed, she makes the following discrete

choice: move to a different job if an offer arrives, become unemployed, or stay with the current job.

If the individual is unemployed, she chooses from becoming employed (if an offer arrives) or remain

unemployed. Details of the choice structure are contained in Section 2.2. Below I begin by describing

the wage process.

2.1 The Wage Process

The life-cycle wage process for the individual i employed by firm j in period t is:

ln w̃ijt = lnwijt + vit (1)

lnwijt = β0 + aijt + uit (2)

aijt+1 =


alijt+1, if no job change between t and t+ 1

aoij′t+1, if there is job change between t and t+ 1

alijt+1 = aijt + ci + ηijt+1, a
o
ij′t+1 ∼ N(0, σ2

a0) (3)

uit+1 = uit + δi + ζit+1 (4)

Assume that

ζit ∼ N(0, σ2
ζ ), ηijt ∼ N(0, σ2

η) (5)

E(vit) = 0, var(vit) = σ2
v (6)

ui0 ∼ N(0, σ2
u0) (7)

with orthogonality between these error terms. ln w̃ijt is the observed real log hourly wage for worker

i employed by firm j in period t and vit is an error term combining a transitory component with

measurement error (more on the latter below). For an employed worker, the log wage residual (after

taking out the constant term β0) is decomposed into three components: an individual component uit,

a match component aijt between firm j and worker i, and the transitory shock vit. The former two
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components evolve independently under two parallel stochastic processes, both with the same random

walk and random growth structure described below. All parameters of the wage process are specific to

the completed education level of the individual.

The individual component (uit) measures the worker’s general productivity regardless of his em-

ployer. It evolves over the life-cycle from an identically and independently distributed permanent

random shock ζit and a random growth factor δi. σ
2
u0 measures the initial heterogeneity of general pro-

ductivity. The individual component corresponds to the concept of permanent wage in the literature,

which is usually thought of as representing return to skill or flow from human capital. The hetero-

geneous growth in individual component of wage captures heterogeneous return to work experience,

perhaps through differential learning ability to general skills or human capital investment.6

Parallel to the individual component and prior to selection between jobs, the match component

follows a random walk process with a random growth factor. Let alijt+1 be the latent match at t + 1

prior to job mobility (“l” represents latent). It evolves from a random growth factor (drift) ci and

a permanent shock ηijt which is identically and independently distributed across firms, workers and

time. One interpretation of the match component is that it is an idiosyncratic firm effect which is

complementary to individual productivity. From the perspective of human capital theory, the match

component can also be regarded as job-specific human capital. The random growth factor ci measures

the individual-specific growth of match value for an employed worker, which can be thought of as return

to job tenure (or firm-specific human capital). The shock to the match component then represents a

worker-firm specific permanent deviation from the mean growth rate. This would happen, for example,

when in a particular year the firm does not provide enough training to enhance worker’s firm-specific

skills (negative ηit), or it adopts a new technology that is complementary to worker’s productivity

(positive ηit). In general it consists of both a pure match-specific shock and a pure firm-specific shock,

although without firm level data, distinguishing between these is not feasible. More broadly, the match

component can be interpreted as any factor that affects the worker’s productivity with the current firm

but not after he leaves for other firms. The random growth factor and permanent shocks to the match

component are accumulating only over the current job tenure and will “vanish” after a job change.7

6In periods of unemployment, the individual component is kept constant. This assumes away any exogenous depreci-
ation of skills following job loss. See below for details.

7It is important to emphasize that the new accepted match would be positively correlated to the old match because of
selection. It is only in this sense that firm-specific human capital may be partially transferable between jobs.
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A discrete factor representation is used to characterize the joint distribution of the random growth

factors (e.g. Heckman and Singer (1984)). The vector (ci, δi) follows a discrete probability distribution

with two points of support, each of which reflects the unobserved “type” of the individual. ci and δi

can be correlated; for instance, an individual who has a high return to tenure may also have a large

wage gain from an additional year of experience.8 Match- and individual-specific log wage shocks are

assumed to follow normal distributions with zero means and variances σ2
η and σ2

ζ , respectively .

A job offer with match-specific wage ao (“o” stands for “offer”) is a random draw from a stationary

offer distribution. I assume that it follows a normal distribution with mean zero and variance σ2
a0 .

Because of the growth profile in the person-component of wage (due to δi), the offered levels of wages

would be mean-shifting with worker’s labor market experience. Offered matches are assumed uncor-

related with worker’s individual wage component, and hence each firm has a constant return to labor

technology and there is no sorting in the labor market.

When worker i receives an offer from firm j′ at time t, prior to making a job mobility decision,

the worker is perfectly informed of his general productivity (uit), match-specific productivity (alijt) if

he chooses to stay and the value of the offer (aoij′t).
9 At any time, workers have perfect information

about their current match value, the expectation of future match values, and the distribution of the

match component in the labor market, but information on other job locations and their associated

match value must be obtained through search. I assume that none of the shocks to the uit and aijt are

anticipated by the worker so they represent wage uncertainty.10

Transitory shocks are identically and independently distributed across individual and time. The

transitory shocks represent exogenous wage shocks with no persistence, at either the worker-firm match

level or the person level. It also includes classical measurement errors on reported wages. I assume

that transitory shocks affect wages after the mobility decision is made in each period, and therefore,

given it is serially uncorrelated, it is unrelated to job mobility choices. This assumption simplifies

the solution to the dynamic programming problem to be introduced in the following section. It is

8The age profile of wages will be captured through the random growth factors δi and ci and through job mobility.
This is different from the literature treating wage growth as exogenous, where the means of random growth factors are
normalized to 0. See Section 4 for more discussions.

9Another set of search models develops the idea that the value of a match is not known when firm and worker meet
but is updated ex-post as more information arrives. See Jovanovic (1979).

10This excludes the possibility that parts of these random shocks may be known to workers in advance. See Cunha,
Heckman, and Navarro (2005).
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potentially interesting to allow transitory shocks to be serially correlated and to operate at both the

person and match level.11 In this case, both permanent and transitory match-level shocks enter into

worker’s information set prior to job mobility decisions. Besides increasing computational burdens,

it is difficult to justify a homogeneous correlation restriction on the transitory component of wages

applying to all workers’ information sets. For the match-level wage process, the distinction between

permanent and transitory is less important: permanent match shocks, albeit permanent from the view

of workers, can be transitory ex-post if job-to-job transitions occur quickly. For these reasons, I have

assumed that all shocks at the match level are permanent ex-ante in the worker’s information set. Given

that common sources of transitory shocks considered important in the literature (such as transition

between employment and unemployment, short job spells) are modeled explicitly below, I interpret the

transitory shocks in this paper as measurement errors.

2.2 The Model of Job Mobility

Utility function. The baseline utility function is specified as the following:

uijt = ln(wijt)Pit + αh(1− Pit)− kiMit (8)

The individual’s utility depends on her log wage (ln(wijt)) if she is working (Pit = 1). The wage

evolves subject to the stochastic process specified above. He faces direct utilities of unemployment

(αh). This parameter should in general be positive, reflecting the value of additional leisure relative to

work. ki denotes the utility loss for the individual if she switches jobs (Mit = 1). Switching costs are

unobservable non-wage factors affecting worker’s job mobility decision.

Intertemporal Optimization Problem. In period t0, the individual maximizes the expected present

discounted value of utility from the current period to the end of the time horizon T

max Et0

T∑
t=t0

Γt−t0uijt (9)

11Many papers, e.g. Moffitt and Gottschalk (2011); Haider (2001); Meghir and Pistaferri (2004), show that there is
some serial correlation over time in the transitory shocks. However, all these papers do not model worker’s job-to-job
selection. Job mobility is arguably the main contribution to transitory shocks (Gottschalk and Moffitt, 1994).
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where Γ is the discount factor, T is the length of the decision horizon, and Et0 is the expectations

operator conditional on information available in period t0.

All individuals begin their lives in the unemployment state. Let αi denote the set of state variables

summarizing the individual’s characteristics, where αi ≡ {ki, ci, δi, ui0}. The value of nonemployment

for the individual in period t is defined as

V n
t (uit,αi) = αh + (1− λn)ΓE

[
V n
t+1(uit+1,αi)

]
+ λnΓEmax

[
V n
t+1(uit+1,αi), V

e
t+1(aijt+1, uit+1,αi)

]
(10)

where λn is the probability that an offer arrives in each period and V e
t+1(aijt+1, uit+1,αi) is the value of

employment if the worker is offered a job with match productivity of aijt+1. In periods of nonemploy-

ment, the individual wage component is held constant (i.e. uit = uit+1).12 The job offer is acceptable

to the individual provided that V e
t+1(aijt+1, uit+1,αi) is larger than V n

t+1(uit+1,αi).

The value function of employment with the firm j in period t is given by13

V e
t (aijt, uit,αi)

= ln(wijt) + λe(1− ρ)ΓEmax
[
V e
t+1(aijt+1, uit+1,αi), V

e
t+1(aij′t+1, uit+1,αi)− ki, V n

t+1(uit+1,αi)
]

+ (1− λe)(1− ρ)ΓEmax
[
V e
t+1(aijt+1, uit+1,αi), V

n
t+1(uit+1,αi)

]
+ ρΓE(V n

t+1(uit+1,αi)) (11)

where λe is the job offer arrival rate when the individual is employed and ρ is the exogenous layoff

probability in each period. When the individual accepts an external offer, he pays a switching cost of

ki and his match component will be the match value offered by the new firm (aij′t+1). The dynamics of

state variables aijt and uit follow the wage process specified previously. For instance, if the individual

continues with the same job in the next period, her wage paid by the current employer then adjusts

to a new level to absorb the returns to tenure and experience, permanent shocks to the individual

and match components of wages, and any transitory shock. The worker may also choose to quit to

unemployment following large negative shocks to either aijt or uit.

