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I. Introduction

Despite substantial convergence in gender wage and employment differ-
entials over the 1970s and 1980s, significant differences remain, with
women earning on average 25% less than men (Blau and Kahn 2006;
Flabbi 2010b). A large empirical literature uses data from the United
States and Europe to investigate the reasons for gender disparities. Indi-
vidual attributes, such as years of education and work experience, ac-
count for a portion of gender wage and employment gaps, but a substan-
tial unexplained portion remains. The early gender wage gap literature
generally attributed residual gaps to unobserved productivity differences
and/or labor market discrimination.
In recent decades, however, there is increasing recognition that non-

cognitive skills, such as personality traits, are important determinants of
worker productivity and may also contribute to gender disparities. The
most commonly used noncognitive measurements are the so-called Big
Five personality traits, which measure an individual’s openness to experi-
ence, conscientiousness, extroversion, agreeableness, and neuroticism
(the opposite of emotional stability).1 Figure 1 compares the distribution
of the Big Five personality traits in our data for women andmen. Women
are more likely to score in the highest categories on openness to experi-
ence, conscientiousness, extroversion, and agreeableness and in the low-
est categories on emotional stability. Similar patterns have been docu-
mented for many countries, and these trait differences have been shown
to be significantly associated with gender wage gaps (e.g., Nyhus and Pons
2005; Mueller and Plug 2006; Braakmann 2009; Heineck 2011; Cattan
2013). However, the mechanisms through which personality traits affect
labor market outcomes have seldom been explored.
This paper examines the relationship between personality traits and

labor market outcomes within a partial equilibrium job search model.
We develop and estimate a model in which personality traits potentially
operate through multiple channels. In the model, workers—who are het-
erogeneous in their characteristics—randomly receive employment op-
portunities from firms characterized in terms of idiosyncratic match pro-
ductivity values. Workers’ human capital accumulates while they are
employed and depreciates while they are unemployed. Firms and job
searchers divide thematch surplus using a Nash bargaining protocol, with
the fraction going to the worker determined by a bargaining parameter.

Yale University, Duke University, and University of Chicago and in seminars at the Federal
Reserve Bank of Chicago, Bocconi University, University of Stockholm, Cambridge Univer-
sity, University of Warwick, University of Virgina, Pennsylvania State University, New York
University, and University of Pennsylvania. This paper was edited by Magne Mogstad.

1 The measures aim to capture patterns of thoughts, feelings, and behavior that corre-
spond to individual differences in how people actually think, feel, and act (Borghans et al.
2008; Almlund et al. 2011).

000 journal of political economy



We propose a new way of incorporating individual heterogeneity into the
search framework by specifying job search parameters as index functions
of a possibly high-dimensional set of worker attributes, including both
cognitive and noncognitive trait measures. We use the estimated model
to explore how cognitive and noncognitive traits affect hourly wages, em-
ployment, and labor market dynamics and to better understand gender
wage gap determinants. The modeling framework that we develop allows

FIG. 1.—Distribution of Big Five personality traits by gender. The distributions are de-
rived from individuals aged 25–60 who report personality traits in the GSOEP. Each trait
is measured on a scale of 1–7.
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examination of gender differences in the ex ante and ex post value of en-
tire labormarket careers, not just in wages at a point in time. Understand-
ing the mechanisms through which gender labor market disparities arise
is important for designing effective labor market policies aimed at reduc-
ing these disparities.
This paper contributes to a relatively small literature in which job

search models are used to analyze gender wage gaps (e.g., Bowlus and
Grogan 2008; Flabbi 2010a; Liu 2016; Amano-Patino, Baron, and Xiao
2020; Morchio and Moser 2020; Xiao 2020). Our paper differs in several
respects from these papers, principally because of our focus on personal-
ity traits as partial drivers of gender differences. Unlike Flabbi (2010a),
for example, we do not explicitly incorporate gender discrimination in
our model. Rather, the existence of gender discrimination may be indi-
rectly indicated by gender differences in the returns to various observed
characteristics of labor market participants.
The distribution of work experience differs notably between genders

in most countries, a trend that is also evident in the German labor mar-
ket. Previous analyses of gender differences using a search framework
most often assumed that there is no accumulation of additional human
capital once individuals enter the labor market.2 Building on the tradi-
tional Bertrand competition model with bargaining (e.g., Dey and Flinn
2005; Cahuc, Postel-Vinay, and Robin 2006) and inspired by the ap-
proaches of Bagger et al. (2014), Burdett, Carrillo-Tudela, and Coles
(2016), Flinn, Gemici, and Laufer (2017), and Amano-Patino, Baron, and
Xiao (2020), our model incorporates human capital appreciation and
depreciation. One important difference, however, between our approach
and those of previous studies is our wage-settingmechanism. For example,
the Bagger et al. (2014) study assumes that workers receive a fixed share
of the expected match surplus, and this condition is used to solve for a
piece rate offer. In their model, the worker’s wage increases at a job as
a result of learning by doing and potentially as a result of the worker re-
ceiving alternative offers that lead to a renegotiation of the piece rate but
not job dissolution. Alternatively, Burdett, Carrillo-Tudela, and Coles
(2016) assume a wage-posting equilibrium in which firms post a constant
piece rate offer, with the wage at any moment in time determined by the
fixed piece rate and the individual’s continuously increasing level of gen-
eral human capital. Our approach largely builds on the human capital
and search framework of Burdett, Carrillo-Tudela, and Coles (2016),
but given our interest in exploring the impact of personality and gender
on bargaining outcomes, we found it essential to adopt a search frame-
work that features worker-firm bargaining over wages.

2 One notable exception is Amano-Patino, Baron, and Xiao (2020), whose model fea-
tures wage posting and human capital accumulation and expands on the framework devel-
oped by Burdett, Carrillo-Tudela, and Coles (2016).
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An advantage of thematching and bargaining framework with Bertrand
competition that we implement is that the wage determination function is
tractable, as in Cahuc, Postel-Vinay, and Robin (2006) and Bagger et al.
(2014). However, it markedly departs from previous research by introduc-
ing flexibility in how job search parameters are influenced by a larger set
of observed characteristics that include cognitive ability measures and the
Big Five personality traits.3Throughour use of this framework, we are able
to quantify the significance of workers’ characteristics on the gender wage
gap through four distinct channels: initial human capital levels, job find-
ing rates, job loss rates, and bargaining power.
Model parameters are estimated by maximum likelihood using data

from theGerman Socio-Economic Panel (GSOEP), a large-scale represen-
tative longitudinal sample of German households. (Goebel et al. 2019) We
focus on working age (ages 25–60) individuals surveyed in 2013 and fol-
lowed until 2019. We use information on their gender, age, education,
cognitive skills (measured by a test), work and unemployment experi-
ences, wages, job transitions, andBig Five personality traitmeasurements.
We show that personality traits are significantly associated with hourly
wages and unemployment/employment spell lengths.
We estimate three different but nestedmodel specifications that incor-

porate varying degrees of individual heterogeneity. In the most general
specification, initial human capital endowments, job arrival rates, job exit
rates, and bargaining parameters all depend, through indexes, on a com-
prehensive set of measured worker characteristics that include cognitive
and noncognitive skill measures. In the less general specification, we al-
low parameters to vary by the same characteristics but exclude the non-
cognitive measures (i.e., personality traits). In the most restrictive version,
we allow parameters to vary only by gender. Likelihood ratio (LR) tests
overwhelmingly reject the more restrictive specifications in favor of the
one that allows for the highest degree of heterogeneity, and that model
also provides a better visual fit to the data.
Using our estimated heterogeneous job search model, we simulate

steady-state labor market outcomes for men and women. We analyze how
each of the cognitive traits (education, cognitive skills) and each of the per-
sonality traits, ceteris paribus, affects labor market outcomes. We find that
the effects of personality traits on men’s and women’s outcomes are quali-
tatively similar but quantitatively different. For both men and women, con-
scientiousness and emotional stability increase hourly wages and shorten
unemployment spells, whereas agreeableness leads to worse labor market

3 In the estimation of structural search models, conditioning variables are often used to
define labor markets, and then estimation proceeds as if these labor markets are isolated
from one another. In our case, the labor market parameters are allowed to depend on a
linear index of individual characteristics, including personality measures. In this sense,
each individual inhabits their own personal frictional labor market.
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outcomes. The results indicate that a 1 standard deviation increase in
conscientiousness results in a 2.5% and 1.2% increase in average wages
for men and women, respectively. An increase of similar magnitude in
emotional stability increases average wages by 4.9% for men and 3.5%
for women.However, a 1 standard deviation increase in agreeableness de-
creases average wages by 3.3 for both men and women.
In order to assess the relative importance of personality traits and other

characteristics in explaining gender wage gaps, we perform a decompo-
sition similar in spirit to an Oaxaca-Blinder decomposition but adapted
to our nonlinear model setting. Results show that work experience and
personality traits are the two main factors contributing to the gender
gap, with effects of similar magnitude. Eliminating gender differences
in work experience would reduce the wage gap by 19.8%. Equalizing av-
erage personality traits would reduce the wage gap by 19.2%. Detailed in-
vestigation of different traits shows that agreeableness and emotional sta-
bility contribute the most to the gender wage gap. In particular, women’s
higher average levels of agreeableness and lower average levels of emo-
tional stability relative to men substantially reduce their bargaining power
and lower their initial human capital endowment.
Our decomposition also indicates that part of the gender pay gap is ex-

plained by the fact that women’s educational attainment and personality
traits are valued less than those of men. Giving women the return to ed-
ucation estimated for men reduces the wage gap by 3.9%. Similarly, giv-
ing women men’s estimated personality trait coefficients reduces the
wage gap by 6.1%. Thus, a hypothetical policy that equalized the returns
on both cognitive and noncognitive skills for men and women would re-
duce the gender pay gap by 10%. Among the Big Five personality traits,
the gender difference in the estimated parameters associated with agree-
ableness stands out as the most significant contributor to the gender
wage gap. Being agreeable lowers wages for both genders, but the penalty
is more pronounced for women, predominantly via the bargaining chan-
nel (5.0%). Consequently, women—who generally exhibit higher levels
of agreeableness than men—receive a double penalty in the labor mar-
ket, both because agreeableness typically correlates with lower bargain-
ing power and because the penalty for being agreeable is harsher for
women than for men. Nonetheless, we find that the major part of the im-
pact of differences in personality characteristics and labor market expe-
rience is due to differences in the values of the characteristics, not the
gender-specific parameters associated with them.
Our results contribute both theoretically and empirically to the litera-

ture analyzing gender differences in job search behaviors and outcomes.
Most prior studies estimate different search parameters by gender and
education groups (e.g., Bowlus 1997; Bowlus and Grogan 2008; Flabbi
2010a; Liu 2016; Amano-Patino, Baron, andXiao 2020;Morchio andMoser
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2020). In comparison, we allow job search model parameters to depend
on a larger set of worker characteristics to account for both cognitive
and noncognitive dimensions of heterogeneity. There are two studies that
empirically investigate the association betweennoncognitive traits and job
search (Caliendo, Cobb-Clark, and Uhlendorff 2015; McGee 2015). The
noncognitive measure used in both papers is locus of control, which is a
measure of how much individuals think success depends on internal fac-
tors(i.e., their own actions) versus external factors.4 To the best of our
knowledge, ours is the first study to incorporate the Big Five personality
traits into a job search, matching, and bargaining framework. We treat per-
sonality traits as time-invariant individual characteristics, in line with empir-
ical evidence that finds personality traits to be relatively stable after age 25
(e.g., Costa andMcCrae 1988;McCrae andCosta 1994) andnot that respon-
sive to common life events or experiences (e.g., Lüdtke et al. 2011; Cobb-
Clark and Schurer 2012, 2013; Bleidorn, Hopwood, and Lucas 2018).
A few studies further investigate the relationship between personality

traits and gender wage gaps using an Oaxaca-Blinder decomposition
framework (Mueller and Plug 2006; Braakmann 2009; Nyhus and Pons
2012; Risse, Farrell, and Fry 2018; Collischon 2021). They generally find
that differences in the levels of agreeableness and emotional stability con-
tribute significantly to gender gaps, with differential returns to these
traits mattering less. By incorporating personality traits into a canonical
job search and bargaining model, our results not only provide further
support for previous findings but also quantify the main mechanisms
behind them. In particular, we find that the most important channel
through which personality traits affect gender gaps is wage bargaining
rather than human capital accumulation or job search behavior. Our pa-
per also contributes to a small literature incorporating personality traits
into behavioralmodels (HeckmanandRaut 2016; Flinn, Todd, andZhang
2018; Todd and Zhang 2020).
There are several studies in the workplace bargaining literature show-

ing that women are less likely to ask for fair wages in both laboratory
experiments (e.g., Stuhlmacher and Walters 1999; Dittrich, Knabe, and
Leipold 2014) and survey data (e.g., Säve-Söderbergh 2007; Card, Cardoso,
and Kline 2015; Biasi and Sarsons 2022). However, there is no consensus
on the reason for this phenomenon. Possible explanations include
gender differences in risk preferences (e.g., Croson andGneezy 2009), at-
titudes toward competition (e.g.,Manning and Saidi 2010; Lavy 2013) and
negotiation skills (e.g., Babcock et al. 2003; Biasi and Sarsons 2022). Our

4 Previous studies generally indicate that higher internal locus of control is positively
correlated with earnings. However, locus of control is not that relevant for gender wage
gaps in terms of either differential endowments or returns (see, e.g., Semykina and Linz
2007; Heineck and Anger 2010; Nyhus and Pons 2012).
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results suggest that gender differences in personality traits are a key factor.
Specifically, we find that women’s higher average levels of agreeableness
and lower levels of emotional stability reduce their relative bargaining
power. This result is consistent with Evdokimov and Rahman (2014),
who show through a bargaining experiment that increasing a worker’s
agreeableness level leads a manager to allocate less money to the worker.
This paper proceeds as follows. Section II presents our baseline job

search model. Section III describes the data. Section IV discusses the
model’s econometric implementation. Section V presents the parameter
estimates of the model. Section VI interprets the model estimates and
presents wage gap decomposition results. Section VII concludes.

II. Model

We now introduce our job search, matching, and bargaining model,
which allows for worker heterogeneity and human capital accumulation.

