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Abstract3

Many college graduates are underemployed, i.e., work in occupations that do not require4

a college degree. We document that underemployed workers are less likely to transition to5

a college occupation the longer they are underemployed and that longer underemployment6

histories are associated with lower wages in college occupations. To explain these findings, we7

develop a directed search model with unobserved heterogeneity, occupation-specific human8

capital, and on the job search. Workers are uncertain about their suitability for college jobs9

and learn through search. Underemployment is generated by search and information frictions,10

as workers with a low expected job-finding probability in college occupations self-select into11

underemployment. Once underemployed, workers’ college occupation-specific human capital12

decays. A quantitative decomposition shows that unobserved heterogeneity explains most of13

the duration dependence in underemployment.14
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1. Introduction18

A significant fraction of college graduates in the US are underemployed, i.e., work in jobs that19

do not typically require a college degree. While underemployment is not a new phenomenon,20

it has gained considerable attention since the Great Recession with a growing consensus21

that underemployed graduates are trapped, unable to escape their low-wage jobs.1 Despite22

its traction in the media, research which studies underemployment is still in its infancy.23

We know that recent graduates are nearly ten times more likely to be underemployed than24

unemployed and that the underemployment rate is countercyclical (Barnichon and Zylber-25

berg, 2019).2 However, little is known about the quintessential underemployment duration,26

whether underemployed graduates are indeed stuck and, if so, what the sources of the un-27

deremployment trap are.28

This paper studies the features and determinants of underemployment durations by first29

reporting several new stylized facts. Most prominently, we document negative duration30

dependence in underemployment. That is, the longer a worker has been underemployed, the31

less likely they are to transition to an occupation that requires a college degree. We then32

develop a directed search model which generates duration dependence in underemployment.33

Finally, we decompose duration dependence into two classic channels: dynamic selection34

based on unobserved heterogeneity and structural duration dependence generated through35

the growth and decay of occupation-specific human capital.36

We use the National Longitudinal Survey of Youth 1997 (NLSY97) to document three37

facts. First, the average underemployment duration is nearly eighteen months. Second, the38

probability an underemployed graduate transitions to a college occupation is decreasing in the39

length of their underemployment spell. For example, a worker who has been underemployed40

for a year is nearly 40% less likely to exit underemployment than a newly underemployed41

1For a few examples, see “First jobs matter: Avoiding the underemployment trap” by Michelle Weise and
“College Grads May Be Stuck in Low-Skill Jobs” by Ben Casselman.

2The underemployment rate is typically placed at nearly 40%. See Abel et al. (2014), BGT and SI (2018),
Barnichon and Zylberberg (2019), and Jackson (2023).
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worker. Third, an additional month of underemployment history is associated with 0.13%42

lower wages in college occupations.43

To explain these facts, we develop a model of underemployment grounded in the envi-44

ronments of Gonzalez and Shi (2010) and Menzio and Shi (2011). Workers enter the labor45

market and direct their search towards non-college or college jobs. The first key ingredient is46

that workers can be of either limited- or broad-suitability, where a worker’s type determines47

the probability they will produce output at any given college job. As in Gonzalez and Shi48

(2010), there is symmetric incomplete information regarding a worker’s type and learning49

occurs through search. This captures the notion that recent graduates are uncertain about50

their best fit in the labor market, especially before they begin applying for jobs.3 Those with51

a low expected suitability self-select into underemployment and continue to search on the52

job. It is at this stage where the model’s second key ingredient kicks in: underemployment53

leads to the accumulation (decay) of non-college (college) occupation-specific human capital.54

The model produces an optimality condition relating the marginal cost and benefit of55

exiting underemployment and encompasses the two channels which generate duration de-56

pendence. First, workers with a longer underemployment duration are more likely to be a57

limited suitability type and therefore less likely to match with a college job. This is the unob-58

served heterogeneity channel. Second, remaining underemployed makes workers more (less)59

productive in non-college (college) jobs, reducing the marginal benefit of exiting underem-60

ployment. This is the human capital dynamics channel. We make an identifying restriction61

to disentangle the contribution of each channel to duration dependence in underemployment62

by assuming that wages are independent of the worker’s unobserved type. This assumption63

allows the human capital dynamics channel to be identified by matching the relationship64

between wages and underemployment history, leaving the unobserved heterogeneity channel65

3Our emphasis on incomplete information is informed by Conlon et al. (2018) and Baley et al. (2022),
who document empirical support for information frictions and learning, and related work studying the role
of information frictions in shaping individual labor market outcomes (Papageorgiou, 2014; Gervais et al.,
2016; Guvenen et al., 2020).
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to be primarily pinned down by targeting the duration dependence profile.66

With our identification strategy in hand, the model is calibrated and used to decompose67

the model generated duration dependence into the two aforementioned channels. The model68

can match well, among other moments, the path of transition probabilities between non-69

college and college jobs and the relationship between underemployment and wages. In our70

main exercise, we shut down the human capital dynamics channel and find that the model71

with only unobserved heterogeneity can explain 95.27% of the duration dependence observed72

in the data. When we shut down the unobserved heterogeneity channel, the model fails73

to produce underemployment. Moreover, the model does not generate enough duration74

dependence when a worker’s type is observable. This underscores the role of unobserved75

heterogeneity in generating underemployment and the ensuing duration dependence.76

We also assess the role of bad luck versus sorting in generating long underemployment77

durations. We find that even broad-suitable workers who take longer to find their first78

job, which can occur out of bad luck due to search frictions, do not experience significantly79

longer underemployment spells than their lucky peers. This again points to the role of sorting80

in generating duration dependence in underemployment, and implies that there is a weak81

relationship between a worker’s unemployment and underemployment duration. We find82

that, just as in the model, there is a weak correlation between the length of unemployment83

and underemployment spells in the data.84

Finally, we provide empirical backing for key modelling assumptions and assess the ro-85

bustness of our quantitative results. In particular, our identifying restriction is supported by86

the fact that duration dependence in wages for transitions from underemployment is small,87

especially relative to transitions from unemployment. Therefore, our decomposition is not88

very responsive to allowing wages in college jobs to be correlated with a worker’s type. On89

the contrary, given the high degree of duration dependence in wages in transitions from90

unemployment, a decomposition of duration dependence in unemployment would be much91

more sensitive under our identification strategy.92
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Our paper relates to the growing literature which studies underemployment. We are93

unaware of any study which has documented duration dependence in underemployment94

or the relation between underemployment and wages in college jobs. Many existing models95

generate underemployment in random search environments (e.g., Shephard and Sidibé (2022)96

and Jackson (2023)).4 An exception is Barnichon and Zylberberg (2019), where workers97

direct their search to islands. We develop a competitive search model that generates duration98

dependence in underemployment, which is absent from the aforementioned models. Finally,99

we emphasize selection and information frictions as sources of underemployment and the100

resulting duration dependence.101

Underemployment is related to skill mismatch (Guvenen et al., 2020; Lise and Postel-102