12For the sample of young men focused in the paper, the unemployment rate is low (less than 5% overall). For other
demographic groups such as women, allowing for skill depreciation in periods of unemployment might well be an important
extension.

13Since the decision period is discrete, additional restrictions are placed on the timing of the events. In particular, it is
assumed that the individual is only able to receive a job offer conditional on the current job not being displaced. When
the individual is displaced, she has to remain unemployed for at least one period.
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Analysis of the Model. The employment decision can be characterized by a threshold reservation

value where the worker is employed if the offered match value is larger than the threshold. The

reservation match (gt(uit,αi)) is defined implicitly by:

V n
t (uit,αi) = V e

t (gt(uit,αi), uit,αi) (12)

where the reservation match for employment depends on the individual permanent component and

unobserved type of the individual. It is straight-forward to show that gt(uit,αi) is decreasing in uit.
14

When the individual permanent component is high, an unemployed individual has a high chance of

accepting an offer and an employed worker has a small probability of quitting to unemployment following

a negative match-level shock.

Job mobility decision can be characterized by a threshold reservation value where the worker chooses

to move if the offered match is larger than the threshold. For a worker currently employed by firm j,

the reservation match is defined implicitly by:

V e
t (aijt, uit,αi) = V e

t (ht(aijt), uit,αi)− ki

The worker chooses to move if and only if there is an offer such that aoij′t > ht(aijt).
15 The following

proposition characterizes worker’s reservation match value for moving:

Proposition 1. For a worker of unobserved type αi with individual wage component uit, the reservation

match for job mobility, ht(aijt) satisfies the following properties for all t = 1 . . . T − 1, :

(1) ht(aijt) > aijt if ki > 0 and ht(aijt) = aijt if ki = 0.

(2) 0 <
∂ht(aijt)
∂aijt

< 1.

Proof. See Appendix A.

14The proof is very similar to the proof of Lemma 2 in Appendix A. It builds on the fact that both the values of
unemployment and employment are monotonically increasing in uit. Moreover, for one unit change in uit, the value of
employment increases more than the value of unemployment.

15In a previous version of the paper where unemployment is not in the choice set, the reservation match can be
characterized as a function of only {aijt}. This is because the individual-specific component is linearly additive to
and independent from the match component. In the current model allowing for voluntary quits to unemployment and
switching cost, the reservation wage for employment depends on the individual wage component (uit). Therefore, in
principle, comparison between the value of two jobs should depend on all state variables in the model. However, the
estimated variance of individual-level shocks is too small to generate voluntary quits to unemployment (Section 6.3).
Therefore, as a local approximation, changes in uit does not affect the reservation match for job mobility for a given
individual.
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When there is no switching cost, the job selection rule is simply based on the difference between the

offered match and the current match value (as in, e.g. Burdett (1978)). Job mobility decision is only

driven by the current value of match component. For a worker whose switching cost is positive, the

worker’s reservation match value is always greater than the match value with the current firm (which is

the reservation match when switching cost is zero). The “premium” in the reservation match includes

the expected discounted long-run compensation of the switching cost that has to be paid upon moving.

Switching cost, therefore, influence the extent of labor market inefficiency besides search friction. The

second property indicates that the reservation match is monotonically increasing in the quality of the

current match and that the rate of increase is decreasing in ajt grows. This means that, the lower the

current match quality is, the larger the premium of ht(aijt) is (above aijt). The economic intuition

is that a low-match-quality worker expects frequent job changes in the future. Conditional on the

individual’s switching cost, the optimal strategy is to set a large gap between the reservation match

and the match paid by the current firm. By setting the gap large, the individual avoids paying too

much switching cost before reaching a high wage level.16

An important insight from the last reservation match property is that, following a negative match

shock, the worker’s reservation match becomes lower than the reservation match without the shock.

There is a set of wage offers that are acceptable after the match-level shock which would not have

been acceptable without the match-level shock. This is how job mobility arises as a channel of ex-post

response to wage risk. The value of job mobility depends on how the match-level shock affects the

worker’s job mobility decision, holding the reservation wage fixed at each period. In Section 6.1, I

formally define and quantify job mobility as a means of responding to shocks in the labor market. Note

that the welfare value of job mobility defined here is not the same as shutting down all job mobility,

because with random job offers and on-the-job search, there is job mobility even if workers were not to

move because of match shocks. This discussion also highlights the economic importance of modeling

the dynamics of the match-specific wage aj and the person-specific wage u separately. If match quality

aj is constant within jobs, then job mobility would not be a useful channel to act against wage shocks.

16See also Hey and McKenna (1979); Van Der Berg (1992) for a similar point in a different context.
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3 Empirical Evidence

3.1 Data and Summary Statistics

The data set I exploit is the 1996 panel of Survey of Income and Program Participation (SIPP). It

is a four-year panel comprising 12 interviews (waves). Each wave collects comprehensive information

on demographics, labor market activities and types and amounts of income for each member of the

household over the four-month reference period. There are two main advantages of using the SIPP. One

is that it has a short recall period, making it an ideal data set to study short-term employment dynamics

that are very common among young workers.17 The other advantage is that the SIPP contains a unique

job ID for every job an employed worker had through the sample period. It records job specific wages

and hours at each interview date (every four months), allowing researchers to obtain the precise wage

changes at the time when job transitions take place. These features make it an attractive data set to

study short-term job mobility and wage dynamics.

The original SIPP 1996 panel has 3,897,177 person-month observations.18 I drop females, full-time

students, the self-employed, the disabled, those completing fewer than nine interviews and those who

are recalled by previous employer after a separation. I trim the population whose real wage falls into

the top and bottom 1% of the real wage distribution by wave. I focus on the primary job, which is

defined as the job generating the most earnings in a wave. Although SIPP has monthly information

on job changes and earnings, the time unit in the analysis of this paper is four months (a wave). This

avoids the seam bias if we were using monthly variables. Real monthly earnings and the wage is derived

by deflating the reported monthly earnings and wage by monthly US urban CPI. The reported hourly

wage rate is used whenever the worker is paid by hour. For these workers, the real wage per wave is

the mean of monthly real wage over the four months. For workers who are not hourly paid, their real

wages are obtained by dividing real earnings per wave by reported hours of labor supply per wave.19

Job change is identified from a change in job ID between waves. If an individual is unemployed through

the wave, no job ID would be assigned. In the first wave of SIPP, respondents are asked the starting

17In the selected sample, if a worker is observed to change jobs in a given calendar year, 19% of them would experience
multiple job changes within the same calendar year. This means that job mobility observations at annual frequency
understate the extent of job-to-job transitions by about a fifth.

18Note that, due to attrition, not all individuals complete 12 interviews.
19For each month, respondent reports hours of work per week and how many weeks worked. Monthly labor supply is

calculated as hours per week×(weeks worked/weeks in month)×4.33
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date of the present job. I use this information to construct correct job tenure for workers with elapsed

job duration when they are first sampled.

I construct two separate panels, one consisting of low-education individuals (those with high school

education) and the other including high-education individuals (those with college education). Each

panel contains individuals aged between 23 and 35 observed who are observed for eight consecutive

waves in the sample.20 The final samples consist of 938 men in the high-education sample and 755 men

in the low-education sample.

Summary statistics are provided in Table 1. Table 2 reports the distribution of total number of

observed job changes in the sample. The initial life-cycle period refers to the periods of potential

experience observed in the first sample period. Overall, nearly 45% of the workers switch jobs at

least once in the four-year sample period. The extent of job-to-job transitions decreases monotonically

with potential experience of the individual. For instance, among the most experienced, only 30% of

the individuals made at least one job change within the sample period. In contrast, majority of the

individuals who recently entered the labor market made at least one job change by the end of the

sample period.

3.2 Wage Growth and Job Mobility: Descriptive Evidence

The model features endogenous within-job wage change which is correlated with worker’s job mobility

decision. In this section, I present a set of descriptive evidence addressing the following questions: First,

what is the pattern of within-job wage growth and, in particular, how common are real wage cuts?

Second, what is the empirical relation between within-job wage growth and subsequent job mobility?

Are workers who experience within-job wage cuts more likely to change jobs? The empirical evidence

provided here does not carry any structural interpretation. Nevertheless, descriptive regressions in this

section are useful benchmarks to evaluate the assumptions and implications of the model.

Figure 1 presents the distribution of within- and between-job wage growth. Top panel shows real

wage growth calculated as the change in log real wages every four months.21 Two features of the

picture are clear. First, between-job wage growth has larger variation than within-job wage growth.

20Job mobility is most frequent and is the most important way for wage growth in early careers (Topel and Ward, 1992).
Since the SIPP is a short panel and the expected college completion age is 23, this selection criteria also ensures that the
highest completed education level is obtained for each individual.