A. Setup and Environment

Themodel is set in continuous time with a continuum of risk-neutral and
infinitely lived agents: firms and workers. Workers are distinguished by
different observable types, represented by the vector pair (z, t). Here, t
denotes the individual’s gender, and the vector z encompasses all other
observed individual characteristics, including education level, cognitive
skills, birth cohort, and the Big Five personality trait assessments. To sim-
plify the notation, we temporarily suppress the t notation but will reintro-
duce it later when discussing individual heterogeneity in section II.C.5

Each worker enters the market with an initial human capital level
a0(z), which may vary depending on their observable characteristics.
The human capital each worker possesses is one-dimensional and gen-
eral, in the sense that it generates the same flow productivity at all poten-
tial employers. While employed, a worker’s human capital grows at rate
w(z), which can be interpreted as learning by doing. When unemployed,
human capital depreciates at rate d(z). A type z worker with cumulative
employment experience SE and unemployment experience SU has a hu-
man capital level equal to6

a(z, SE, SU) 5 a0(z) exp(w(z)SE 2 d(z)SU):

5 We separate gender t from z as an independent state variable because we will incorpo-
rate gender in a more flexible way than other observed characteristics when we estimate
the model.

6 This way of specifying human capital accumulation considerably simplifies the model’s
solution. However, it has the implication that SE=SU →∞ ⇒ w →∞, which means that infi-
nitely lived individuals who spend more time employed than unemployed will have an un-
bounded wage. Consequently, the steady-state distribution of wages is not well defined.
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When a type z worker with human capital a is matched with a firm, their
productivity is

y(v, a(z, SE, SU)) 5 a(z, SE, SU) � v,

where v captures match-specific productivity, which is determined by an
independently and identically distributed (i.i.d.) draw from the distribu-
tion Gz(v) with support R1.7 The flow utility of unemployment to the in-
dividual is assumed to be a � b, where a 5 a(z, SE, SU) and b are both al-
lowed to differ by gender.8

An unemployed worker and an employed worker meet potential em-
ployers at predetermined rates, lU(z) and lE(z), which may vary with ob-
servable worker characteristics.9 Employment matches are dissolved at
the exogenous rate h(z). The common discount rate of all agents in the
model—firms and workers—is r, assumed to be independent of z.10 The
worker and the firmbargain over the wage w using a Nash bargaining pro-
tocol, which is described below. The worker’s flow payoff from the match
is w, and the firm’s flow profit is y(v, a) 2 w. The bargaining power of the
individual is denoted by a(z).

Burdett, Carrillo-Tudela, and Coles (2016) address this issue by introducing a constant
death rate, which maintains stationarity. Their model accommodates both a death rate
and an instantaneous discount rate. In our model, the discount rate (r) can be interpreted
as the sum of a positive constant death rate and a true discount rate, which results in a well-
defined steady-state wage distribution. In our likelihood specification, the steady-state dis-
tributions that are utilized do not depend on the accumulated experience distribution, so
the issue is irrelevant for estimating the model.

7 This specification of the production technology is commonly used in the search liter-
ature, although the interpretation of v varies. In Postel-Vinay and Robin (2002) and Cahuc,
Postel-Vinay, and Robin (2006), matched worker-firm information is available, and the in-
terpretation of v is that it is a firm productivity parameter that is shared by all workers at the
same firm. Given that they have observations of many workers at each firm, they are able to
estimate distributions of worker and firm types nonparametrically. To the best of our
knowledge, there are no such datasets that report worker’s personality traits. Therefore,
our model’s identification and estimation rely on only supply-side data. Our model does
not incorporate different firm types, but we do allowmale and female workers to draw from
different match quality distributions.

8 The assumption that the flow value of being unemployed is proportional to worker’s
ability a is common in the literature (e.g., Postel-Vinay and Robin 2002; Bartolucci 2013;
Flinn and Mullins 2015) and is made mainly for tractability. This assumption is exploited
when making our model identification arguments below.

9 Different rates might arise, e.g., from job application behavior that could depend on
worker traits. The exogeneity assumption regarding worker-firm contact rates is what
makes our analysis partial equilibrium. A general equilibrium version of the model would
endogenize these rates.

10 There is some evidence that workers with different cognitive and noncognitive ability
tend to have different discount rates (Dohmen et al. 2011). However, we do not allow for
such dependence since the (r, b) are not individually identified in the canonical search
framework (Flinn and Heckman 1982).
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B. Job Search and Wage Determination

1. Worker and Firm Value Functions

Following Dey and Flinn (2005) and Cahuc, Postel-Vinay, and Robin
(2006), we assume that firms are able to observe the worker’s productivity
at competing firms either directly or through the process of repeated ne-
gotiation. When an employee receives an outside job offer, firms behave
as Bertrand competitors, with the culmination of the bidding process re-
sulting in the worker going to the firm where their productivity is greatest.
Because the worker’s human capital a is the same at all firms, productivity
differences across firms are entirely attributable to different match-
specific productivities.
When two firms compete for the same worker, their positions are sym-

metric. Thismeans that the incumbent has no advantage or disadvantage
in retaining the worker with respect to the potential employer.11Let v and
v0 denote the two match productivity draws at the two competing firms,
and assume that v > v0. We will refer to v as the dominant match produc-
tivity and v0 as the dominated match productivity. When the firms engage
in Bertrand competition in terms of wage negotiations, the firm with the
dominatedmatch value will attempt to attract the worker by increasing its
wage offer to the point where it earns no profit from the employment
contract. That is, the firmwithmatch productivity v0 will offer amaximum
wage of av0. The value of working in the dominated firm with wage av0

(equal to worker’s productivity) then serves as the worker’s outside op-
tion when engaging in Nash bargaining with the firm with the dominant
match productivity v.
In order to simplify the model, we assume that workers retain the

option to accept any previous job offers received during the current em-
ployment spell. For example, suppose that an individual leaves unem-
ployment to accept a job at a firm with match productivity v0. While work-
ing at that firm, the worker’s productivity continuously grows at the rate
w(z). Their wage grows at the same rate, because the worker renegotiates
the wage using the value of unemployment—which is proportional to
their human capital—as the outside option. Suppose that the worker
encounters another firm at which their match productivity is v > v0. Be-
cause of efficientmobility, the worker willmove to the newfirm. Thewage
there will be negotiated, with the worker’s outside option being the value
of employment at the previous firm with wage av0. The assumption that
individuals can return to their former employer at any time during the

11 This would not be the case if, e.g., there were a finite positive cost associated with
changing employer. In this case, there would be a wedge between the values associated with
the two match productivity values, the size of which would be a function of the size of the
mobility cost.
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remainder of their employment spell implies that their wage at the new
firm will grow at a rate w(z), reflecting their increasing outside option
value. This can be seen as a continuous renegotiation process during
their employment spell, which leads to consistent wage growth at a rate
w(z) across all jobs in the employment spell as workers acquire more gen-
eral human capital.
This rationale extends to the case where the worker encounters more

than two firms during the employment spell. In this case, if we continue
to denote the best match productivity value encountered during the cur-
rent employment spell by v and the second-best value encountered by v0,
the individual will have a wage determined by the two values (v, v0), with
wage growth given by the exogenous parameter w(z).12

We now derive the expression for the bargained wage. Let a 5 a(z,
SE, SU) denote human capital as previously defined. First, consider an
employed worker with the state variable (v, v0, z, a). When a worker is of-
fered a wage w, the value of employment can be written as

rVE(v, v
0, z, a; w) 5 w 1 a w(z)

∂VE(v, v
0, z, a)

∂a
|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

ð1Þ human capital accumulation

1 lE(z)

ð
v

v0
(VE(v, x, z, a) 2 VE(v, v

0, z, a))dGz(x)
|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

ð2Þ same firm, better outside option

1 lE(z)

ð

v

(VE(x, v, z, a) 2 VE(v, v
0, z, a))dGz(x)

|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

ð3Þ change firm, better match productivity

1 h(z)(VU(z, a) 2 VE(v, v
0, z, a))

|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

ð4Þ job dissolved

,

(1)

where VU(z,a) denotes the value of being unemployed. Term 1 reflects
the growth in the value of employment value due to human capital accu-
mulation while employed.13 When human capital increases, the wage will
be renegotiated, because the human capital increase applies to all poten-
tial employers and the employee still holds her best dominated offer v0.
Term 2 corresponds to the case where the worker encounters a new firm
with match productivity x, where v0 < x ≤ v. The employee will remain
at the current firm, but the wage will be renegotiated given the in-
creased value of the worker’s outside option (from v0 to x). Term 3 corre-
sponds to the case in which the new match productivity value x exceeds

12 If offers were withdrawn as soon as they are rejected, then wages would be renegoti-
ated to reflect productivity gains due to human capital accumulation at the time when the
worker encounters another potential employer and a renewed round of bargaining be-
gins. Our model assumes that workers keep their external job offers, which grow in value as
their human capital develops. This leads to continuous wage increases at their current em-
ployer as well due to continuous Bertrand competition.

13 To see this, note that the stochastic drift component in the value function is given by

∂VE(v, v
0, a, z)

∂tE
5

∂VE(v, v
0, a, z)

∂a

∂a

∂tE
5 aw(z)

∂VE(v, v
0, a, z)

∂a
:

Here, tE denotes the duration of the current job spell. An important feature is that this sto-
chastic drift component is proportional to the worker’s human capital a.

(1)
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the current match productivity v. In this case, the individual moves to the
new job, where their match productivity increases to x, and v becomes the
new dominated match productivity. In cases 1–3, the wage offer the indi-
vidual gets from the dominated firm equals the individual’s productivity
at that firm. Term 4 corresponds to the case in which the current job is
dissolved because of an exogenous shock that occurs at rate h(z). In the
special case where the match productivity is the same at both the domi-
nant and dominated firms (i.e., v 5 v0), equation (1) simplifies to

rVE(v
0, v0, z, a) 5 av0 1 aw(z)

∂VE(v
0, v0, z, a)

∂a

1 lE(z)

ð

v0
VE(x, v

0, z, a) 2 VE(v
0, v0, z, a)ð ÞdGz(x)

1 h(z) VU(z, a) 2 VE(v
0, v0, z, a)ð Þ:

(2)

The value of the employment match to the firm, given that the state of
the worker is (v, v0, z, a), at wage w is

rVF (v, v
0, z, a; w) 5 av 2 w 1 aw(z)

∂VF (v, v
0, z, a)

∂a

1 lE(z)

ð
v

v0
VF (v, x, z, a) 2 VF (v, v

0, z, a)ð ÞdGz(x)

1 lE(z)

ð

v

0 2 VF (v, v
0, z, a)ð ÞdGz(x) 1 h(z)(0 2 VF (v, v

0, z, a)),

(3)

where av is the flow revenue to the firm and av 2 w is the firm’s flow
profit. Note that when the match is exogenously terminated, which oc-
curs at rate h(z), the value to the firm is the value of an unfilled vacancy,
which equals zero because of the free entry condition.14

A type z worker with human capital a has flow utility when unem-
ployed equal to ab, where b is a fixed constant (that will vary only by gen-
der).15 The value of unemployment is

rVU(z, a) 5 ab 1 lU(z)

ð

v*(z,a)
VE(x, v*, z, a) 2 VU(z, a)ð ÞdGz(x)

|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

ð1Þ hire out of  unemployment

2 a d(z)
∂VU(z, a)

∂a
|fflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflffl}

ð2Þ human capital depreciation

, (4)

14 The free entry condition is a common assumption in the literature and is always im-
posed when solving a general equilibrium version of the model in which the contact rates
between searchers and firms are endogenously determined. See Pissarides (1984, 1985) for
the first applications of the zero-profit condition in a search framework.

15 This assumption greatly simplifies the solution to the steady-state value functions and
is made, e.g., in Postel-Vinay and Robin (2002), Cahuc, Postel-Vinay, and Robin (2006),
and Flinn and Mullins (2015).

(4)
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where v*(z) is the reservation match productivity, which is the match pro-
ductivity at which an individual is indifferent between employment and
continued search in the unemployment state. Thus v* is derived by equat-
ing VU(z, a) 5 VE(v*, v*, z, a). Term 1 corresponds to the case where job
seekers receive job offers with match equality greater than or equal to the
reservation match productivity. Term 2 captures stochastic human capital
depreciation while unemployed.

2. The Bargained Wage

The Nash bargained wage for an employed worker is

w(v, v0, z, a) 5 arg max
w

 (VE(v, v
0, z, a; w) 2 VE(v

0, v0, z, a))a(z)VF (v, v
0, z, a; w)12a(z), (5)

where the worker’s outside option is VE(v
0, v0, z, a), given in equation (2).

The firm’s outside option is assumed to be zero, and the worker’s share
of the surplus is a(z). The solution to the above Nash bargaining proto-
col has a closed-form expression (see sec. A1 for the derivation):

w(v, v0, z, a)

5 a0(z) exp(w(z)SE 2 d(z)SU)
|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

a(z,SE ,SU)

v2(1 2 a(z))lE(z)

ð
v

v0

r 1 h(z) 2 w(z) 1 a(z)�Gz(x)

r 1 h(z) 2 w(z) 1 lE(z)a(z)�Gz(x)
dx

� �

|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

x(v,v0 ,z)

5 a0(z) exp(w(z)SE 2 d(z)SU)

a(z)v1(1 2 a(z))v0 2 (1 2 a(z))2lE(z)

ð
v

v0

�Gz(x)
r1h(z)2w(z)1lE(z)a(z) �Gz(x)

dx

� �

, v0 < v:

(6)

This expression shows that human capital, a 5 a(z, SE, SU), increases wages
proportionally. The term labeled x(v, v0, z) denotes the wage per unit of
human capital, which does not depend on a. Our wage determination
expression nests the wage equation in Cahuc, Postel-Vinay, and Robin
(2006), which is a model without changes in human capital, that is,
w(z) 5 d(z) 5 0. The wage is also an increasing function of the bargain-
ing power parameter a(z). In the limiting case where a(z) 5 1, the bar-
gained wage equals the current productivity, that is, w(v, v0, z, a) 5 av.
In this scenario, new job offers will not affect the wage within the current
job. In the opposite scenario, where a(z) 5 0, the bargained wage

w(v, v0, z, a) 5 av0 2 alE(z)

ð
v

v0

�Gz(x)

r 1 h(z) 2 w(z) 1 lE(z)�Gz(x)
dx:

The first term av0 in this expression represents themaximumwage offered
by the dominated firm. The second term represents the option value of
moving from a job with lower match productivity v0 to a job with higher
match productivity x. This option value increases with the difference be-
tween the two competing offers (v 2 v0).