Vinay, 2020; Baley et al., 2022).5 While these papers have developed innovative approaches103

for studying the implications of skill mismatch over the business- and life-cycle, we focus on104

educational mismatch for several reasons. First, the measurement of workers’ skills in those105

papers do not account for skills acquired in college as they are based on test scores measured106

before most individuals attend college. Second, underemployment has garnered significant107

attention as many countries implement policies to increase the supply of college graduates.108

A more thorough understanding of the sources and properties of underemployment has the109

potential to contribute to such policy discussions.110

We draw on the literature which has studied duration dependence in unemployment.6111

Our main findings are consistent with an emerging body of evidence showing that selection112

can account for a vast majority of duration dependence in unemployment (Jarosch and113

Pilossoph, 2019; Mueller et al., 2021; Alvarez et al., 2023). Our modelling of skill loss during114

underemployment is inspired by the literature on skill loss during unemployment (Pissarides,115

1992; Ljungqvist and Sargent, 1998). We complement this literature by documenting the116

4See Albrecht and Vroman (2002), Gautier (2002), Dolado et al. (2009), and Coskun (2020).
5We measure occupational skill requirements as in Guvenen et al. (2020) and show that they are positively

correlated with education requirements. See Figures A.1-A.2.
6Recent references include Barnichon and Figura (2015), Doppelt (2016), Fernández-Blanco and

Preugschat (2018), Kospentaris (2021), and Baydur and Xu (2024).
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relation between underemployment and wages in college occupations and by modelling the117

loss of occupation-specific human capital during underemployment.118

The rest of this paper is organized as follows. Section 2 presents the empirical evidence.119

Section 3 introduces the model, while Section 4 defines a stationary equilibrium and charac-120

terizes the sources of duration dependence. Section 5 presents the quantitative analysis and121

Section 6 concludes. Appendices A-E are in the online supplementary materials.122

2. Empirical Evidence123

This section documents three facts: (i) underemployment is more prevalent and persistent124

than unemployment, (ii) underemployment exhibits negative duration dependence, and (iii)125

longer underemployment histories are associated with lower wages in college jobs.126

We use the NLSY97 and Occupational Informational Network (O*NET).7 From the127

NLSY97, we construct a weekly history of graduates from when they enter the labor market128

until 2011. An individual’s history begins when they graduate with a BA or above and are129

not enrolled in college thereafter. We arrive at a sample of 996 who obtained a BA or above130

before 2011 and have a complete set of time-varying individual characteristics.131

An individual with a BA or above is underemployed (properly employed) if they work132

in a non-college (college) occupation. Following Abel et al. (2014) and Jackson (2023),133

non-college (college) occupations are those where less than (at least) 50% of respondents in134

O*NET releases 5.0-16.0 state that a BA or above is necessary to perform that occupation.8135

Measuring occupational mobility is prone to measurement error (Moscarini and Thoms-136

son, 2007). While this concern is mitigated in our analysis because we focus on transitions137

between two broad groups of occupations, we attempt to identify “genuine” switches. Transi-138

7Descriptions of both surveys are in Appendices A.1-A.2.
8Table A5 lists occupations around the 50% threshold while the ten most common college and non-college

occupations are listed in Table A6. The 50% cutoff produces an underemployment rate that is similar
to alternative measures of education requirements (BGT and SI, 2018; Barnichon and Zylberberg, 2019).
Appendix B assesses the robustness of our findings to alternative measures of educational requirements.
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tions from a non-college to college occupation that are accompanied by a change in employer139

are treated as genuine. For within-firm switches, we use a three-step correction. First, we140

measure skill requirements following Guvenen et al. (2020), producing a skill requirement141

vector, ri, for each occupation i. Second, we compute the angular distance between two occu-142

pations, ϕpri, rjq, when a worker transitions between occupation i and j. The final step is to143

label the transition as genuine if ϕpri, rjq ě ϕ̄, i.e., the occupations have sufficiently different144

skill requirements. The threshold, ϕ̄, is chosen so that the correlation in skill requirements145

between occupations is close to zero.9146

2.1. The Prevalence and Persistence of Underemployment147

To highlight the prevalence of underemployment, we calculate the fraction of a respondent’s148

history spent in each labor force status. From the first row of Table 1, respondents spent149

39.2% of their post-graduate career underemployed. The second row of Table 1 shows that150

the average underemployment duration is around 18 months.151

[INSERT TABLE 1 AROUND HERE.]152

2.2. Duration Dependence153

We define exiting underemployment to be when a worker transitions from a non-college to154

a college occupation between week t ´ 1 and t.10 Our objective is to estimate the negative155

exponential relationship between the probability of transitioning from underemployment to156

proper employment and the worker’s underemployment duration.11 Specifically, we estimate157

9Appendices A.3-A.4 provide more details on this correction.
10The duration dependence is similar if we allow for three weeks between transitions. See Figure A.5(a).
11This approach follows Jarosch and Pilossoph (2019). Workers with an underemployment duration ě 24

months are grouped together, as there are rarely transitions from underemployment at such durations. Figure
A.5(b) shows that the results are largely unchanged under a maximum duration of 30 months.
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the following via weighted nonlinear least squares:158

Dpτq “ b1 ` p1 ´ b1qexpp´b2 ˆ τq, (1)

where Dpτq is the average exit probability at duration τ relative to the average exit prob-159

ability of workers who have been underemployed for less than one month. To estimate (1),160

we need estimates of the average exit probabilities at each duration τ . These are obtained161

by estimating162

yit “ βτit ` Γ ¨ Xit ` δt ` ϵit, (2)

where yit is an indicator for whether individual i exited underemployment during period163

t, τ is underemployment duration, and δt contains month and year fixed effects. The vec-164

tor X contains gender, race, age, gender interacted with race, ASVAB quartile, family in-165

come, outstanding student loan debt, highest degree, gender interacted with highest degree,166

undergraduate GPA, undergraduate major (STEM or Arts and Social Sciences), and job167

satisfaction.12 We then compute the predicted transition probabilities at each duration168

τ P t1, . . . , 24u relative to τ “ 0.169

Figure 1 displays the results. The triangles and circles represent the predicted tran-170

sition probabilities generated by equation (2) with and without individual level controls,171

respectively. The curves are the result of estimating (1) on each set of relative transition172

probabilities. Controlling for observable characteristics considerably attenuates the duration173

dependence profile. While we find that demographics and ASVAB score have a sizeable effect174

on the duration dependence profile, the worker’s job satisfaction has the largest impact on175

attenuating the profile.13 After controlling for observable characteristics, we still observe a176

decline in the relative transition probability over the first year of underemployment, before177

leveling off at higher underemployment durations.178

12Figure A.4 shows that job satisfaction is significantly higher in college occupations. Table A7 shows that
STEM (Arts and Social Sciences) majors spent 32.5% (42.9%) of their labor market history underemployed.

