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Abstract

The rate of long-term unemployment spiked during the Great Recession. To help

explain this, I exploit the systematic and counter-cyclical differences in unemployment

duration across occupations. This heterogeneity extends the tail of the unemployment

duration distribution, which is necessary to account for the observed level of long-

term unemployment and its increase since 2007. This paper introduces a model in

which unemployment duration and occupation are linked; it measures the effects of

occupation-specific shocks and skills on unemployment duration. Here, a worker will

be paid more for human capital in his old occupation but a bad shock may make those

jobs scarce. Still, their human capital partly “attaches” them to their prior occupation,

even when searching there implies a longer expected duration. Hence, unemployment

duration rises and becomes more dispersed across occupations. Redistributive shocks

and business cycles, as in the Great Recession, exacerbate this effect.

For quantitative discipline, the model matches data on the wage premium to occupa-

tional experience and the co-movement of occupations’ productivity. The distribution

of duration is then endogenous. For comparison’s sake, if a standard model with ho-

mogeneous job seekers matches the job finding rate, then it also determines expected

duration and understates it. That standard model implies just over half of the long-

term unemployment in 1976-2007 and almost no rise in the recent recession. But, with

heterogeneity by occupation, this paper nearly matches long-term unemployment in

the period 1976-2007 and 70% of its rise during the Great Recession.
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1 Introduction

During recessions, there is a fall in the average rate at which unemployed workers find jobs.

This implies an increase in unemployment duration and the share of long-term unemployed.

However, the observed rise in unemployment duration during recessions outpaces the fall in

the average finding rate. In general, if all unemployed workers find jobs at the same rate, then

the duration distribution is exponential and this understates the observed distribution, which

has a fatter tail. If this single finding rate matches the average finding rate, it understates the

share of long-term unemployed by almost a half. Cyclically, the average finding rate implies

only 3
4

of the time-series standard deviation of unemployment duration. Since 2007, the fall

in the average finding rate captures less than 2
3

of the rise in long-term unemployment, which

more than doubled. Instead, one must allow for heterogeneity—some workers will take much

longer to find a job than others.

In this paper, I incorporate occupations into an otherwise standard search and matching

model, à la Pissarides (2000). In it, jobs require occupation-specific skills and their pro-

ductivity is affected by occupation-specific shocks. Searchers whose occupation is suffering

cyclically lower hiring face a simple trade-off: jobs in their own occupation may be more dif-

ficult to get, but they will benefit from their occupation-specific skills and earn a higher wage

if they find one. By choosing to remain “attached” to their prior occupation and concen-

trating their search on these types of jobs, workers extend their unemployment duration. I

show that the data is consistent with this mechanism; there are sizeable differences in the job

finding rate conditional on one’s prior occupation and, these dispersion is counter-cyclical.

Finally, set the model’s state to match counter-parts in the Great Recession and then test

whether it can replicate the distribution of unemployment duration in this period.

As in the data, the model generates counter-cyclical dispersion in finding rate and du-

ration between occupations. This is because occupations differ in their cyclical sensitivity.

Hence, some occupations fare better than others in a recession and so those attached to the

wrong occupation will suffer much longer unemployment spells compared to searchers skilled

in other occupations. This makes the tail of the distribution of unemployment rate extend by

even more than would be implied by the fall in the average finding rate. Can my mechanism

account for the rise in long-term unemployment observed during the Great Recession and

recessions generally? To put this differently, if recessions affect searchers differently depend-

ing upon their prior occupation, how much of the rise of long-term unemployment can be

accounted for by searchers whose occupations suffer greatly during a recession?

To answer this quantitative question, I estimate the wage loss associated with switching

occupations after a separation. This quantifies the motive for workers to search within their
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own occupation. On the other side, I measure the occupational productivity that drives

fluctuations in the hiring demand in each occupation. The model then predicts how much

searchers will favor their old occupation and how much this will increase their unemployment.

I use data on workers employment, occupation and wage histories in the Survey of Income

and Program Participation (SIPP) from 1996-2007 to estimate the fall in wages workers will

face if they begin a job in a new occupation. Because the wages are only observable from oc-

cupations optimally chosen by searchers, I take a structural approach to this estimation. The

same endogenous selection biases exist in model-generated data, so I use indirect inference

to estimate the structural parameters governing wage loss.

To estimate the process of occupation-specific shocks, I again employ a structural ap-

proach. Because workers who change occupations lose human capital and are less productive,

observed output per capita is endogenous. I use indirect inference with data on observed

output per capita to estimate the joint process for exogenous shocks to occupational produc-

tivity. The specification of these shocks prescribes that “mismatch” is a cyclical phenomenon:

shocks are mean-reverting and the increase in dispersion comes largely from heterogeneity

in their cyclical sensitivity.

This basic mechanism—some unemployed searchers are “mismatched,” their skills do

not resemble those used in the more highly productive occupations—helps explain why un-

employment duration rises more in recession. This effect increases unemployment duration

beyond that which can be explained by a single matching rate. Since 1976, standard devia-

tion of the log of average unemployment duration was 0.24. A standard search and matching

model, as presented in Pissarides (2000), predicts only 5% of this volatility. In contrast, my

model predicts two-thirds.

Important for realistic long-term unemployment, the cross-sectional standard deviation

of duration is counter-cyclical. In the data its correlation with average unemployment is

0.37. In the model, the correlation is 0.6, while any model with a single rate generates

no dispersion. Dispersion is counter-cyclical because occupations’ productivity differs in

cyclically sensitivity and adjustments costs are asymmetric. In other words, the dispersion

in productivity increases symmetrically in high and low ebbs of the cycle but adding labor

is slower than shedding it.

This cyclical asymmetry also relates to a very important intuition about the cyclical-

ity of the value of skills. In recessions the value of skills rises, and this makes it harder

to switch occupations. The reasoning is two fold: non-linearity in the returns which is in-

duced by the less-volatile outside options and endogenous separation rates that are higher

for unskilled workers. When an aggregate productivity shock hits, both experienced and

inexperienced loose productivity symmetrically, but the total size of the match surplus was
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always smaller for the inexperienced workers; hence, their probability of separation rises by

more and proportionately because their outside option in unemployment is still

As a side benefit, the model delivers a “hook” in the Beveridge curve. The efficiency of

matching is endogenous and procyclical, a correlation of 0.44 with average productivity. So

the probability an average job applicant finds a match is lower in recession than would be

predicted by the average number of vacancy postings. When the matching efficiency falls in

recession, that shifts out the Beveridge curve, which also appears as an upward hook. All of

this occurs because workers can choose where to search, and by searching more where there

are relatively few vacancies, as in their own occupation, they lower the average matching

efficiency.

Finally, I use this model to measure how much of the drastic increase in duration dur-

ing The Great Recession can be attributed to the mismatch between unemployed workers’

occupation-specific skills and the set of occupation-specific productivity shocks. To begin this

exercise, I take as given the state of the economy: (i) the distribution of unemployed workers

split by prior occupation in 2007 and (ii) the history of aggregate and occupation-specific

labor productivity shocks from 2008-2010. The model then determines the unemployment

dynamics. In this period, the rise in long-term unemployment duration was particularly

striking, an 88% increase. The model generates a 70% rise, whereas the average finding rate

from the data implies only half of the increase and a simple Mortensen-Pissarides model

implies almost no rise.

To consider policy, I am currently computing a version in which unemployment benefits

are extended from 6 to 24 months, as happened in the Great Recession recession. The model

is also uniquely suited to consider directed interventions, which may be more cost effective

by targeting badly occupations.

The rest of the paper proceeds as follows: in Section 2 I review related literature and

then discuss some motivating data on unemployment duration in Section 3. In Sections 4

and 5 I describe the model and my quantitative strategy, respectively. A discussion of its

business cycle properties follows in Section 6. I test it with data from the Great Recession

in Section 7 and then conclude in Section 8.

2 Related Literature

To understand the nature of a recession, I borrow from a long literature on counter-cyclical

risk. Lilien (1982) and Abraham and Katz (1986) present competing views for why the

dispersion of employment growth across sectors should widen in a recession. Whereas Lilien

(1982) and many others since have speculated that the variance of idiosyncratic shocks is
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itself stochastic and counter-cyclical, the other side attributes counter-cyclical dispersion to

differences in the cyclical sensitivity. In some contexts, endogeneous variables such as un-

employment and vacancies could be used to discriminate the two specifications, but Hosios

(1994) casts doubt, showing that dispersion shocks may entail vacancy and unemployment

co-movements very much like aggregate shocks. His results shows why a asymmetric shocks

may bring very large changes in unemployment, as we have observed. This paper takes

a specification that most closely follows Abraham and Katz (1986), but also incorporates

some stochastic dispersion components via a process of unobservable factors. My hetero-

geneity in cyclical sensitivity means that productivity dispersion responds symmetrically to

expansion and recessions. However, the dispersion across occupations in labor variables—

employment growth, unemployment rate, and unemployment duration—is counter cyclical

due to asymmetries in the structure of the model.

In the Great Recession, several studies have approached to what extent it was asymmet-

ric and what are the ramifications of this asymmetry. On the one hand, Lazear and Spletzer

(2012) are skeptical that unemployment is “structural,” but acknowledges that there is indus-

trial asymmetry in the affect of the recession and that “mismatch” rose during the recession.

Hobijn (2012), on the other hand, posits that the peculiar composition of new job postings

across occupation and industry has significantly slowed the number of successful new matches

in the recession and recovery. In this camp, Mehrotra and Sergeyev (2012) use factor analysis

to isolate shocks that affect only certain sectors, a technique used in this paper as well. They

find strong evidence that the recession affected different sectors differently. Finally, Sahin

et al. (2012) try to connect the unemployment rate to the asymmetry of vacancy postings

and unemployed workers across occupations. They find the effect of “mismatch” is at most
1
3

of the increase in unemployment in the Great Recession.

My model builds on the “islands” structure of Lucas and Prescott (1974), who introduce

this basic trade-off faced by agents in my model: an unemployed worker must choose whether

to stay or go. I have some common ancestry with Alvarez and Shimer (2011) and Carrillo-

Tudela and Visschers (2013) in that all extend Lucas and Prescott (1974) to include within-

islands unemployment. In Carrillo-Tudela and Visschers (2013) as here, unemployment

occurs because of search and matching frictions as in Pissarides (2000) as well as between

island unemployment. Workers may be unemployed because they are mis-allocated across

islands or because of search frictions that exist on all islands. In both papers workers

develop specific human capital that affects their probability to search elsewhere and both have

non-trivial distributions of finding rates that are lower among longer unemployed workers.

Compared to Carrillo-Tudela and Visschers (2013), the nature of shocks and market structure

is quite different. I include occupation-specific shocks and search islands are segmented by
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occupation and prior occupation, whereas their islands are more diverse, labelled by human-

capital and match quality, and non-aggregate shocks are to match quality. I also model

endogenous separations differently from them, as I follow den Haan et al. (2000). And

whereas unemployed workers search directionally in my model, theirs may stay or sample

the distribution. Finally, the dynamics of the islands in my model is quite different from

theirs. Their islands can shut down leading to “rest unemployment,” in which workers wait

for an island to reappear, and contributes significantly to unemployment in their model but

not in mine. Given these differences in the theoretical structure, our mappings to data are

also quite different, e.g., the reallocative force in my model, occupational shocks, come from

productivity, whereas they use workers’ flows and the distribution of finding rates.

Occupation-specific human capital plays a crucial role in my model, as it is the source

of heterogeneity amongst the unemployed. Ljungqvist and Sargent (1998) also study how

searchers may be unemployed for longer because of their human capital from their prior job.

They focus on how the secular increase in “turbulence,” which they map to transitory income

shocks, implies a long-term increase in unemployment duration in Europe. In their mech-

anism, the long-term unemployed are separated workers whose skills are lost (antiquated)

and chose to enjoy their relatively high unemployment benefit. Their job-finding rate is

low because their unemployment benefits increase their outside option. On the other hand,

skilled unemployed in my model are still suitable employees in their own occupation. They

have relatively low job-finding rate outside their own occupation because they have a high

outside option in another sector and because they rarely search in these other labor mar-

kets. However, workers in my model are still quite suitable in their own occupations. These

two models will deliver starkly different policy implications regarding targeted spending and

changes to unemployment benefits, both of which will be explored in greater detail.

In my framework, as in Ljungqvist and Sargent (1998), unemployment duration and find-

ing rate are negatively-correlated because of composition effects. For both, workers enter

unemployment with characteristics that lower their matching probability and, definitionally,

are a larger fraction of the long-term unemployed than the rest of the unemployed workers.

There is a long tradition of papers analyzing the negative correlation between unemployment

duration and job finding rate. Clark and Summers (1979), Machin and Manning (1999) and

Elsby et al. (2008) all chronicle this feature in the US and Europe in both expansions and

recessions. According to this literature, the correlation is remarkably robust, but its cause

is more difficult to discern. Heckman (1991) describe the econometric task of identifying

duration dependence, when an individual’s finding rate falls because of the duration of his

unemployment spell, or composition. Heckman and Singer (1984) establishes some separa-

bility conditions under which identification can be unravelled, and Heckman (1991) expands
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on this further. Starkly, my model is going to abstract from duration dependence and will

study only the composition effect generated by the mechanism.

The empirical side of this study borrows from a literature on earnings dynamics and

occupational choice. The focus on occupation-specific human capital is, in large part, justified

by work such as Kambourov and Manovskii (2009), which emphasizes its importance in

wage determination. The occupation choice process built into my equilibrium model will

bear strong resemblance to the conditional logit model estimated by Boskin (1974). Finally,

Altonji et al. (2009) also use indirect inference to estimate earnings in a richer environment

but with some of the same complications. They consider a model of wage determination with

the discrete choice to switch jobs. To smooth over this discrete choice, they use a logit-like

model first proposed in Smith and Keane (2004), a feature already present in the structure

of my model.