(5)

(6)
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From equation (6), we can observe the following. First, the bargained
wage increases with the worker’s human capital a. Second, the wage de-
creases with the offer arrival rate (lE(z)) but increases with the job termi-
nation rate (h(z)). This reflects an option value effect: workers are willing
to get paid less today for higher future wage prospects. When this possi-
bility is reduced to zero (when lE(z) 5 0), the bargained wage is simply
the weighted average of the productivity in the current job and the pro-
ductivity in the best other job encountered during the current employ-
ment spell. However, if lE(z) 5 0, then with probability 1 the worker will
not have contacted any other employer during the employment spell, so
the outside option will be the reservation match productivity associated
with unemployed search, v*(z). Last, the wage also increases with the value
of the dominated offer v0 and bargaining power a(z), because Bertrand
competition and Nash bargaining both work to increase wages.
For a worker with human capital a hired directly out of unemploy-

ment, the bargained wage is

w0(v, z, a) 5 arg max
w

(VE(v, v*, z, a; w) 2 VU(z, a))
a(z)VF (v, v*, z, a; w)

12a(z), (7)

where VE(v, v*, z, a) denotes the value to an unemployed type z individual
at a firm at which their match productivity is v and VF(v, v*, z, a) denotes
the value to the firm in such a case. Using the definition of the reserva-
tion match productivity VE(v*, v*, z, a) 5 VU(z, a), we have

w0(v, z, a) 5 w(v, v*, z, a)

5 a v2(1 2 a(z))lE(z)

ð
v

v*(z,a)

r 1 h(z) 2 w(z) 1 a(z)�Gz(x)

r 1 h(z) 2 w(z) 1 lE(z)a(z)�Gz(x)
dx

� �

:

We can uniquely solve for the reservation match productivity v*(z, a)
from the following fixed point problem (see sec. A1 for the derivation):

v*(z, a) 5
r 2 w(z)

r 1 d(z)
b 1 a(z)

r 2 w(z)

r 1 d(z)
lU(z) 2 lE(z)

� �

�

ð

v*(z)

�Gz(x)

r 1 h(z) 2 w(z) 1 lE(z)a(z)�Gz(x)
dx: (8)

The reservation match productivity solution implies no direct depen-
dence of v*(⋅) on the level of human capital a.

3. Household Search

Because men and women often inhabit households together, their labor
supply decisions can reasonably be thought of as being jointly deter-
mined. Gender differences in wages may reflect patterns of assortative
mating in themarriage market as well as the manner in which household

(7)

(8)
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decisions are made. In Flinn, Todd, and Zhang (2018), we develop and
estimate a static model of household bargaining over time allocation de-
cisions with Australian data and use the model to examine gender wage
differences. In this paper, the linear flow utility assumption provides a
way to reconcile our model with a household model.16 Both men and
women are assumed to have flow utility functions given by their respec-
tive wages w when employed and by the constants ab when unemployed.
The linear utility assumption allows the household’s maximization prob-
lem to be decentralized as the sum of two individual maximization
problems, as previously noted in Dey and Flinn (2008). Under this as-
sumption, there is no interdependence in household decision-making.17

C. Incorporating Individual Heterogeneity

Thus far, we have described the search and bargaining model given a set
of labor market parameters Ω(z) 5 flU(z), lE(z), h(z), a(z), a0(z), w(z),
d(z), b(z), jv(z)g, where the parameter jv denotes the standard deviation
of distribution of ln v, which is assumed to be normal (so that v follows a
lognormal distribution). We assume that the mean of v is equal to 1 for
all individuals.18 We now describe the manner in which we allow search
parameters to depend on worker characteristics (z, t). The vector z in-
cludes education, cognitive skills, personality traits, and birth cohort,
and t denotes gender. For an individual i, we specify gender-specific link
functions l that map linear index functions into the primitive parameters
of the model as follows:

l(z, t) ;

a(z, t) :
exp(zgt

a)

1 1 exp(zgt
a)

,

h(z, t) : exp(zgt
h),

a0(z, t) : exp(zgt
a),

lU(z, t) : exp(zgt
U),

lE(z, t) : exp(zgt
E),

w(t), d(t), b(t), jv(t) : differ only by gender,

8

>>>>>>>>>>>>>>><

>>>>>>>>>>>>>>>:

(9)

16 Another reason that this assumption is made is that it obviates the need to include a
specification of the capital markets within which individuals operate because there is no
demand for borrowing or saving under the risk neutrality assumption.

17 Under the alternative assumption of nonlinear utility, bargaining between spouses as
well as with firms must be taken into account, which considerably complicates the analysis.

18 This means that we implicitly assume mv 5 20:5j2
v so that E(v) 5 exp(mv 1 0:5j2

v) 5 1.
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where the vector z that appears in the index functions includes all observ-
able heterogeneity except for gender t. Thegt

j are gender-specific index co-
efficients, where t ∈ fmale, femaleg and j refers to the different primitive
parameters. The gender-specific coefficients gt

j allow for potential asymme-
tries in how traits of men and women are valued in the labor market.
As indicated above, we assume that the parameters {a(z, t), h(z, t),

a0(z, t), lU(z, t), lE(z, t)} are all functions of z and t. Recall that our spec-
ification of human capital is a 5 a0(z, t) exp(w(t)SE 2 d(t)SU), where
w(t) is the growth rate during employment and d(t) is the depreciation
rate during unemployment. The initial human capital (a0(z, t)) is al-
lowed to be a function of z as well as t, but we restrict w(t) and d(t) to
differ only by gender for identification purposes (see below). We also as-
sume that b(t) and jv(t) differ only by gender.
The link functions were chosen tomap each of the linear index functions

into the appropriate parameter space associated with the primitive parame-
ter. For example, the exp(⋅) function ensures that the job arrival rate param-
eter is positive (lU(z, t) ∈ R1,). The logit transform is used to map zgt

a into
the unit interval, which is appropriate given its interpretation as a surplus
share parameter. These link functions are commonly used in the estimation
of nonlinear models. Although other link functions could be chosen, we
have no reason to believe that they would yield substantially different impli-
cations regarding the impact of (z, t) on labor market outcomes.

III. The German Socio-Economic Panel (GSOEP)

Our empirical work uses the GSOEP, which is a large-scale representative
longitudinal household survey (SOEP 2017). Every year, there were
nearly 11,000 households surveyed and more than 20,000 persons sam-
pled from the German residential population. We focus on individuals
surveyed in 2013 and followed until 2019.19 We exclude individuals youn-
ger than age 25 or older than age 60 because we do not model schooling
decisions or retirement. The GSOEP collects core labor market out-
comes in all waves. It also collects individual’s personality traits and cog-
nitive abilities in selected years. Below, we describe how we make use of
these variables in our analysis. As previously noted, personality traits are
usually considered to be fairly stable after age 30 (McCrae et al. 2000).
Some studies find that personality traits change somewhat over the life
cycle but observe that the rate of change ismodest, which allows formean-
ingful comparisons across individuals.20

19 We did not include the most recent year available (2020) because of the effects of
COVID-19 on labor market behavior.

20 Ameta-analysis by Fraley and Roberts (2005) reveals a remarkably high rank-order sta-
bility: test-retest correlations (unadjusted for measurement error) are about 0.55 at age 30
and then reach a plateau of around 0.70 between ages 50 and 70.
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Personality traits.—The Big Five personality traits are measured using a
15-item self-assessment short version of the Big Five Inventory (see ta-
ble A2 [tables A1 and A2 are available online]). Compared with the
most widely used revised NEO Personality Inventory (NEO PI-R) with
240 items, the 15-item miniversion is more tractable and fits into the
time constraints imposed by a general household survey. Respondents
were asked to indicate their degree of agreement with each statement
on a seven-tier Likert scale from “strongly disagree” to “strongly agree.”
The lowest number (1) denotes a completely contrary description, and
the highest number (7) denotes a perfectly fitting description. Each per-
sonality trait is constructed by the average scores of three items pertain-
ing to that trait, and each trait value has a range of 1–7. Personality traits
are collected in the 2012, 2013, 2017, and 2019 GSOEP waves. Our anal-
ysis includes individuals for whom personality traits were measured at
least once. When there are multiple measurements, we average the val-
ues.21 We standardize personality traits and use Z-scores in estimating our
job search model.22

Cognitive ability.—Cognitive skills are measured using a symbol corre-
spondence test in the GSOEP called the symbol cancellation test, which
was modeled after the symbol digit modalities test. This test is intended
to be a test of cognitive mechanics, measuring the capacity for informa-
tion processing (speed, accuracy, processing capacity, coordination, and
inhibition of cognitive processes).23 Cognitive ability tests were adminis-
tered in years 2012 and 2016. We include in our analysis individuals for
whom cognitive ability was measured at least once. When there are mul-
tiple measures, we use the average value across the waves. We standardize
the cognitive ability measure in the same way as for personality traits and
use Z-scores.

21 According to Roberts, Wood, and Caspi (2008), changes in personality traits during a
short course are usually inconsistent and too noisy to be consequential. Therefore, we treat
differences observed within a 7-year time frame to likely arise from measurement errors
rather than fundamental changes.

22 Z-scores are calculated by subtracting the overall sample mean (including both men
and women) and dividing by the sample standard deviation. The standardized variable has
mean 0 and standard deviation 1. This makes it easy to compare magnitudes of estimated
model coefficients corresponding to different traits. The coefficients can also be easily in-
terpreted as the effect of a 1 standard deviation change in the trait on the value of the in-
dex function.

23 The test was implemented asking respondents to match as many numbers and sym-
bols as possible within 90 seconds according to a given correspondence list that is visible
to the respondents on a screen. Another available test in GSOEP is a word fluency test de-
veloped after the animal naming task (Lindenberger and Baltes 1995): respondents name
as many different animals as possible within 90 seconds. Compared with the symbol corre-
spondence test, this test requires sufficient language skills and therefore could be less ac-
curate for nonnative individuals. Therefore, we use only the symbol cancellation test as our
primary measure of cognitive ability.
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Hourly wages.—Thewage is calculated from self-reported grossmonthly
earnings andweekly working hours. Grossmonthly earnings refer to wages
from the principal occupation including overtime remuneration but not
including bonuses.Weekly working hoursmeasure a worker’s actual work-
ing hours in an average week.24 The hourly wage is calculated as

hourly wage  5  
monthly gross wages ðincluding overtime pay;  without annual bonusÞ

weekly working hours � 4:33
:

We deflate wages using the consumer price index, with 2005 serving as
the base year.
Job spells and unemployment spells.—Each wave in the panel contains ret-

rospective monthly information about the individual’s employment his-
tory. The GSOEP distinguishes between several different employment
statuses, and we aggregate the information into three distinct categories:
unemployed, employed, and out of labor force. A person is defined as
unemployed (a job searcher) if they are currently not employed and in-
dicate that they are looking for a job. Employment status refers to any
kind of working activity: full-time, part-time, short working hours, or
minijobs. Out of labor force includes retirement, parental leave, school,
vocational training, and military service. As described in detail below, our
model is estimated on the basis of observed employment cycles (ECs),
which do not include out of labor force spells. If an individual leaves
the labor force, then their EC is considered to have ended. If the same per-
son eventually reenters the labor force, then a new EC begins. If a job A
directly follows a job B in the same employment spell, we code such an oc-
currence as a job-to-job transition. If an individual reports any unemploy-
ment spells between two jobs, then we consider the previous job to have
ended with a transition to unemployment. In estimation, we drop individ-
uals who are out of the labor force during the entire observation period
(and therefore donothave any ECs) or thosewhoaremissing information
on key variables (education, age, gender, personality traits, cognitive abil-
ity). The final sample contains data on 6,540 individuals.25

As seen in table 1, men and women have very similar average years of
education (12.40 years for men and 12.59 years for women) and cogni-
tive ability (3.33 for men and 3.30 for women). They are also the same
age on average (42 years). Men are more likely to be married (66% vs.
59%) and to have more dependent children under the age of 18 (1.00
for men in comparison to 0.92 for women). With regard to the Big Five
personality traits, there are significant gender differences for each of the

24 When the actual working hours are not available, we use reported contracted working
hours when they are available.

25 Appendix sec. D.1 (apps. B–E are available online) discusses the sample selection cri-
teria in greater detail. Table A1 compares the full sample and the final estimation sample.
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traits.26Women have a higher average score for all the traits except for emo-
tional stability, for which the score is lower by 0.49 and is the largest gender
disparity observed for any of the traits. As previously mentioned, similar
gender trait differences have been documented for many countries.
Panel B of table 1 presents summary statistics for labor market out-

comes. As seen in column 8, all of the gender differences are statistically
significant at conventional levels. Before entering into the sample period,
men have on average 16.98 years of full-time experience compared with

26 In table 1, the traits are measured on a scale of 1–7, as reported in the raw data. How-
ever, in all of our subsequent empirical analysis, we use standardized Z-scores for ease of
interpreting effect sizes.