13See Figure A.3 for a detailed analysis on the attenuation of the duration dependence profile.
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The shape of the decline in the relative exit probability is indicative of selection. If179

workers, based on unobservable characteristics, have different propensities to exit underem-180

ployment, then workers with a high exit probability will quickly leave while the long term181

underemployed will be primarily comprised of those with a low exit probability. There could182

also be structural forces causing each individual’s probability of exiting underemployment to183

decline. To examine if there is evidence supporting this, we proceed to study the relationship184

between underemployment and wages.185

[INSERT FIGURE 1 AROUND HERE.]186

2.3. Wages and Underemployment187

Longer unemployment durations are associated with lower wages (Ortego-Marti, 2016; Lau-188

reys, 2021). This fact is consistent with two prominent explanations for structural duration189

dependence: human capital depreciation and statistical discrimination. In the former, a190

worker’s skills depreciate over their unemployment spell, which lowers their productivity191

and chance to find a job. In the latter, a longer unemployment duration signals that the192

worker is less productive. To assess whether workers with a longer underemployment history193

earn lower wages in college jobs, we estimate194

wit “ αUnderhisit ` βCollegeit ` µUnderhisit ˆ Collegeit ` Γ ¨ Xit ` δi ` εit, (3)

where wit is individual i’s log wage in period t, Underhis is accumulated experience in non-195

college occupations, and College is a dummy for being employed in a college occupation.196

The vector X includes a cubic in potential experience, annual regional and national unem-197

ployment rate, a quadratic in age, family income, student loan debt, job satisfaction, region,198

and two-digit industry fixed effects. Finally, δi is an individual fixed effect.199

Table 2 presents the results. Column (6) is our preferred specification and shows that an200

additional month of underemployment is associated with 0.06% higher wages in non-college201
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jobs and 0.13% lower wages in college occupations.14 Moreover, we find that an additional202

month of unemployment (Unhis) is associated with a 1.36-1.45% decline in wages, which is203

consistent with prior literature (Addison and Portugal, 1989; Neal, 1995).204

[INSERT TABLE 2 AROUND HERE.]205

2.4. From Empirics to Theory206

This section gives a preview of how the model will generate duration dependence in un-207

deremployment and the results of Table 2. As mentioned above, the patterns in Figure 1208

are indicative of selection. To allow for this, we consider workers who are heterogeneous in209

their (unobservable) suitability for college jobs. Workers with a high (low) suitability for210

college jobs quickly (slowly) exit underemployment. Thus, the exit rate will decrease over211

the underemployment spell as the composition of workers shifts towards those with limited212

suitability.213

To reconcile the findings in Table 2, we assume underemployed workers accumulate214

non-college occupation-specific human capital, making them more productive in non-college215

jobs.15 At the same time, workers do not utilize their college-specific skills while underem-216

ployed. Therefore, a worker who transitions to a college job after a long underemployment217

spell will be less productive than one who quickly left underemployment. The former ef-218

fect leads to higher wages in non-college jobs, while the latter reduces wages in college219

jobs. Occupation-specific human capital dynamics also generates duration dependence, as220

14We conduct several robustness exercises. First, we use one-digit industry and occupation fixed effects
(Table A8). Second, we control for one-digit or two-digit occupation fixed effects in all specifications to
address the concern of occupation heterogeneity (Altonji and Shakotko, 1987) (Tables A9 and A10). Finally,
we include month and year fixed effects (Table A11). The results are similar across all specifications.

15Our modelling of human capital aligns with evidence that human capital is occupation-specific (Kam-
bourov and Manovskii, 2009). To further support this approach, Table A4 shows that the association between
underemployment and wages is decreasing in the distance in skill requirements between non-college and col-
lege occupations. The idea here is that with a larger distance in skill requirements, skills required by the
college occupation would not have been used as intensively while underemployed, causing skills used by the
college occupation to decay at a greater rate and larger wage losses.
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the benefit of exiting underemployment decreases as workers become more (less) productive221

in non-college (college) jobs.222

To identify how much of the duration dependence in underemployment is driven by se-223

lection and human capital dynamics, we impose an identifying restriction whereby duration224

dependence in wages is completely driven by human capital dynamics and not the worker’s225

suitability type. We employ this identification strategy as there is little duration dependence226

in wages for transitions from underemployment. For context, column (6) of Table 2 shows227

that an additional month of underemployment (unemployment) is associated with a 0.13%228

(1.4%) decrease in college wages. As such, our decomposition of duration dependence in un-229

deremployment does not change much when we allow wages to be correlated with a worker’s230

type. However, a decomposition of duration dependence in unemployment would be much231

more sensitive under this identification strategy, as there is significantly more duration depen-232

dence in wages for transitions from unemployment than underemployment. Sections 5.4-5.5233

present additional evidence supporting the identifying restriction and robustness checks.234

3. Model235

Time is discrete and goes on forever. There is a measure one of workers and a large measure236

of firms. All agents are risk neutral and share the discount factor β P p0, 1q. Firms are237

indexed by χ P X “ tn, cu, where n (c) denotes a non-college (college) job.238

Workers are ex-ante heterogeneous in their suitability type i P tL,Hu for college jobs,239

where the mass of type H workers is π P p0, 1q. We refer to type H (L) workers as broad-240

(limited-) suitable. A type i worker is suitable for any given college job with probability ai,241

where aH ą aL. Workers produce zero output in college jobs they are unsuitable for. There242

is symmetric incomplete information regarding a worker’s suitability type.243

Workers are also heterogeneous in their labor market history, where υ P Υ “ t0, 1, . . . , ῡu244

is the number of periods a worker has been unemployed and τ P T “ t0, 1, . . . , τ̄u is the245
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worker’s underemployment history (experience in non-college jobs). A worker’s history,246

pυ, τq, is public information.247

Upon meeting a worker, firms with college jobs observe a private signal which perfectly248

identifies unsuitable workers, allowing them to hire suitable workers and reject unsuitable249

ones. Neither workers nor other firms observe the signal. Additionally, firms operate a250

technology that maps one unit of suitable labor into yχpτq units of output where yχ: T Ñ R`,251

yn pycq is weakly increasing (decreasing) in τ , and ycpτq ą ynpτq for all τ P T .252