3 Descriptive Data on Unemployment Duration

In the Great Recession, unemployment duration1 rose unprecedentedly, as shown in Figures

1 through 3. Notably, this rise went beyond that expected by a uniform fall in the job finding

rate. In Figure 2, I plot the fraction of long-term unemployed. Complementary, Figure 3

plots the true unemployment duration and that which is implied by single finding rate that

matches outflows from unemployment. The single finding rate’s duration is always lower

than the true duration, because some workers have exceptionally long durations, which pulls

up the average.

Essentially, all this discussion boils down to Jensen’s inequality. To illustrate, suppose

individuals have finding rate rate f it and f ∗t is the finding rate that matches the aggregate

monthly flow from unemployment to employment. This is to say f ∗t = 1 − ut+1−u<1
t+1

ut
, where

u<1
t+1 are the unemployed for less than one period, i.e. the newly separated workers. As

pointed out by Shimer (2012), whether f it = f ∗t ∀i or not∫
i

f itdi = f ∗t = 1−
ut+1 − uSt+1

ut

1Everywhere in this paper, unemployment duration refers to the expected time before a math into em-
ployment. The BLS defines unemployment duration as the average time unemployed of the current pool of
unemployed people. This however, conflates slow finding rate with the inflow rate of unemployed. If there
are many newly unemployed people, this will tend to reduce duration by their measure.
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Figure 1: The unemployment rate (blue) and fraction of unemployed whose expected dura-
tion is ≥ 6 mo.

However, the expected duration with heterogeneous finding rate will be quite different:∫
i

1

f it
di ≥ 1

f ∗t

Many others have rejected that f it = f ∗t ∀i in the US and elsewhere, see e.g.Machin and

Manning (1999) or Elsby et al. (2008)2. I use the unemployment duration question in the CPS

to construct a non-parametic Kaplan-Meier estimator for the hazard rate from unemployment

to employment. For individuals of duration d, the estimator fdt , is the cumulative hazard

over a month for finding employment. As in Clark and Summers (1979) I count those who

leave the labor force as if they were not in the at-risk population

fdt =
F d
t+1

udt − Idt+1

(1)

Where udt are the unemployed in duration bin d, F d
t+1 are the subset who find employment

in the next period and Idt+1 are those who leave the labor force in period t + 1. As can be

seen in Figure 4, there is considerable heterogeneity in finding rate. Moreover, in the Great

2It is often the practice to convert monthly rates into continuous time rates. I leave all finding rates
at a monthly interval for consistency with this paper’s model, which will be discrete time with month-long
periods.
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Figure 2: The probability of being unemployed for at least 6 mo.s before finding a job

Recession there was a large fall in the finding rate and especially for longer-durations.

These fluctuations at long durations are borne out in Figures 3 and 1, which were con-

structed using the durations implied by the estimator in Equation 1. These show that the

finding rate at long durations can greatly affect unemployment duration over the cycle.

3.1 Unemployment Duration and Occupation

This paper will link the apparent heterogeneity in finding rates to differences in prior oc-

cupation. Further, I will show that this heterogeneity is affected by business cycles. While

other studies, e.g. Hornstein (2012), attribute differences in finding rate to inherent and un-

observable heterogeneity, the connection to prior occupation has several advantages. Most

importantly, my take is more “structural” in attributing causality to agents’ primitive choices

in which the incentives are observable. If observed dispersion in finding rate is due to attach-

ment to one’s prior occupation, then this heterogeneity is not policy neutral, as implied by

estimating fixed effects to an individual’s finding rate. Moreover, unemployment duration

fluctuates greatly and differently in different cycles. With a more structural interpretation,

we can predict what conditions affect this. In particular, duration will increase if occupation-

specific skills become more important or there is more mismatch between highly productive

occupations and the skills of the unemployed.

Why is prior occupation a good dimension on which to separate people? A good deal
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of scholarship has been devoted to the importance of occupation-specific experience and

skills. Kambourov and Manovskii (2009) were very influential in highlighting the returns to

occupational tenure as being larger than other forms of tenure, such as employer or industry

tenure. In their baseline, they attribute to occupational tenure a 5-year return between

12-20%. Sullivan (2010) adds some nuance to this result, pointing out that on average

occupational tenure has higher returns than industry tenure, but there are some jobs in

which industry matters more, e.g. management. He uses NSLY data, rather than PSID

in Kambourov and Manovskii (2009), but still find average 5-year returns between 15-25%.

Occupational returns are between twice and eight times as high as industry returns when both

are included in the regression. All of these studies have to deal with two significant problems

that make estimates of the return less certain. First, adding experience in occupation,

industry and employer to a simple wage regression is fraught with problems of endogeneity

because if the unobservable quality of the match is better it will tend to last longer. Altonji

and Shakotko (1987) present one instrumental strategy but this is not without its problems,

discussed later in the quantitative section. The weight of the evidence, however, points to

occupation-specific skills being especially important.

Unemployment is observably different depending on one’s prior occupation. As can be

seen in Figures 5(a) and 5(b), unemployment differs across occupations both in its length
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Figure 4: The job finding rate falls as the duration increases

and breadth. The left are the differences in unemployment rate across occupations3. Note

that this dispersion is generally counter-cyclical. The correlation between the aggregate

unemployment rate and the log of unemployment across occupations is 0.3.
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Figure 5: Dispersion across occupations is counter-cyclical

Even more important for this study, Figure 5(b) shows that the expected duration of

3For occupation j, this is the number of unemployed whose prior occupation was j divided by those
working and unemployed that last worked in j.
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1978-2007 2008-2010
Coef Std Err Coef Std Err

Dummy Occ Switch 8.68 (0.294) 18.98 (0.844)
Dummy Ind Switch 4.53 (0.293) 4.44 (0.839)

Table 1: weeks unemployed = Docc 6=occly +Dind 6=indly + demographics + t

unemployment varies across occupations. The observed dispersion in duration is consis-

tent with unemployed workers who are attached to their prior occupation. Otherwise, if all

workers abandoned their old skills and minimized their duration, every unemployed worker

could have the same finding rate. Just like unemployment dispersion, the dispersion in du-

ration is counter-cyclical: if attachment differentiates searchers, recessions exacerbate these

effects. It is slightly less cyclical than unemployment dispersion; the correlation between the

unemployment rate and log-duration is 0.37.

Looking more closely at the micro-level data behind counter-cyclical dispersion, note

that unemployment duration is longer for those that switch occupations and that this effect

increased markedly in the Great Recession. In Table 1, I present the results of a simple

regression of unemployment duration on occupation and industry switching dummies.

So, how much of the downward-sloping employment finding rate can be explained purely

by occupation-level heterogeneity? Figure 6 takes the mean finding rate within a given oc-

cupation since 1976 and then constructs the hazard rate at durations 1, 3, 6 and 12 months

by taking the population weighted average4 finding rate over occupations. It is important

to emphasize that this is not a complete answer to the central question of this paper. Fig-

ure 6 considers the finding rate for individuals within occupations without considering the

endogenous choice they are making whether or not to switch occupations and change their

finding rate. Rather, it takes as given what they choose to do. If workers from an occupa-

tion are more less likely to abandon their occupation than merely justified by their desire

to preserve their skills, e.g. one’s occupation has utility value, then the data will have even

more heterogeneity. Conversely, if workers are more willing to switch for whatever reason,

then occupation-level hazard rates will understate the heterogeneity in finding rates due to

occupation-specific human capital.

Taking the mean finding rate within an occupation misses much of the heterogeneity,

especially of the very fast job finders. But, it still incorporates the downward slope because

some occupations have, on average slower finding rates. And hence, this level of heterogeneity

introduces more long-term unemployment than with a constant hazard. The Great Recession

4Weights here are by the fraction of the unemployed population at that duration. Hence, if x` is the
fraction of workers initially from a given occupation, those in the at-risk population by duration d are
x`e

−f`d
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seemed to cause a near parallel shift down for the hazard function, rather than rotating it as

we see with full heterogeneity. This shows that pure occupation-level heterogeneity cannot

explain all of the rise in long-term unemployment, though it picks up some.
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Figure 6: Finding rate using only occupation-level heterogeneity. Dotted lines are the actual
finding rates

While Figures 5 and 6 are illustrative that unemployment is different across occupations,

they are merely illustrative. As already alluded, the finding rate by occupation includes

multiple confounding phenomena aside from the mechanism in question, the effect of hu-

man capital. I have already mentioned that search behavior systematically differs across

occupations for reasons other than only those implied by human capital. Also, occupations

may experience unemployment differently because of unobservable characteristics associated

with occupation choice. For example, some occupations may attract older or younger workers

who generally have different finding rates. These other factors will affect the occupation-level

heterogeneity we observe but are not really attributable to the occupation-specific skills.

More directly commenting on Figure 6, this figure does not incorporate all of the hetero-

geneity in finding rate that is attributable to human capital and will be in the model. Very

basically, even given the potential wage loss from switching, some will switch and some will

not. This means that the finding rate among those skilled in an occupation will vary and

hence the slope of the finding rate curve may be steeper than Figure 6 that considers only

between-occupation differences.

To isolate and quantify the effect on duration of one’s attachment over the business

cycle, I will estimate the skill loss associated with moving between occupations and how

productivity evolves jointly across occupations. I now present my model, which joins these
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two forces, one pulling workers away from their occupation and the other keeping them in

place.

4 The Model

I will present a model of directed search, where the search markets are occupations. Occu-

pations experience productivity shocks and moving across occupations incurs a cost. The

model is designed such that parameters can be calibrated and so that the costs of moving

across occupations and the process for occupation-specific shocks can both be structurally

estimated. Then, the model will address:

1. Are business cycle fluctuations in unemployment and duration due to mismatch?

2. Can the productivity changes and skill distribution in the Great Recession explain

long-term unemployment?

To address the first question, I analyze simulated histories from the model feeding in

productivity processes and occupation switching costs that match the data. For the second,

I begin with a pool of unemployed whose prior occupation matches that seen at the beginning

of the Great Recession. I feed in shocks that match those observed in this recession and use

the model to generate fluctuations in finding rates.

The model highlights the basic trade-off faced by agents: whether to stay and search

narrowly within their own occupation or leave and search more broadly. In the former, there

will be generally a lower finding rate, but their return is higher. By switching, they get a

lower wage upon matching but it may increase their chance of getting a job. This is described

graphically in Figure 7.

When the economy is hit by shocks this behavior affects unemployment duration through

two channels. First, because occupations differ in their cyclical sensitivity, during a downturn

workers from harder hit occupations have particularly low finding rates. Second, because

separations are endogenous and occupation-specific, the workers from low-ebb occupations

are both disproportionately represented in the unemployment pool and also have a low

finding rate. Again, this effect is worse during recessions.

4.1 Technology and preferences

Time is discrete. Production is split into J “occupations,” and workers have skills suited

for various occupations. New workers coming from occupation ` provide ω`d in destination

occupation d. Here ω`` = 1 and ω`d < 1. Labor in an occupation is aggregated linearly in
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Other occupation pool:

- Higher probability of finding a job

- Lose occupation skills => lower wage

Own occupation pool

- Lower finding probability

- Keep skills => higher wage

Choice of search direction

Figure 7: A searcher decides whether to look narrowly or outside of his field

each type. So if x`d is the measure of workers working in d who last worked in ` then the

productive labor force of d is L′d =
∑J

`=0 ω`dx
′
`d. Note that production is done by the labor

force at the end of the period after all transitions have completed, hence it uses L′d rather

than Ld that came into the period.

Buffeting these occupations are idiosyncratic shocks zd, which are affected by the average

level of productivity, Z and a set of factors ft that are unobservable but help determine co-

movements. Aggregate productivity follows a simple AR(1) process and the vector of factors

follows a VAR. Hence, productivity shocks are described the by system

Zt = ρZZt−1 + εt (2)

zd,t = λf,dft + λZ,dZt + ρzzd,t−1 + (1− ρz) + ζd,t (3)

ft = Γft−1 + ηt (4)

For future notation, it will be helpful to define Z as the state of the joint Z, f , {zd} process.

The dispersion in coefficients λZ,d model differences in cyclical sensitivity while the factors

ft and loadings λf,d allow for co-movements amongst some occupations additional to the

aggregate cycle. The form is meant to be parsimonious because there are 22 occupations

and so an estimate for E[ζζ ′] is infeasible.

Several additional shocks govern worker transitions. They become experienced at rate

τ meaning they provide productivity ωdd = 1. If an experienced worker is separated, he

can keep that experience if he matches with the same occupation. Those who are separated

while inexperienced become unattached to any occupation, and upon matching with and
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occupation d will provide ω0d.

To model endogenous separations, workers who enter the period with a job draw dis-

utility from work ξi ∼ H which, if it is large enough, will provoke a separation. The

separation policy will have a cutoff property, so for each (`, d) type there will exist a ξ̄ such

that for ξ < ξ̄ the match is no longer profitable the separation probability is s = H(ξ̄). These

shocks are i.i.d., following den Haan et al. (2000) who show that persistence of these shocks

is not necessary to match dynamics of separations. By modeling separation-inducing shocks

as preferences rather than productivity shocks, I deviate from den Haan et al. (2000) and

most of the earlier literature. The problem is that productivity shocks complicate the task of

matching observed productivity fluctuations. With productivity shocks, there is “cleansing”

over the cycles meaning that the primitive shocks are more volatile than those observed.5

When they are searching for a job, there is also another shock ψ ∼ F that captures

their love of the new job. At the beginning of a period of searching, the agent i sees shocks

from each occupation he may choose, {ψi,j}Jj=1, but only experiences ψi,d in his destination

occupation if he successfully finds a job.