TABLE 1
Summary Statistics by Gender

Male Female Difference

Mean
(1)

SD
(2)

N
(3)

Mean
(4)

SD
(5)

N
(6)

Difference
in Mean

(7)
p
(8)

A. Demographics and Traits

Age 41.96 9.94 3,217 41.76 9.98 3,322 .20 .421
Cohort 1: age ∈ [25, 37) .32 .47 3,217 .34 .47 3,322 2.02 .135
Cohort 2: age ∈ [37, 49) .39 .49 3,217 .38 .48 3,322 .02 .159
Cohort 3: age ∈ [49, 60] .29 .45 3,217 .29 .45 3,322 .00 .971
Years of education 12.40 2.84 3,217 12.59 2.79 3,322 2.19 .007
Marriage .66 .47 3,217 .59 .49 3,322 .07 .000
Number of children
(under age 18) 1.00 1.17 3,217 .92 1.06 3,322 .09 .002

Cognitive ability 3.33 .93 3,217 3.30 .86 3,322 .03 .175
Openness to experience 4.53 1.05 3,217 4.74 1.07 3,322 2.21 .000
Conscientiousness 5.77 .80 3,217 5.94 .76 3,322 2.17 .000
Extroversion 4.85 1.03 3,217 5.12 .98 3,322 2.28 .000
Agreeableness 5.24 .83 3,217 5.51 .82 3,322 2.27 .000
Emotional stability 4.58 1.03 3,217 4.09 1.10 3,322 .49 .000

B. Labor Market Outcomes

Prior full-time experience
(years) 16.98 11.01 3,217 10.22 9.63 3,322 6.76 .000

Prior part-time experience
(years) .90 2.47 3,217 4.97 6.42 3,322 24.07 .000

Prior unemployment
experience (years) 1.03 2.74 3,217 1.21 3.07 3,322 2.18 .012

Employment during sample
period (months) 39.32 25.55 6,579 34.92 25.09 7,240 4.40 .000

Unemployment during
sample period (months) 14.15 16.23 2,212 15.45 17.63 2,100 21.30 .012

Average hourly wages (€/hour) 16.65 8.34 6,496 14.00 6.95 7,117 2.64 .000

Note.—p -values correspond to a two-sided t-test of equality of means. N indicates num-
ber of individuals (panel A) and number of spells (panel B). Each individual may havemul-
tiple spells. Wages are deflated using the consumer price index, with 2005 serving as the
base year.
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10.23 for women. However, women have more part-time experience
(4.97 years vs. 0.90 years). Men also have less unemployment experience
than female workers. During the sample period from 2012 to 2018, men
spend more months in employment, 39.33 months on average, in com-
parison to 34.90 months for women. They also spend less time in unem-
ployment, 14.21 months compared with 15.50 months for women.
The dataset contains information on actual wages. The average hourly

wage is €16.65 for men in comparison to €14.00 for women. This 18.9%
gender wage gap is substantial considering that men and women have
nearly the same years of education and cognitive skill levels. Blau and
Kahn (2000) found a 32% gender hourly wage gap in West Germany,
which was the sixth largest in a ranking of 22 industrialized countries.
The gap we find is consistent with reports from the German Federal Sta-
tistical Office that showed that the gender wage gap was fairly stable from
2013 to 2019, declining slightly. The gap stood at 22% in 2014 and 19%
in 2019, placing Germany as the European Union country with the
second-worst gender pay gap (after Estonia).

A. Robustness and Reliability of Gender Differences

in Personality Traits

Table 1 shows significant gender differences in personality traits. A nat-
ural question is whether the observed gender differences are unique to
theGSOEPdataset or reflect amore general pattern across different pop-
ulations. To examine this question, we compared gender differences in
personality traits in three different datasets: the GSOEP, the IZA Evalua-
tion Dataset Survey (IZA-ED; Arni et al. 2023), and the UK Household
Longitudinal Study (UKHLS; University of Essex, Institute for Social
and Economic Research 2010). All of these surveys collect personality
trait information using a highly comparable short 15-item Big Five Inven-
tory (BFI-S). Figure 2 shows the cross-dataset comparison. Despite the
varied samples (which include a representative sample of the German
population [GSOEP], individuals registered as unemployed in Germany
[IZA-ED], and a representative sample of the UK population [UKHLS]),
the gender differences are highly similar, even at the survey item level.
Women are systematically found to be more agreeable and less emotion-
ally stable thanmen, a robust pattern across the three datasets and for the
specific items used to measure these traits.27

27 In another paper (Flinn, Todd, and Zhang 2018), we analyze data from the House-
hold, Income and Labour Dynamics in Australia (HILDA) Survey, which measures person-
ality traits using a more comprehensive scale with 28 items. In the HILDA data, women dis-
play comparable levels of agreeableness to those observed in the GSOEP data. However,
the HILDA data reveal a smaller gender gap in emotional stability. This difference can
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B. How Are Personality Traits Associated with Wages

and Unemployment Spells?

In this section, we use reduced-form regression and hazard models to ex-
amine whether cognitive and noncognitive traits are important determi-
nants of hourly wages and employment transitions. In our model, wages
are a nonlinear function of individual characteristics z and of employment
and unemployment experience, as shown in equation (6). The wage re-
gression estimated in this section can be viewed as a linear approxima-
tion to that equation. The hazard model estimates the rate of transiting
from unemployment to employment, which corresponds to hU(z, t) 5

lU(z, t)½1 2 Gt(v*(z, t))� in our model.
Table 2 presents the estimated regression coefficients, where the depen-

dent variable is log hourly wages. Columns 1–6 display gender-specific co-
efficients, and columns 7–9 report coefficients based on a pooled sample
of men and women, including a male indicator variable. Columns 1, 4,
and 7 report coefficients from a regression of log wages on education, la-
bormarket experience, unemployment experience, cognitive ability, and

be attributed to the survey’s expanded set of items that assess emotional stability and in-
clude questions about jealousy and moodiness in addition to the anxiety-related items typ-
ically found in the other surveys.

FIG. 2.—Cross-dataset comparison of measured gender differences in personality traits
by items. The figure is based on data from the GSOEP (2012, 2013, 2017, and 2019), IZA-
ED, and UKHLS (wave 3). Each dataset utilizes the 15-item Big Five Inventory (BFI-S) to
assess personality traits. Responses for each item are recorded on a 7-point scale. For indi-
viduals appearing in multiple waves, average values for each item are calculated. Bars repre-
sent the average gender difference between men and women, categorized by datasets and
items. Lines indicate 95% confidence intervals. Sample sizes: 18,710 males and 19,896 fe-
males from GSOEP; 6,137 males and 5,590 females from IZA-ED; 6,282 males and 7,543 fe-
males from UKHLS.
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cohort dummies. Columns 2, 5, and 8 show analogous results but add the
Big Five personality traits as covariates. Columns 3, 6, and 9 include, in
addition, marital status and the number of dependent children in the
household.
Comparing the coefficients from regressions with and without personal-

ity traits (e.g., cols. 1 and 2, and cols. 4 and 5) shows that including person-
ality traits improves the explanatory power of the regression, especially
for men. The estimated returns to work experience and to unemployment
experience are similar for men and women. With regard to personality
traits, agreeableness and emotional stability are significantly associated
with hourly wages. Individuals with high scores on agreeableness have
lowerhourly wages, while individuals with high scores on emotional stabil-
ity have higher hourly wages. Cognitive abilities are also significantly and
positively related to wages, with similar estimated coefficients formen and
women. Examining the impact of personality traits on the gender wage gap
(cols. 7, 8), we find that including personality traits as additional covariates
reduces the coefficient on themale indicator variable from 0.173 to 0.156,
which shows that personality traits explain a significant portion of the wage
gap within this linear regression specification. Last, both the younger co-
hort (ages 25–37) and the older cohort (ages 49–60) have lower wages
compared with the reference group (ages 37–48).
Comparing the coefficients from regressions with and without marital

and child status (cols. 3 and 4, and cols. 5 and 6), we see that the magni-
tude of the statistically significant personality trait coefficients does not
varymuch.Marital status and child status are significantly related towages,
but their inclusion does not affect the explanatory power of personality
traits in a major way. The wage equation we use in the job search model
includes work experience, unemployment experience, cognitive scores,
personality traits, and cohort indicator variables. It does not include mar-
ital and child status, because our stationarymodel does not easily incorpo-
rate time-varying characteristics and because they are not typically consid-
ered to be direct determinants of wages.
Figure 3 displays estimated Kaplan-Meier survival functions for unem-

ployment duration by gender. Women exit unemployment more slowly
and exit employment more rapidly than men. We also estimated a Cox
proportional hazards model (shown in table 3) to analyze how employ-
ment transition rates are related to observed individual traits. The results
indicate that higher levels of education and cognitive ability lead to a
higher exit rate from unemployment for both men and women. Addi-
tionally, education appears to promote job stability for men by reducing
the exit rate from employment.
As seen in table 3, all five personality traits (except agreeableness) are

related to labor market transitions. For both men and women, higher
conscientiousness and emotional stability scores are associated with lower
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rates of leaving employment and higher rates of exiting unemployment.
This means that these traits are beneficial, because they improve the
chances of finding a job and promote job stability. On the other hand,
openness to experience increases the rate of leaving employment for
bothmen and women. Agreeableness is also associated with a higher rate
of exiting employment for men.

FIG. 3.—Kaplan-Meier survival estimates by gender. Source: GSOEP data.

TABLE 3
Estimated Unemployment and Employment Cox Proportional Hazard Rates

Outcome Variable

Unemployment Employment

Male
(1)

Female
(2)

Male
(3)

Female
(4)

Years of education .100*** .177*** 2.024*** .001
(.016) (.013) (.008) (.007)

Cognitive ability .080** .209*** 2.031 .026
(.041) (.047) (.025) (.021)

Openness to experience .035 2.021 .124*** .061***
(.042) (.045) (.025) (.020)

Conscientiousness .111*** .086** 2.162*** 2.083***
(.041) (.043) (.022) (.021)

Extroversion 2.048 .033 .056** .056***
(.042) (.045) (.024) (.021)

Agreeableness .009 2.039 .080*** .005
(.038) (.041) (.024) (.021)

Emotional stability .086** .087* 2.111*** 2.067***
(.043) (.045) (.025) (.020)

Cohort (reference group: ages 37–48):
Cohort 1 (age ∈ [25, 37)) .153 2.195** .402*** .532***

(.094) (.098) (.051) (.042)
Cohort 3 (age ∈ [49, 60]) 2.203* 2.183* 2.041 2.317***

(.107) (.108) (.061) (.056)
Observations 1,002 1,017 5,972 6,729

* p < :10.
** p < :05.
*** p < :01.
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In summary, our analysis of hourly wages and employment transitions
using regression and hazard rate statistical models indicates that both
cognitive and noncognitive traits are significant determinants of these
outcomes. Ignoring personality traits can potentially lead to misleading
inferences regarding the sources of gender disparities in labor market
outcomes. To gain amore holistic understanding of how personality traits
affect labor market outcomes, we now turn to the estimation of the job
search model presented in section II.

IV. Identification and Estimation

In this section, we discuss the model’s empirical implementation. We be-
gin by discussing our measurement error assumptions, which are fairly
standard. Subsequently, we examine the identification of the model’s
primitive parameters and elucidate how our modeling assumptions facil-
itate identification. The most vital assumptions are those that pertain to
the additive separability of individual (general) human capital from the
bargaining andmatching processes. We will then turn to the specification
of our maximum likelihood estimator.

A. Measurement Error

The endogenous processes in the model are wages and the timing of
changes in labormarket state. As is virtually always the case, we will assume
that there is no measurement error in the timing of labor market state
changes.28 In terms of the measurement error in wages, we make a fairly
standard assumption that is consistent with most Mincerian wage equa-
tion specifications. Specifically, the wage determination equation (eq. [6])
in our model suggests that the log of themeasured wage for an individual
with observed characteristics z, t at a given point in time can be expressed
as

log ~wz,t 5 zgt
a 1 w(t)SE 2 d(t)SUð Þ 1 ln x v, v0, z, t; gt

2að Þ 1 yz,t, (10)

where SE is the accumulated labor market time spent employed, SU is the
accumulated labor market time spent unemployed, and yz,t is the mea-
surement error in the log wage, which is assumed to be an i.i.d. draw from
a normal distribution with mean 0 and variance j2

y. The term gt
2a denotes

28 The one exception known to us is Romeo (2001), who considers the seam problem
that is well known to exist in the Survey of Income and Program Participation. The main
reason that virtually all empirical analyses of duration data assume the correct dating of the
beginning and ending of spells is the inevitable mismeasurement of all subsequent spells if
an error occurs in dating one spell. Consequently, the measurement error process will be
complex and most assuredly not i.i.d., as is typically assumed when allowing for measure-
ment error in wages.
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all of the primitive parameters of the model with the exception of those
characterizing the initial human capital of the individual. Ignoring the
term ln x(v, v0, z, t; gt

2a) for the moment, this log wage equation includes
a vector of individual-specific time-invariant characteristics z reflecting la-
bor market productivity, the total amount of labor market experience SE,
and the total time spent in unemployment over the labor market career
SU. In order to consistently estimate the coefficients (gt

a, w(t), d(t)) using
an ordinary least squares estimator requires that yz,t is mean independent
of the covariates (z, SE, SU). Our assumption that yz,t is normally distrib-
uted with mean 0 is a sufficient condition for mean independence to
hold (once again, ignoring the ln x term for the moment).
We include measurement error in wages for multiple reasons. First,

survey data onwages typically includemeasurement error. In a well-known
validation study using data from the Panel Study of Income Dynamics
(PSID), Bound et al. (1994) find that measurement error is not a major
concern in self-reported annual earnings measures. However, they find
that reported hourly wage compensation contains a greater degree of
measurement error, with the proportion of log wage variation attributable
to measurement error as high as 50%–60%. The GSOEP respondents
probably report theirmonthly earningsmore accurately than do the PSID
respondents since they are required to have their pay statements on hand
at the time of the interview. However, hours worked may be subject to a
greater degree of measurement error. In addition, rounding errors, recall
bias, and social desirability bias may all contribute to measurement error
in survey data.
A second reason for incorporating measurement error is to ensure

that the model can rationalize all patterns of wage changes observed
in the data, which guarantees a well-defined likelihood function. For ex-
ample, the job search model described previously implies that wages
should be strictly increasing over any given job spell. In the data, there
are a significant number of violations of this implication during the course
of job spells for which repeated wage measurements are available. With
two-sidedmeasurement error, the likelihood of observing a wage decrease
is strictly positive. It is worth noting that our model can generate a wage
decrease evenwithoutmeasurement error when an individualmoves from
one firm to another. However, wage decreases occur more frequently in
the data whenmoving between jobs than implied by themodel (given rea-
sonable parameter values), and measurement error in wages helps to ac-
count for this feature.
In addition, and perhaps most crucially, measurement error can recon-

cile cases where the model predicts a reservation wage that is higher than
the wage that we observe a worker accepting out of unemployment. In our
model, every individual inhabits their own labor market since most prim-
itive parameters are a function of a linear index the value of which varies
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continuously across individuals. As a result, the reservation match produc-
tivity v*(z, t) differs across individuals. The lower bound of the theoretical
wage distribution for a given individual with state variables {z, t} implied by
themodel is w0(v*, z, t, a) 5 av*(z, t). However, we occasionally observe a
wage below this threshold in the data. Measurement error in wages assigns
a positive likelihood to such occurrences.
As alluded to above, we assume a classical measurement error struc-

ture for the observed wages (e.g., Wolpin 1987). In particular, we assume
that

~w 5 wε,

where ~w is the reported wage and w is the worker’s true wage. Also, we
assume that the measurement error, ε, is independently and identically
distributed both within individuals across job spells and across individu-
als and that it is lognormal. In this case, the density of ε is

m(ε) 5 f
ln ε 2 m

ε

j
ε

� �

= εj
ε

ð Þ, (11)

where f denotes the standard normal density and m
ε
and j

ε
are the mean

and standard deviation of ln ε. We impose the restriction m
ε
5 20:5j2

ε
, so

that E(εjw) 5 1.29 The expectation of the observed wage is equal to the
true wage since