The labor market is organized in a continuum of submarkets indexed by ω “ pχ, υ, τ,253

xq. In submarket ω, type χ firms search for workers with history pυ, τq and offer suitable254

workers a contract worth x P R in lifetime utility.255

Each period is divided into four stages: search, matching, entry/production, and exit. In256

stage 1, firms incur a cost kχ to post a type χ vacancy and workers select a submarket to257

search in. Employed workers are endowed with λ P r0, 1s units of search intensity.258

In stage 2, suitable workers and vacancies search for each other. Let vpωq denote the259

measure of vacancies in submarket ω. Further, uipωq and eipωq denote the measure of260

unemployed and employed workers, respectively, of suitability type i searching in submarket261

ω. The effective measure of suitable workers is ψpωq “
ř

i a
ipωqruipωq ` λeipωqs, where262

aipωq “ 1 paiq if χ “ n pcq. The number of matches is given by a constant returns to263

scale matching technology F pψpωq, vpωqq. Defining θpωq ” vpωq{ψpωq as tightness, suitable264

unemployed workers match with probability ppθq “ F {ψ, where ppθq is strictly increasing265

and concave, pp0q “ 0, and pp8q “ 1. Suitable workers searching on the job find a match266

with probability λppθq. Vacancies are filled with probability qpθpωqq “ F {v, where qpθq is267

strictly decreasing and convex, qp0q “ 1, and qp8q “ 0.268

In stage 3, a measure δ of workers enter the labor market unemployed. Matches (unem-269

ployed workers) produce yχpτq (b) units of output. After producing at a college job, workers270

with τ ą 0 regain their skills with probability ϕ. Workers exit the market with probability271

δ in stage 4. There are no transitions from employment to unemployment.272
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Let µ denote the worker’s expectation that they will produce output in a college job.273

Their initial belief is µ0 “ πaH ` p1´ πqaL. Unemployed workers who search for and do not274

find a college job update their beliefs, using Bayes rule, to275

µ̂ ” Hpp, µq “ aH ´
paH ´ µqp1 ´ paLq

1 ´ pµ
, (4)

where p “ ppθq. Underemployed workers update their beliefs to Hpλp, µq. Equation (4)276

also captures firms’ beliefs about a worker’s suitability, as there is symmetric incomplete277

information. Moreover, pυ, τq is a sufficient statistic for µ as pυ, τq captures how many times278

the worker’s expected suitability was updated according to (4).16
279

The contract space is complete, which ensures that contracts offered by firms are bi-280

laterally efficient (Menzio and Shi, 2009, 2011). As multiple contracts can deliver bilateral281

efficiency, and wage data is used to estimate the model, we are explicit about the employ-282

ment contract. We follow Schaal (2017) and Baley et al. (2022) by assuming firms offer a283

contract where wages equal match output and workers incur a one-time hiring fee to com-284

pensate firms for their recruitment costs. Under this contract, firms earn a share of the285

match surplus through the one-time hiring fee, while the worker’s share is the match surplus286

net of the hiring fee.287

4. Equilibrium288

As employment contracts are bilaterally efficient, it is without loss of generality to solve the289

model where submarkets are indexed by the value delivered to the worker, x, and by charac-290

terizing the joint value of a match. Let Vu,χpυ, µq denote the lifetime utility of an unemployed291

worker, measured at the beginning of stage 3, with unemployment history υ, expected suit-292

ability µ, and who searches in a submarket with type χ jobs. They produce b and remain in293

16We show in Proposition 1 that employment in college jobs is an absorbing state. Therefore, a worker
with history pυ, τq was unemployed for υ periods before becoming underemployed for τ periods.
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the labor market with probability 1´δ. Suppose, in the next period, that the worker searches294

for a non-college job in submarket ω “ pn, υ̂, 0, xq where υ̂ “ mintυ ` 1, ῡu. The worker295

finds a match and earns the continuation value, x, with probability ppθpωqq. If the worker296

does not find a match, their continuation value is Vupυ̂, µq “ maxtVu,npυ̂, µq, Vu,cpυ̂, µqu. It297

follows that Vu,npυ, µq satisfies298

Vu,npυ, µq “ b ` βp1 ´ δqtVupυ̂, µq ` max
x

ppθpn, υ̂, 0, xqqpx ´ Vupυ̂, µqqu. (5)

Now suppose that an unemployed worker searches for a college job. Workers expect to299

find a job with probability µppθpωqq. Those who do not find one update their beliefs to300

µ̂ “ Hpppθpωqq, µq. The value of searching for a college job satisfies:301

Vu,cpυ, µq “ b ` βp1 ´ δqtVupυ̂, µ̂q ` µmax
x

ppθpc, υ̂, 0, xqqpx ´ Vupυ̂, µ̂qqu. (6)

Let Ve,npυ, τ, µq denote the joint value of a match between a non-college job and a worker302

with characteristics pυ, τ, µq. The match produces ynpτq units of output. If the worker303

remains in the market, they transition to another job with probability λµppθpωqq and the304

worker’s (firm’s) continuation value is x (0). If the match survives, the continuation value is305

Ve,npυ, τ̂ , µ̂q, where τ̂ “ mintτ ` 1, τ̄u. Thus, Ve,npυ, τ, µq satisfies306

Ve,npυ, τ, µq “ ynpτq ` βp1 ´ δqtVe,npυ, τ̂ , µ̂q ` λµmax
x

ppθpc, υ, τ̂ , xqqpx´ Ve,npυ, τ̂ , µ̂qqu. (7)

Equation (7) implies that underemployed workers only search for college jobs. As shown in307

Proposition 1 in the supplementary materials, this is because workers employed in type χ308

jobs cannot generate additional surplus by transitioning to another type χ job.309

For a worker with characteristics pυ, τ, µq employed at a college job, the match produces310

ycpτq units of output. With probability ϕ, the worker regains their skills and produces ycp0q311
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for the remainder of the match. The joint value, Ve,cpυ, τ, µq, satisfies312

Ve,cpυ, τ, µq “ ycpτq ` βp1 ´ δqtϕVe,cpυ, 0, µq ` p1 ´ ϕqVe,cpυ, τ, µqu. (8)