21Throughout this section, wage refers to real wage unless noted otherwise.
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Second, both within-job and between-job real wage cuts are very common. Around 45% of job-to-job

transitions end up with wage cuts, and about half of within-job wage growths are negative. Majority

of the within-job wage cuts are small in magnitude. For instance, the median within-job real wage cut

is merely of 1.3% per period. There remains, however, a substantial portion of within-job wage growth

showing significant drops. Among the within-job real wage cuts, 25% of those include wage declines

of 12% or more between waves. Wage cuts between jobs are much greater in magnitude: the median

between-job wage decline is close to 20%. Measurement error may be an important contributor, which

is accounted for in the wage process and discussed later. Part of the real wage change could also be

due to the stickiness of wages which are not immediately keeping up with a rising cost of living. The

bottom panel of Figure 1 shows the distribution of nominal wage growth between and within jobs.

While the majority of the workers experience nominal wage growth, the number of workers that had a

nominal wage cut remains substantial.

Next I investigate the empirical relation between within-job wage growth and worker’s subsequent

mobility choice. Specifically, suppose we have a worker employed by firm j at time t − 2 and t − 1.

The primary question of interest is whether a worker whose within-job wage growth is low in period

t− 1 is more likely to move to another job in t. Table 3 reports the estimates from a linear probability

model of job mobility on lagged wage growth (under various assumptions of covariates). In column (1),

binary variable of job mobility is regressed on one-period lagged within-job wage growth without any

covariates. In column (2) I add lagged job tenure and in (3) I further control for the two-period lagged

level of the wage and lagged experience as explanatory variables. Columns (4) builds on the specification

in column (3) by adding individual fixed effects. This controls for individual unobservables that jointly

affect wage growth and mobility choices. In columns (5), I also add two-period lagged within-job wage

growth and control for wage level in period t− 3.

In each specification, the coefficient on within-job wage growth in t− 1 is negative and statistically

significant.22 This means that workers who experience smaller within-job wage growth are more likely

to change jobs in the coming periods. For instance, after controlling for observable characteristics of

the worker-firm match (such as wage levels and job tenure), a 10% decline in the current wage increases

the probability of a job change in the next period by 0.68% (column 3). Controlling for individual

22With classical measurement error, the coefficient estimates on within-job wage growth term is biased toward zero,
indicating that the true empirical relation between wage growth and job mobility is even stronger.

16



unobserved heterogeneity leads to even larger estimates (column 4). The additional coefficient on

within-job wage growth in t− 2 (column 5) is also negative and significant. These results indicate that

within-job wage changes are correlated with future job mobility, even after controlling for individual

unobserved heterogeneity. The strong correlation between lagged within-job wage growth and job

mobility is informative of the potential important role of the match-level shocks. One of the main tasks

of the structural model is to decompose the within-job wage variations due to match- and individual-

level shocks, random growth factors and measurement errors and to account for endogenous selection

over jobs (beyond the individual fixed effects).

4 Identification and Estimation Strategy

I assume that the distribution of switching costs is discrete. Switching cost types assume the values

0 < k2 < k1, with the probability that an individual is a low switching-cost type (type 2) to depend on

observable characteristics in the following manner:

β(Z) =
exp(γ0 + γ1Z1 + γ2Z2)

1 + exp(γ0 + γ1Z1 + γ2Z2)
(13)

where Z1 is an indicator variable that takes the value 1 when the individual is married and Z2 is an

indicator variable that takes the value 1 if she owns a house.23

The parameter set consists of utility function parameter (αh), wage equation parameters

(β0, σ
2
u0 , σ

2
a0 , σ

2
η, σ

2
ζ , σ

2
v), job search parameters (λe, λn, ρ) and type-specific parameters

(c1, c2, δ1, δ2, π2, k1, k2, γ0, γ1, γ2). The tuple (ci, δi) differs across types so the unobserved random

growth factors can be correlated. The discount factor Γ is not estimated and held fixed at 0.92.

4.1 Identification

I begin this section by illustrating why modeling job mobility decisions is necessary to identify the true

wage risk. Suppose the log wage consists of only the match-specific component subject to permanent

shocks. Figure 2 demonstrates two possible wage dynamics for a given worker. Prior to time t, the

wage is a0. At the beginning of period t, he suffers a permanent negative match specific shock η, and

23Both variables are measured on the first observation date and is assumed time-invariant starting from the beginning
of life.
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his new wage is a1 = a0−η. The permanent wage drop considered here stems from a pure idiosyncratic

firm effect and does not mean a depreciation of general individual productivity. In the absence of job

mobility, his wage is expected to remain at a1 for the rest of his working life.

I consider two scenarios. First, suppose a job offer valued ao arrives at t + 1 (left panel of Figure

2). Assuming a positive switching cost, if the new offer is greater than his reservation match h(a1), he

would switch to the new job and earn a wage rate at a2 = ao. In this case, the wage increase from a1

to a2 results from an endogenous job mobility decision rather than wage risk, a point emphasized by

Low, Meghir, and Pistaferri (2010). Moreover, by changing jobs, the worker manages to turn the initial

permanent wage shock(η) into one that is effectively partly transitory and partly permanent. Only for a

worker who remains at a1 for a long time is the initial shock correctly identified. The ex-post(observed)

persistence of the shocks depends on how quickly a worker could improve his match by changing jobs.

Since the probability of job changes is inversely related to the quality of the contemporaneous match,

the model implies that match-specific shocks would appear more persistent for workers of better match

quality and less persistent for workers of lower match quality. When decomposing the variation of

observed wage changes, the contribution from permanent shocks should then be larger for workers of

higher match quality. This is in line with empirical evidence from the existing literature.24 The right

panel of Figure 2 depicts a second match dynamic in a similar setting. The only difference is that the

worker is able to locate a better job within period t. If the worker takes the job, the observed wage

rate in period t becomes a2 which underestimates the magnitude of true wage shock. The observed

average wage per period alone mitigates initial wage risk facing workers, as it is combined with worker’s

response to latent shocks. The variance of permanent match-level shocks, σ2
η, measures wage risk prior

to job mobility.

The arguments for model identification are given below. The dynamic model of job mobility can

24For example, taking estimates from Table I and III of Meghir and Pistaferri (2004), a simple calculation shows that
for college graduates, the variance of permanent shock account for 67% of variance of (unexplained) earnings growth, but
the number drops to 27% for high school graduates and 20% for high school dropouts. This is consistent with implications
from the model, if one believes that more educated workers acquire job-specific skills quicker and build up a higher match
on average.
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be formulated as the Roy model:

lnwijt = β0 + alijt + uit + vit

lnwij′t = β0 + aoij′t + uit + vit

where as previously defined, lnwijt is the log wage for an individual i employed by current employer

j in period t and lnwij′t is the offered log wage from firm j′. Assuming no switching cost, the offer

acceptance rule is simply based on the difference between the offered match and the current match

value:

J∗it = aoij′t − alijt (14)

Jit =


1 if J∗it > 0

0 elsewhere

(15)

lnwijt is observed when Jit = 0 and lnwij′t is observed when Jit = 1. Given the distributional assump-

tions of the error terms laid out in Section 2, we know that alijt is normally distributed conditional

on aijt−1 (since ηijt is normally distributed) and aoij′t is drawn from an independent normal distribu-

tion.25 Conditional on the match- and individual-level wages at the beginning of period t, the follow-

ing moment conditions using data from period t identify the parameters: P (Jit = 1), E(lnwijt|Jit =

0), E(lnwij′t|Jit = 1), var(lnwijt|Jit = 0), var(lnwij′t|Jit = 1). This gives us five equations in four

unknowns σ2
ζ + σ2

v , σ
2
η, σ

2
a0 , and β0. Note that, with one period of data, it is not possible to separately

identify the variance of individual-level permanent shocks (σ2
ζ ) from measurement error (σ2

v). Like most

papers in the wage dynamics literature, a panel data is required. Moments based on the autocovariances

of wages are used to identify these two parameters separately.

When there are costs of switching jobs, the job mobility decision can be formulated as:

J∗it = V e
t (aij′t, uit,αi)− V e

t (aijt, uit,αi)− ki (16)

25These parametric identification assumptions are sufficient to identify the Roy model (Heckman and Honore, 1990).
Note that, since uit does not enter the job selection rule, distributional assumptions on uit is not necessary to identify the
model.
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where ki is the job switching cost which does not affect potential wages regardless of mobility decision.

Identification arguments follow the previous case without switching cost, except that exclusion restric-

tions are required to identify the switching cost parameters. Marital status (Z1) and house ownership

(Z2) are excluded variables from the wage equations.

The panel structure of the data helps identify the parameters of permanent unobserved heterogeneity

(modeled in the form of discrete types). For instance, the autocovariance function of job mobility helps

to separately identify the heterogeneity in the return to tenure and the heterogeneity in match-level

shocks (σ2
η). To see this, Figure 3 plots the simulated autocovariance of mobility at different lags,

under three different combinations of σ2
η and σ2

c while holding the rest of the parameters fixed.26 While

both greater σ2
η and σ2

c lead to an increase in the covariance of mobility across different lags, the

contribution from σ2
η relative to σ2

c quickly declines as the lag grows. When the lags are sufficiently

long, the autocovariance of mobility is affected by σ2
c but not by σ2

η. Therefore, long autocovariance

of job mobility identifies σ2
c . Among workers, σ2

δ and σ2
ζ imply that the autocovariance of person-level

wages grows nonlinearly and linearly, respectively, with time locations. Hence they are identified by

fitting a quadratic and linear trend on autocovariance (Guvenen, 2007).