Agents utility is linear and they enjoy consumption on top of the shocks. To summarize,

worker i who stays matched the entire period will experience flow utility ci + ξi. If that

worker was newly matched in occupation d in that period he experiences ci + ψi,d.

4.2 Unemployment benefits

Workers who are unemployed receive a flow utility bi. If they are still eligible for benefits, e =

1, this is a 50% replacement of their former salary.6 With probability δ benefits expire, e = 0,

and then they receive food stamp support, as in Nakajima (2012), at about 17% of average

earnings. This random expiration modelling technique dates to Fredriksson and Holmlund

(2001) and significantly reduces computational load and when I discuss the quantitative

results, I will delve further into the implications of this simplification.

Note that unemployed workers do not enjoy leisure utility, which Hagedorn and Manovskii

(2008) and others have shown plays an important role in matching the volatility of vacancy

postings. This is because those working experience disutility from work and that plays a

similar role in reducing the expected surplus from a match. In the baseline version of the

model, I will set δ = 0 but discuss as an extension when it takes more realistic values.

5den Haan et al. (2000) elide this nuance.
6I give 50% replacement of the average earnings of experienced or inexperienced workers. This is only a

tiny difference in benefit but saves me from adding an entire state.
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4.3 Search and market structure

Each (`, d, e) has its own labor search market m ∈ M , where M = {(`, d, e) : ` ∈
{0, . . . , J}, d ∈ {1, . . . , J}, e ∈ {0, 1}}. This implies that there is a tightness θ for work-

ers with productivity level ω`,d and with benefits e. The matching function has constant

returns to scale and the standard conditions on derivatives. The finding rate for workers is

p (θm) and for firms is q(θm) = p(θm)/θm, where q′ < 0 < p′ <∞. κ is the posting cost.

An individual unemployed worker with prior experience `∗ and eligibility e∗ chooses a

vector {gm}m∈M`∗,e∗ as the probability of applying to destination markets m. M`∗,e∗ is the set

of markets for which this worker can apply, M`∗,e∗ = {(`, d, e)|` = `∗, d ∈ {1, . . . , J}, e = e∗}.
Given the state of the worker, denote the tightness he faces in market m as θm. Hence, his

realized match probability is going to be
∑

m∈Mˆ̀,ê
gmp(θm).

Wages are renegotiated each period by generalized Nash bargaining. Hence, they depend

upon the output of the match, zdω`d and the preference shocks (ξ, ψ). The firm’s bargaining

weight is µ. This renegotiation ensures that separations are mutual and that no pareto-

improving transfer could occur.

Timing

The timing is such that first all uncertainty is revealed, then matches are made and finally

they produce. This means that there may be unemployment stints lasting less than a single

period which helps match flows in the data to the discrete time model.

The period is divided into stages as follows:

1. Shocks to productivity Z, {zd}

2. Employed workers become experienced

3. Random utilities are realized

4. Separations occur

5. Workers choose their search direction and matches happen

6. Production and consumption occurs

7. Benefits expire
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4.4 Households

I now describe the recursive problem of workers in this economy. For all households, the

state is x,Z and their type. The individual’s type is defined by `, d, e, the experience, current

occupation and benefit eligibility. The value for unemployed workers enjoying benefits is

U(`, 0, 1, x,Z), those with expired benefits is U(`, 0, 0, x,Z) and U(`, d, 1, x,Z) for employed

workers. For expositional clarity, I will subdivide the problem into three component value

functions Uw, Ub for working and unemployed workers, respectively.

The value function, written the the perspective of stage 1, is then

U(`, d, e, x,Z) = Id>0Uw(`, d, 1, x,Z) + Id=0Ub(`, 0, e, x,Z) (5)

Note that, wm, sm, ξ̄m, gm, θm are all functions of the aggregate state (x,Z), but nota-

tional convenience I suppress this dependence. The component value-functions are:

Uw(`, d, 1, x,Z) = max
ξ̄`d1

(1− τI 6̀=d)
[(

1− s`d1
)(∫ 0

ξ̄`d1
w`d1(ξ, 0) + ξdh(ξ) + βEU(`, d, 1, x′,Z ′)

)
+ s`d1Ub(0, 0, 1, x,Z)

]
+ τI` 6=dUw(d, d, e, x,Z) (6)

Ub(`, 0, e, x,Z) =

∫
ψ

max
{gm}m∈M`,e

J∑
m∈M`,e

p(θm)gm (w(0, ψm) + ψm + βE[U(`, d ∈ m, 1, x′,Z ′)])

+

(
1−

∑
m

p(θm)gm

)
(b(`, 0, e) + βE[Ub(`, 0, e

′, x′,Z ′)]) df({ψm}) (7)

Note that if ` = d, then τI` 6=d = 0 and

Uw(d, d, 1, x,Z) = max
ξ̄`d1

(
1− sdd1

)(∫ 0

ξ̄dd1
wdd1(ξ, 0) + ξdh(ξ) + βEU(d, d, 1, x′,Z ′)

)
+ sdd1U(d, 0, 1, x,Z) (8)

All workers take as given equilibrium conditions on θm, wm, which are described below.

Expectations for the law of motion of X (x) = x′ is consistent with the actual law of motion.

Note that sm already includes the integration over ξ, i.e. sm,= H(ξ̄m)

Firms

The representative multi-worker firm produces uses many occupations and posts vacancies

in any labor market, {vm}m∈M . With aggregation, these vacancies will determine tightness

in each market, but the individual firm takes tightness, {θm}, and wages, {wm} as given.
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In addition, the firm takes as given the distribution of ψ that will arrive, induced by the

household’s maximizing direction choice. Call F̃ this extreme value distribution. Because

production is linear in workers there is no externality problem à la Stole and Zwiebel (1996).

However, using a single firm employing multiple types of workers simplifies the problem of

what happens when a worker becomes experienced.

Π(L, x,Z) = max
{vm}m∈M

J∑
`=0,d=1

ω`dzdL′`d −
L′`d − ∑

e∈{0,1}

v`deq(θ`de)

∫ 0

ξ̄`d
w`d1(ξ, 0)dh(ξ)


−
∑
m

∫
ψ

vmq(θm)wm(0, ψ)df̃(ψ) + κvm + βE[Π(L′, x′,Z ′)] (9)

Where the law of motion for the labor force L′ is given by:

L′`d = (1− τ)(1− ŝ`d1)L`d + q(θ`d0)v`d0 + q(θ`d1)v`d1 (10)

L′dd = (1− ŝdd1)Ldd + q(θdd1)vdd1 + q(θdd0)vdd0 (11)

Here, the ŝ denotes the firms’ expectations the aggregate separation policies. Of course,

in equilibrium all these expectations will be consistent with aggregate behavior.

The wage bill depends on cut-offs, {ξ̄m} and the distributions of {ψm} induced by the

searchers’ problems. However, because these shocks are not persistent it is enough for the

firm to know the aggregate state when for their forecast value in the next period.

4.5 Equilibrium

To define equilibrium, I give conditions for tightness and wages, which play the role of prices,

and the laws of motion for workers of various types. A recursive competitive equilibrium is

• A set of functionals

– U : {0, J}2 × {0, 1} × [0, 1]2(J+1)2 × R4 → R+

– Π : [0, 1]J(J+1) × [0, 1]2(J+1)2 × R4 → R+,

• Policy functions:

– {gm}(2J(J+2)
m=0 where gm : RJ

+ × {0, J}2 × {0, 1} × [0, 1]2(J+1)2 × R4 → [0, 1]

– {ξ̄m}J(J+2)
m=0 where ξ̄m : {0, J}2 × {0, 1} × [0, 1]2(J+1)2 × R4 → R−

– {vm}2J(J+2)
m=0 where vm : [0, 1]J(J+1) × [0, 1]2(J+1)2 × R4 → R+

• Wages, {wm}(2J(J+2)
m=0 , where wm : R− × R+ × [0, 1]2(J+1)2 × R4 → [0, 1]
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• Market tightness, {θm}2J(J+2)
m=0 , where θm : [0, 1]2(J+1)2 × R4 → [0, 1]

Though not primary equilibrium objects, it will ease notation to first define the aggregate

number of applicants, am, in each market m = `, d, e

am =


ḡm
(
x`01 + s̄``1(x``1 + τ

∑
j 6=` xj`1)

)
` > 0, e = 1

ḡm
(
x001 + (1− τ)

∑J
j=0

∑
k 6=j s̄

jk1xjk1

)
` = 0, e = 1

ḡm (x`d0) e = 0

Here ḡm, and s̄m are both evaluated at the average (defined below). Distinguishing these

from the agent-level counterparts matters a great deal for ḡm because while the linearity

implies that in equilibrium gm ∈ {0, 1} but averaging over, ḡm ∈ [0, 1]

• Tightness in market m = (`, d, e) satisfies θm = vm

am

• Expectations X (x) are consistent with aggregate laws of motion, where policies ḡ`d are

evaluated at the aggregate, ḡm(·) =
∫
ψi
gm(ψi;x,Z)dF (ψ)

x′dd1 =(1− s̄dd1)

(
xdd1 + τ

J∑
`=0,` 6=d

x`d1

)
+ p(θdd1)aadd1 + p(θdd0)aadd0 (12)

x′`d1 =(1− s̄dd1)(1− τ)x`d1 + p(θ`d1)a`d1 + p(θ`d0)a`d0 (13)

x′`01 =

(
1−

∑
d

ḡ`d1p(θ`d1)

)(
(1− δ)x`01 + s̄``1

(
x``1 + τ

∑
j 6=l

xjl1

))
(14)

x′001 =

(
1−

∑
d

ḡ0d1p(θ0d1)

)(
(1− δ)x001 + (1− τ)

J∑
d=1

J∑
l=0,l 6=d

s̄`d1x`d1

)
(15)

x′`00 =

(
1−

∑
d

ḡ`d0p(θ`d0)

)
x`00 + δ

(
1−

∑
d

ḡ`d1p(θ`d1)

)
x`01 (16)

• The firm is representative, so L`d = x`d1

A few endogenous variables are pinned down in equilibrium:

• There is free entry, so tightness satisfies:

κ = q(θ`de)

(
ω`dzd −

∫
ψ

w`de(0, ψ)df̃(ψ) + βEΠ`d({x′kj1}k,j, x′,Z ′)
)

(17)

Where Π`d is the derivative with respect to L`d
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• Separations are mutual and the cutoff satisfies

ω`dzd+ ξ̄`d1 +βE[Uw(`, d, 1, x′,Z ′)+Π`d({x′kj1}k,j, x′,Z ′)] =

{
Uw(l, 0, 1, x,Z) ` = d

Ub(0, 0, 1, x,Z) ` 6= d

(18)

• Wages w`de(ξ, ψ) are set by bargaining, where with firms’ weight is µ.

w`de(ξ, ψ) = (1− µ)
(
ω`dzd + βEΠ`d({x′kj1}k,j, x′,Z ′)

)
− µ (ξ + ψ − b+ βEUw(`, d, 1, x′,Z ′)− βEUb(`, 0, e, x′,Z ′))

(19)

Note that wages depend on the entire distribution of shocks, because the workers’ outside

option allows him to move around. This has the effect of compressing wages across occupation

types for inexperienced workers who will readily switch and also raising them compared

to their more experienced counterparts except in the most productive occupation in the

economy.

4.6 Discussion of the model assumptions and equilibrium

4.6.1 Work history truncation

I truncate the work history after two periods, so that those who lose a job when inexpe-

rienced become “unattached” rather than storing two periods of their work history. This

assumption imbues the model with several, mostly innocuous peculiarities, especially with

regard to wage dynamics. Wages in this model fluctuate non-monotonically over one’s tenure.

They are higher in the first period of employment than the second, and then rise again upon

gaining tenure. This is because the outside option in the worker’s first period is to stay un-

employed but with skills from to his own occupation, i.e. b(`, 0, 1, ·) + βE[Ub(`, 0, 1, x
′,Z ′)].

In subsequent periods, if he matched in a new occupation,the outside option becomes

b(`, d, 1, ·) + βE[U(0, 0, 1, x′,Z ′)]. He is penalized both by a lower unemployment benefit

and a lower continuation value that reflects lost human capital. To avert this problem, I

would have define the problem of workers who are displaced after having labor history `, d,

and extend the state space an additional element. Instead, I assume that human capital

from occupation ` is lost upon taking a job type d. This lumps together work histories

(`, d, 0) ∀`, d : ` 6= d into a category (0, 0).

Clearly, histories need to be truncated somewhere to keep the problem tractable. I choose

this setup because it gets the problem of unemployed workers correct even if it misses the

problem of currently employed workers. It simplifies the process by which old, unused skills
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depreciate by just assuming that it is immediate.

4.6.2 Efficiency

Like all models with a search friction, to establish efficiency in this model, I must confront

the congestion externality. It will turn out that fairly standard conditions are enough, but

this is not a foregone conclusions. Efficiency in my model is complicated by the ability for

agents to choose their search market. In addition to the vacancy posting condition, I must

establish that another policy, search direction, is inline with a planner’s choice.

Proposition 1 The competitive equilibrium is an efficient allocation if the bargaining weight

of the worker µ is equal to the elasticity of the worker’s finding rate, ∂p(θm)
∂θm

θm

p(θm)
∀m ∈ M

and the match surplus is split proportionally between worker and firm.