E(~w w) 5 w � E(εj jw) 5 w 8 w:

The measurement error dispersion parameter, j
ε
, can be identified

from multiple wage measures within the same job spell. To see this, let
~w t1
k and ~w t2

k be two wage measures at two different periods, t1 and t2, in
the same job k with a match productivity v. Denote the true wages at
these two points by w(v, v 0

t1 , z, t, at1) and w(v, v 0
t2 , z, t, at2), where v 0

t1 and
v 0
t2 are the best dominated job offers and at1 and at2 are the associated hu-
man capital levels at these two times. By definition, we have v 0

t1 ≤ v0t2 ≤ v

and at1 ≤ at2 . Our wage determination equation (6) implies the following
expression for the differences in log wages between t1 and t2:

29 Given that ε follows a lognormal distribution, E(ε) 5 exp(mε 1 0:5j2
ε ) 5 1 if mε 5

20:5j2
ε . Note that there is an apparent discrepancy between our assumptions regarding

the properties of the disturbance term ε and the assumption that y has mean 0 in
eq. (10). In fact, under our measurement error assumption, E(y) ≠ 0. However, this term
will impact only the estimate of the constant term in eq. (10) and can easily be recovered.
In any event, eq. (10) is not actually used in estimating the model; it is only a device to
make our identification arguments more intuitive.
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log ~w t2
k 2 log ~w t1

k 5 log w(v, v0t2 , z, t, at2) 2 log w(v, v0t1 , z, t, at1) 1 log ε
t2
2 log ε

t1

5 w(t) t2 2 t1ð Þ
|fflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflffl}

(1)

1 log x(v, v0t2 , z, t) 2 log x(v, v0t1 , z, t)
|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

(2)

1 log ε
t2
2 log ε

t1

|fflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflffl}

(3)

,

(12)

where term 1 captures wage changes due to human capital accumulation,
term 2 captures wage changes arising from Bertrand competition, and
term 3 captures wage changes due to measurement error. Terms 1 and
2 are both nonnegative (because of t2 ≥ t1 and ∂x(v, v0, z, t)=∂v0 ≥ 0), so
any negative observed wage changes will occur only because of measure-
ment error. The measurement error variance can be identified from the
asymmetry of the distribution of observed wage changes within a job spell,
as illustrated in figure 4. In particular, without the contribution of terms 1
and 2, log wage changes within the same job would arise only from mea-
surement error and be a symmetric normal distribution with mean 0
(the symmetric left curve). Adding terms 1 and 2 skews the distribution
to the right and increases its mean, as seen in the figure (the asymmetric
right curve).
Table 4 reports the distribution of wage changes within the same job

spell for various time intervals between the two measures. The mean val-
ues are positive, indicating wage growth. In a 5-year period, for example,
the average wage increased by 11%–12%. However, for lower quantiles,
the wage changes are negative, consistent with measurement error.

B. Identification

We now examine how our model parameters are separately identified,
including (1) initial human capital endowment: a0(z, t); (2) bargaining
parameter: a(z, t); (3) transition parameters: lE(z, t), lU(z, t), h(z, t);
(4) human capital growth parameters: w(t), d(t); and (5) the variance
of match quality distribution j2

v(t) and the variance of measurement er-
ror j2

ε
(t). As indicated by the notation, all the parameters are allowed to

differ by gender t, while parameters in groups 1–3 are also allowed to vary
by the observable individual characteristics. Further details and more rig-
orous arguments concerning identification are provided in appendix E.
The analysis in Flinn and Heckman (1982) considers the estimation of

a nonequilibrium search model with an exogenous wage offer distribu-
tion, which can be thought of as a special case of the model developed in
this paper when a 5 1.30 They consider the homogeneous case in which

30 When a 5 1, the exogenous wage offer distribution is simply the distribution of v
scaled by the individual’s productivity a.

(12)
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all labor market participants have the same primitive parameter values.
Furthermore, they assume that wages are measured without error and
that there is no on-the-job search. They demonstrate that lU, h, and the
parameters characterizing the population wage offer distribution can be
identified usingmonthly Current Population Survey data. These data have
information on wages for employed individuals and on the duration of
ongoing unemployment spells for individuals who are unemployed at
the survey date. They further show that the flow utility of unemployment

FIG. 4.—Graphical illustration of how measurement error is identified.

TABLE 4
Distribution of Wage Changes within Job Spell by Gender

and for Different Time Intervals

log ~w t2
k 2 log ~w t1

k

Mean 10% 25% 50% 75% 90% N

1-year gap (t2 2 t1 5 12):
Male .03 2.19 2.07 .02 .12 .25 9,191
Female .03 2.23 2.07 .02 .13 .30 7,890

3-year gap (t2 2 t1 5 36):
Male .08 2.15 2.03 .07 .18 .33 3,975
Female .07 2.21 2.04 .06 .19 .36 3,087

5-year gap (t2 2 t1 5 60):
Male .11 2.13 .00 .11 .23 .38 1,019
Female .12 2.17 2.03 .10 .25 .46 750

Note.—~w t1
k and ~w t2

k are two measures at t1 and t2 at the same job spell.
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b and the instantaneous discount rate r are not point identified. Assuming
a value for one of them, however, enables point identification of the other.
Extending this argument to the case considered here is relatively

straightforward. When an individual is employed at a job with match pro-
ductivity v, then their reservation value for moving to a new employer is
simply v. Because the distribution of match productivity is assumed to be
only gender specific, the rate at which an individual of type z and gender
tmoves directly from one job to another, given our mapping from (z, t)
into lE(z, t), has the following expression:

hEE(v, z, t) 5 lE(z, t)(1 2 Gt(v)) 5 exp(zgt
E)(1 2 Gt(v)):

Job-to-job transitions are observed in the data and are included in the
likelihood function. Of course, we do not observe v, but the wage history
over the current employment spell provides information regarding this
value. This wage history also appears in the likelihood function. By assum-
ing that individuals of gender t share the same coefficient vectors, job-to-
job transitions among same gender individuals are essentially pooled in
estimation, making the vector gt

E estimable even in more modestly sized
samples.
The rate at which an employed individual of type z and gender j exits

employment and enters unemployment is

h(z, t) 5 exp(zgt
h):

Under our assumption that job dissolution rates are independent of
match productivity, this hazard rate does not involve the distribution
Gt.31 Because we observe these transitions in the data and this hazard rate
appears explicitly in the likelihood, the parameter vector gt

h is easily es-
timable as well.
Finally, the rate at which an individual of type z and gender t leaves

unemployment for employment is given by

hU(z, t) 5 lU(z, t)(1 2 Gt(v*(z, t))) 5 exp(zgt
U)(1 2 Gt(v*(z, t))):

The reservation match productivity for an unemployed individual of
type (z, t) is given in equation (8). It is a complex function of all of
the parameters characterizing the search environment of the individual,
excluding gt

a (the parameters associated with the constant ability level).
All of the parameters that determine v*(z, t) appear explicitly in the like-
lihood function, except for (bt, r). From Flinn and Heckman (1982), we
know that the (bt, r) parameters are not separately identified, which is
why we fix the instantaneous interest rate at r 5 0:006 (where the rate

31 This premise of independence is a widely accepted convention in the literature. For
those interested in exploring potential modifications or extensions to this assumption, see
Yamaguchi (2010).
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is monthly) and assume that it is the same for all individuals in the
sample.
Identification of the bargaining power parameter, a, is challenging

without access to information concerning the total size of the surplus
to be shared. Although we possess data on the individual’s share of the
surplus (represented by the wage), we lack measures of the firm’s profit
linked to a specific job.32 The identification and estimation of a using
only supply-side data were considered in some detail in Flinn (2006).
In a homogeneous stationary model without on-the-job search but with
bargaining, a sufficient condition for the surplus share parameter a to
be identified is that the distribution G(v) does not belong to a parametric
location-scale family. Under the lognormality assumption, the match dis-
tribution is not location scale (although ln v is), and the nonlinearity en-
ables identification of a, at least in theory.33

An important difference between the case investigated in Flinn (2006)
and the model estimated in this paper is that we allow for model param-
eters to depend on the vector of individual characteristics z. Introducing
this heterogeneity considerably aids model parameter identification but
at the cost of having tomake parametric assumptions on the nature of the
dependence. We illustrate this through an example in which the match-
ing distribution G(v) belongs to a location-scale family. Flinn (2006) shows
that the location and scale parameters {m, j} and bargaining power a in
this case cannot be separately identified in a homogeneous labormarket.
We revisit the same setting as in Flinn (2006), in which there was an ab-
sence of on-the-job search, heterogeneous worker productivity (a), and
measurement error. Allowing for the presence of heterogeneity z, the
Nash bargained wage at a match productivity value of v is given by

w(v; z) 5 a(z)v1(1 2 a(z))v*(z):

For our example, consider z to be a scalar characteristic that takes one
of J possible values, with the j th value denoted by z( j). We will say that an
individual i is type j if zi 5 z( j). Let J be small and fixed so that as sample
size N increases, so do the number of observations in each subpopula-
tion z( j). Estimation could proceed conditionally on each value z( j),
with no restrictions on a(z( j)), m(z( j)), and j(z( j)) across the J subpop-
ulations. If the parameters were not identified within any given sub-
group, then they would not be identified in other subgroup, which is

32 Even when using matched worker-firm data with some measure of total firm profits,
assigning the profit associated with a particular job at the firm is not possible without mak-
ing restrictive assumptions regarding the production process.

33 In addition to the functional form of G(v), the identification argument of the bargain-
ing power parameter is further strengthened in our model with on-the-job search and re-
negotiation by exploiting the variation from multiple wages within the same job spell, as is
discussed below.
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the case if the match productivity distribution belongs to a location-scale
family, as in our example.
Now suppose that we assume that across-group parameter heterogene-

ity satisfies the restrictions a(z( j)) 5 q(ga
0 1 ga

1z( j)), m(z( j)) 5 g
m

0 1

g
m

1z( j), and j(z( j)) 5 exp(gj
0 1 gj

1z( j)), where q(⋅) is the logit map-
ping.34 If ga

1 5 g
m

1 5 gj
1 5 0, then we are in the homogeneous case in

which there is no heterogeneity in parameter values across the subpop-
ulations. Because G is assumed to belong to a location-scale family, we
know that the common values of a, m, and j are not individually identi-
fied in this case. Identification requires that each of the three parame-
ters a, m, and j be functions of z( j). The assumption that G(v; m(z( j)),
j(z( j))) belongs to a location-scale family implies that the distribution
of match quality can be written as

G(v; m(z( j)), j(z( j))) 5 G0

v 2 m(z( j))

j(z( j))

� �

,

where fm(z( j)), j(z( j))g are the location and scale parameters, respec-
tively, and G0 is a known function (e.g., a standard normal distribution).
Its associated (observed) wage distribution can be written as the follow-
ing truncated location-scale distribution, with the lower truncation point
at v*(z( j)):

f (wjz( j)) 5
1=j 0(z( j))ð Þg0 w 2 m0(z( j))ð Þ=j 0(z( j))ð Þ

1 2 G0 v*(z( j)) 2 m0(z( j))ð Þ=j0(z( j))ð Þ
,

where m0(z( j)) is the new location parameter and j0(z(j)) is the new scale
parameter:

m0(z( j)) 5 (1 2 a(z( j)))v*(z( j)) 1 a(z( j))m(z( j)),

j0(z( j)) 5 a(z( j))j(z( j)):

Consistent estimators for m0(z( j)) and j 0(z( j)) are available, but these pa-
rameters are functions of the three primitive parameters m( j), j( j), and
a( j). With two equations and three unknowns, themodel parameters are
not identified without further restrictions when J 5 1, which corre-
sponds to the homogeneous labor market case.
Now, assume that the number of values of z( j) are J 5 3. Then for each

of the three types, we can obtain consistent estimates of the location and

34 Note also that we specify different mappings from the same index function into the
different parameters of the wage determination equation. These are required to map
the index, which takes values on R, into the appropriate space for each parameter. Al-
though the explicit form of the mapping is arbitrary, the ones we use are the ones most
commonly used as link functions for this purpose.
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scale parameters m̂0(z( j)) and ĵ0(z( j)), j 5 1, 2, 3). In addition, the lowest
observed wage for type j is a consistent estimator for v*( j), that is,

v̂*(z( j)) 5 min wif gi∈S(j), (13)

where S( j) contains the set of indexes of sample members of type z( j).
For each type, we have consistent estimates of the location and scale pa-
rameters, and we have six unknown parameters to estimate (conditional
on our superconsistent estimates v̂*( j), j 5 1, 2, 3). When J 5 3, the
model is exactly identified and produces unique estimates of each of
the six b parameters.
If there aremore than three types, themodel is overidentified, so to ob-

tain unique estimates of the b parameters, we need to define a proper es-
timator with a well-defined sampling distribution. In our case, because of
the fact that some of the covariates in the index function are continuous,
there is a continuum of types in the population. Each individual, charac-
terized by zi, essentially inhabits their own labor market, with the links be-
tween the individual labor markets being the common b parameters.35