The labor market friction parameters can be identified using information from the observed wage

distribution (Flinn and Heckman, 1982). Intuitively, if the rate of employment is low, a relatively

untruncated distribution of observed wages would imply a low job offer arrival probability (λn), while a

heavily truncated distribution would imply a high taste for unemployment (i.e., high work reservation

wage). The offered wage distribution can be recovered from the truncated distribution of observed

wages due to the log-normal distributional assumption (which satisfies the identification condition in

Flinn and Heckman). Then, the probability of on-the-job offer arrival (λe) can be identified from the

probability of switching jobs.

4.2 Estimation Strategy

The model is estimated by the Method of Simulated Moments (MSM). Each decision period in the

model corresponds to one wave (four months) in the data. In each iteration in the parameter space,

computation of the simulated moments consists of nested loops. In the outer loop, the value functions

26For the purpose of illustration, in the simulation here, the distribution of c is assumed normally distributed with mean
zero and variance σ2

c .
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in the dynamic programming problem are computed backwards.27 In the inner loop, the moments are

simulated conditional on the value functions. The presence of individual heterogeneity increases the

state space and the value function is solved at every combination of worker’s types. The standard

errors are computed using the formula described in Appendix C.

For each individual in each sample period, we observe job mobility and employment choices and

log wages if the individual is employed. The empirical moments include the means of job mobility,

employment, transition from employment into unemployment, and log wages in each sample period,

and the covariances of job mobility and log wage between any two sample periods. Since SIPP is a

short panel, it is typical that some workers have left-censored life-cycle histories when they are observed

in the first wave of SIPP. For these workers, their first observed wages are endogenous which leads to

an initial condition problem (Heckman, 1981). The initial condition problem is solved by simulating

the model starting from the beginning of life cycle and evaluating the moments conditional on each

individual’s first observed life-cycle period τi.
28 The mean of elapsed job tenure when a worker is first

observed in the sample is added to the set of moments to match.29 Details of the estimation procedure

are discussed in Appendix C.

5 Estimation Results

Table 4-5 report estimates from the structural model for low-education men and high-education men,

respectively. The first column contains estimates for the model with switching cost. Wage risk at the

worker-firm match level is the dominating risk facing employed workers. For instance, among low-

education men , the variance of match-level shock (σ2
η) is 0.644

100 , whereas the variance of the person-level

wage shocks is small and insignificant from zero (σ2
ζ = 0.009

100 ). Among high-education men, the variance

of match-level shocks is even larger relative to the variance of individual-level shocks (0.885
100 vs. 0.002

100 ).

These results imply that job mobility could be a very useful potential channel to react against a large

fraction of permanent wage risk. The variance of the transitory shock is large. As noted previously,

27Appendix B describes the solution method to the value function in detail. The method uses Monte Carlo integration
and an interpolation method to approximate the value function.

28Twenty simulations per individual are conducted. For each individual, the unobserved types are drawn from the type
probability distributions at the beginning of each simulated path. The observations prior to period τi are discarded such
that the distribution of τi in the simulated sample matches the distribution in the real data.

29Recall from Section 3.1 that the SIPP contains information on the starting date of worker’s present job when he is
first sampled. This information is used to construct the elapsed job tenure at the first interview date.
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transitory shocks represent a mix between a transitory shock and measurement error.30 It is potentially

interesting to use external validation studies to separate out the contribution of true transitory shocks

from measurement errors (Gottschalk, 2005; Abowd and Stinson, 2011). The canonical decomposition

of shocks into transitory and permanent components is usually applied to annual earnings data where

transitory shocks may well be important because of unemployment spells or temporary job spells. In

the structural model, these sources of transitory shocks are modeled explicitly through employment and

job mobility decisions. Therefore, I interpret that all estimated transitory shocks to wages represent

measurement error.

The random growth factors are presented in ascending order by the individual’s return to tenure

(c). Among low-education men, while the unobserved return to tenure differs widely between the

two types of individuals, only the return to tenure among type-2 individuals is significant (at 0.7%

per period). The return to experience parameters among both types of individuals are small and

imprecisely estimated. Among high-education men, random growth factors are generally small and

insignificantly different from zero. Therefore, there is very limited support for heterogeneous return to

tenure and heterogeneous return to experience. It is important to note that, even without any returns to

experience and tenure, match-level wage shocks and job mobility alone can generate sufficient positive

wage growth over time. This is because workers are able to preserve good match shocks and move

away from bad match shocks by job mobility. The small estimates of return to tenure are in line with

existing estimates after controlling for the endogeneity of job mobility.31 The estimated heterogeneity

of the individual wage component at the start of life is larger than the initial match heterogeneity,

particularly among low-education individuals. This has important implications to the sources of wage

inequality discussed in the following section.

Table 6 reports the estimated switching cost parameters. The switching cost varies widely by type.

Among low-education men, the high-cost individuals pay a utility cost equivalent to 7.8% of the period-

wage in order to switch employers. The utility cost paid by the low-cost individuals is only 0.8% of

the period-wage. Relative to low-education men, the utility cost of moving is high among the high-

30In our sample, measurement error in wages may come from two sources: from reported wages for those who are hourly
paid, from reported earnings and/or hours for salary-paid workers.

31See Altonji and Williams (2005) for a reassessment of this literature. Most existing estimates (even after controlling for
endogenous mobility) assume that any shock to match component is transitory and therefore does not relate to turnover
behavior. Also, if return to tenure is heterogeneous, on-the-job search implies that workers whose returns are low tend to
switch jobs at a faster rate, generating a positive relation to observed tenure. This is likely to produce a positive source
of bias to existing estimators.
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educated. For instance, the type-1 switching cost among high-education men is equivalent to 32% of

the period-wage and, at the same time, the proportion of men belonging to the high-cost type is larger

than low-education men. Interestingly, there is some weak evidence that marriage and house ownership

are both negatively associated with the probability that the individual belongs to a high-cost type.

The subsidy from spouses to job search activities could reduce the mobility costs of married workers.

Young workers who own a house may be more likely to change jobs when there is a wage fall in order

to make mortgage payments.

The identification of the full model hinges on exclusion restrictions. As a sensitivity test, I also

estimate the model without switching cost, where job mobility is only influenced by wage differences.

Columns (2) of Table 4-5 show that the estimated parameters are qualitatively similar. Relative to the

estimates from the model with switching cost, the variance of match shocks becomes larger, particularly

among high-education men whose switching costs are also large. Therefore, the model without switching

costs over-estimates the extent of match-level risks. In addition to wages, unobserved non-wage factors

play an important role in explaining individual’s job mobility behavior.

What happens if shocks to the worker-firm match and job switching cost are ignored? This corre-

sponds to the assumption made in Low, Meghir, and Pistaferri (2010) and Altonji, Smith, and Vidangos

(2013), where the worker’s mobility choice is solely based on the value of initial match. Columns (3) of

Table 4-5 present the estimated parameters by holding the match values constant within jobs. Com-

pared to columns (1) and (2), there is a large increase in the estimated variance of permanent shock

(e.g. from 0.003
100 to 0.051

100 among high-education men). A large proportion of wage fluctuations that is

in fact specific to a worker-firm match has been identified as permanent shocks which is assumed to

persist across all jobs. In column (4), I estimate a canonical wage process by neglecting the match-

specific wage altogether and hence disallowing the worker’s selection between jobs. This has been a

standard in estimating wage uncertainty in the labor and macroeconomics literature. Compared to

the estimated individual-level permanent shocks from the model taking job mobility into account (but

assuming constant match) in column (3), the variance of permanent shocks becomes even larger. For

instance, among low-education men, the canonical model implies that the variance of permanent shocks

is 0.169
100 , compared to 0.05

100 implied by the model with endogenous job mobility. These results are consis-

tent with findings in Low, Meghir, and Pistaferri (2010), where they show, using a reduced-form model
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of job mobility, that over the half of the identified permanent wage uncertainty stems from worker’s

endogenous job mobility choice.32 Note that, the heterogeneity in individual wage growth (σ2
δ ) is very

small and insignificant from zero even in the canonical model.

It is also useful to compare the true wage risk, corresponding to the wage risk prior to any job

mobility decision, with the wage risk identified by canonical models where the firm-specific wage is

neglected. In the structural model, the true wage risk is the sum of the variance of the person- and

match-level shocks (abstracting from transitory shocks). Among low-education men, it is 0.644+0.009
100

and, among high-education men, it is 0.885+0.002
100 . Among all individuals, the true wage risk more

than three times as large as the variance of permanent shock identified from a canonical wage process

(column 4).

Appendix Table A1 reports the fit of the model to the sample of low-education and high-education

men, respectively.33 To evaluate the fit of the model, for each model specification, I simulate 20

careers for each worker in the sample. I then truncate the careers according to the individual’s first

observed life-cycle period τi. The final simulated sample contains 8 observation periods, whose joint

distribution of observables and τi matches the SIPP sample. For the estimated model in column (1)

and (2), the simulated outcomes exhibit a reasonably good fit to the data. The simulations capture

essential features of the data including the average wage, job mobility and employment, as well as the

variance and autocovariance of wage and mobility. For the model without match-level shocks (column

3), the simulated outcomes show a reasonably good fit to the mean outcomes, but worse fit to outcomes

involving higher-order moments. For instance, the predicted first-order autocovariances of mobility are

small and close to zero, whereas the first-order covariances of mobility in the data are positive.