This proposition goes one step beyond the standard Hosios condition because even if job

posting can be set at the efficient level, the search direction choice, {gm} requires another

condition. Note that the elasticity of the matching function has to be constant, as with a

Cobb-Douglas matching function, because θ will generally vary across m ∈M . As we know,

in a model with search frictions and generalized Nash bargaining, the congestion externality

affects a competitive equilibrium. The Hosios condition sets the bargaining weight such that

the job posting decision is socially optimal and in a simple Mortensen-Pissarides model, this is

enough. In this model, however, workers also choose a search direction. The socially optimal

search direction considers the entire surplus that would be gained whereas search direction

responds only the workers’ share in the competitive equilibrium. My result is reminiscent

of Marimon and Zilibotti (1999), who also show efficiency in a model with heterogeneous

searchers choosing where to allocate themselves. My logic is somewhat different from theirs,

however. Their searchers had to choose whether to stay and bargain or continue searching,

and the Hosios affected them just like firms’ very similar posting decision. On the other

hand, my searchers weigh different directions within the period, so their bargaining weight

should be neutral with respect to the relative returns across occupation destinations. With

any distributional assumptions, the variance of the preference shock var(ψ) is scaled by the

workers’ share and so is the return to any direction. So long as all of the returns are scaled

evenly, the competitive equilibrium corresponds to the social planner’s solution. This last

condition is provided by Nash bargaining, in which agents in the labor market equally split

the total match surplus.

Tightness is the same that would come out of a planner problem so long as the correct

bargaining weight is applied and wages are negotiated individually, as in most similar models.

I show this in Appendices B and C. The basic intuition is the same as in most search and
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matching models following Hosios (1990). As is explicated in greater detail, the solution to

the job creation decision in the planner’s problem for each submarket is determined by:

κ = p′(θ`de)

(
ω`dzd − b(`, d, e) +

∫
ψf̃(ψ)dψ + βE[W ′

`d1 −W ′
`0e]

)
(20)

Where W`d1,W`0e are the partial derivatives of the planner’s objective with respect to

x`d1, x`0e. Using our assumptions on the matching function, that θq(θ) = p(θ) we can sub-

stitute ∂p
∂θ

= µ̃p(θ)
θ

= µ̃q(θ) where µ̃ is the elasticity of p(θ) with respect to θ. It is clear then,

that setting µ̃ = µ, we get the competitive markets condition in Equation 17 so long as the

quantity inside the parentheses is equal to the match surplus and that is the same in both

competitive and centralized versions.

As in any search and matching model, we also need separations to be efficient. This

is fairly straightforward given our assumption that wages adjust with the shocks ξ. The

separations occur such that at the cutoff ξ̄`d1 the surplus value of the match is 0 after all the

shocks of the period have realized. Just as in the competitive case, at the cutoff, the value

of producing is the same as the outside value of a searcher:

ω`dzd + ξ̄`d1 + βEW ′
`d1 = W`01

Next, we have to check that efficiency does not fail in the gm policies. In the competitive

equilibrium, the searcher only realizes a fraction of the surplus upon choosing a direction,

whereas the social planner realizes its entirety. The scale is different in the social planner

and competitive equilibrium, but not the relative returns to different directions. So long as

the shocks are also equally scaled, this is not a problem.

This is easiest to see if we take a simplification of the model. Suppose shocks were

Gumbel-distributed with standard deviation σψ and the matching probability was the same

everywhere, p. Call Rd the total return for a searcher if he matches in occupation d. In this

case, the reservation value drops from the likelihood. The social planner, considering the

entire return chooses the probability of applying to occupation j as

ḡj =
exp {pjRj/σψ}∑
d exp {pdRd/σψ}

And the probability a searcher goes to occupation j in competitive equilibrium is given by

ḡj =
exp

{
pj(1−µ)Rj
(1−µ)σψ

}
∑

d exp
{
pd(1−µ)Rd
(1−µ)σψ

}
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And here 1−µ scaling both return and shock cancel. This need not be the case if the outside

option, which is not scaled by 1− µ, did not cancel.

4.6.3 The role of preference shocks for efficiency

The preference shocks for new arrivals serve to add convexify the equilibrium choice set.

In addition, they give a degree of freedom to the equilibrium choices and without them,

we could not generally have efficiency. To understand this, first note there are two jump

variables determining θ instead of the usual one. In every search and matching model,

vacancies fluctuate to satisfy the free-entry condition and thus set the matching probability.

But here, ḡm can also adjust immediately. Its optimality condition equates expected returns

across occupation choices. With preference shocks, this is tantamount to choosing a cutoff

above which the searcher chooses this direction. Without these shocks however, returns must

all equate and also satisfy the free entry condition.

Proposition 2 In an equivalent economy but in which σψ = 0, firm entry in the competitive

equilibrium is generically not efficient.

Consider a world in which there is no random utility ψ. In this case, for a given `, e the

planner chooses a degenerate distribution for {gm, θm}m∈M`e
while generically, searchers in

a competitive market will choose gm ∈ (0, 1) and θm > 0 in more than one market.

Detail for this proof is given in a yet to be completed appendix.To understand the logic,

consider that without the shock we would have a system of conditions to determine search

direction

gm : p(θm) (wm − b+ βE[U(` ∈ m, d ∈ m, ·′)− U(`, 0, ·′)])

= p(θn) (wn − b+ βE[U(`, j ∈ n, ·′)− U(`, 0, ·′)]) ∀m,n ∈M`,e and ∀`, e
(21)

and a single equation to determine entry

κ = q(θ`de)
(
ω`d − w̄`de + βEΠ`d

)
(22)

In a competitive economy, this implies values for both θm, wm, much like competitive search

in the tradition of Moen (1997). In general gm is not degenerate and workers apply across

a variety of locations. But, for the planner consider any m = (`, d, e), n = (`, j, e). The

conditions for any search direction that obtains in equilibrium are

gm : p(θ`d) (ω`d − b+ βE[W ′
m −W ′

`0e]) = p(θn)
(
ω`j − b+ βE[W ′

n −W ′
`j0]
)

(23)
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Here Wm is the derivative of the planner’s objective with respect to a worker of type

m = (`, d, e). But, free entry must also satisfy

κ = q(θm) (ω`d − b+ βE[Wm −W`0e]) (24)

To satisfy Equation 24 for every `d pair, the model cannot generally also satisfy Equation

23 except in knife-edge parameterizations. To see this, combining these two conditions to

yield

κ
p(θm)

q(θm)
= θm = κ

p(θn)

q(θn)
= θn (25)

But if tightness everywhere is the same, the cumulative value of every match must also be

the same. Given the linear structure of production, i.e. no decreasing returns, this cannot

generally be satisfied. Substituting back into 24 and simplifying, this implies the gross return

in both occupations must be equal:

ω`d + βE[Wm]
?
= ω`j + βE[Wn] (26)

For the planner’s problem, search direction is almost always degenerate for all workers

because Equation 26 cannot be satisfied, whereas in a competitive economy with bargained

or posted wages this is not generally the case. That wage posting and directed search fails

to deliver efficiency is somewhat interesting.

4.7 Cyclical dynamics of finding rate heterogeneity

A crucial result of the model is that the dispersion of unemployment duration is counter-

cyclical. To deliver this, there must be a mechanism such that occupation switching takes

longer in recession. Remember Table 1, showing that switchers are unemployed for longer

and the effect is larger in the Great Recession. This empirical effect is part of how the

model delivers counter-cyclical dispersion in unemployment duration across occupations. In

a recession, the occupations that are most cyclically sensitive have the worst productivity

and the workers attached to this occupation are unemployed for a very long time whether

they find a job in their own or other occupations.

There are two channels that slow the finding rate for recession-affected occupations and

slow reallocation away from them. The first is the same as a standard search and matching

model, the surplus size falls and vacancy postings decline. The second, is that occupation

switching becomes more difficult. The reasoning for this is subtle: the total size of the

surplus for experienced workers is larger and hence less elastic with respect to a productivity
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shock. This logic is the same as that of Hagedorn and Manovskii (2008), which shows that

vacancies are much more volatile in a market in which the total match surplus is small. The

same size shock to the flow value of a match has a large effect on the relative size of the

surplus and hence a large effect on vacancy posting.

In the context of my model, this effect means a higher volatility of vacancies in markets

for switchers, in which the value of the match ω`dzd− ξ+β(E[Uw(·) + Πdd(·)]) is smaller and

hence closer to the flow value of unemployment b + βE[Ub(·)]. In recessions, few postings

imply that it is more difficult to switch, burnishing the unemployment rate of occupations

that are hit hardest by the recession.

Related, the experience premium within an occupation is pro-cyclical and this means

inexperienced workers are relatively expensive during recessions. To put this differently,
ωdd
ω`d

>
wgdd
wg`d

>
wbdd
wb`d

, where g stands for good times and b for bad. The crucial insight is that

the workers’ outside option is relatively constant, whereas the match value depends more

strongly on the shock level.

5 Quantitative Strategy

Crucially, workers in the model weigh their attachment to their prior occupation against the

forces pushing them away. I will try to match these to the data as precisely and with as

much detail as possible. The former will come from the wage gap between inexperienced and

experienced workers in each occupation and the latter will come from the occupation-specific

shock processes.

5.1 Occupation-specific shocks

The shock process described by Equations 2-4 can be directly estimated if we have informa-

tion on value-added by occupation, workers per occupation and their working history. This

final aspect will prove to be the trickiest. The trouble arises from the way we model {ω`d}
as a vector of relative productivities. Hence, when workers shift into a new occupation,

they affect the observed productivity in that occupation but not the actual shock that hit

it. Hence, the primitive shock process is not directly observable, but only a process that

combines these exogenous driving forces and the endogenous movement of workers.

The Bureau of Economic Analysis publishes annual industry accounts that provide the

industry-specific value-added and number of workers in terms of bodies and full-time equiv-

alents. To map from industries to occupations, I pool CPS surveys over the year to compute

the portion of workers attached to each occupation working in each industry. For example,
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in 2000 88% of labor in SOC 31, Health Care Support Occupations, are in the industry code

Health Care and Social Assistance and the rest are spread over other industries. The same

year, 22% of those working in Business and Financial Operations Occupations are in the

Finance and Insurance industry and there are also high concentrations elsewhere.

I then attribute value added to the occupation corresponding to each industry in which

they work, weighted by the fraction of the workers there. To get value added per worker,

I then divide by the number of workers in that occupation. Because the CPS is only a

snapshot and contains sampling error, I use a 4 year moving average to smooth it. Also,

because my sample of the CPS begins in 1962 but the BEA data begins in 1948, I use the

average during the 1960s for all of the years prior. This is going to bias downwards my

estimate of the variance of occupation-specific productivity.

5.1.1 Adjusting for endogenous worker experience

The problem now is that I treated every worker as equal, whereas in the theory workers of

different experience levels will have different average productivity levels in that occupation.

The model counterpart to observed output per capita is endogenous and so I can not match

productivity shocks in the model to observed output per capita in the data. I cannot adjust

the data observation for observed experience either because the data is insufficient. In the

CPS, I only observe their job experience, but not occupational experience. Even in the

SIPP, I observe occupational experience but only their prior occupation if they transitioned

during the survey period, which is relatively infrequent given the shortness of the SIPP panel.

Further, even if I knew their prior occupation, to be consistent with the model, I would also

need to know the tenure in that occupation, to find out if they are providing ω0d.

The model, however, has predictions for the number of workers that will be inexperienced

and from whence they came. So, I can make the model analog of observed productivity,

given this endogenous composition consistent with the actual observations. I will choose a

stochastic process for Z such that the output per worker in an occupation is the same in the

model and data.

To be specific, there are two major differences between the occupation-level productivity

shocks in the model and that which is observed in data:7 (1) I only observe industry-

level productivity and (2) observed productivity in my model is endogenous because the

composition of workers determines the output per head.

Notice, that I could relate observed industry shocks, zi,t to occupation shocks zd,t if I

7A minor difference is that I can only make observations every year, though the model is monthly. I
simply estimate the process as if I only observe once every 12 observations.
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assume that distributions of types are the same across industries.

zi,t =
∑
d

wi,d
∑
`

ω`dx′`dzd,t : wi,d =
Pr[occ ∩ ind]

Pr[ind]
(27)

I can get wi,d from the CPS. However, the object ω`dx′`d is endogenous. x′`d is the density of

workers with productivity ω`d—endogenous and unobservable.

If, however, I pretend ω`d = 1 ∀`, d, then the endogenous experience distribution, x

does not matter. I go to the data with this false assumption and estimate a process for

{{zd}, Z, f}, Z̃data. I parameterize this by the same factor process as described in Equations

2-4. Hence, the auxiliary model is the dynamic process for productivity, given that ω`d =

1 ∀`, d. I estimate the auxiliary model in the data taking model-generated data with this

same assumption, that ω`d = 1 ∀`, d, to find Z̃model. Then, I choose model parameters for

the process in Equations 2-4 to solve

minLR(Z̃data, Z̃model)

An alternative way to view this strategy is that I measure output per capita by occupation

in both the model and data. To map from industry to occupation, I assign industry output

to occupation on the basis of the relative population. Then in the data I have a measure of

output per person conditional on occupation and I can compute this same object in the data.

The auxiliary model can then be described as the stochastic process for average output per

capita within an occupation.