Another key difference between the model estimated in this paper and
models developed in the earlier literature (which have been cited in this
section) is the inclusion of the human capital parameter a. Our identifica-
tion argument for this parameter relies on the additive separability in the
term involving gt

a and the term involving the rest of the primitive param-
eters (denoted gt

2a), as implied by the log wage equation (eq. [10]):

log ~wz,t 5 z gt
a 1 w(t)SE 2 d(t)SUð Þ

|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

log a(z,SE,SU;g
t
a)

1 log x v, v0, z, t; gt
2að Þ 1 yz,t,

where

log x(v, v0, z, t; gt
2a)

5 ln v2(1 2 a(z, t))lE(z, t)

ð
v

v0

r 1 h(z, t) 2 w(t) 1 a(z, t)�Gt(x)

r 1 h(z, t) 2 w(t) 1 lE(z, t)a(z, t)�Gt(x)
dx

� �

:

Having identified the parameters determining log x(v, v0, z, t; gt
2a), the

parameter vector gt
a is identified from the log wage equation (10). The co-

efficient associated with human capital depreciation during unemploy-
ment spells, d(t), does not appear in the log x function, although the pa-
rameter associated with human capital appreciation, w(t), does.
In addition to using wage data alone, the separate identification of the

human capital term, a(z, SE, SU; gt
a), and the Bertrand competition term,

35 The idea is no different than representing the conditional expectation of an endog-
enous variable as a linear index formed from covariates zi. Particularly when using cross-
sectional data in which one observation of the dependent variable is observed for each
i, nonparametric estimation of the conditional mean function is not possible. The assump-
tion that all population members share the same parameter vector b is required to obtain
consistent estimates of the conditional mean function.
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x(v, v0, z, t; gt
2a), is facilitated by incorporating data on job-to-job transi-

tions. Wage changes within a job spell occur either because of human
capital appreciation or as a result of renegotiation in response to outside
offers. In contrast, wage changes associated with job-to-job transitions oc-
cur solely because of outside offers and Bertrand competition. Thus, dif-
ferences in the wage variation observed within job spells versus wage var-
iation associated with job-to-job transitions can be used to separately
identify the human capital parameters fw(t), d(t)g from the othermodel
parameters, gt

2a.
Multiple wage observations within the same job spell also provide iden-

tifying information for the bargaining power parameter a(z, t), in addi-
tion to that given by the lognormality assumption on the match produc-
tivity distributionGt(v). Heuristically speaking, the bargaining parameter
describes how the flow match quality surplus, v, is divided between em-
ployers and employees. The proportion of flow surplus per unit of human
capital that goes to the firm side is given by the expression

v 2 x(v, v0, z, t)

v
5 (1 2 a(z, t))lE(z, t)

ð
v

v0

r 1 h(z, t) 2 w(t) 1 a(z, t)�Gt(x)

r1 h(z, t)2 w(t)1 lE(z, t)a(z, t)�Gt(x)
dx:

This fraction decreases as the bargaining power parameter a(z, t) in-
creases, meaning that a high value of a(z, t) implies less wage growth
within the job spell. The reasoning behind this is that if workers receive
a larger share of the surplus at the beginning of their job, they would ex-
pect lower wage growth over the spell, as the firm has less surplus to offer
to match their outside options. In the limit, as a→ 1, the worker receives
all of the flow surplus from thematch, and the wage is independent of the
outside option, v0. In this case, the only wage growth during a job spell is
due to the deterministic increase in general human capital.
As described below, we adopt a maximum likelihood estimation ap-

proach. The likelihood efficiently uses the sample information on wages
and labor market transitions and provides a straightforward way of estab-
lishing the conditions under which model parameters are identified. Ap-
pendix E demonstrates identificationwithin our likelihood framework for
our most general model specification. A key requirement is the usual full
rank condition on the Hessian matrix. In appendix A, we also show that
the estimation of the index coefficient vectors gt

j associated with the pa-
rameters, which depend on z, does not raise additional identification con-
cerns as long as thematrix of covariates, Z, is of full rank, which is the case
in our application.

C. Constructing the Individual and Overall Likelihood

We estimate the model parameters using a maximum likelihood esti-
mator. We first describe how we construct each individual likelihood
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conditional on the individual-specific set of parameter valuesΩi, account-
ing for data censoring. We begin by considering the problem of right cen-
soring that occurs when there are incomplete unemployment or employ-
ment spells. Later, we also consider the more difficult problem of left
censoring, which occurs when spells are in progress at the start of the ob-
servation period. After characterizing the individual likelihood contri-
bution, we construct the overall likelihood function using the mapping
between individual characteristics (zi, ti) andΩi specified in section II.C.
For notational simplicity, our discussion of the individual likelihood sup-
presses the dependence of the parameters on (zi, ti), but the reader
should bear in mind that the econometric model allows the search envi-
ronment parameters to vary across individuals.
As in Flinn (2002) and Dey and Flinn (2005), for example, the infor-

mation used to construct the likelihood function is defined in terms of
ECs. The exact composition of ECs that an individual has will depend on
the individual’s initial labor force status. If an individual enters into our
sample with an existing job, the first EC begins with this job, followed po-
tentially by more jobs, and the cycle ends with any transition into unem-
ployment. If an individual is unemployed at the start of the observation
period, then the EC begins with an unemployment spell, followed by
one or more jobs and ending with any transition into unemployment.
For computational tractability, we construct the likelihood for an EC us-
ing at most two jobs within a single employment spell.36 That is, an EC
can consist of the following:

EC 5

Tk , qk , rkf g, ~w
tkj
k

� �nk

j51

n o2

k51
|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

one employment spell with a preexisting job,

TU, rUf g
|fflfflfflfflffl{zfflfflfflfflffl}

 unemployment spell

, Tk , qk , rkf g, ~w
tkj
k

� �nk

j51

n o2

k51
|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}

up to two consecutive jobs

one unemployment spell

1 one employment spell:

8

>>>>>><

>>>>>>:

In the above definition, TU represents the unemployment spell duration.
The indicator variable rU is equal to 1 if the unemployment spell is right
censored. If we observe subsequent employment spells, up to two jobs, Tk

denotes the duration of job spell k within the employment spell, k ∈

f1, 2g. Within each job spell, wages are sequentially reported nk times at
time periods ftk1, tk2, :::, tknk

g. We use the notation ~w
tkj
k to denote the wage

reported at period tkj within job spell k. The indicator variable rk 5 1 sig-
nifies that the duration of job k is right censored. The indicator variable qk
equals 1 when the job k is dissolved at the end of the job spell, correspond-
ing to a transition to unemployment, and it equals 0 when the individual

36 This simplification resulted in a small decrease in the number of job spell observa-
tions used, dropping from 13,411 to 12,313, a decrease of less than 10%.
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transitions immediately from one job to another job. Each individual may
contribute information on multiple ECs to the likelihood. Note that an
EC ends if an individual enters the out-of-labor force state; we could ob-
serve a second EC if the individual reenters the labor force.37

Wenow address the left-censoring issue, which is unique to the first EC.
This occurs when individuals are already in the midst of their unemploy-
ment or employment spells at the beginning of our observation period.38

In order to deal with this issue, we need to incorporate the individuals’
labor market histories prior to the observation period. For those unem-
ployed at the start, their initial unemployment status acts as a sufficient
statistic of their labor market history. This is due to the memoryless prop-
erty of the exponential distribution. That is, if job offer arrival times are
generated by a homogeneous Poisson process, the distribution of the du-
ration of further job search time is independent of the time already spent
searching.39 The likelihood of this duration is conditional on the individ-
ual being sampled while in the unemployment state. In order to form the
joint likelihood of the duration of the left-censored unemployment spell
and the likelihood of being sampled in the unemployment state, we must
multiply the conditional density of the observed unemployment duration
times given unemployment by the likelihood of finding the individual in
an unemployment spell in the steady state at a randomly selected point in
time.
For individuals who are employed at the beginning of the observation

period, their initial condition hinges not only on their employment sta-
tus but also on the current job match value, v, and the dominated match
value that represents the outside option, v0. This pair (v,v0) jointly deter-
mines the current wage. As described in detail below, we assume that the
initial match value and the dominated outside option match value are
drawn from the steady-state distribution of these variables. These draws
of the initial distribution are integrated out during the calculation of the
likelihood function value for an EC that begins with an ongoing employ-
ment spell. This produces the conditional distribution of wages for the
first left-censored job spell given that the individual was found in the em-
ployment state when first observed. To form the joint likelihood of wages

37 Appendix sec. D.2 describes our treatment of out-of-labor force and part-time work in
greater detail.

38 It is worth noting that our general human capital, a, does not suffer this left-censoring
problem since we have the completed measure of their prior accumulated work experi-
ence and unemployment experience. However, as was shown in sec. IV, individual hetero-
geneity in general human capital does not have an impact on the choice of jobs.

39 In a stationary model like ours (strictly speaking, our model is stationary only after
conditioning on ability a), length bias is not a concern. The distribution of forward recur-
rence times in length-biased spells (i.e., those in progress at the time when the sample win-
dow begins) is the same as the population distribution of the completed spells (that are not
length biased).
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in the first left-censored job spell and being initially sampled in the em-
ployment state, we multiply the conditional likelihood given employ-
ment by the likelihood of being employed at a randomly sampled time
in the steady state.
In describing the individual likelihood contribution, it is useful to dis-

tinguish 11 different kinds of ECs that are observed in the data. An EC
starting with an unemployment spell can be one of the following six cases:

1. One right-censored unemployment spell (rU 5 1)
2. One completed unemployment spell (rU 5 0)

a. plus first right-censored job spell (r1 5 1)
b. plus first completed job spell ending with unemployment

(r1 5 0, q1 5 1)
3. One completed unemployment spell plus first completed job spell

(r1 5 0, q1 5 0)
a. plus second right-censored job spell (r2 5 1)
b. plus second completed job spell ending with unemployment

(r2 5 0, q2 5 1)
c. plus second completed job spell ending with third job (r2 5 0,

q2 5 0)

We will write one likelihood expression that nests all of these cases. The
likelihood depends on the following components from our job search
model: the reservation wage, v* (determined by eq. [8]), the measure-
ment error probability density function (pdf) denoted by m(⋅) (defined
by eq. [11]), and the (gender-specific) match productivity cumulative dis-
tribution function (cdf) given byG(v), and �G(v) 5 1 2 G(v). The hazard
rates associated with unemployment and job transitions are hU and hE(v),
where

hU 5 lU
�G(v*),

hE(v) 5  h 1 lE
�G(v):

The likelihood contribution for individuals whose ECs begin with unem-
ployment is given by

l(tU, rU, ~w t1k
1f gn1

k51, T1, r1, q1, ~w t2k
2f g

n2

k51, T2, r2, q2) 5

ð

v*

ð

v1

h(12rU)
U exp( 2 hUtU)

� exp 2hE(v1)T1ð Þ lE
�G(v1)ð Þ

12q1hq1
� �12r1

fw1
(~w t11

1 , ~w
t12
1 , ~w

t13
1 , :::, ~w

t1n1
1 , T1jv1; v*)

n o12rU

� exp 2hE(v2)T2ð Þ lE
�G(v2)ð Þ

12q2hq2
� �12r2

fw2
(~w t21

2 , ~w
t22
2 , ~w

t23
2 , ::: , ~w

t2n2
2 , T2jv1, v2)

n o12r1 dG(v2)
�G(v1)

dG(v1)
�G(v*)

:

(14)

An EC that starts with an employment spell can be one of the following
cases:

(14)
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1. One right-censored job spell (r1 5 1)
2. One completed job spell ending with unemployment (r1 5 0,

q1 5 1)
3. One completed job spell (r1 5 0, q1 5 1)

a. plus second right-censored job spell (r2 5 1)
b. plus second completed job spell ending with unemployment

(r2 5 0, q2 5 1)
c. plus second completed job spell ending with third job (r2 5 0,

q2 5 0)

The likelihood for individuals whose ECs begin with employment needs
to include all of the above cases. In addition, for workers who are em-
ployed at the start of the observation period, there is the complication
that their match value at the current job and their best dominated match
value are not observed. The pair of match values fv1, v

0
1g serves as a suf-

ficient statistic for job history. We posit that the initial match productivity
value v is a random draw from the unconditional cdf L(v), while the ini-
tial best dominated match productivity value is a random draw from the
conditional steady-state cdf S(v01jv1), both of which are derived in sec-
tion A2. Consequently, our unconditional likelihood function needs to
integrate out v01 and v1 on the basis of their distributions S(v01jv1) and
L(v1), using Monte Carlo integration (as described below):

l( ~w t1k
1f g

n1

k51, T1, r1, q1, ~w t2k
2f g

n2

k51, T2, r2, q2) 5

ð

v*

ð
v1

v*

ð

v1

exp 2hE(v1)t1ð Þ lE
�G(v1)ð Þ

12q1hq1
� �12r1

fw1
(~w t11

1 , ~w
t12
1 , ~w

t13
1 , ::: , ~w

t1n1
1 , T1jv

0
1, v1)

exp(2hE(v2)t2) lE
�G(v2)ð Þ

12q2hq2
� �12r2

fw2
(~w t21

2 , ~w
t22
2 , ~w

t23
2 , ::: , ~w

t2n2
2 , T2jv1, v2)

n o12r1

dG(v2)
�G(v1)

dS(v01jv1)dL(v1):

(15)

As shown in section A2, the steady-state distributions have a closed form:

L(v1) 5
G(v1)

1 1 k1 �G(v)
, S(v01jv1) 5

1 1 k1 �G(v1)

1 1 k1 �G(v01)

� �2

,  v* ≤ v01 < v1,  

k1 5
lE

h
:

We calculate the likelihood functions specified in equations (14) and
(15) using closed-form expressions when feasible, but to calculate some
components of the likelihood requires the use of simulation methods.
For each EC that begins in an ongoing employment spell, we first draw
r 5 f1, 2, :::, Rg sample paths as follows. From the steady-state joint dis-
tribution of current match productivity and the current outside option
productivity levels, we take R draws of fv1(r), v

0
1(r)g, where v is the

(15)
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current match productivity and v0 is the best dominated productivity value
(the outside option) used as a basis for wage setting. If there is a second
job in this EC, from the model we know that the outside option for that
job corresponds to match productivity of the first job in the EC, so that
v02(r) 5 v1(r) on the sample path r. Thematch productivity at the second
job on sample path r is determined by a draw from the truncated match
quality distribution G(vjv > v1(r)), with this draw denoted v2(r).
Because a series of sequential wage observations are available over the

course of these job spells, we need to generate sample paths of wages
within each job spell. Although the match productivity does not change
over a job spell at a given employer, the best dominated match value may
change. The sampling period is one month, and the number of months
in job i in the EC is given by Ti. The probability of meeting another firm
in a one-month period of time frame is given by 1 2 exp( 2 lE � 1).40

The probability that a match draw is no greater than the current job pro-
ductivity level of vi(r) is G(vi(r)), so that the probability of meeting an-
other firm with a match productivity less than current match productiv-
ity is (1 2 exp( 2 lE) � G(vi(r))). For each job spell, we generate M

sample paths of the possible best dominated job offers, which we denote
ffv0i51(t, r ,m)gT1

t51g
M
m51 for the first job spell and ffv0i52(t, r ,m)gT2

t51g
M
m51 for

the second job spell. For each of the M sample paths and for each
month, we draw a uniform random number to determine whether the
individual received an offer from a firm with a match productivity less
than the current value. If so, we draw from the truncated distribution
of match values with upper truncation point vi(r). If this draw is greater
than the current outside option match value, it becomes the new outside
option. In this way, the sample path m of outside options is generated.
Given vi(r) and the best dominated match productivity in month t,
v0i(t, r ,m), the wage in that month is determined on the basis of the wage
determination equation (6). We then average these M wage trajectories,
which corresponds to a Monte Carlo integration over the joint density
functions fw1

(⋅) from the first job spell and fw2
(⋅) from the second job spell.