32In Low, Meghir and Pistaferri (2010), they assume that “the permanent shock occurs each quarter with probability
0.25. Thus, on average, the permanent component of wages changes once per year.” (p. 1436). This implies that their
variance of permanent shocks is larger than the estimates from the current paper, where permanent shocks to wages occur
every four months.

33Due to space limits, the table only shows selected moments. The full predicted and actual moments are available
upon request.

24



6 Implications of the Model

6.1 Value of Job Mobility in Response to Match-level Shocks

To quantify the value of job mobility as a way of responding to the match-level wage shocks, I calculate

the life-time expected utility of a worker holding the reservation wage fixed in every period at the level

before match-level shock taken place in that period (thereby disallowing job mobility to respond to

match-level shocks). Let V e′
0 (aij0, ui0,αi) be the value at the beginning of life in the counterfactual

environment. Under the counterfactual, the dynamic programming problem is solved with respect to

a modified conditional density function of the match component, f ′(aijt|aijt−1, ηit), where:

f ′(aijt|aijt−1, ηit) = g′(aijt|Mit, aijt−1, ηit)h
′(Mit|aijt−1, ηit = 0) (17)

where ηit is turned off in the h′ density but not in the g′ density. Conditioning on the worker’s type

and the match value at t − 1, h′ measures whether the worker would have moved in the absence of

match-level shocks. Then, the value of job mobility at the beginning of life is given by

∆V0 = V e
0 (aij0, ui0,αi)− V e′

0 (aij0, ui0,αi) (18)

where V e
0 (aij0, ui0,αi) is the life-time value allowing job mobility to respond to match-level shocks. ∆V0

measures the welfare value of job mobility in response to match-level risk. It depends on the model

environment, in particular the extent of frictions in the labor market. For instance, when switching

cost is large, job mobility is a less useful channel to act against negative match-level wage shocks. The

higher the switching cost is, the closer is the h′(Mit|aijt−1, ηit = 0) density from the h(Mit|aijt−1, ηit)

density and the smaller is the ∆V0.

Table 7 shows the calculated value of job mobility across different individual types and education

groups. Panel A shows the welfare value of job mobility (∆V0) under the baseline environment (with

switching cost). When represented as a percentage of the average life-time value a job (V e
0 ), the

welfare gains of job mobility among high-education individuals range from 8-9% for different types of

workers. The value of job mobility is monotonically decreasing in the cost of job changes: workers

whose switching cost is low have larger values of job mobility (both in absolute values and as a fraction
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of V e
0 ) than those whose cost of switching employer is high. The value of job mobility is also slightly

higher for workers of smaller random growth factors. Relative to high-education individuals, the welfare

gain from job mobility for low-education individuals is much smaller overall. For instance, among low-

education individuals with low-switching cost and high random growth factors, the welfare value of job

mobility only accounts for 4% of the life-time utility of employment, which is less than half of the value

of high-education individuals of the same type.

In Panel B, the value of job mobility is computed under a counterfactual environment where the

variance of match-level shocks is reduced by half. Conditional on the individual’s type, the value of

job mobility is increasing in the variances of match-level shocks. When wage variations in the match-

component is high and switching cost is low, job mobility is a highly valuable channel to act against

negative wage shocks. In Panel C, job offer arrival probability is reduced to half among the employed.

Lower job arrival probability has large impact on the welfare value of job mobility. For instance, among

high-education men whose switching cost is high and random growth factors are low, the value of job

mobility is down to 5.5% of life-time utility, a 31% reduction relative to the baseline.

6.2 Sources of Wage Growth and Inequality over Early Careers

Using the estimated parameters (column (1) of Table 6), I simulate 20 paths from the beginning of life

for each individual in the sample. I then decompose the mean and the variance of simulated population

wages over the first 30 periods (10 years) of the life cycle. The primary interest is to evaluate the

contribution from the match and the individual component to wages over time. The left panels of

Figures 4-5 examine the age profile of mean wages, for low- and high-education men, respectively.

While both the match component and individual component grow over time, the majority of log wage

growth is driven by improved match values. The growth in E(ut) is due to the positive return to work

experience. The growth in E(at) is almost entirely due to job mobility, given the small (and even

negative for some individual types) estimated mean return to tenure. Good shocks are preserved and

bad shocks could be recovered through job changes. As the extent of job-to-job transitions decreases

with potential experience, the growth of E(at) gradually slows down, generating a concave experience

profile of wages.

The right panels of Figures 4-5 decompose the age profile of wage inequality for young workers,
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for low- and high-education men, respectively. At the beginning of life, most wage inequality is from

variation in individual heterogeneity (i.e. individual’s general ability). As worker accumulates labor

market experiences, the contribution from the worker-firm match quickly rises as a result of the per-

manent match shocks, job-to-job transitions, and heterogeneous return to tenure. For instance, among

high-education men, after 10 years from the beginning of life, the contribution from match-level wages

to overall log wage inequality exceeds that from the person-level wages. Therefore, it appears that

differences in labor market histories are the main driving force behind the increasing inequality over

life. This result is similar to recent findings from Huggett, Ventura, and Yaron (2011). It suggests that

policies aiming at improving worker-firm matches are at least equally important as education policies

aiming to improving initial conditions.

6.3 Counterfactual Analysis: Implications of Risks

Table 8 compares simulation results from five counterfactual scenarios for both low- and high-education

men in the 30th period (equivalent to the 10th year) of the dynamic model with switching costs.34 The

baseline scenario (column 1) assumes that individuals are subject to match- and person-level wage risk

and layoff risk which are estimated in the dynamic model with switching costs. In subsequent columns,

the risk environment is modified as follows since the first period of the life-cycle, holding everything

else constant at the baseline level: doubling the standard deviation of match-level shocks (column

2); doubling the standard deviation of match-level shocks and simultaneously doubling switching costs

(column 3) or shutting down job mobility (column 4); doubling the standard deviation of individual-level

shocks (column 5); doubling the layoff probability in each period (column 6). Results are separately

reported for low-education men and high-education men.

Column 2 reports the effects of an increase in the variance of match-level shocks. Among low- and

high-education men, the higher variance of match-level wage risk increases average log wage among

workers, mainly as a result of improved match quality. The labor force participation rate remains the

same as the baseline. The present discounted value (PDV) of utility also shows small increase, from

24.85 to 25.95 among low-education men and from 27.31 to 28.33 among high-education men. The

welfare implications of match-level wage risk depend crucially on the degree of labor market frictions

34The results are based on 20 paths from the beginning of life for each individual in the sample, with unobserved types
drawn from the discrete distribution.
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and the cost of job mobility. When the increase in match-level wage risk is accompanied by a rise in

switching cost, the welfare gain declines (column 3). When job mobility is disallowed in the model

(by setting offer arrival probability among employed workers to zero), an increase in the match-level

wage risk reduces welfare relative to the baseline. For instance, among low-education men, the match

component of wage declines by over 50% from 0.34 to 0.22 in period 30, reducing the PDV of utility.

Columns 5-6 report the effects of an increase in the variance of individual-level shocks and the

layoff probability, respectively. Doubling the variance of individual-level wage shocks barely changes

individual’s behavior and PDV of utility relative to the baseline. The standard deviation of individual-

level wage shocks appears to be too small to affect individual’s behavior. Increasing the probability

of a layoff reduces welfare, through reductions both in the average match component of wage among

workers and in the fraction of individuals who are working.

7 Conclusion

I estimated a dynamic structural model of job mobility jointly with a stochastic wage process. In

addition to decomposing wage shocks by their persistence, I also considered two sources of wage shocks,

shocks at the worker-firm match level and shocks at the individual level which persist across jobs, and

modeled their effects on dynamic individual behaviors. The estimation results suggest that wage risk

at match level is the dominating type of risk facing employed individuals. I showed that job mobility

is a valuable channel in response to the match-level wage shocks. The welfare value of job mobility

depends critically on the magnitude of the job-switching costs and job offer arrival probability. I also

identified the true wage risk prior to job mobility, which is almost three times as large as the wage risk

estimated using observed wages alone.

The importance of match-level wage risk points to the significance of government programs aiming

at improving worker-firm match quality and reducing frictions in the labor market. Given that the

accumulated match-specific shocks account for much of the wage inequality for workers in their early

careers, it suggests an important role for policy interventions (like job training programs) aiming to

help workers recover from the loss of job-specific skills. For employed workers, recessions could lead to

a rise in job switching cost or a decline in the offer arrival probability. Under either case, job mobility

is less valuable in terms of its value in moving away from bad match-level shocks. Therefore, this paper
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suggests that the welfare of employed workers could also be greatly reduced in recessions. Decreasing

activities of job-to-job transitions implies that match-level shocks would appear more persistent in

recessions and thereby making the wage risk identified from observed wages larger. This coincides with

empirical evidence from the literature finding that idiosyncratic risk is countercyclical.35

Recovering the true wage risk facing individuals from their choices is complex. While this paper

takes a step to separate match-level risk from individual-level risk by modeling job mobility, it has

several limitations that can be extended in future research. First, the modeling of job mobility decisions

is simple and highly stylized. For instance, jobs could differ from each other in other aspects besides

match quality. The switching cost parameter in this paper absorbs all the other non-wage factors

affecting job mobility in a reduced-form way, but modeling transitions across jobs that differ explicitly

in wage risk, return to tenure, or hours of work is desirable and left for future research. Each extension

would add another state variable in the model and require a careful specification of the preference

structure. Second, the variance of match-level shock is constant over time. If job quality is learnt

over time, the variation of surprises to match quality is decreasing with job tenure as workers learn

more about their match-specific productivity (Jovanovic, 1979). It would be interesting to explore

the implication from a model where job is an “experience good”. In that case, the option value of

current job would be declining with tenure, which would presumably dampen the value of job mobility.