Proposition 1 also shows that proper employment is an absorbing state, as properly employed313

workers cannot generate additional surplus by moving to a non-college job.314

The firm’s cost to create a vacancy is kχ whereas the benefit from posting a vacancy315

in submarket ω “ pχ, υ, τ, xq is qpθpχ, υ, τ, xqqtVe,χpυ, τq ´ xu.17 In submarkets visited by316

workers, tightness is consistent with firms’ incentives to create vacancies if and only if317

kχ ě qpθpχ, υ, τ, xqqtVe,χpυ, τq ´ xu, (9)

and θpχ, υ, τ, xq ě 0 with complementary slackness.318

Definition 1. A stationary recursive equilibrium consists of a belief function µ̂pp, µq, tight-319

ness function θpωq, value and policy function for unemployed workers, Vupυ, µq and ω˚
upυ, µq,320

joint value and policy function, Ve,χpυ, τ, µq and ω˚
e,χpυ, τ, µq, and a distribution of workers321

that satisfies the following conditions. First, µ̂pp, µq is given by (4). Second, θpωq satisfies322

(9) and the slackness condition for all ω. Third, Vupυ, µq “ maxtVu,npυ, µq, Vu,cpυ, µqu where323

Vu,npυ, µq and Vu,cpυ, µq satisfy (5)-(6) and ω˚
upυ, µq is the associated policy function. Fourth,324

Ve,χpυ, τ, µq for χ P X satisfies (7)-(8) and ω˚
e,χpυ, τ, µq are the associated policy functions.325

The distribution of workers satisfies the laws of motion specified in Appendix D.1.326

As established by Menzio and Shi (2010, 2011) for directed search models with free327

entry and bilateral efficiency and Schaal (2017) for similar environments with two-sided328

heterogeneity, a recursive equilibrium exists and is block-recursive (BRE). As workers self-329

select into submarkets based on their observable characteristics, firms know they will only330

meet one type of worker in their respective submarket. Additionally, the hiring protocol and331

17Ve,χpυ, τq and Ve,χpυ, τ, µq are equivalent as pυ, τq is a sufficient statistic for µ.
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matching function specification of Gonzalez and Shi (2010) implies that firms do not need332

to keep track of the composition of suitable workers in each submarket. Hence, tightness333

in each submarket is independent of the distribution of workers across employment statuses334

and the composition of worker suitability.335

4.1. Duration Dependence in Underemployment336

This subsection describes how the model generates duration dependence in underemploy-337

ment and distinguishes between the underlying channels.18 To begin, we combine the entry338

condition (9) with (7), which allows us to write the problem of an underemployed worker as339

a choice of tightness. The first order condition is given by340

kc ě p1
pθ˚
c,υ,τ qpVe,cpυ, τ, µq ´ Ve,npυ, τ, µ̂qq, (10)

and θ˚
c,υ,τ ě 0 with complementary slackness. As workers exit underemployment with prob-341

ability µλppθ˚
c,υ,τ q, there are two channels which generate duration dependence in under-342

employment. First, workers with higher τ have a lower expected suitability, µ. This is343

the unobserved heterogeneity channel. Second, underemployment reduces (increases) the344

worker’s productivity in college (non-college) jobs, putting downward pressure on the sur-345

plus generated by escaping underemployment, tightness θ˚
c,υ,τ , and the matching probability346

ppθ˚
c,υ,τ q. This is the human capital dynamics channel.347

How can the model distinguish between unobserved heterogeneity and human capital348

dynamics? Recall that workers earn a wage that is equal to match output. Moreover, match349

output, yχpτq, is independent of a worker’s suitability type. This is our identifying restriction,350

as it means that the model’s relationships between underemployment history and wages are351

completely driven by the growth and decay of occupation-specific human capital.352

There is an additional outcome that can distinguish between the two channels. Con-353

18We thank an anonymous referee whose suggestions led to the development of this subsection.
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sider the path of transition probabilities from underemployment to proper employment354

tµτλppθ˚
c,υ,τ quτ̄τ“1. Proposition 2 in the supplementary materials shows that the model with355

only human capital dynamics generates a transition path that is generally decreasing and356

concave, especially at higher values of τ . The intuition is that as τ increases, the surplus357

generated by a worker exiting underemployment decreases. As the surplus continues to358

decline, each additional period of underemployment causes a larger relative change in the359

match surplus, meaning that the responses of vacancies, tightness, and the exit probability360

become progressively larger as the worker remains underemployed.361

With unobserved heterogeneity only, the path is generally decreasing and convex. This362

is because the path’s shape is primarily determined by the evolution of the expected suit-363

ability, µτ , which typically has a convex shape (see Proposition 3 in the supplementary364

materials).19 Intuitively, workers learn more from not finding a college job early in their365

underemployment spell, causing them to rapidly downgrade their beliefs. As the worker re-366

mains underemployed, the changes in µτ become progressively smaller, leading to a transition367

path that becomes flat at higher values of τ .368

5. Quantitative Analysis369

This section presents our calibration strategy, quantitative findings, evidence supporting key370

modelling assumptions, and robustness checks.371

5.1. Calibration372

A unit of time is one month, ῡ “ 12, and τ̄ “ 24. The matching technology is F pψ, vq “
ψv
ψ`v

373

and the production functions are yχpυ, τq “ gχe
pdχ,υpυ´1q`dχ,τ τq for χ P X, which allows for374

skill loss during unemployment. There are 16 parameters. The discount factor is β “ 0.951{12
375

19The matching probability, ppθq, does not vary much with τ in our quantitative analysis as there are
offsetting effects of an increase in τ on the surplus generated by exiting underemployment.
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and we normalize the economy by setting gc “ 1. The remaining 14 parameters are calibrated376

via method of simulated moments (MSM) to match 33 moments. The first moment is377

b{rAverage labor productivitys “ 0.71 (Hall and Milgrom, 2008). Second is the college job378

wage premium, i.e., how much higher a worker’s wage is in a college job than in a non-379

college job. Following the approach of Barnichon and Zylberberg (2019) gives a premium of380

25.97%.20 We also target the regression coefficients in column (6) of Table 2. The remaining381

moments are an unemployment rate of 8.1%,21 underemployment rate of 41.6%, average382

months spent unemployed before entering underemployment for the first time (2.147), and383

the path of 24 transition probabilities from non-college to college jobs that controls for384

observable characteristics (the red line in Figure 1).385

The skill parameters tdχ,υ, dχ,τu for χ P X are chosen to match the regression coefficients386

in column (6) of Table 2. While each of the 10 remaining parameters impacts all of the387

remaining moments, one can view b as targeting the b{rAverage labor productivitys ratio, gn388

the college job wage premium, and tkn, kcu the unemployment and underemployment rates389

as the entry costs affect both the amount and composition of vacancies.390

The unobserved heterogeneity parameters, tπ, aL, aHu, are chosen to match two features391

of the path of transition probabilities and the average number of months spent unemployed392

before becoming underemployed for the first time. The lower bound of the transition path393

is informative of aL. The reason is that µ Ñ aL as τ Ñ τ̄ . In words, workers who re-394

main underemployed learn that they are likely a limited-suitable worker. It follows that395

the transition path at higher underemployment durations is largely determined by aL as396