Last, we average the R sample paths to get the likelihood value corre-
sponding to equations (14) and (15). A detailed description of our simu-
lation approach for the various types of ECs that occur in the data can be
found in appendix C.

40 This is an approximation to the actual continuous-time process. In a 1-month period
of time, in theory a countable infinity of contacts with potential employers could occur,
and we are limiting the number of contacts to be at most one in a month. Given that
the estimate of the rate of meeting alternative employers while employed, lE, is low for vir-
tually all sample members, the likelihood of meeting two or more potential employers in a
1-month period is low as well. This feature of the data suggests that the approximation is
satisfactory. On the other hand, our estimates of lE are also based on this approximation,
so that our claim is subject to this caveat.
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Our model allows the parameter values to differ across individuals de-
pending on a vector of observable characteristics, (zi, ti). We now incor-
porate this mapping into the likelihood function and construct the over-
all log likelihood function lnL for the sample ofN individuals. Individual i
with individual observable characteristics (zi, ti) has labor market param-
eters given by

Ω(zi , ti) 5 lU(zi , ti), lE(zi , ti), a(zi , ti), h(zi , ti), a0(zi , ti), w(ti), d(ti), b(ti), jv(ti), jε(ti)f g:

The individual likelihood function li is then calculated on the basis of
their multiple ECs over the observation period:

li 5 o
k∈ 0,1f g

Pr(Ei 5 ki jΩ(zi , ti))½Π
J

j51 ln ‘j(Employment cycleij jΩ(zi , ti), Ei 5 ki)�, (16)

where Pr(Ei 5 ki jΩ(zi , ti)) denotes the probability of observing the initial
employment status Ei 5 ki, given individual i’s characteristics Ω(zi, ti),41

and ‘j(Employment cycleij jΩ(zi , ti), Ei 5 k) is the likelihood function
for the jth EC for individual i, which corresponds to either equation (14)
or (15) depending on the type of EC. Because individual heterogeneity
zi is (essentially) continuously distributed, computing individual i’s log
likelihood contribution at each iteration of the estimation algorithm re-
quires solving for each person’s reservation strategy v*(zi , ti). The overall
log likelihood function ln L is given by

ln L 5 o
N

i51

ln li :

V. Model Estimates

A. Estimated Model Parameters

under Alternative Specifications

Previous papers that estimate search models usually incorporate covari-
ates such as age, gender, education, and race by dividing the sample into
subgroups and estimating separate models for each subgroup (e.g.,
Bowlus 1997; Bowlus and Grogan 2008; Flabbi 2010a; Liu 2016; Amano-
Patino, Baron, and Xiao 2020; Morchio and Moser 2020). However, the
number of covariates used is often restricted to maintain a sufficient sam-
ple size within every subgroup, which is necessary for the reliable estima-
tion of parameters for each of them. The index formulation we introduce
allows for more individual heterogeneity, with parameters depending on

41 As detailed in eq. (18) (see sec. A2), the probability of being unemployed when ini-
tially sampled is given by Pr(Ei 5 0jzi , ti) 5 h(zi , ti)=(h(zi , ti) 1 lU

�G(v*(zi , ti))) in the
steady state. Conversely, the probability of being employed when sampled is given by
Pr(Ei 5 1jzi , ti) 5 lU

�G(v*(zi , ti)=(h(zi , ti) 1 lU
�G(v*(zi , ti))).

(16)
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gender, education level, cognitive skills, birth cohort, work experience,
unemployment experience, and personality traits. Table 5 presents the
estimated coefficients of the search model under three different speci-
fications: a homogeneous specification (cols. 2, 3), in which the model
parameters are allowed to differ by gender but are otherwise assumed to
be the same; a fully heterogeneous specification (cols. 6, 7), in which the
parameters are allowed to vary by gender and by education, cognitive
skills, personality traits, and age cohort; and a without personality spec-
ification (cols. 4, 5), in which the parameters vary by all of the individual
characteristics with the exception of personality traits. Figure 5 shows
the distributions of the estimated parameter values for males and fe-
males under the fully heterogeneous model, and table 5 displays the

TABLE 5
Parameter Estimates under Alternative Heterogeneity Specifications

Description
(1)

Homogeneous
Without

Personality
Fully

Heterogeneous

Male
(2)

Female
(3)

Male
(4)

Female
(5)

Male
(6)

Female
(7)

a0 Initial ability 12.15 11.86 11.85 11.20 11.60 10.31
(.04) (.04) [1.63] [1.42] [2.12] [1.97]

a Bargaining .55 .46 .55 .46 .55 .44
(.001) (.002) [.03] [.02] [.02] [.05]

h Separation rate .005 .007 .005 .007 .005 .006
(1.7E–5) (5.8E–5) [.001] [.001] [.001] [.001]

lU Offer arrival rate dur-
ing unemployment

.09 .08 .09 .09 .08 .10
(.0001) (.0002) [.03] [.04] [.03] [.05]

lE Offer arrival rate dur-
ing employment

.05 .04 .04 .04 .04 .05
(3.9E–05) (.0001) [.01] [.01] [.01] [.01]

b Flow utility when
unemployed

.10 .32 .10 .39 .10 .36
(.007) (.006) (.008) (.007) (.006) (.007)

w Human capital
accumulation
(monthly)

.0007 .0007 .0008 .0007 .0009 .0008
(9.2E–6) (1.4E–5) (1.3E–5) (1.6E–5) (1.2E–5) (1.0E–5)

d Human capital
depreciation
(monthly)

.004 .004 .004 .004 .004 .004
(1.7E–5) (3.6E–5) (3.3E–5) (4.1E–5) (5.1E–5) (3.0E–5)

jv v ∼ logN (2j2
v=2, jv) .28 .30 .27 .28 .27 .28

(.0006) (.0007) (.0007) (.0007) (.0007) (.0007)
j

ε
ε ∼ logN (2j2

ε
=2, j

ε
) .21 .22 .20 .21 .20 .21

(.0005) (.0005) (.0005) (.0005) (.0005) (.0005)
log L 256,312 252,599 252,049

Note.—In the without personality (cols. 4, 5) and fully heterogeneous (cols. 6, 7) spec-
ifications, the parameters {a0, a, lU, lE, h} depend on indexes of individual characteristics.
For these parameters, standard deviations of the parameter distribution are in square
brackets. For all other parameters and for all parameters under the homogeneous speci-
fication (cols. 2, 3), standard errors are in parentheses. For LR tests, we test the without
personality specification (cols. 4, 5) against the homogeneous one (cols. 2, 3; p < :001)
and the fully heterogeneous specification (cols. 6, 7) against the without personality one
(cols. 4, 5; p < :001). The monthly discount rate is set at 0.006.
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means and standard deviations of the parameter values for the specifica-
tions that allow for observed heterogeneity beyond gender (cols. 4–7). A
comparison of the estimates for the homogeneous and heterogeneous
specifications reveals important gender differences as well as substantial
individual heterogeneity. Further comparison between the estimates for
the fully heterogeneous and without personality specifications highlight
the role of personality traits in the model’s ability to match the data. Un-
der the fully heterogeneous model, the estimated initial human capital
endowment parameters (a0) indicate that, on average, males possess a
higher innate human capital endowment than females. The average
human capital endowment for males is 11.60 compared with 10.31 for
females in the fully heterogeneous model. Figure 5 illustrates the significant

FIG. 5.—Distribution of search parameters {a0, a, lU, lE, h}. The figure presents the dis-
tribution of search parameters across genders under the fully heterogeneous specification.
Blue bars represent male workers, and red bars represent female workers. Lines indicate
the mean values for each distribution (red 5 female; green 5 male), aligning with the
mean values reported in columns 6 and 7 of table 5 for fully heterogeneous specifications.
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variability in the estimated human capital endowment parameters (a0),
with considerable overlap between the male and female distributions.
This gender gap of approximately 11% in average human capital endow-
ment is notably smaller than the productivity disparities reported in other
studies. For example, Bowlus (1997) finds that women’s productivity is
20%–41% lower than men’s productivity in similar jobs. This discrepancy
can be attributed to differences in accumulated work experiences (SE)
and unemployment experiences (SU) between genders rather than to in-
nate human capital (a0). Because women typically spendmore time out of
the labor force or in part-time employment, their SE values tend to be
lower compared with their male counterparts.42 This factor contributes
to a wider gap in overall productivity (a) compared with the initial human
capital difference (a0).
With regard to bargaining,men are estimated to have a higher bargain-

ing parameter (a) and therefore receive a larger initial share of the job
surplus on average than do women.43 The estimated parameter values
range from 0.44 to 0.55, which is fairly consistent with values reported
in the search literature using similar modeling frameworks. For example,
Bartolucci (2013) uses German matched employer-employee data and
finds that female workers have, on average, slightly lower bargaining power
than their male counterparts, with an average a of 0.42 (for both gen-
ders). Flinn (2006), using Current Population Survey data, finds that
the overall bargaining power is approximately 0.42 in a sample of young
adults. Figure 5 shows substantial heterogeneity in bargaining parameters
across individuals, again with substantial overlap in the male and female
distributions.
The distribution of job arrival rates during unemployment (denoted

lU) is similar for men and women and exhibits right skewness (shown
in fig. 5), meaning that most people have low rates of finding a job open-
ing, while a small fraction have higher values. Once employed, the job
arrival rate, lE, is lower than when the individual is unemployed. The es-
timated job separation rate, h, is generally small inmagnitude and is slightly
lower formen in comparison with women. It is worth noting that jobsmay
also end because of workers leaving for jobs at other employers.Men tend
to have lower flow utility, b, when unemployed.
Table 5 also reports p -values for LR tests, where we test the without

personality specification against the homogeneous one and the fully

42 Note that we count part-time past work as half a year experience when calculating the
accumulated working experience SE.

43 The fact that men have a higher initial share of the match surplus does not necessarily
mean that they will always have a larger share over the course of the job spell. The worker’s
share of the surplus can increase over time because of counteroffers. See the discussion of
table 7.
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heterogeneous specification against the without personality one. The
models are nested, and the LR tests reject the more restrictive specifica-
tions. Models that allow for a greater degree of heterogeneity provide a
better fit to the data. It is notable that the dispersion in the initial ability
distribution is wider with the fully heterogeneous specification compared
with the without personality specification. This difference is due to person-
ality traits substantially accounting for the initial ability differences across
both genders.
In addition to performing the formal tests, we also graphically exam-

ine the model’s goodness of fit by comparing the distributions of wages
and of unemployment/employment spell durations from the data and
from model simulations. Figure 6 presents the distribution of first and
last wages for employment spells of junior workers with work experience
≤12 years and senior workers with work experience >12 years. The
estimated model fits the wage distributions and the growth in wages

FIG. 6.—Model goodness of fit to wage distributions. Junior workers are those whose
prior working experience is below the median level (≤12 years), while senior workers
are those whose working experience is >12 years. Blue histograms show the distribution
of first observed wages in each employment spell, while brown histograms show the distri-
bution of last observed wages. Red solid line and green dashed line represent the fitted
distributions for the simulated first wages and last wages, respectively. These fitted distribu-
tions are specified as gamma distributions.
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for both junior and senior workers. In figure 7, we plot the distribu-
tions of unemployment spell length as well as the duration of the first
and second jobs both in the data and for simulations based on the
fully heterogeneous model. The simulation largely replicates the data
patterns, with the exception of a spike in the data at the right end of
the first job spell, likely due to right-censoring resulting from the lim-
ited 6-year sample observation period.44

B. Understanding the Role of Personality Traits and Other

Individual Characteristics in a Job Search Model

We next examine how personality traits and other individual character-
istics affect job search parameters flU, lE, h, a, a0g. Table 6 reports the
heterogeneousmodel parameter estimates that provide information about
the channels through which education, cognitive skills, birth cohort, and

FIG. 7.—Model goodness of model fit to spell length distributions. The figure shows the
distribution of unemployment spell lengths and the spell lengths of the first and second
job spells. Lines represent the fitted distributions from the simulations. Fitted line is spec-
ified as an exponential for unemployment spell lengths and estimated nonparametrically
for employment spell lengths, using an Epanechnikov kernel with a bandwidth of 2 months.