Finally, an important avenue for future research is to analyze the relation between job mobility and

other channels which workers can rely on in response to labor market risk, and to quantify their relative

value in reacting against different types of shocks.

35See Storesletten, Telmer, and Yaron (2004).
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APPENDIX

A Proof of Proposition 1

In this section, the value function is conditional on worker’s type αi. I also assume that the individual

wage component is nonstochastic and fixed at some value ui. This simplifies notation (by avoiding to

carry on uit as a state variable) and does not change any of the implications concerning the properties

of the reservation wage w.r.t to match value aijt.

Lemma 1. V e
t (a) is monotonically increasing its argument, for all t.

Proof. This can be established through backward induction.

V e
T (aijT ) = aijT

which is an increasing function in aijT trivially. Now suppose V e
t+1(aijt+1) is increasing in aijt+1.

Proving that V e
t (aijt) is increasing in aijt concludes the induction. Now,

V e
t (aijt) = lnwijt + Γ(1− λe)(1− ρ)Et max

[
V e
t+1(aijt+1), V n

t+1

]
+ Γλe(1− ρ)Et max

[
V e
t+1(aijt+1), V e

t+1(aij′t+1)− ki, V n
t+1

]
+ ρΓE(V n

t+1) (1)

From Section 2, we know that

Et max
[
V e
t+1(aijt+1), V n

t+1

]
=Et

[
V e
t+1(aijt+1)

]
× P (aijt+1 ≥ gt+1|aijt)

+ Et
[
V n
t+1

]
× P (aijt+1 < gt+1|aijt) (2)

and

Et
[
V e
t+1(aijt+1)

]
=

∫
V e
t+1(aijt+1)dF (aijt+1|aijt)

By the assumptions on the match process, it is easy to show that F (aijt+1|a1
ijt) first-order stochastically

dominates F (aijt+1|a2
ijt), for any a1

ijt > a2
ijt. This implies that

∫
v(k)dF (k|w1) >

∫
v(k)dF (k|w2) for

any increasing function v. Since by assumption V e
t+1(aijt+1) is increasing in its argument and aijt+1 is

increasing in aijt, V
e
t+1(aijt+1) is also increasing in aijt. Hence we have established that Et

[
V e
t+1(aijt+1)

]
is increasing in aijt. We can also show that P (aijt+1 ≥ gt+1) is increasing in aijt. Given that V n

t+1 is

independent of aijt, the continuation value when there is no external offer is increasing in aijt.

The argument for the monotonicity of the continuation value when there is a job offer is similar.

Suppose the job offer is inferior to the job in period t + 1 (V e
t+1(aijt+1) > V e

t+1(aij′t+1) − ki). Then,

from equation (1), it is easy to show that V e
t (aijt) is increasing in its argument. Suppose the new job

is superior to the current employer (V e
t+1(aijt+1) < V e

t+1(aij′t+1)− ki). Since aijt+1 is increasing in aijt,

aij′t+1 must also be. Then Et
[
V e
t+1(aij′t+1)− ki

]
is increasing in aijt and hence V e

t (aijt) is increasing

in its argument.
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Lemma 2. The reservation match value ht(a) is monotonically increasing in a, for all t.

Proof. The reservation match value satisfies:

V e
t (aijt) = V e

t (ht(aijt))− ki

By the implicit function theorem36,

∂ht(aijt)

∂aijt
=

V e
t (aijt)

′

V e
t (ht(aijt))′

> 0

Lemma 3. V e
t (a)′ is monotonically increasing in a, for all t=1. . . T-1.

Proof. Assume that the value of unemployment is less than the value of employment in period t +

1.37 Let Φ(·) and φ(·) denote cumulative and density function of the offer distribution respectively.

Differentiating equation 1 w.r.t. aijt

∂V e
t (aijt)

∂aijt
= 1 + Γ(1− λe)Et(V e

t+1(aijt+1)′)

+ ΓλeEt

[
V e
t+1(aijt+1)′Φ(ht+1(aijt+1)) + V e

t+1(aijt+1)φ(ht+1(aijt+1))
∂ht+1(aijt+1)

∂aijt+1

]
− ΓλeEt

[
(V e
t+1(ht+1(aijt+1))− ki)φ(ht+1(aijt+1))

∂ht+1(aijt+1)

∂aijt+1

]
= 1 + Γ(1− λe)Et(V e

t+1(aijt+1)′) + ΓλeEt
[
V e
t+1(aijt+1)′Φ(ht+1(aijt+1))

]
(3)

where the last step follows because by definition, V e
t+1(ht+1(aijt+1))− ki = V e

t+1(aijt+1). From (3), we

obtain

∂2V e
t (aijt)

∂a2
ijt

= Γ(1− λe)Et(
∂2V e

t+1(aijt+1)

∂a2
ijt+1

)

+ ΓλeEt

[
∂2V e

t+1(aijt+1)

∂a2
ijt+1

Φ(ht+1(aijt+1) + V e
t+1(aijt+1)′φ(ht+1(aijt+1))

∂ht+1(aijt+1)

∂aijt+1

]
(4)

From Lemma 1 and Lemma 2, we know the last term in equation (4) must be positive. In a backward

induction argument, equation (4) essentially proves the core of the induction: if
∂2V et+1(aijt+1)

∂a2ijt+1
is positive,

then
∂2V et (aijt)

∂a2ijt
must also be positive. Therefore, to complete the proof, we only need to show that the

claim is true in the last period. In period T ,
∂2V eT (aijT )

∂a2ijT
= 0. Moving one period backwards,

V e
t (aijT−1) = aijT−1 + Γ(1− λe)ET−1 [aijT ] + ΓλeET−1

[
max aijT , aij′T − ki

]
36V (a)′ denotes partial derivative of the value function w.r.t a.
37In the case where unemployment is the optimal choice, V et (a)′ is independent of a.
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It is straightforward to show that
∂2V et (aijt)

∂a2ijt
= ΓλeET−1(φ(aijT + ki)) > 0.

So far we have established that the worker’s value function is monotonically increasing and convex.

We are now ready to derive properties of the reservation wage in the presence of switching cost.

Proposition 1. For a worker of unobserved type αi with individual wage component uit, the reservation

match for job mobility (ht(aijt) satisfies the following properties for all t = 1 . . . T − 1, :

(1) ht(aijt) > aijt if ki > 0 and ht(aijt) = aijt if ki = 0.

(2) 0 <
∂ht(aijt,ki)

∂aijt
< 1.

Proof. With zero switching cost, the reservation match value satisfies:

V e
t (aijt) = V e

t (ht(aijt)) (5)

By Lemma 1, we conclude ht(aijt) = aijt for all t.

With positive switching cost, the reservation match value is defined by:

V e
t (aijt) = V e

t (ht(aijt))− ki (6)

Given ki > 0 and the value function is monotonically increasing, one can easily prove by contradiction

that ht(aijt) > aijt.

Finally, recall that V e
t (a)′ is positive (Lemma 1) and monotonically increasing (Lemma 3). There-

fore,

V e
t (ht(aijt))

′ > V e
t (aijt)

′ > 0

0 <
∂ht(aijt)

∂aijt
=

V e
t (aijt)

′

V e
t (ht(aijt))′

< 1

B Approximating the Value Function

I choose to specify a terminal value function at time T0 and solve the model backwards from T0. The

assumption at t = T0 is that job mobility and employment decision cease and there are no match-level

and individual-level wage shocks from T0 + 1 until the end of work life T . I set T = 50 periods and

T0 = 35 periods (one period corresponds to four months in the data).

The value function is solved at each combination of unobserved heterogeneity (αi). The com-

putational burden from solving the value function arises primarily from the continuous and serially

correlated state variables uit and aijt. The difficulty is that, in order to evaluate value function at t, it

is necessary to compute the value function for every possible value of aijt+1 and uit+1 which may arise

in t+ 1. The number of possible values grow exponentially with t, making computation quickly infea-

sible. To circumvent this issue, I use an interpolation method developed in Bound, Stinebrickner, and
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Waidmann (2009). The method involves two steps. In the first step, I determine the range of possible

values of aijt and uit which could arise from simulations used to approximate the value function and

evaluate the moments in every period t = 1, . . . , T0. In the second step, the value function is solved

backwards. At each time t, the value function is evaluated at N equally spaced grid point anijt and

unit. To calculate the value function at each grid point at time t, I need to calculate the value function

at t + 1 for possible values of aijt+1 and uit+1. These values will not correspond to the grid points in

t+ 1 in general. At these points, the value function is evaluated by interpolation. For instance, each of

the possible value functions at aijt+1 is approximated by interpolating between the two value functions

associated with two surrounding grid points an−1
ijt+1 and anijt+1.