The model does not have a notion of industry, so for equation 27 to work, I need to

assume that workers from occupations are equally productive in each industry. Otherwise,

rather than attributing the output proportional to the workers there, there would need to be

some weighting. If I were explicit on industries with specific shocks, one would not expect

the productivity distribution to be the same. Just as workers flow in response to occupation

shocks, they would also move for industry shocks.

The distance metric I choose is the likelihood ratio rather than the Wald metric for

two reasons. First, there are many parameters in the set of λf,d, λZ,d and weighting them

is somewhat fraught, whereas the LR metric gives a natural weighting for observations.

Also, the magnitude of the unobservable factors and coefficients is indeterminate; one could

multiply each λf,d by 2 and divide the factors by 2. One can, of course, use a normalization

to constrain this degree of freedom, but then that normalization would implicitly affect

the weights. By construction, my shock sequence reproduces the data exactly if I were to

recompute industry-level shocks using Equation 27.
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5.1.2 Specification of the stochastic process

The factor process is explicitly designed to introduce time-varying volatility between occu-

pations. As mentioned, this is a feature explored in Lilien (1982) and Abraham and Katz

(1986). More contemporary papers have introduced this into search and matching, notably

Schaal (2012). Fernndez-Villaverde and Rubio-Ramrez (2010) discuss several ways to model

time-varying volatility. They point out that a finite number of regimes complicates using

perturbation techniques to solve the model, as I do here. Instead, they focus on stochastic

volatility or ARCH models. There are a number of shortcomings to modelling occupation

specific shocks as they suggest:

zd,t = ρzzd,t−1 + σtζd,t

log σt = ρσ log σt−1 + +ϕt

As one might imagine, this process is difficult to estimate precisely on the limited data

sample I have. Several methods, indirect inference, GMM and quasi-ML all run into the

same basic problem, that estimating a dynamic process for a second moment is essentially

using 4th moment information. With only 60 observations on variance from 1947-2007, we

end up with quite a wide bound at two standard deviations ρσ ∈ (0.118, 0.613). Further-

more, the process requires some correlation of the shock structure to work in some desirable

quantitative aspects. For example, it is probably important to have some correlation be-

tween ϕt and ε from Equation 2. Without an estimate for E[ζd,t, ζ
′
d,t], we cannot capture the

co-movements among occupations, which is an important feature because occupations that

tend to experience similar shocks are also similar in skill space. This plays a large role in

how “far” workers switch and how much wage they lose.

5.2 Cost of switching occupations

The relative productivity of inexperienced workers, {ω`d}J`=0,d=1 needs to be estimated to

match the costs of switching occupations. I use indirect inference to estimate ω as a func-

tion of the O*NET skills of the occupation pair. To summarize the method, I quantify oc-

cupations’ relation to each other by their skill requirements, as published by the US DOL’s

O*NET. Then, I assume ω`d is function of the difference between ` and d. This motivates a

regression on the relative wage between (`, d) workers and (d, d) workers and the difference

in O*NET skills in the two occupations. I then match the coefficients of this regression

between model-generated data and observations in the SIPP from 1996-2007.

Were it not for the random utility to choosing occupations changes to {ω`d} would cause
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discontinuous changes in policies and observable endogenous variables. If in equilibrium

workers are making a transition from ` to d, a change to ω`d by even just an infinitesimal

amount will cause the direction of search to change discretely. If these new parameters cause

workers to make an ` to j switch, now the observed return to skill will change discontin-

uously because workers are gaining experience in a different occupation. This is precisely

the situation that Smith and Keane (2004) address. Their solution is to modify the discrete

choice into a probability, which takes on a similar form as the policy g`d that convexifies

choices in my model.

It should also be noted, that I have assumed occupation stayers experience no wage loss.

This restriction can be justified from a modelling perspective, as it focuses the analysis on

the additional wage loss for switchers. More importantly, several studies have shown that

workers separated but who stay in their occupation have almost no wage loss. Kambourov

and Manovskii (2009) make this point using data from the CPS Displaced Worker Survey

and Fujita (2011) corroborates the finding using SIPP data. While Fujita (2011) finds some

moderate wage loss for occupation stayers, it is statistically insignificant.

5.2.1 O*NET data

The US Department of Labor’s O*NET database collects data on occupations that can

be used to quantify the differences between them. It is the successor to the Dictionary of

Occupational Titles, which classified the types of tasks necessary to work in a particular

occupation. The O*NET expands upon this, providing quantitative information on skills,

knowledge, and abilities required to work in a particular occupation. For every occupa-

tion each descriptive element gets a score for its “importance” in that occupation and the

“level” at which it is performed. It collects survey information from both workers and their

supervisors and but publishes only the rescaled means.

To characterize occupations, I use the “skills” measure, because in my model, that which

attaches workers to their occupation is learned on the job. O*NET’s skills are most close to

this sort of human capital learned on the job. To process this data, I first combine importance

and level scores by a Cobb Douglas with elasticity 0.5, as in Blinder (2009). Next, I reduce

the 35 skills down to three principal components. This is because I will eventually have to

solve for coefficients on each skill dimension and also because they are largely redundant.

The first three components explain about 80% of the variation between all of the O*NET

occupations. These occupations, however, are finer than the two-digit SOC code-defined

occupations I will eventually work with so I take a simple average over O*NET occupations

within an SOC occupation. Finally, I rescale the measures by replacing the component, with

its quantile rank value amongst the occupations. This leaves each occupation with a skill

30



value between zero and one in three categories.

5.2.2 The auxiliary model relating occupational skills to productivity

To map O*NET data into the model, I assume that the productivity gap between experienced

and inexperienced workers is proportional in logs to the difference in skill intensity. More

precisely, suppose

ω`d = e
∑3
i=1 βi(ki,d−ki,`)

One would expect {βi < 0}, meaning that inexperienced workers will see a a larger wage gap

if their old job is less intensive in a certain skill than the current one.

Now consider a linear approximation of log wages around the average wage of the experi-

enced worker, w̄dd. Using the bargained wages in Equation 19, this yields a convenient linear

equation relating {β} to the wage gap between experienced and inexperienced workers:

log

(
w`d

w̄dd

)
∝
∑
i

βi (ki,d − ki,`) + const− µψd (28)

Again, expect βi < 0 as a larger deficiency in skills from the prior occupations means a larger

value for (ki,d − ki,`) but also a lower logw`d relative to the average wage in the occupation.

To use this as my auxiliary model, I can just regress the experience premium on the skill

difference in both SIPP and model-generated data. Before using wages in the data, I first

regress them on sex, age, age squared and college education. I use residual wages because

all of these complicating factors in wage determination do not exist in my model, but are

quite significant in the data. See 12 at the end for results of the first stage regression.

Our theory says that in the model, the constant includes information on market tightness

and the outside option of workers with experience from occupation `. This implies that the

auxiliary model is doubly misspecified. By assumption, the errors are not normal and also

there should be ` fixed effects.

For the average wage for experienced workers I need to choose who to count as “expe-

rienced.” Consistent with the model, I would take workers whose occupational tenure is

greater than 1
τ
. Unfortunately, this data operation now depends on calibrated model values

and the calibration depends on the results I find this regression. I iterate, first estimating

the auxiliary model assuming everyone with any tenure is experienced, then calibrating for τ

and then using this for the expected duration before becoming experienced in the data. As it

turns out, the regressions are almost unaffected by the selection criteria for the experienced

workers in constructing w̄dd.

As seen in Table 2, the auxiliary model is quite precisely estimated and skill differences are

31



strong predictors of differences in the wage premium for experience. To interpret negative

the coefficients in all of the composite skills, a beginner suffers a larger wage gap in an

occupation using a skill much more intensively than his old occupation. Put another way, of

those starting in an occupation, the ones paid least are coming from occupations that used

skills less than the new occupation. As is often the case O*NET elements are quite good

predictors for wages. We see that in the auxiliary model’ estimation.

Coefficient T-statistic Model Structural
Skill 1 -0.331 -6.88 -0.35 -0.95
Skill 2 -0.294 -6.20 -0.32 -0.87
Skill 3 -0.186 -4.33 -0.19 -0.52
const -0.289 -23.98

Table 2: Auxiliary model for the value of occupational skills on productivity

The indirect inference procedure is fairly successful at minimizing the residual between

data and model coefficients. The binding function maps larger structural coefficients for

skill loss into these regression coefficients, which is again in line with our expectations.

Occupational selection means that the wage residuals are truncated from below and so the

coefficients are attenuated towards zero.

5.3 Calibration of the economy

I will calibrate the rest of the parameters in the model. I will use pre-2008 data on both

matching and occupational switching behavior. Before listing all of the variables to calibrate,

I need to describe functional forms for the matching function and the distribution of disutility

shocks.

5.3.1 Heteroskedasticity in the random utility term

In this paper, I model random deviations in search behavior through exponentially-distributed

preference shocks. Because these shocks are scaled by the probability of finding a job in that

search direction, which differs across markets, the effective variance is heteroskedastic. My

distributional assumption accommodates this while preserving a closed form for the prob-

ability of taking a given search direction. Alternatively, if I were to model perturbations

from the optimal search direction by individual shocks to the finding rate, I would avoid

this issue. These options have slight differences in math and interpretation but, subject to

distributional assumptions can be mostly isomorphic.

In my choice I follow a long tradition of partially random match quality back to Boskin

(1974) and Miller (1984). In my implementation, the basic interpretation is that landing a
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job in some occupations is more pleasant than others. For this framework, we can write the

return to searching in direction d

p(θ`d)
(
w`d(ψd)− b+ βE[U ′`d − U`0] + ψd

)
(29)

We can separate this into a deterministic and stochastic component because the Nash bar-

gaining assumption makes w(ψ) linear in ψ, as in Equation 19. I rewrite Equation 29 as

R`d + p(θ`d)(1− µ)ψd

This is almost like the standard additive random utility model except that the random

component is scaled by p(θ`d). This means that if the variance of ψ is σ2
ψ across all choices d,

the effective variance of the shock to return is actually (p`d(1−µ))2σ2
ψ. Whereas with additive

random utility, Boskin (1974) and others use the tractability of Gumbel-distributed shocks,

we are now breaking the i.i.d. assumption. If we were to keep Gumbel-distributed errors with

heteroskedastic shocks, the direction policy would be chosen according to a heteroskedastic

logit, as described in Bhat (1995). While the distribution has a nice interpretation as the

first order statistic from a sample of exponentially-distributed utility, it implies policies for

{g`d} that have no closed form description. In particular, the probability of an individual

choosing occupation d would be

∫ ∞
−∞

∏
j

G

(
Rd −Rj +

(
(1− µ)p`dσψ

)
ψd

(1− µ)p`jσψ

)
g(ψ)dψd

where G and g are the CDF and PDF of the Gumbel distribution, G(x) = e−e
−x

. Though

this is only one integral, rather than 22 without the independence assumption, it is still

computationally intensive to evaluate and would considerably increase the computational

burden to solve and simulate the model.

With an exponential distribution for ψ, the probability g`d has a closed form despite the

heteroskedasticity. Another likely candidate, the Fréchet distribution is still convenient with

heteroskedasticity (as seen in Eaton and Kortum (2002), but only when the average return

is zero. To my knowledge, exponentially-distributed shocks have not been used in economics

models of discrete choice since Daganzo (1979). In Appendix A I show that the probability

a worker chooses occupation d takes a closed form:

J∏
j=1

t`j

t`d + t`j
et
`d(R`d−R`j) (30)
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where t`j is the precision parameter, the inverse of the standard deviation, of shock ψ`j.

5.3.2 The matching function

The choice of matching function is actually non-trivial in this model. The most common

form is Cobb-Douglas, m(u, v) = φ0u
φ1v1−φ1 , however this has the problem that in many

cases, v rises high enough that matching probability may be greater than one. As is often

the case in directed search models with many submarkets in which agents search, this top

constraint actually will bind frequently for some submarkets.

Instead of Cobb-Douglas, I follow den Haan et al. (2000) and Hagedorn and Manovskii

(2008) using the form m(u, v) = vu
(vφ+uφ)1/φ

. This is still homogenous of degree one but has

the property that p(θ) < 1 ∀ θ > 0. The downside, however, is that this form assumes an

elasticity with respect to θ. Generally, φ is chosen to match the average finding rate and

then the level of θ implies an elasticity of p(·) with respect to θ. This is problematic because

for values of θ which are “realistic”8 this elasticity is too high. By modifying the matching

function to

m(u, v) = φ0
uv

(vφ1 + uφ1)1/φ1
, p(θ) = φ0

θ

(1 + θφ1)1/φ1
(31)

I have both φ0, φ1 to match both level and elasticity of the job finding rate.

5.3.3 Separations

For the distribution of disutility to govern shocks, I use a negative-exponential as the tail

with a mass point at a disutility of zero. Most workers experience no disutility from work,

but some fraction can, if they stay in the match, experience a great deal.

Pr[ξ < x] =

λ0e
λ1x if x < 0

1 if x = 0
(32)

The form ensures that there are always some separations, as it has infinite negative support,

but also there is a cap for a given type. No more than λ0 of any type (`, d) will separate.

This contrasts with many other models of this sort which have a lower bound on the number

of separations but no upper limit. The reason for this modelling assumption is two-fold.