λµτppθτ q Ñ λaLppθτ q as τ Ñ τ̄ . Figure 2(a) shows that the transition path levels off at a397

higher (lower) transition probability with a higher (lower) value of aL.398

[INSERT FIGURE 2 AROUND HERE.]399

20See Appendix C.1 for more details.
21We target the nonemployment rate because, in the data, there are a significant number of transitions

from not in the labor force to employment.
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The “convexity” of the transition path is informative for aH . This is because, as aH400

increases, broad-suitable workers leave underemployment at a higher rate. So, workers who401

remain underemployed quickly realize they are likely a limited-suitable worker. Figure 2(b)402

shows that as aH increases, the transition path declines at a higher rate initially, as workers403

quickly downgrade their expected suitability, before leveling off and giving a transition path404

with a more pronounced convex shape.405

We then utilize the occupation choice of an unemployed worker to calibrate π. Recall that406

a worker’s initial expected suitability is µ0 “ πaH ` p1 ´ πqaL. Initial beliefs are important407

in determining which type of job an unemployed worker searches for. If the worker has lower408

initial beliefs, they will spend more time searching for a non-college job as there is little409

expected benefit to searching for a college job. With aL and aH pinned down by the lower410

bound and convexity of the transition path, π is the only free parameter in determining411

the initial beliefs. We calibrate π by targeting the average number of months between a412

worker entering the labor market and beginning their first underemployment spell, which413

we refer to as the U2N duration. Figure 2(c) displays the type of job workers search for414

at each unemployment duration. For example, at π “ 0.05, the worker searches for a non-415

college job for their first five periods of unemployment, and then uses the remainder of their416

unemployment spell to search for a college job. The U2N duration associated with each417

value of π is listed next to the black arrows. As π decreases, workers search longer for a418

non-college job, causing the U2N duration to increase.419

There are three remaining parameters tλ, δ, ϕu that can be interpreted as being chosen420

to fine-tune the model’s fit to the 33 moments. Intuitively, λ directly affects the job-to-job421

transition probability of suitable workers, λppθq, while δ impacts the expected duration of422

a match and therefore tightness, θ. Therefore, adjusting tλ, δu improves the model’s fit to423

the path of transition probabilities. As seen in Figure 2(c), changing π can cause discrete424

jumps in the U2N duration when a worker changes the number of months spent searching for425

a non-college job. Changing ϕ impacts tightness and therefore the average unemployment426
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duration, helping improve the model’s fit to the U2N duration.427

We now introduce the estimation procedure. Denoting m̃ (m) as the vector of 33 model428

generated (empirical) moments, the vector of 14 parameters, ϑ̂, is given by429

ϑ̂ “ argmin
`

m̃ ´ m
˘1
W

`

m̃ ´ m
˘

. (11)

We use two weighting matrices, W . The first, and one we use throughout this section, is430

W “ I{m2, where I is the identity matrix. This scaled identity matrix minimizes the sum of431

squared percentage deviations between the model and empirical moments and does not place432

more weight on moments which are larger in magnitude. Table 3 and Figure 3 show that433

the model matches the data well. Table 4 displays the parameter values. We also use the434

inverse variance-covariance matrix of the empirical moments for W , which produces similar435

parameter values. See Appendix C.2 for more details.436

[INSERT TABLE 3 AROUND HERE.]437

[INSERT FIGURE 3 AROUND HERE.]438

5.2. Decomposing Duration Dependence439

This section evaluates the relative contributions of unobserved heterogeneity and human cap-440

ital dynamics in generating duration dependence. Beginning with Figure 4(a), we present441

the transition path from the data, model, and model without skill dynamics during under-442

employment by setting dn,τ “ dc,τ “ 0. The model with only unobserved heterogeneity443

generates a substantial amount of duration dependence.444

We next ask what percentage of the decline in the transition probability at each under-445

employment duration relative to the transition probability at τ “ 1 observed in the data can446

be explained the model with unobserved heterogeneity only. Figure 4(b) illustrates that the447

model with only unobserved heterogeneity explains at least 94% of the decline.448

19



[INSERT TABLE 4 AROUND HERE.]449

To arrive at an aggregate decomposition, we compute the weighted average of the fraction450

explained by unobserved heterogeneity over all τ . The weights are the fraction of underem-451

ployed workers who, in the steady-state, are employed at each τ . After removing human452

capital dynamics during underemployment, the model can explain 95.27% of the duration453

dependence. Therefore, unobserved heterogeneity is the primary driver of duration depen-454

dence in our model.22
455

[INSERT FIGURE 4 AROUND HERE.]456

Next, we turn off the unobserved heterogeneity channel by setting aL “ aH “ 1 while457

all other parameters take the values in Table 4. Our main finding here is that workers458

never select into underemployment. Thus, both the duration dependence and existence of459

underemployment are closely tied to the presence of unobserved heterogeneity.460

To conclude this section, we ask to what extent information frictions matter in gener-461

ating underemployment and duration dependence. To answer this, we solve the version of462

our model where a worker’s suitability type is public information (see Appendix E for de-463

tails). Two findings emerge from removing information frictions. First, under the calibrated464

values in Table 4, broad-suitable workers never search for a non-college job. Therefore, the465

pool of underemployed workers contains only limited-suitability workers. Second, the full466

information model generates a negligible amount of duration dependence, as the transition467

probability decreases from 0.011 at τ “ 1 to 0.010 at τ “ 24. It follows that information468

frictions are a key ingredient in generating an amount of duration dependence commensurate469

with what is observed in the data.470

22Appendix A.11 provides suggestive evidence for the presence of unobserved heterogeneity in the data.
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5.3. Sorting and Bad Luck471