C Estimation by Method of Simulated Moments

For any two sample periods p1 and p2 such that 1 ≤ p1 ≤ p2 ≤ P (where P denotes the last sample

period), the vector of simulated moments is:

g(θ; p1, p2) = s(p1, p2)− 1

N

N∑
i=1

f(θ; τi, p1, p2) (7)

where N is the number of workers in the panel, s is a vector of empirical moments implied by the

data, and 1
N

∑N
i=1 f(θ; τi, p1, p2) is a vector of corresponding moments predicted by the model.38 The

empirical moments include the following:

E(Mip2 |Pip2 = 1), E(lnwip2 |Pip2 = 1), E(Pip2), E(Pip2 = 0|Pi,p2−1 = 1),

cov(lnwip1 , lnwip2 |Pip1 = 1, Pip2 = 1), cov(Mip1 ,Mip2 |Pip1 = 1, Pip2 = 1),

cov(lnwip1 ,Mip2 |Pip1 = 1, Pip2 = 1), cov(Mip1 , lnwip2 |Pip1 = 1, Pip2 = 1)

The function f cannot be computed analytically because, in the presence of endogenous selection

on the match process, the distribution of the state variables at any given life period does not carry an

analytical form. I choose to approximate it by its simulated counterpart:

f̂(θ; τi, p1, p2) =
1

S

S∑
s=1

f(θ; ν̂s, τi, p1, p2)→ f(θ; τi, p1, p2) (8)

where {ν̂s}s=Ss=1 is a sequence of random variables that are identically and independently distributed. It

consists of sequences of draws of job offers, shocks to match- and individual-specific component from

the beginning of life-cycle, and a vector of person-specific unobserved heterogeneity αi drawn from the

type probability distributions at the beginning of each simulated path.39 With ν̂, the model is able

38It is important to note that the predicted moment f depends on τi (life-cycle period in the first sampling period). τi,
p1 and p2 map into two unique life periods t1 and t2.

39The normally distributed random variables are constructed through the inversion method. That is, first draw a vector
of random variables z from a uniform (0,1) distribution. Evaluating the inverse of cumulative normal distribution F−1(z)
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to simulate S employment histories for each individual from the beginning of the life-cycle. Twenty

simulations per individual are conducted. The observations prior to period τi are discarded such that

the distribution of τi in the simulated sample matches the distribution in the real data. The mean of

elapsed job tenure when a worker is first observed in the sample is added to the set of moments to

match. The predicted moments are evaluated using simulated data containing N × S simulated paths,

each of which spans P periods.

Let g(θ) be a vector consisting g(θ; p1, p2) at all possible combinations of p1 and p2. The size of

vector g(θ) is M × 1. The goal of the MSM estimation is to find θ which minimizes:

g(θ)′g(θ) (9)

To obtain standard errors, define conformably the individual vector, gi and the corresponding

residuals, ei = gi − g(θ). The variance-covariance matrix of g(θ) is40:

V =
N∑
i=1

(eie
′
i) (10)

and the standard errors are given by

var(θ̂) = (G′G)−1G′V G(G′G)−1 (11)

where G = ∂f(θ)
∂θ |θ=θ̂ is the Jacobian matrix evaluated at the estimated parameters θ̂.41

yields a vector of normally distributed random variables. The uniform draws z are held fixed and independent of model
parameters. This guarantees that MSM objective function varies only with respect to changes in parameters of interest.

40Each individual in our data set contributes to only a subset of the moments (because, for example, wages and job
mobility is only defined on workers). The notation in the equation below leaves it implicit.

41Also see Moffitt and Gottschalk (1995) and Blundell, Pistaferri, and Preston (2008) for a discussion about standard
errors in this type of models.
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Table 1: Summary Statistics, SIPP 1996

Variable Mean Standard
Deviation

Demographics
Age 27.40 2.46

White 0.72 0.45
Some college or more 0.55 0.50

Metropolitan 0.83 0.38
Own a house 0.49 0.50

Married 0.54 0.50
Labor market variables

Wages 11.62 5.35
Hours of work per week 42.11 11.32

Proportion of job-job transitiona 0.10 0.30
Elapsed job duration in the first observation period 5.45 5.74

Total number of observations 13544

Note: Wages are deflated using monthly CPI-Urban (CPI=1 in 1996:1) and averaged over a four-month period (per wave).

Table 2: Total Number of Job Changes (in percentages), by Potential Experience

Number of job changes
0 1 2 3 4+

Quartiles of initial
life-cycle period

Less than 25th (1-4) 45.0 31.7 13.7 5.1 4.4
25-50 (7-10) 54.9 24.0 14.4 4.9 1.9

50-75 (13-16) 59.2 25.1 11.8 2.9 1.0
More than 75th (19-22) 69.2 20.2 8.2 2.4 0.0

Total 56.4 25.6 12.2 3.9 1.95

38



Table 3: Job Mobility on Past Wage Changes

(1) (2) (3) (4) (5)

Wthin job wage growth in t− 1 -0.035*** -0.039*** -0.068*** -0.105*** -0.083***
(0.013) (0.013) (0.014) (0.018) (0.021)

Within job wage growth in t− 2 - - - -0.124***
(0.030)

Job tenure in t− 1 - -0.005*** -0.004*** 0.047*** 0.072***
(0.000) (0.000) (0.003) (0.006)

ln(wt−2) - - -0.060*** -0.151*** -
(0.008) (0.026)

ln(wt−3) - - - -0.171***
(0.039)

Experience in t− 1 - - -0.001 -0.026*** -0.042***
(0.001) (0.003) (0.006)

Individual FE No No No Yes Yes
Observations 8638 8638 8638 8638 6513

Note: *** p < 0.01, ** p < 0.05, * p < 0.1. The dependent variable is a job change indicator in period t (equals to one if

a job change occurs). The model is estimated by OLS. Standard errors (in parenthesis) are clustered by person.
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Table 4: Estimated Model Parameters–Low Education Men

With Job- No Job- No Match- No Match-
switching Cost switching Cost level Shocks specific Wages

(1) (2) (3) (4)
Wage shocks

σ2
η × 100 0.644 0.709 - -

(0.204) (0.213)
σ2
ζ × 100 0.009 0.008 0.050 0.169

(0.652) (0.596) (0.019) (0.078)
σ2
v 0.032 0.035 0.017 0.036

(0.009) (0.009) (0.005) (0.002)
Random growth factors

c1 0.001 -0.004 - -
(0.011) (0.596)

c2 0.007 0.006 - -
(0.003) (0.002)

δ1 0.000 -0.001 0.007 -
(0.101) (0.565) (0.003)

δ2 0.001 0.002 0.005 -
(0.024) (0.027) (0.014)

Fraction of type-2 individuals 0.835 0.955 0.540 -
(0.778) (0.087) (4.836)

σ2
δ × 105 - - - 0.000

(0.002)
Heterogeneity

σ2
a0 0.003 0.002 0.024 -

(0.001) (0.000) (0.010)
σ2
u0 0.060 0.055 0.091 0.076

(0.076) (0.068) (0.040) (0.009)
Other parameters

β0 2.017 2.013 1.999 -
(0.030) (0.033) (0.050)

α1 0.239 0.166 0.558 -
- - (0.155)

λe 0.604 0.444 0.179 -
(0.038) (0.038) (0.034)

λn 0.807 0.807 0.941 -
(0.017) (0.015) (0.182)

ρ 0.016 0.016 0.016 -
(0.000) (0.000) (0.002)

Note: Standard errors are in parentheses. σ2
η, σ2

ζ and σ2
v are, respectively, the variances of match- and person-level shocks,

and transitory shocks (including measurement error). c and δ are the random growth factors at match- and person-level,

respectively. σ2
a0 is the heterogeneity in the offered match values. σ2

u0
is the heterogeneity in the person-component

of wages at the start of work life. λe and λn are the offer arrival probabilities during employment and unemployment,

respectively. ρ is the layoff probability. β0 is the constant term in the offered log wage equation. α1 is the preference for

not working.
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Table 5: Estimated Model Parameters–High Education Men

With Job- No Job- No Match- No Match-
switching Cost switching Cost level Shocks specific Wages

(1) (2) (3) (4)
Wage shocks

σ2
η × 100 0.885 1.169 - -

(0.358) (0.457)
σ2
ζ × 100 0.002 0.003 0.051 0.279

(0.000) (0.001) (0.001) (0.083)
σ2
v 0.039 0.041 0.045 0.053

(0.006) (0.010) (0.010) (0.002)
Random growth factors

c1 -0.005 -0.009 - -
(0.003) (0.018)

c2 0.002 0.001 - -
(0.111) (0.016)

δ1 0.004 0.007 -0.002 -
(0.015) (0.003) (0.003)

δ2 0.005 0.006 0.004 -
(0.272) (0.049) (0.049)

Fraction of type-2 individuals 0.068 0.199 0.564 -
(0.388) (0.102) (0.102)

σ2
δ × 105 - - - 0.000

(0.012)
Heterogeneity

σ2
a0 0.046 0.031 0.172 -

(0.015) (0.000) (0.000)
σ2
u0 0.076 0.037 0.046 0.085

(0.094) (0.074) (0.074) (0.012)
Other parameters

β0 2.121 2.184 2.058 -
(0.058) (0.042) (0.120)

α1 0.631 0.284 0.073 -
- - (0.141)

λe 0.613 0.281 0.240 -
(0.087) (0.022) (0.022)

λn 0.701 0.586 0.617 -
(0.019) (0.012) (0.012)

ρ 0.004 0.002 0.000 -
(0.000) (0.000) (0.000)

Note: Standard errors are in parentheses. σ2
η, σ2

ζ and σ2
v are, respectively, the variances of match- and person-level shocks,

and transitory shocks (including measurement error). c and δ are the random growth factors at match- and person-level,

respectively. σ2
a0 is the heterogeneity in the offered match values. σ2

u0
is the heterogeneity in the person-component

of wages at the start of work life. λe and λn are the offer arrival probabilities during employment and unemployment,

respectively. ρ is the layoff probability. β0 is the constant term in the offered log wage equation. α1 is the preference for

not working.
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Table 6: Estimated Model Parameters–Switching Costs Parameters

Low education High education

k1 0.078 0.320
(0.045) (0.178)

k2 0.008 0.163
(0.006) (0.246)

γ0 (constant) -2.533 -3.029
(0.814) (1.015)

γ1 (married) 2.388 1.174
(1.094) (2.021)

γ2 (house ownership) 0.510 1.541
(2.024) (1.005)

Note: Standard errors are in parentheses.