First, it allows me to parsimoniously parameterize a distribution that has both level of

separations and elasticity with respect to productivity. Second, the inexperienced workers

will have a much higher separation rate, and if it is unbounded on the top, then negative

8As described in Hagedorn and Manovskii (2008), one can use help wanted listings as a proxy for v and
the entire unemployment pool for u and generally the economy-wide θ is approximately 0.63.
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productivity shocks affect inexperienced workers by too much and few workers are able to

become experienced. Figure 8 plots the distribution in Equation 32 to help visualize the

distribution and illustrate the magnitudes involved.
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Figure 8: The distribution tail for disutility

5.3.4 Choosing targets

The parameters then that we have to match are φ0, φ1, λ0, λ1, τ, σψ. Though all the param-

eters affect all of the targets, there are some heuristic relationships. All of these variables

are chosen to match the pre-2008 economy. κ and µ also must be set, which I take from the

literature. κ = 0.26 corresponds to that used in Hagedorn and Manovskii (2008), while the

firms’ share, µ is not easily observable and the literature uses anything in the range of 0.5 to

0.97. I choose a relatively conservative, middle level, 0.66. The results are not particularly

sensitive to values anywhere between 0.5 and 0.8, though at very high levels the model be-

comes difficult to calibrate. The unemployment replacement rate is 40% of the prior working

wage, which is approximately average across US states. Rather than targeting the level of

separations, the measurement of which suffers from time-aggregation bias as pointed out in

Shimer (2012), I choose separations so that the average unemployment rate is 5.5%.

τ , which governs the speed at which workers become experienced and the wage helps the

model match the average returns to occupational tenure. Kambourov and Manovskii (2009)
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estimate the five year return using PSID data9 and correcting for the endogeneity of tenure

by instrumenting with average tenure of that occupational stint, a common though imperfect

strategy introduced in Altonji and Shakotko (1987). If anything, the returns to tenure are

still biased downwards because it may be that unobservable match quality is correlated with

labor market experience and tenure is positively correlated with experience. In the context

of this model, downwards bias somewhat mitigates the effect of occupational attachment

because lower τ implies that fewer become experienced and attached.

σψ, the standard deviation of occupation-specific preference shocks, determines the rate

of switching occupations when unemployed. The mapping between this parameter’s role

in the model and data are not so straightforward, though. For a very low σψ, searchers

flock to the single occupation with the largest return and raising it increases the spread

of g`d regardless of {zd}. As described in Section 5.3.1, the standard deviation of shocks,

as perceived by workers, actually depends on the finding rate in that occupation. Because

the unemployed from some occupations have higher average finding rates than others, they

will actually experience larger standard deviation of finding rate shocks. σψ just acts as a

baseline, over which endogenous variables act.

For λ1, I target the standard deviation of separations across occupations rather than a

statistic related to the time-series of the aggregate separation rate. This is to emphasize the

role of separations in determining the distribution of unemployed people. To characterize the

effect of occupational attachment, we need to have the proper distribution of occupations

among unemployed workers. With endogenous separations, when occupation d suffers a low

zd, this increases the number of type d in unemployment through two channels: (1) they have

a lower finding rate and (2) they enter unemployment more frequently. Because separations

have been made endogenous to get the distribution of unemployed workers correct, I look to

the cross-sectional distribution.

5.3.5 Calibration results

Table 3 displays the calibration results. In most dimensions, the model is quite capable

of matching the targets. Especially important, parameters of the matching function are

matched quite exactly. Of course, these are just average figures and it is up to the model to

match facts about the distribution of finding and duration.

9They use data from 1968-1993, but the results are not much different when extended to 2006 although
changes in the survey make this later data somewhat more suspect.
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Target Model Data Source
Change Probability 0.48 0.46 SIPP 1996-2007 (3 Panels)
Job Finding Rate 0.34 0.33 CPS, 1976-2007
Returns to tenure 0.005 0.006 PSID (monthly rate)
Match Elasticity 0.48 0.48 Barichon (2011)
Separation Rate 0.029 0.028 5.5% unemployment
sd(Separation) 0.01 0.01 CPS, 1976-2007

Table 3: Summary of calibration targets

6 Business Cycle Properties

The model provides insight into how unemployment and duration responds to cycles gener-

ally. Given the estimated shock process, it generates counter-cyclical dispersion of duration

and unemployment rates across occupations. Aggregates, the unemployment rate and du-

ration, also fluctuate more over the cycle than a similarly calibrated Mortensen-Pissarides

model with homogenous searchers. Summarily, this is because with heterogeneous searchers

in a downturn, some are affected more greatly than others and the fall in their finding rate

pulls out the whole duration distribution. This is akin to the logic in Figures 4 and 3, where

the negative-sloped finding rate implies duration dynamics that cannot be replicated with

homogeneous finding rates.

So, the logic of my results is thus: the finding rate for some occupations falls precipitously

and these workers’ long duration pulls out the distribution of duration enough to generate

realistic levels of long-term unemployment. As discussed in the Section 4.7, in a recession,

those who stay searching in their own occupation have slow finding and those who try

switching also have especially slow finding because wage compression in recessions make

unskilled workers particularly unprofitable. This exacerbates counter-cyclical dispersion.

With this heterogeneity in recession, the workers from affected occupations constitute a

greater part of the tail of the duration distribution.

To turn to heterogeneity in recession, the prior literature has pointed out two mechanisms

by which the economy can generate counter-cyclical risk across segments of the economy, as

I have discussed. I generalized Abraham and Katz (1986), making occupations differ in their

cyclical sensitivity. In this framework, the variance in productivity increases symmetrically

for positive and negative aggregate shocks to Z. Unemployment and duration can be counter-

cyclical if the finding rate responds asymmetrically. This asymmetry is built right into

the search and matching model through a number of mechanisms. The matching friction

implies that hiring in an expansion is slower, while separations are instantaneous in response

to a negative shock. In my model, this is exacerbated by occupation-specific skills and
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Stat Model Data
corr(sd(log p`,t),log u) 0.60 0.37
corr(sd(log u`,t),log u) 0.63 0.28

Table 4: Business cycle properties of the model, p`,t is the finding rate of those coming from
occupation ` and u`,t is the unemployment rate for occupation `

occupational attachment. Here, the composition of unemployed workers affects the finding

rate because if there are many attached to low productivity occupations this decreases the

effective finding rate, even if there are other high productivity occupations. A negative

shock to a particular occupation will increase separations and the pool of searchers in a low

finding rate occupation. On the other hand, a positive shock, though some occupations will

experience a larger increase in their finding rate than others, is dampened because wages

also adjust and the separation rate will not vary so much across occupations.

Table 4 shows the counter-cyclical dispersion in finding rate and unemployment rate. A

reader might find it odd that the finding rate’s dispersion has an even higher correlation with

unemployment than in the data. There is no reason that the adjustment asymmetries in the

model correspond precisely to those in the data. For instance, the elasticity implied by the

form of this particular matching function is higher in slack markets. This increases disper-

sion’s correlation with average productivity. Alternatively, some complementarity between

occupations’ output would also reduce the dispersion across occupations. The important

aspect is that the model is very close to the data in the relationship between the dispersion

across occupations’ finding rate and the cycle—essential for the recessionary increases in

long-term unemployment.

6.1 Duration and finding rate heterogeneity

The central target of this paper is the heterogeneity in finding rates engendered by occupation

specific human capital. This is neatly summarized by the model’s analogue to Figure 4, which

I plot in Figure 9. The finding rate falls from about 36% in the first month to 24% after a

year of unemployment. The model misses most in the initial fall in finding rate, where some

workers quickly flow out of unemployment but captures the low finding rates of those long in

unemployment. This is not to say that none of the searchers in my model find jobs quickly:

on average the finding rate for the unattached unemployed, type (0, 0) searching in the most

efficient market is 0.47. However, the shocks {ψd,i} make some of them search inefficiently.

These shocks allow the model to match switching behavior for the experienced, attached

searchers, but the randomness also affects the unattached searchers who would otherwise

focus their attention on easier to find jobs.
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Figure 9: Finding rate by duration with occupation-level heterogeneity implied by the model

The model is fairly successful at matching the expected duration before a match and the

cross-sectional standard deviation of duration. For both, the fact that some workers have

quite low finding rates at long durations pulls out the moment. At the 10th percentile, the

finding rate is only 20%. Essentially, Table 5 shows how the model is relatively successful at

matching the tail of the duration distribution.

In Table 5, I present two other models for contrast, a standard Mortensen-Pissarides

model and a “No human capital” version. The Mortensen-Pissarides model is calibrated to

match the same average finding rate and is presented in the fourth column. The single finding

rate means that the expected duration is just 1
pt

. Because the duration is constrained to be

exponentially distributed, its standard deviation is also 1
pt

. The intermediate model is one

in which there are multiple occupations but new hires begin at full productivity even if they

came from another occupation. That is, the “No HC” column corresponds to ω`d = 1 ∀`d.

In this case, because var(ψd) > 0 workers still may apply to occupations which are not the

highest productivity.

Notice in Figure 9 that the hazard falls almost linearly. This is a repercussion of the

pure composition effect. The slope is not entirely time independent. To see this, consider

the continuous time case, if for each i groups, the finding rate is pi and the initial population

when they enter unemployment is ui,0 then the hazard is h(t) =
∑
i ui,0e

−pitpi∑
i ui,0e

−pit and so the

derivative of the hazard is
−

∑
i p

2
i ui,0e

−pit∑
i ui,0e

−pit +(h(t))2. But, to make the curve more convex, as in

the data, it would take either more spread in the finding rates or for pi to be time-dependent,

39



as in the case of true duration dependence.

Stat Model Data No HC MP
E(duration) 3.54 3.73 3.30 3.03
sd(duration) 3.91 4.24 3.66 3.03

Fraction ≥ 6 mo 0.16 0.16 0.12 0.09

Table 5: Duration when matched, implied from CPS 1976-2007

The time series of duration and its cross-sectional variation also matches the data rather

well. The correlation between average productivity and average unemployment duration is

-0.51, quite counter-cyclical.

6.2 Cyclical volatility and match efficiency

In my model, the variance of unemployment is quite a bit higher than in many other search

and matching models, where low volatility is a common problem that was described in Shimer

(2005) and addressed by countless papers. Carrillo-Tudela and Visschers (2013) is quite

successful in addressing this critique with a model similar to my own. It generates much

of fluctuations from “rest unemployment,” and shows that total unemployment volatility

increases when reallocation and matching frictions complement each other. Section 4.7

describes why cycles affect some occupations so much worse than others.

The average finding rate fluctuates by more than would be suggested by fluctuations

in the average tightness alone. This is because some of the variation comes from changes

in the search direction, rather than just congestion. This point is important because it

corresponds to findings of Beauchemin and Tasci (2008) and Cheremukhin and Restrepo-

Echavarria (2010), who estimate a process for the efficiency of the average matching function

and show that it can account for much of the cyclical variation in unemployment rates. My

model has endogenous changes in the efficiency of matching because workers may choose

their search direction in such a way that reduces their finding chances over the cycle. I

define this effective efficiency as a residual

φ̃0 =
p
(∑J

l=0,d=1 θ
`dx`0g

`d
)

∑J
l=0,d=1 p (θ`d)x`0g`d

This measure is a very clean way to capture the impact of heterogeneity. φ̃0 is the “match

efficiency,” and it incorporates workers choice to search in markets that are more or less likely

to yield a match. Its fluctuations capture the allocative efficiency that is endogenous in this

model, as with the same aggregates for searchers and vacancies, we may have very different
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finding rates. As can be seen in Table 6, the unemployment and finding rates vary quite a

lot over the cycle and much of this is explained by the “efficiency” of the matching function.

Clearly, φ1 6= 1 implies that φ̃0 6= 1 by Jensen’s inequality, but its procyclicality shows that

it plays an important role in unemployment fluctuations in the cycle. Beauchemin and Tasci

(2008) calculate a strongly procyclical process that is necessary to match unemployment,

shown in Table 6. This mechanism explains some of it.

Model Data MP No HC
sd(log ut) 0.18 0.24 0.021 0.11
sd(log pt) 0.11 0.21 0.021 0.06

corr(φ̃0,t, Et[zd,t]) 0.439 0.60 0.0 0.11

sd(log φ̃0.t)/sd(log pt) 0.205 0.0 0.08

Table 6: Business cycle fluctuations. “Data” for φ̃0 corresponds to the accounting procedure
in Beauchemin 2012

Of course, my paper is not the first to show that there is significant variation in the

hiring rates across occupations, nor to tie this to shifts in the Beveridge curve. Especially

convincing, Hobijn (2012), uses novel vacancy data and shows significant heterogeneity in

the hires per vacancy across occupations and that the increase in this heterogeneity during

the Great Recession and its aftermath explains a great deal of the shift in the Beveridge

curve and slow down in average hiring. Barnichon and Figura (2011) also evaluate

My result is also similar in spirit to the exercise in Sahin et al. (2012), though my work

does not yet directly calculate their measure of “mismatch.” They discuss how allocative

efficiency across occupations, locations or industries maps into match efficiency. The differ-

ence being that their cyclical volatility is affected by either a random process for posting cost

or process for vacancies themselves. In their setup, these components ensure that vacancies

will be sufficiently volatile, a dimension of the data that I do not target.

6.3 Different wage setting regimes

In this section, I explore different modes for setting wages within my model. In the baseline

version, I set wages by Nash bargaining with a fairly low bargaining weight to the firm (0.67).

We know that this makes wages fluctuate more than their data counterpart and vacancies

less so, but this parameterization is also the majority in such models.

Wage setting is an important margin on which to manipulate the model for two reasons.

First, my experience with cross-sectional dispersion in different wage setting regimes can

give insight into others’ attempts to explain time-series variation. Second, the mapping

from the model to occupational switchers’ wage loss in the data depends upon the wage
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setting assumption. Because this is a crucial source of identification, it is important to test

the results’ robustness in this dimension.