To this point, our main quantitative finding is that a vast majority of the duration depen-472

dence observed in the data is accounted for by unobserved heterogeneity. A related and open473

question is what role bad luck plays in generating long underemployment durations. To eval-474

uate the role of bad luck, we simulate the model and compare two groups of broad-suitable475

workers. The first group, “lucky”, are those who find their first job within three months476

of entering the labor market. The second, “unlucky”, are those who take more than three477

months to find their first job. Figure 5 compares the fraction of each month spent in each478

labor market status across the two groups. From Figure 5(a), unlucky workers gradually479

transition into underemployment after spending their first three months unemployed. De-480

spite a slow start, the average underemployment duration among the unlucky (lucky) group481

is 5.58 p5.54q months, which suggests that there is little relation between the length of an482

unemployment and underemployment spell.483

[INSERT FIGURE 5 AROUND HERE.]484

Table 5 shows that, similar to the model, there is a weak correlation between unemploy-485

ment and underemployment durations in the data.23 This is consistent with the intuition486

above. Workers exit underemployment relatively quickly (slowly) if they are a broad-suitable487

(limited-suitable) worker, irrespective of their unemployment history.488

[INSERT TABLE 5 AROUND HERE.]489

To further understand the model generated correlation between a worker’s unemploy-490

ment and underemployment duration, recall that the identifying restriction pins down the491

skill growth and decay parameters. Moreover, the unobserved heterogeneity parameters are492

chosen to match the shape of the transition path and U2N duration. Through this identifi-493

cation strategy, we found aH “ 0.354 and aL “ 0.023, meaning that broad-suitable workers494

23Appendix A.9 contains more details on the construction of Table 5.
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exit underemployment at a much higher rate than limited-suitable workers. Moreover, the495

skill loss parameters are not large enough to generate lasting effects on the productivity of496

the worker. Hence, a long unemployment spell does not have persistent effects on an unlucky497

worker’s chances to exit underemployment.498

5.4. Discussion of Main Assumptions499

To support the notion that college graduates are uncertain about their type and learn over500

time, we use the National Longitudinal Survey of Youth 1979 (NLSY79), where respondents501

indicated their expected occupation in 5 years and at age 35, allowing us to construct forecast502

errors between their actual and expected occupations. We report three main findings here503

and delegate the details to Appendix A.8. First, most college graduates make forecast errors504

regarding their future occupation. Second, those who make larger forecast errors are more505

likely to become underemployed, especially early in their career. The third finding is related506

to the correlation between graduates’ actual and predicted forecast errors. Under the null507

hypothesis that workers know their type, the correlation between the actual and predicted508

errors is zero (Chahrour and Ulbricht, 2023). We find a statistically significant positive509

correlation, which not only suggests that graduates do not know their type, it indicates that510

they learn their type over time (Baley et al., 2022).511

Our identifying restriction is that output is independent of a worker’s suitability type.512

Under this assumption, the relationship between wages and a worker’s employment history is513

driven by human capital dynamics only. Moreover, the identifying restriction acts to dampen514

the role of information frictions in generating duration dependence, as a worker’s expected515

suitability does not impact the output of a suitable match.516

Suppose instead that the production function in college jobs was given by yicpτq with517

yLc pτq ă yHc pτq for all τ P T . We show in Appendix A.10 that two crucial determinants of518

the duration dependence in college wages tied to the unobserved heterogeneity channel are519

(i) the rate at which beliefs evolve over the underemployment spell and (ii) the difference in520
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output across suitability types. As shown in Proposition 3, if beliefs are low enough upon521

entering underemployment, then the beliefs follow a convex shape with a steep initial decline522

and then level off at higher values of τ . Appendix A.10 shows that we find little evidence523

in the data to support a convex pattern in the association between underemployment and524

wages in college jobs. On the second determinant, yHc pτq ´ yLc pτq, Figure A.7 shows that525

the decline in relative wages is minimal relative to that in the exit probability, suggesting526

that differences in output across suitability types are small. To further solidify this point,527

we calibrate a version of the model where yHc pτq “ αyLc pτq and find α “ 1.07. Thus, the528

calibration assigns modest differences in productivity across suitability types. Moreover,529

we still find that unobserved heterogeneity explains the majority of duration dependence in530

underemployment (98.80%). See Appendix C.3 for the specifics on this calibration.531

To summarize, we find that the magnitude and shape of duration dependence in wages532

for transitions from underemployment in the data do not support large differences in output533

across types or a strong correlation between wages and a worker’s type. As such, relaxing534

the identifying restriction leads to a similar decomposition, where unobserved heterogeneity535

accounts for an even larger percentage of the duration dependence in underemployment.536

Finally, it should be noted that a decomposition of duration dependence in unemployment537

would be more sensitive to this identification strategy, as there is much more duration de-538

pendence in wages in transitions from unemployment than underemployment.539

The ability to search on the job is an important avenue through which broad-suitable540

workers exit underemployment, and makes workers more willing to enter underemployment541

in light of the uncertainty they face about their suitability. Moreover, the search intensity542

of underemployed workers, λ, is influential in determining the amount of information un-543

deremployed workers acquire from not finding a college job.24 The inclusion of on the job544

search is motivated by the fact that 79.5% of transitions from underemployment to proper545

24Recall that underemployed workers update their beliefs according to Hpλp, µq in (4). All else being
equal, a higher λ implies a higher job finding probability of suitable workers, meaning workers will place
more weight on the possibility they are a limited-suitable type if they do not find a college job.
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employment in our NLSY97 sample occur through a job-to-job transition.546

Finally, the model does not feature interactions between those with and without a college547

degree. While such interactions are important for the cyclicality of underemployment (Bar-548

nichon and Zylberberg, 2019), we abstract from including less-educated workers because the549

block-recursive nature of the equilibrium would result in workers self-selecting into different550

submarkets based on their educational attainment (and other observable characteristics).551

Therefore, the entry of firms and duration dependence in underemployment would not be552

impacted by having less-educated workers in the model.553

One way to generate interactions between less- and highly educated workers is to depart554

from the directed search environments of Gonzalez and Shi (2010) and Menzio and Shi (2011).555

One could also assume output from non-college and college jobs are imperfect substitutes556

in the production of a final good. While these are interesting extensions, they would bring557

complications, as agents would need to keep track of the distribution of workers.558

5.5. Robustness of Duration Dependence Decomposition559

To assess the sensitivity of our main quantitative result, the decomposition of duration560

dependence, we conduct several robustness exercises.561

Recall that we define a college job as an occupation where at least 50% of O*NET562

respondents indicate that a bachelor’s degree or above is required to perform that job. We563

consider two alternative definitions. First, we adjust the threshold from 50% to 42.27% as564

this threshold corresponds to where 40% of occupations are classified as college occupations.565

With this definition in hand, we update the empirical moments, re-calibrate the model, and566

find that unobserved heterogeneity explains 92.96% of the duration dependence observed in567

the data. This is similar to our baseline result of 95.27%.568

Next, we follow Barnichon and Zylberberg (2019) in using the 2012 Occupation Outlook569