Table 7: Value of Job Mobility in Response to Match-level Wage Shocks

High education Low education

Individual type ∆V0
∆V0
V0

∆V0
∆V0
V0

Panel A: Baseline
High switching cost-low random growth 2.576 0.084 0.974 0.036

High switching cost-high random growth 2.502 0.080 0.918 0.033
Low switching cost-low random growth 2.801 0.091 1.151 0.042

Low switching cost-high random growth 2.713 0.086 1.091 0.040
Panel B: Variance of match-level shocks ×0.5

High switching cost-low random growth 2.396 0.080 0.834 0.032
High switching cost-high random growth 2.294 0.075 0.790 0.029

Low switching cost-low random growth 2.613 0.087 0.982 0.037
Low switching cost-high random growth 2.493 0.081 0.928 0.034

Panel C: Job offer arrival rate (among employed) ×0.5
High switching cost-low random growth 1.638 0.055 0.598 0.023

High switching cost-high random growth 1.593 0.052 0.565 0.021
Low switching cost-low random growth 1.787 0.060 0.696 0.026

Low switching cost-high random growth 1.733 0.057 0.658 0.024
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Table 8: Counterfactual Analysis: Implications of Risk, Period 30 (Year 10)

Incr. match risk (ση × 2)
Basline JM SC ×2 No JM σζ × 2 ρ× 2

(1) (2) (3) (4) (5) (6)

Low-education men
Work (%) 97.83 97.83 97.83 98.24 97.83 96.21

Job mobility (%) 6.11 7.26 7.05 0.00 6.11 8.16
Log wage 2.38 2.61 2.61 2.26 2.38 2.32

Individual component 2.04 2.04 2.04 2.04 2.04 2.04
Match component 0.34 0.57 0.57 0.22 0.34 0.28

PDV utility 24.85 25.95 25.86 23.97 24.85 24.30
High-education men

Work (%) 99.40 99.40 99.40 99.42 99.40 99.10
Job mobility (%) 5.10 6.47 5.96 0.00 5.10 6.57

Log wage 2.70 2.98 2.97 2.71 2.70 2.69
Individual component 2.26 2.26 2.26 2.26 2.26 2.26

Match component 0.44 0.71 0.71 0.46 0.44 0.43
PDV utility 27.31 28.33 27.96 26.12 27.31 27.15

Note: column (1): baseline; column (2): increase in the variance of match-level shocks (ση × 2), holding the rest of

parameters under the baseline; column (3): ση × 2 together with doubling switching costs; column (4): ση × 2 together

with zero offer arrival probability when employed; column (4): increase in the variance of individual-level shocks; column

(5): increase in the layoff probability.
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Figure 1: Distributions of Within- and Between-job Log Wage Changes
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Note: The top two figures show the distribution of real log wage growth between waves within (left) and between jobs

(right). The means (standard deviations) are 0.018(0.24) and 0.052(0.45), respectively. The bottom two figures show the

distribution of nominal log wage growth between waves within (left) and between jobs (right). The means (standard

deviations) are 0.024(0.24) and 0.059(0.45), respectively.
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Figure 2: Match-specific Wages and Job Mobility
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Figure 3: The Effect of σ2
η and σ2

c on the Autocovariance of Job Mobility Over TimeFigure 5: The effect of ߪఎଶ and ߪଶ on the autocovariance of job mobility over life 

 

Note: Simulated from the model without switching cost.  Baseline: ߪଶ ൌ 4.96 ൈ 10ିସ, ߪఎଶ ൌ 0.0062 
 

Figure 6: Decomposing the experience‐profile of wages

 

Note: The left panel decomposes the contribution of individual‐ and match‐component to the mean of log wage residual. 
The right panel decomposes the contribution of individual‐ and match‐component to the variance of log wage residual. 
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Figure 4: Decomposing the Experience-Profile of Log Wages and Variances of Log Wages: Low-
education Men
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Figure 5: Decomposing the Experience-Profile of Log Wages and Variances of Log Wages: High-
education Men
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Table A1: Goodness of Fit (Selected Moments)

Low-education High-education
Moment Data Baseline No SC Con. match Data Baseline No SC Con. match

Mean log 2.150 2.169 2.163 2.163 2.401 2.424 2.426 2.417
wage 2.169 2.179 2.175 2.183 2.419 2.438 2.435 2.440
(period 1-8) 2.180 2.190 2.189 2.194 2.438 2.457 2.453 2.457

2.193 2.205 2.201 2.206 2.466 2.474 2.468 2.470
2.223 2.216 2.216 2.216 2.496 2.490 2.485 2.484
2.233 2.228 2.228 2.227 2.508 2.506 2.504 2.501
2.254 2.241 2.240 2.234 2.538 2.519 2.520 2.513
2.270 2.249 2.253 2.244 2.572 2.531 2.534 2.525

Prob. Of job 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
mobility 0.128 0.124 0.121 0.061 0.103 0.097 0.087 0.082
(period 1-8) 0.119 0.119 0.113 0.050 0.113 0.097 0.098 0.077

0.110 0.106 0.099 0.056 0.110 0.086 0.090 0.075
0.110 0.099 0.099 0.055 0.087 0.083 0.077 0.075
0.091 0.090 0.091 0.046 0.103 0.084 0.094 0.071
0.098 0.092 0.083 0.059 0.098 0.069 0.079 0.066
0.099 0.084 0.090 0.056 0.083 0.070 0.070 0.067

Prob. Of 0.938 0.945 0.943 0.944 0.979 0.956 0.945 0.942
employment 0.952 0.975 0.974 0.892 0.982 0.984 0.975 0.960
(period 1-8) 0.948 0.984 0.980 0.926 0.983 0.991 0.990 0.972

0.959 0.980 0.983 0.944 0.983 0.993 0.994 0.986
0.960 0.980 0.978 0.953 0.981 0.993 0.996 0.991
0.960 0.984 0.981 0.958 0.985 0.993 0.997 0.989
0.958 0.979 0.979 0.966 0.988 0.993 0.997 0.992
0.962 0.983 0.979 0.967 0.986 0.994 0.996 0.994

Prob. Drop to 0.017 0.015 0.019 0.084 0.005 0.005 0.003 0.011
unemployment 0.024 0.012 0.016 0.018 0.007 0.005 0.001 0.005
(period 1-8) 0.010 0.017 0.016 0.020 0.004 0.005 0.002 0.003

0.011 0.017 0.018 0.017 0.008 0.005 0.003 0.001
0.015 0.013 0.016 0.017 0.005 0.005 0.001 0.006
0.019 0.019 0.019 0.015 0.004 0.006 0.002 0.002
0.012 0.013 0.018 0.015 0.006 0.003 0.003 0.001
0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Variance 0.138 0.124 0.125 0.129 0.180 0.177 0.168 0.194
log wage 0.134 0.126 0.127 0.131 0.187 0.177 0.170 0.180
(period 1-8) 0.139 0.129 0.129 0.129 0.165 0.174 0.172 0.175

0.138 0.131 0.132 0.127 0.164 0.175 0.176 0.173
0.133 0.134 0.134 0.126 0.175 0.175 0.179 0.169
0.123 0.135 0.136 0.124 0.170 0.175 0.179 0.164
0.134 0.138 0.140 0.124 0.184 0.178 0.183 0.162
0.126 0.141 0.141 0.123 0.185 0.179 0.185 0.159

cov(yt, yt − 1) 0.099 0.091 0.089 0.113 0.131 0.130 0.120 0.132
(period 2-8) 0.108 0.093 0.090 0.113 0.125 0.130 0.122 0.127

0.108 0.096 0.093 0.110 0.119 0.129 0.126 0.125
0.107 0.098 0.095 0.109 0.127 0.130 0.129 0.122
0.104 0.100 0.097 0.108 0.131 0.130 0.130 0.118
0.106 0.102 0.100 0.106 0.131 0.132 0.133 0.115
0.109 0.105 0.103 0.106 0.145 0.134 0.136 0.112

cov(Mt,Mt − 1) 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
(period 2-8) 0.020 0.012 0.011 -0.002 0.009 0.002 0.004 0.003

0.021 0.013 0.010 0.001 0.015 0.001 0.005 -0.001
0.017 0.009 0.011 0.000 0.013 0.003 0.000 -0.001
0.017 0.010 0.012 -0.001 0.007 0.003 0.003 0.001
0.012 0.010 0.007 0.002 0.007 0.000 0.003 0.000
0.013 0.007 0.010 0.000 0.012 0.001 0.001 -0.001
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