After Shimer (2005) fixated the search and matching literature on the MP model’s inad-

equacy in terms of cyclical fluctuations, assumptions on wage setting have garnered consid-

erable attention. This critique holds that the time series of average tightness only fluctuates

by a twentieth as much as in the data, given realistic aggregate productivity.

[To be written]

6.4 Expiring Unemployment Benefits

Now consider an economy in which δ = 1
5
, which is approximately the expiration rate of

unemployment benefits during normal times in the US. Workers who are employed expect

their benefits to last for 6 months of unemployment.10 Qualitatively, the effect is to diminish

the value of unemployment, lower workers’ outside option and increase the matching rate

on average11. As was the intuition with switchers’ unemployment duration earlier, a larger

surplus with the same size of shocks will imply less variation in the vacancy posting and

unemployment rates.

Table 7 summarizes the changes to important results in the paper. Workers with yet

unexpired benefits change their behavior and also workers whose benefits have expired are

more likely to switch occupations and generally appear different. A bit less than one in six

unemployed workers has expired benefits and their finding rate is generally higher (holding

constant the composition) by 7 percentage points.

Stat Baseline 6 Mo Expiration Data
E(duration) 3.54 3.49 3.73

Fraction ≥ 6 mo 0.16 0.15 0.16
sd(log ut) 0.18 0.16 0.24

Table 7: The effect of benefits’ expiration

Quantitatively, the change matters. However, it is not obvious that this does not overstate

the case of the effect of unemployment benefits expiration. The issue is two-fold: (1) random

expiration does not necessarily mimic the experience of workers who know the expiration of

10Note the timing issue here: workers separate at the beginning of the period but do not face expiration
risk. They do not enter “expired” status until the next period after unsuccessfully searching and being
unemployed for a month. Thus, an expected period of benefits that is 6 months implies an expiration rate
of 1

5 for workers who enter the period in unemployment.
11Though, because I re-calibrate the model, the average matching rate stays the same
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their benefits and (2) the fall in consumption due to benefits expiration is significant but not

as great as the fall in income would suggest.

Random expiration of unemployment benefits is computationally convenient but for the

unemployed their decision always incorporate the risk that next month they may lose benefits.

This means that the value of unemployment for short unemployed workers is lower than it

would be given a more realistic, deterministic expiration. This point applies to all such

models with random expiration back to Fredriksson and Holmlund (2001).

Though the expiration of benefits may entail a significant fall in income, the concomitant

fall in consumption may be quite small. Several papers, most canonically Gruber (1997)

estimate a fall in consumption expenditures between 1
5

to 13 if there were no unemployment

benefit. This is significant, but not the same scale as the reduction of income from unem-

ployment benefits to food stamps. Furthermore, Browning and Crossley (2009) show that

the composition of expenditures change, i.e. away from durables, and that further reduces

the fall in welfare terms.

7 The Great Recession

The Great Recession is a perfect test of the model out of sample. As has been hopefully

made clear, the model’s parameters are based entirely on data to 2007. It was successful at

generating longer-term unemployed in regular cycles. But how does it fare in the extreme

conditions recently observed?

Figure 10 (left) plots the dispersion in log-industry productivity. Each industry has its

mean and linear trend removed, as in the data fed into the model. Notice that the dispersion

in industry-specific productivity is at its highest since the post World War II recessions. In

my model, the productivity difference between the best and least productive, the ratio of 90th

to 10th percentile, will contribute to the elongation of the tail of the duration distribution.

The fall in average productivity was quite sever, though rather short. However, the rise

in dispersion preceded the recession and continued even afterwards. This observation, that

dispersion increases even in 2006 echoes Barnichon and Figura (2011), who find an increase

in labor market dispersion that presages the Great Recession.

7.1 Setting up the experiment

My experiment takes from the data the distribution of workers, {x} and the distribution of

shocks Z. Some manipulations are required to map these observables into model objects

because the data on worker experience is not detailed enough and the productivity shocks
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Figure 10: The dispersion of industry productivity is peaks in this recession and average
productivity hits a nadir

are only observed through per capita output.

To set up the experiment with x from the data, distributions of both employed and un-

employed are necessary because the distribution of employed will determine the distribution

of unemployed as the economy evolves over the Great Recession. The problem is that in

the SIPP, I only observe a workers occupation and occupation tenure. I would also need to

know the prior occupation to map one for one into the model, but this is unavailable. First,

I take the number of experienced workers directly from the data, xdd. These are workers

who have tenure greater than or equal to the average number of months it takes to become

experienced in the model, 1
τ
. Then, I have some group of workers observed in occupation d

but who are inexperienced. I assign them to prior occupations ` to match the steady state

distribution. I set
xss,jd
xss,`d

=
x0,jd
x0,`d

, where ss means the steady state and 0 is the beginning of

the experiment. To set x00, I take the unemployed workers whose prior occupation tenure

was less that 1
τ
.12

Next, I need to ensure that the distribution x from the data is not going to drift on its

own because the model’s steady-state population in each occupation is different from that in

the data. For example, there are some occupations that are very small in the data, but are

closer to average size in my model. If I were to just start a simulation with the occupation

population from the data, far fewer workers than the model’s steady state, there will be a

natural drift within the model to attract workers there. I can solve this problem in two

ways: (1) I can change the average productivity in each occupation so that the steady state

populations correspond between model and data or (2) I can change the size of the population

12Not every worker reports his prior tenure, so I take the fraction with less than τ of those who report a
tenure. This assumes that there is no systematic trend in not reporting occupational experience.
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I draw from the data before feeding it into the model. I take the second course. I adjust

every occupation’s population so that the number I feed into the model is the deviation from

it’s steady state, multiplying by
xdataLR,d∑
` xss,`d

, the data’s long-run average for that occupation’s

fraction of the labor market over the model’s steady state for the same statistic.

To map productivity into the model, I again have to take a structural approach. I

can observe output per capita annually and by industry. I take the observations for 2008,

2009,2010 and interpolate between them. Rather than simple, deterministic interpolations, I

sample from the estimated monthly process and trace it out to connect the observed points.

I take 100 draws of these 24 month periods. For each history, I solve for the underlying

productivity in much the same way as in the other simulations. I require that the model-

generated composition of workers and the primitive shock imply observed productivity.

7.2 Results

Feeding into the model the set of productivity shocks and distribution of unemployed workers

I can, indeed recover a large rise in the rate of long-term unemployment and unemployment

duration generally. Notice also that the baseline Mortensen-Pissarides model has almost

no response. This is because average productivity moved little, as noted by McGrattan

and Prescott (2012). But, even though average productivity moved little, this is masks

considerable heterogeneity between occupations. In fact, the 90th percentile grew while

the median and 10th percentile of occupations’ productivity shrank. In particular, the

productivity recovery in 2010 occurred largely at the top of the distribution. This increase

in skewness, Kelley’s measure went from XX to XX adds some detail to the increase in

dispersion shown in Figure 10.

In the context of the model, an increase in the spread of productivity creates pressure

for workers to reallocate. However, the friction associated with occupation-specific skills

interferes. As shown in Table 8, average unemployment duration rises in the model, but

long-run unemployment is especially prominent as in the data.

Model Data MP no HC
Expected Duration 3.85 4.36 3.07 3.42
Standard Deviation 4.31 4.60 3.07 3.42
Fraction ≥ 6months 0.26 0.30 0.094 0.12

Table 8: Unemployment duration during the Great Recession

Notice especially that the model’s increase in long-term unemployment nearly keeps pace

with the rise seen in the data, but average duration is not as great. Long-term unemployment

in the model rose by so much because the spreading of productivity also entailed a spreading
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of unemployment duration across occupations and the occupations that were affected were

affected badly. However, average duration rose by less because at the short end, the finding

rate did not fall by much.

Figure 11 tells some of this story. As mentioned, the model’s finding rate falls by less

and is less “kinked” due, in part, to my abstraction from duration dependence. This seems

to be the explanation for my model’s lower mean duration but relatively high incidence of

long-term unemployment. Consider the case in which all of the downward slope were due

to duration dependence. Before 6 months, the finding rate was relatively high and after 6

months it went very near zero. This would mean that whomever did not first find a job

is now the population of long-term unemployed, and that may be a small number, but the

mean unemployment rate is very high. In my model, however, all finding rate heterogeneity

comes from differences in the composition of unemployed, and so even a long durations there

are still many who have fairly high finding rates and have merely been repeatedly unlucky.
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Figure 11: The finding rate rotates downward. but captures only some of the heterogeneity

7.3 Time to switch occupations

Crucially, it takes longer to switch occupations in a recession. This holds in the data and in

the model. One way to measure and quantify this effect is a simple regression on the data:

weeks unemployed = Docct 6=occt−1 + demographics + const+ ε
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I include the industry switching dummy for illustrative purposes, to again remind readers

that occupations are a useful unit of analysis. Notice that the industry switchers do not have

significantly longer durations during the most recession. The crucial coefficients are shown

in Table 9. Conditional on many demographic factors 13 workers who switch occupations are

unemployed for longer than those who do not. For the full regression, see Table 13.

1978-2007 2008-2010
Coef Std Err Coef Std Err

Data Dummy Occ Switch 7.94 (0.302) 16.16 (0.889)
Model Dummy Occ Switch 6.13 13.74

Table 9: Margninal effect in weeks of an occupation switch

7.4 The Unemployment Rate

The unemployment rate rises less drastically in the model than the data, but by more than

would be predicted by a simple search and matching model. This would be suggested by the

prior result that unemployment is more volatile in my model than other search and matching

models and it it also consistent with the result suggested by Andolfatto and MacDonald

(2004). As Figure 10 (Right) suggests, there was a large fall in average productivity. In

Figure 10 (Left) we see this was accompanied by an increase in dispersion that lasted even

longer. As seen in Table 10 this generates an increase in unemployment rate, though not

as large as was actually seen. Consistent with the design of the experiment, unemployment

starts at 5.2%, actually below the calibrated steady state, and then we see that it rises

considerably. These figures are just about in-line with the upper bound found in Sahin et al.

Stat Model Data
Average ut 6.72 8.23

Peak ut 7.02 10.0

Table 10: The effect of benefits’ expiration

(2012) when they partly endogenize the posting of vacancies.

7.5 Unemployment benefits extensions

As discussed in section 6.4, expiring unemployment benefits has a sizable impact on the

behavior of the model because it affects searchers’ outside options. Hence, when the duration

13The controls are: race marital status, sex, age, high school and college dummies and an annual trend.
The trend is estimated on 1978-2007 and applied to the 2008-2010 data.
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of unemployment benefits increases, it non-trivially increases the workers’ outside option and

encourages them to search more narrowly and for longer. Or, to look from the other side, it

makes it more difficult to pay a worker to switch occupations when his outside option rises.

In the Great Recession, several studies have found that the effect from benefits exten-

sion on unemployment is non-trivial. Nakajima (2012) chalks 1.5 percentage points to the

extension of unemployment benefits.

One of the key features of a structural model is that I can use it for policy experiments.

Here, I look at the effect of the extension of unemployment benefits and perform a counter-

factual experiment wherein I do not extend the benefits from 6 to 12 months. The results

of this experiment are shown in Table 11. Note that, in the new calibration with δ = 1
5
, the

unemployment rate goes up considerably when the unemployment benefits are extended to

δ = 1
11

.

Stat Baseline 12 Mo 6 Mo Data
E(duration) 3.85 3.87 3.76 4.36

Fraction ≥ 6 mo 0.26 0.27 0.22 0.30
Average ut 6.72 6.91 6.27 8.23

Table 11: The effect of benefits’ expiration

8 Conclusion

The unprecedented rise in unemployment duration during the Great Recession has focused

attention onto its causes. One often cited explanation blames a mismatch between skills in

demand and those in supply from the unemployed. In this line of thinking, the long-term

unemployed are composed of workers with skills in particularly low demand. But, standard

theory is ill-suited to quantitatively evaluate this explanation. One needs heterogeneity

amongst the unemployed and, more importantly, this heterogeneity must be along workers’

skills.

This paper introduces a model with workers who differ by their prior occupation, which

summarizes their skills. With discipline from data on the wage premium to occupational

experience and the process for occupation-specific shocks, it can quantify the link between

unemployment duration and skills. In the model, workers’ crucial choice is whether to

search in their own occupation where they command a premium for their experience. But,

for workers from hard-hit occupations, searching for jobs in their old occupation will extend

their duration in unemployment.
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I began with a data exercise, I showed differences across the unemployed in their job

finding rates are required for understanding the level and cyclical variation of unemployment

duration. In any model in which the rate at which workers find a job is the same and matches

aggregate data, the implied duration will be lower and less volatile than in the data. Prior

occupation is a useful margin along which to divide searchers. The unemployment rate and

average unemployment duration vary substantially across occupations and their dispersion

increases during recession. Moreover, other studies have suggested that occupational skills

are quite important, enough to motivate these differences.

The model augmented a standard Mortensen-Pissarides model with occupation-specific

skills and shocks. This meant that unemployed workers directed their search, balancing the

wage upon matching and their probability of finding that job. Because workers might choose

to search in relatively low-finding rate occupations, match efficiency was endogenous and, as

we showed pro-cyclical. Generally, this model delivered realistic business cycle fluctuations

in unemployment duration and the counter-cyclical dispersion across occupation. In par-

ticular, the incidence of long-term unemployment was nearly identical between model and

data. Finally, I applied the model to the Great Recession. In this experiment, I took as

given the distribution of occupational skills amongst the unemployed and the occupation-

specific shocks. This was meant to measure the effect of the skills of the unemployed and

observed shocks, which spread in the recession. These factors greatly increased long-term

unemployment, nearly 70% of the total observed increase.