Handbook published by the BLS to measure education requirements. The handbook lists570

the typical education needed for entry into each occupation. We define a college occupation571
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as one in which a BA or above is typically required for entry. It is worth noting that 93.6%572

of occupational classifications (non-college vs. college) are the same as our baseline definition573

using O*NET. It is not surprising then that we find similar results. Namely, we find that574

unobserved heterogeneity explains 94.02% of the duration dependence. Appendix B shows575

the details behind the alternative definitions of non-college and college occupations, the576

empirical moments, calibrations, and full set of quantitative results under each definition.577

The next robustness check uses estimates from Dinerstein et al. (2022) on the rate of578

skill depreciation and returns to experience instead of relying on the identifying restriction579

to calibrate the skill accumulation and loss parameters during underemployment. To sum-580

marize, Dinerstein et al. (2022) estimate an annual skill depreciation rate of 4.2% and net581

returns to working on productivity of 2.5%. After setting the skill loss and accumulation582

parameters, dχ,τ for χ P X, so that the model is consistent with the evidence from Dinerstein583

et al. (2022) and calibrating the rest of the parameters as in our baseline strategy, we find584

that unobserved heterogeneity explains 94.99% of duration dependence in underemployment.585

Appendix C.4.1 contains more particulars about this exercise.586

Finally, recall that workers compensate firms for their recruiting costs through a one-time587

hiring fee. While our baseline analysis uses the wages under this contract to discipline the588

skill loss and accumulation parameters, we can also use the worker’s effective wage. That is,589

the wage workers would earn if they instead paid a per-period fee to the firm. Suppose that590

the worker pays a fee ξ̃χpυ, τ) to the firm each period, where the present discounted value of591

the payments is equivalent to a one-time fee paid at the beginning of the match. The effective592

wage is w̃χpυ, τq “ yχpυ, τq ´ ξ̃χpυ, τq. With the effective wages in hand, we re-calibrate the593

model and find that unobserved heterogeneity explains 98.36% of the duration dependence594

in underemployment. The specifics of the effective wages, calibration, and decomposition595

exercise can be found in Appendix C.4.2.596
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6. Conclusion597

This paper has studied underemployment durations among recent college graduates in the598

US. Using the NLSY97, we have shown that the probability a worker exits underemployment599

decreases in their underemployment duration and that longer underemployment histories are600

associated with lower wages in college occupations.601

To explain these facts, we developed a directed search model with unobserved hetero-602

geneity, occupation-specific human capital, and on the job search. Workers learn about603

their job-finding probability in college jobs through search. Underemployment is generated604

when workers with a low expected suitability self-select into non-college jobs. Underem-605

ployed workers face both the accumulation of non-college and decay of college skills, creating606

structural duration dependence in underemployment.607

A quantitative analysis shows that, through the lens of our model, unobserved heterogene-608

ity is a large source of both the existence of underemployment and the duration dependence609

observed in the data. However, if the duration dependence in underemployment we have610

documented is driven by factors outside our model that are unrelated to wages (e.g., if un-611

deremployed workers become discouraged and no longer apply to college jobs), then true612

duration dependence could have a larger role than our findings suggest. We leave these613

interesting extensions to future research.614
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Table 1: Frequency and Duration Across Labor Market Statuses

Labor force status Unemployed Underemployed Properly employed

Ratio 0.031 0.392 0.522
Duration (months) 2.39 18.22 22.62

Notes: 5.6% of observations are outside the labor force.

30



Figure 1: Duration Dependence in Underemployment
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Table 2: Unemployment, Underemployment, and Wages

(1) (2) (3) (4) (5) (6)

Unhis -0.0145*** -0.0145*** -0.0139*** -0.0136***
(0.0009) (0.0009) (0.0011) (0.0011)

Underhis 0.0003*** 0.0003*** 0.0007*** 0.0006***
(0.0001) (0.0001) (0.0001) (0.0001)

Unhis ˆ College -0.0009 -0.0004
(0.0013) (0.0013)

Underhis ˆ College -0.0020*** -0.0019***
(0.0002) (0.0002)

Occupation (2-digit) FE ✓ ✓ ✓

N 172,149 172,149 172,149 172,149 172,149 172,149
R2 0.791 0.790 0.791 0.782 0.782 0.783

Notes: Robust standard errors are in parentheses. *(p ă 0.10), **(p ă 0.05), ***(p ă 0.01).
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(a) Transition Path and aL (b) Transition Path and aH

(c) U2N Duration and π

Figure 2: Identification of tπ, aL, aHu
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Table 3: Model and Data Comparison

Moment Target Model Moment Target Model

Unemployment rate 0.081 0.081 Blogpwnq{Bυ -0.014 -0.014
Underemployment rate 0.416 0.414 Blogpwcq{Bυ -0.014 -0.014
U2N duration 2.147 2.111 Blogpwnq{Bτ 0.001 0.001
College job premium 0.260 0.259 Blogpwcq{Bτ -0.001 -0.001
b/[Average labor productivity] 0.710 0.707 - - -
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Figure 3: Duration Dependence in the Model and Data
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Table 4: Parameter Values

Definition Value Definition Value

β Discount factor 0.996 aL Suitability pr.: type L 0.023

δ Entry/exit probability 0.011 aH Suitability pr.: type H 0.354

gc College productivity 1.000 π Pr. of being a type H worker 0.049

gn Non-college productivity 0.745 ϕ Pr. of regaining college skills 0.006

b Utility while unemployed 0.611 dc,υ College skill loss: unemp. ´0.014

kn Non-college vacancy cost 2.167 dc,τ College skill loss: underemp. ´0.001

kc College vacancy cost 2.054 dn,υ Non-college skill loss: unemp. ´0.014

λ Employed search intensity 0.851 dn,τ Growth of non-college skills 0.001
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(a) Path of Transition Probabilities (b) Fraction Explained at each τ

Figure 4: Duration Dependence Decomposition
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(a) Unlucky Workers (b) Lucky Workers

Figure 5: Percentage of Time Spent in Various Labor Market Statuses
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Table 5: Correlation between Unemployment and Underemployment Durations

Data
Model

Unconditional Conditional

First U2N transition ´0.008 (0.854) 0.020 (0.898)
´0.025 (0.035)

All U2N transitions ´0.024 (0.446) 0.035 (0.742)

Notes: p-values in parentheses. The model generated correlation and
p-value is the average correlation and p-value across 100 simulations of
our model, where each simulation simulates the labor market history of
10, 000 workers. The p-value within each simulation is obtained by testing
the null hypothesis corrpυ, τq “ 0.
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