In the future, the model can be applied to a number of policy experiments. It is a good

laboratory to study the effects of targeted interventions. Much of government spending

affects certain occupations much more than others, such as building projects that affect

construction workers. In this model, unlike models without a notion of occupations, I can

assess the affect of such asymmetric intervention on long-term unemployment. I also plan

to assess the Obama administration’s answer to long-term unemployment, whereby they

encourage employers to hire and train them. In the “Bridge to Work” plan, employers can

hire and train workers without paying them. While this would encourage vacancies to be

posted for such workers, workers might not want to apply for such jobs, which is an effect

my directed search model incorporate. Its mechanism can help disentangle these effects and

assess the policy’s effects.
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A Choice probabilities

Exponentially distributed shocks are somewhat non-standard in additive random utility mod-

els, like my own. The issue is that, my additive random utility is not strictly iid, because

the matching probability makes the shocks heteroskedastic. With heteroskedasticity and

non-zero mean, other common distributional assumptions are quite algebraically inconve-

nient. In this section I derive the distribution in Equation 30 by induction. Note that this is

not exactly the same as the problem discussed in Daganzo (1979) because the mean is not

necessarily zero.
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We wish to show that the probability of location d being optimal given choices j ∈
{1, . . . , J} where return in j is Rj + ψ̃j where Pr[ψ ≤ ψ̃j] = 1− e−ψ̃j/σj . To set notation, let

the density of the shock in direction j be fj(ψ̃j). In this proof, I will show that

Pr[d = argmax
j∈{1,...,J}

(Rj + ψj)] =
∏

j=1,...,J

σd
σd + σj

e(Rd−Rj)/σd

Basis step:

Suppose there are two options d and j with return Rd + ψ̃d, Rj + ψ̃j and distribution param-

eters σd, σj.

Then

Pr[Rd + ψd ≥ Rj + ψj] =

∫ ∞
0

∫ ∞
Rj+ψ̃j−Rd

fd(ψ̃d)fj(ψ̃j)dψ̃ddψ̃j

=

∫ ∞
0

1

σj
e−ψ̃j/σj

(
e−(Rj+ψ̃j−Rd)/σd

)
dψ̃j

= e(Rd−Rj)/σd
(∫ ∞

0

1

σj
e−ψ̃j/σje−ψ̃j/σd

)
dψ̃j

= e(Rd−Rj)/σd
(∫ ∞

0

1

σj
e−ψ̃j(σj+σd)/σdσj

)
dψ̃j

= e(Rd−Rj)/σd 1

σj

σjσd
σd + σj

(∫ ∞
0

σd + σj
σjσd

e−ψ̃j(σj+σd)/σdσj

)
dψ̃j

= e(Rd−Rj)/σd σd
σd + σj

(33)

Induction:

Suppose that for j = 1, ..., J − 1, the probability that Pr[d] = argmaxj∈{1,...,J−1}(Rj +ψj)] =∏
j=1,...,J−1

σd
σd+σj

e(Rd−Rj)/σd then for the J instance

Pr[Rd + ψ̃d ≥ Rj + ψ̃j ∀j = 1, ..., J ] = Pr[Rd + ψ̃d ≥ Rj + ψ̃j ∀j = 1, ..., J − 1] ∗ Pr[Rd + ψ̃d ≥ RJ + ψ̃J ]

=
∏

j=1,...,J−1

σd
σd + σj

e(Rd−Rj)/σd ∗ Pr[Rd + ψ̃d ≥ RJ + ψ̃J ]

=
∏

j=1,...,J−1

σd
σd + σj

e(Rd−Rj)/σd ∗ σd
σd + σJ

e(Rd−RJ )/σd

=
∏

j=1,...,J

σd
σd + σj

e(Rd−Rj)/σd (34)

The first line is true because ψ̃ is independent for each direction.
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B Planner’s Problem

To establish efficiency results, I will set up the Planner’s Problem, show that it has a unique

allocation and then show that the competitive equilibrium with Nash bargained wages solves

that. The Social Planner’s value function is W and he chooses search direction, tightness

and separation policy in each labor market.

W (x,Z) = max
{θm,gm,ξ̄m}m∈M

J∑
l=0

J∑
d=1

x′ld1ωldzd +

(
x`d1(1− τI`6=d) + τI` 6=d

∑
j 6=d

xjd1

)∫ 0

ξ̄ld1
ξh(ξ)dξ

+ bex
′
l0e −

∑
m

∫
ψ

gmam (κθm − p(θm)ψ) df(ψ) + βE[W (x′,Z ′)] : (35)

x′dd1 =(1− sdd1)

(
xdd1 + τ

J∑
`=0,`6=d

x`d1

)
+ p(θdd1)gdd1add1 + p(θdd0)gdd0add0 (36)

x′`d1 =(1− s`d1)(1− τ)x`d1 + p(θ`d1)g`d1a`d1 + p(θ`d0)g`d0a`d0 (37)

x′`01 =

(
1−

∑
d

g`d1p(θ`d1)

)(
(1− δ)x`01 + s``1

(
x``1 + τ

∑
j 6=l

xjl1

))
(38)

x′001 =

(
1−

∑
d

g0d1p(θ0d1)

)(
(1− δ)x001 + (1− τ)

J∑
d=1

J∑
l=0,l 6=d

s`d1x`d1

)
(39)

x′`00 =

(
1−

∑
d

g`d0p(θ`d0)

)
x`00 + δ

(
1−

∑
d

g`d1p(θ`d1)

)
x`01, ` = 0, . . . J (40)

1 =
∑

m∈M`e

gm ∀`, e and gm ≥ 0 (41)

am =


x`01 + s``1(x``1 + τ

∑
j 6=` xj`1) ` > 0, e = 1

x001 + (1− τ)
∑J

j=0

∑
k 6=j s

jk1xjk1 ` = 0, e = 1

x`d0 e = 0

(42)

And the process for Z follows Equations 2-4

Let the multiplier on the law of motion for x`de be υ`de. The first order conditions are:
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{θm} : 0 =− κamgm + p′(θm)amgm
(
υm − (1− δ)υn1 − δυn0 −

∫
ψdf̃(ψ)

)
(43)

{gm} : 0 =p(θm)

(
ψd + υm − (1− δ)υn1 − δυn0 + κ

θm

p(θm)

)
− γ`e (44)

{ξ̄m} : 0 =

(
x`d1(1− τI 6̀=d) + τI` 6=d

∑
j 6=d

xjd1

)
h(ξ̄m)

(
ξ̄m + υ`01 − υm

)
(45)

n1 = (` ∈ m, 0, e ∈ m), n0 = (` ∈ m, 0, 0)

Condition 43 puts the marginal return to a posting, the expected value of a new match

against the cost of posting it κ. Condition 44 states that, for any locations to which an

applicant applies, the marginal value of an application has to be equalized. Of course, this

will not generally be the case, given the linearity of the choice gm. However, integrating over

ψ will give us a distribution of applications, as in the competitive case. And Condition 45

gives the condition on separations, which again weighs the marginal value to the planner of

a match against the value of a searcher.

C Efficiency

To show efficiency, I will show that the social planner’s policies will be the same as those of

the competitive market, conditional on µ = θm

p(θm)
∂p(θm)
∂θm

∀m ∈M . Note: This section needs

to be completed.

C.1 Market tightness

The crucial aspect here is to show the two first order conditions for posting are equal:

κ = p′(θm)

(
νm − (1− δ)νn1 − δνn0 −

∫
ψdf̃(ψ)

)
= q(θm)

(
ω`dzd −

∫
wm(0, ψ)df̃(ψ) + βΠ`d(·′)

)
Which we can separate into two pieces. For p′(θm) = q(θm)µ I use the beginning assumption.

Then, it leaves to be shown that

µ

(
νm − (1− δ)νn1 − δνn0 −

∫
ψdf̃(ψ)

)
=

(
ω`dzd −

∫
wm(0, ψ)df̃(ψ) + βΠ`d(·′)

)
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Which is essentially a result of Nash bargaining, where the left hand side is a fraction of

the total value of the match to the social planner and the right hand side, because of Nash

bargaining is the same fraction of the social value of the match.

C.2 Search direction

For any realized match in market m = (`, d, 1), let the value of the surplus be Rm(ψm, z, ω),

it depends on the utility shock ψ, the long-run productivity ω and productivity shock z.

From the previous subsection, we know that separations are efficient so the total value of

the surplus is the same whether we consider social planner or competitive settings.

Then for an individual, the first order condition is

p(θd)Rw(ψd, zd, χ
d) = p(θj)Rw(ψj, zj, χ

j) ∀j, d : gj, gd > 0

Integrating over ψ, the search direction decision, ḡm is: Pr[p(θm)(Rm+ψm) ≥ p(θk)(Rk+

ψk) ∀k ∈M`e] and with Nash bargaining, the probability of applying to market m becomes

Pr[p(θm)µ(Rm+ψm)+Wb ≥ p(θk)µ(Rk +ψk)+Wb ∀k ∈M`e] and this simplifies to the same

condition.

D Computation

D.1 Solving the model

In this section I briefly describe the computational methods and considerations to solve the

model itself. There are two crucial insights to ease computational burden: 1) without risk

aversion, most of the model is linear and 2) the distribution of workers across occupations is

not a payoff-relevant state variable for the households or firms. The difficulty is still that all

of the shocks, {Z, {zj}, f}, are required for every problem. Discretization would be infeasible

because even with only 2 values per shock, that would mean that have a total of 2Nd+Nf+1

values, where Nd are the number of occupations, Nf the number of unobservable factors and

there is one more for the average productivity shock, Z.

Hence, I use a hybrid-approach: a second-order perturbation to approximate the expec-

tations for the value functions and then the actual non-linear decision rules using these ap-

proximations. The technique for second-order approximation is described in Lombardo and

Sutherland (2007) and the hybrid method is described in Maliar et al. (2011). In the baseline

model, I take as dynamic states the total value of the match, that is Uw(`, d, 1, ·)+Π`d(·) and

the value of the unemployed worker Ub(`, 0, e, ·). To solve for these approximations, I also
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need to approximate the policy functions. Once the value functions have been perturbed

around their steady state, to perform simulations I need only have the expectation of these

values. I take expectations from the approximated versions of Uw(`, d, 1, ·) + Π`d and Uw and

then evaluate the true non-linear decision rules for the simulations.

D.2 Estimation and calibration

There are six parameters to calibrate, ψ0, ψ1, λ0, λ1, var(φ), τ . To estimate, I have to con-

sider the vector of parameters governing {ω`d}, {βi} and the parameters of the productivity

process, ρZ , σε, {λ1,j, λ2,j, λZ,j}Jj=1, ρz, σζ ,Γ, cov(η).

I take a three-layer approach to the estimation, using stochastic multi-starts and derivative-

free minimizers for the calibration parameters and estimating {βi}. For each set of these

parameters, I use an iterative approach to find coefficients of the productivity process. This

separation is convenient because there are so many parameters of the productivity process

and it would be onerous to estimate the entire Jacobian and the Hessian, which has few

exploitable sparsity patterns.

The stochastic multi-start technique is fairly standard. I use a modified version of the

multi-stage single-linkage method in which I make a few heuristic adjustments to the pre-

scribed rules for stopping and cluster-size choices. The inner solvers alternate between a

Nelder-Meade implementation with a new derivative-free non-linear least-squares method,

as described in Zhang et al. (2010).14

For the inner-most estimation, the crucial observation is that I can directly estimate the

factor process for per-capita output, ignoring the endogenous productivity that will modify

the underlying, unobservable process. Call this Z̃data. I use this process as a first guess and

simulate the model to get populations that imply productivity. With these populations, I

can solve for what should be the underlying productivity process. Maybe not surprisingly,

there is relatively little difference between the implied process and the “true” process. I

describe the iterative procedure below:

1. From annual industry data, estimate the monthly process Z̃data

2. Draw M realized histories from Z̃data

3. Solve and simulate the model around process Z̃data with realized history m.

4. Solve for {z1
d,t} using

z1
d,t = z̃d,t

∑
` x
′
`d∑

` χ
`dx′`d

(46)

14Zhang graciously provided his Fortran code, which interfaced with my C code flawlessly.
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5. Estimate Z1

6. Solve and simulate the model around Z̃1

7. Return to Step 4 until the likelihood converges

8. Store these coefficients and return to Step 3

9. Average the coefficients

E Regression tables

Variables log(earnings)

age 0.159
(0.00101)

age2 -0.00197
(1.20e-05)

college 0.0554
(0.00338)

Female -0.372
(0.00305)

Constant 5.784
(0.00283)

Observations 2,238,830
R-squared 0.020
Standard errors in parentheses

Table 12: Initial regression to set up auxiliary model. Age and age2 normalized to mean
zero
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(1) (2)
Variables Duration Duration

White -2.974*** -3.803***
(0.145) (0.413)

Married -0.981*** -1.783***
(0.136) (0.394)

Sex -4.547*** -2.504***
(0.126) (0.365)

Age 0.311*** 0.334***
(0.00507) (0.0138)

Docc t6=occ t−1 7.946*** 16.16***
(0.301) (0.889)

Dind t6=ind t−1 4.672*** 6.631***
(0.300) (0.885)

Year -0.000882
(0.00730)

College 0.775*** 0.0366
(0.212) (0.512)

high school 0.820*** 1.461***
(0.137) (0.453)

Constant 12.73 11.38***
(14.52) (0.827)

Observations 139,785 22,698
R-squared 0.095 0.174

1978-2008 2008-2010
Standard errors in parentheses

*** p<0.01, ** p<0.05, * p<0.1

Table 13: Duration regressions
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