44 We fully account for right censoring in implementing the maximum likelihood estimator.
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personality traits influence wage and employment outcomes. For men
and women, education increases the job offer arrival rates in general
(both lU and lE) and lowers the job separation rate (h). Education also
increases initial human capital endowment (a0) and increases bargaining
power (a). Conditional on education, the cognitive ability measure signif-
icantly increases ability and increases job offer arrival rates for both men
and women. Thus, education and cognitive ability enter throughmultiple
model channels, which combine to increase wages and promote employ-
ment stability.
As seen in table 6, personality traits are statistically significant determi-

nants of job search parameters and, for the most part, affect parameters
of men and women in similar ways. As previously noted, conscientious-
ness and emotional stability have been emphasized in prior studies as
the two traits most strongly associated with superior labor market out-
comes. Consistent with these findings, our estimates indicate that consci-
entiousness increases job offer arrival rates while unemployed and de-
creases job separation rates. It also increases bargaining power for both
men and women. These estimated effects generally contribute to higher
wage levels and more stable employment. For men only, it also increases
initial ability and decreases the job offer arrival rate while employed. Emo-
tional stability is also clearly a desirable labor market trait. For both men
and women, it increases the initial human capital endowment, the unem-
ployment job arrival rate, and the bargaining power. It also increases their
employment job arrival rate for women and lowers the job exit rate for
men.
The remaining three traits—openness to experience, extroversion, and

agreeableness—are not necessarily desirable characteristics from a labor
market perspective. On the one hand, openness to experience increases
job offer arrival rates for both men and women. However, it also signifi-
cantly increases the job separation rate for women and decreases the bar-
gaining power parameter for bothmen andwomen. For women, extrover-
sion increases the unemployment job offer arrival rate and increases
initial human capital, but it decreases bargaining power. For men, extro-
version has a uniformly positive effect, increasing the job arrival rate when
employed and increasing bargaining power. Last, agreeableness has a uni-
formly negative effect on labor market parameters for both men and
women, significantly decreasing job offer arrival rates while unemployed,
lowering bargaining power (especially for women), reducing the initial
human capital endowment, and increasing the job separation rate.
In our model, work experience and unemployment experience affect

wages through their effects on human capital accumulation and depre-
ciation. They are endogenous and time varying and therefore are not
components of the z vector. However, we do allow differences in the la-
bor market parameters for different birth cohort indicators by including
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birth cohort indicators in the vector z. Of course, these cohort members
are different ages at the beginning of the observation period. As shown
in the bottom rows of table 6, individuals from the most recent cohort
have lower ability compared with middle-aged workers (which is the ref-
erence cohort, aged 37–48 at the beginning of the sample period). For
men, the youngest cohort members have significantly higher job offer
arrival rates both on and off the job, while women in this cohort experi-
ence lower job offer rates. These most recent labor market entrants also
have less bargaining power. The oldest cohort (aged 49–60 at the begin-
ning of the sample period) have lower initial human capital endowments
and job offer rates as well as lower job exit rates. Additionally, women in
this cohort have lower bargaining power compared with the reference co-
hort and compared with men.

VI. Interpreting the Model Estimates

We now use the estimated model to investigate the manner in which dif-
ferent cognitive and noncognitive traits affect labor market outcomes
and the implications for gender disparities. We base this analysis on
steady-state model simulations. Note that our model becomes a steady-
state model only after we factor out the human capital term, the time-
varying component of a that captures the impact of labor market experi-
ence. The initial human capital level for each individual is calculated on
the basis of their working and unemployment experience in the year
2013, the first year of our sample period. We assume that the matching
offer pair (both the current match value and the best dominated match
value receivedduring the current employment spell), fv0, vg, is drawn from
the steady-state distribution, as described in section A2.

A. Effects of Cognitive and Noncognitive Traits on Wage

and Employment Outcomes

The results displayed in table 7 pertain to the effects of a ceteris paribus
change in each of the individual traits on labor market outcomes. Row 1
calculates average labor market outcomes in the baseline case, where all
the traits are set at the mean values observed in the data. The model sim-
ulations reveal significant gender gaps in both wages and working oppor-
tunities. Men tend to have higher wages, shorter unemployment spells,
and longer job spells relative to women.
We also calculate the average share of the surplus by gender, using a

definition given in Cahuc, Postel-Vinay, and Robin (2006):

b(t) 5
Ev,v0w(v, v

0, z, t, a) 2 av*(z, t)

a E(v) 2 v*(z, t)ð Þ
,
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where v denotes the match productivity and v0 denotes the best domi-
natedmatch value, which is given by v* if the worker is hired directly from
unemployment. The average share calculated this way tends to be higher
than the share indicated by the bargaining parameter due to the between-
firm Bertrand competition for workers. Between-firm competition has a
greater impact on the share of the surplus received by women, increasing
it by 69% (from 0.45 to 0.76), compared with the impact on the share of
surplus received bymen, which increased by 47% (from 0.55 to 0.81). De-
spite similar job arrival rates for employedmen andwomen, counteroffers
tend to benefit women more, enhancing their surplus share from a rela-
tively lower starting point.
Rows 2–8 report the effect of a ceteris paribus change in each of the

individual traits on labor market outcomes. Specifically, we increase each
trait by 1 standard deviation for all individuals (holding other traits con-
stant) and resimulate their labor market outcomes. The results show that
increasing education by 1 standard deviation (approximately 2.8 years)
increases wages by 23%–27% for both men and women, reduces unem-
ployment, and increases job spell length, particularly for men. It also in-
creases the average share of the surplus by 4.0% for men and 3.8% for

TABLE 7
Effects of 1 SD Changes in Cognitive and Noncognitive Traits

on Labor Market Outcomes

Average
Wage

Unemployment
Spell Job Spell

Surplus
Division

Men Women Men Women Men Women Men Women

1. Baseline 16.1 12.8 14.2 12.6 117.0 95.2 .81 .76
2. Education (11 SD; %) 23.6 26.8 220.7 231.9 18.6 9.1 4.0 3.8
3. Cognitive ability
(11 SD; %) 4.6 5.4 23.9 29.9 22.5 24.7 .1 1.1

4. Openness (11 SD; %) 2.1 2.3 26.4 25.4 21.6 25.2 2.8 2.1
5. Conscientiousness
(11 SD; %) 2.5 1.2 26.8 23.2 3.7 2.3 .3 .5

6. Extroversion
(11 SD; %) .3 1.4 .5 22.0 21.0 21.2 .7 2.2

7. Agreeableness
(11 SD; %) 23.3 23.3 .3 1.6 21.2 21.1 2.3 .4

8. Emotional stability
(11 SD; %) 4.9 3.5 22.0 24.7 2.3 21.4 .6 .7

9. Work experience
(11 SD; %) 12.3 10.8 . . . . . . . . . . . . . . . . . .

10. Unemployment
experience
(11 SD; %) 213.8 213.3 . . . . . . . . . . . . . . . . . .

Note.—Row 1 shows labor market outcome values in steady state under the baseline
model. Rows 2–8 show the deviation from baseline outcomes implied by a ceteris paribus 1
standard deviation increase in each of the characteristics.
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women. Increasing cognitive ability has similar—albeit smaller—effects
on wages and unemployment. It also reduces average job spell lengths,
which is not necessarily a negative labor market outcome if job changes
occur because of the arrival of superior outside offers.
Conscientiousness and emotional stability are key contributors to favor-

able labor market outcomes. For both men and women, higher conscien-
tiousness is associatedwith increasedwages, longer job tenure, and shorter
unemployment spells. Enhanced emotional stability leads to higher wages,
a greater share of surplus, and reducedunemployment duration, although
its effects on job duration vary by gender, increasing it for men but de-
creasing it for women. Openness to experience tends to shorten both un-
employment and job spells for both men and women. For women, extro-
version boosts wages and shortens both unemployment spells and job
spells. For men, extroversion has a lesser impact, decreasing the length
of job spells and slightly increasing surplus. Agreeableness significantly
lowers wages, increases unemployment spell durations, and decreases
job spell durations. Overall, it has a negative effect for both men and
women.
These findings underscore the importance of both cognitive and non-

cognitive traits in shaping labor market careers. As expected, education
and cognitive ability both enhance labor market outcomes and lead to a
higher surplus share. Among the Big Five personality traits, conscien-
tiousness and emotional stability are consistently associated with positive
labor market outcomes, such as higher wages, shorter unemployment
duration, and stable employment. In contrast, agreeableness tends to
have a significant negative influence marked by lower wages and re-
duced job finding rates for both men and women.
Rows 9 and 10 report the impact of changes in work experience on la-

bormarket outcomes. Increasingwork experience by 1 standard deviation
(approximately 11 years) increases wages by 11%–12%, whereas increas-
ing unemployment experience by 1 standard deviation (approximately
3 years) lowers wages by 13%–14% for both men and women.
There are a number of reasons why personality traits might influence

labor market outcomes. As seen in table 6, some traits directly enhance
worker’s initial human capital endowment. People who are more consci-
entious tend to be well organized, dependable, and hardworking, which
are all characteristics associated with more productive workers (Barrick
and Mount 1991; Salgado 1997; Hurtz and Donovan 2000; Cubel et al.
2016). Other traits operate through different channels. For example, in-
dividuals with higher emotional stability and lower agreeableness may be
more willing and able to negotiate pay raises. Evdokimov and Rahman
(2014) provide experimental evidence thatmanagers allocate lessmoney
to more agreeable workers. Although previous papers also find associa-
tions between personality traits and wages (Mueller and Plug 2006;
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Heineck and Anger 2010; Risse, Farrell, and Fry 2018), the mechanisms
through which they operate have not been explored.45

Table 8 shows the contribution of each personality trait to wages
through the various model channels. Education increases wages through
all channels, with initial human capital endowment being the most im-
portant. Cognitive ability primarily affects wages through its impact on
initial human capital endowment (a0). The Big Five personality traits
operate through multiple channels. Emotional stability and conscien-
tiousness have a large positive effect on wages, while agreeableness has
a large negative impact. The overall effects on wages are similar for men
and women, but the primary model channels differ. Formen, the primary
channel through which personality traits impact wages is initial human

TABLE 8
Decomposing Effects of Observed Traits on Wages by Model Channel

All
Channels

Ability
a0

Bargaining
a

Arrival
(U) lU

Arrival
(E) lE

Destruction
h

Education (11 SD; %):
Male 23.6 14.2 .7 1.3 3.2 3.7
Female 26.8 16.9 .6 2.8 5.2 2.3

Cognitive ability
(11 SD; %):

Male 4.6 4.2 2.2 .2 .8 2.4
Female 5.4 4.4 2.3 .9 1.6 2.7

Openness (11 SD; %):
Male 2.1 2.2 2.8 .3 .8 2.2
Female 2.3 .7 2.9 .5 .7 21.0

Conscientiousness
(11 SD; %):

Male 2.5 1.3 .4 .4 2.2 .6
Female 1.2 2.3 .7 .3 .0 .5

Extroversion
(11 SD; %):

Male .3 2.2 .3 .0 .3 2.1
Female 1.4 1.8 2.3 .2 .1 2.2

Agreeableness
(11 SD; %):

Male 23.3 23.0 2.2 .0 .1 2.2
Female 23.3 21.6 21.4 2.1 .1 2.2

Emotional stability
(11 SD; %):

Male 4.9 4.0 .4 .1 .0 .4
Female 3.5 1.7 1.4 .4 .3 2.2

Note.—The table shows the ceteris paribus effect of a 1 standard deviation increase in
each of the traits.

45 Our estimates are mostly consistent with the literature exploring the gender-specific
association between wages and personality traits. For example, Nyhus and Pons (2005) note
that emotional stability is positively associated with wages for both women and men, while
agreeableness is associated with lower wages for women. Using GSOEP data, Braakmann
(2009) finds that agreeableness, conscientiousness, and neuroticism matter for both wages
and employment.
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capital endowment (a0). For women, along with initial human capital en-
dowment (a0), the bargaining parameter (a) is important. The impact of
openness to experience on wages is nearly negligible. Similarly, the effect
of extroversion onwages is close to zero formen, yet it shows amodest pos-
itive effect for women. This positive impact on women primarily occurs
through the initial human capital channel. In summary, three of the Big
Five traits—conscientiousness, emotional stability, and agreeableness—are
the most important determinants of labor market outcomes.

B. Understanding the Gender Wage Gap Using

an Extended Oaxaca-Blinder Decomposition

The Oaxaca-Blinder decomposition approach (Blinder 1973; Oaxaca
1973) is oftenused in linear regressionmodel settings to analyze the sources
of gender or racial wage gaps. In this section, we adapt the method to our
nonlinear model. To generate table 9, we simulate outcomes (under the
fully heterogeneous specification) in two ways. First, we perform a simula-
tion in which we keep the parameter values as estimated but adjust the fe-
male trait levels upward or downward by adding a constant term (for each
trait) to make the mean trait levels equal to those of males.46 Second, we
perform a simulation in which we keep female traits at the mean values
in the data but assign females the estimated male parameter values. We
denote the result of the first simulation by wf(Ωf ,�zm) and that of the sec-
ond simulation by wf(Ωm,�zf). This decomposition shows the extent to
which the wage gap occurs because of women having different mean
characteristics levels or because of differences in the valuations of these
characteristics. Both factors are likely to be important, so we examine their
relative importance. The decomposition is performed separately for cog-
nitive and noncognitive traits. In table 9, for the case in which female char-
acteristics are adjusted to have the samemeans as those of males, we label
the result �zf 5 �zm, which corresponds to

wf(Ωf ,�zm) 2 wf(Ωf ,�zf)

wm(Ωm,�zm) 2 wf(Ωf ,�zf)
:

The other measure corresponds to the difference in the wage gap ac-
counted for by differences in the parametersΩ. These results are labeled
Ωf 5 Ωm and correspond to

wf(Ωm,�zf) 2 wf(Ωf ,�zf)

wm(Ωm,�zm) 2 wf(Ωf ,�zf)
:

The numbers in table 9 are expressed as percentages.

46 That is, we add the constant �zm 2 �z f to each value of the vector z f.
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As seen in table 9, mean differences in the levels of education and cog-
nitive ability do not account for the gender wage gap. When we simulate
labor market outcomes using female-specific parameters but replace
women’s years of education with men’s, the results show a 9.3% increase
in the average wage gap, indicating a widening pay gap. This occurs be-
cause women, on average, have more years of education than men. How-
ever, giving women the male-estimated education parameters narrows

TABLE 9
Decomposition of Gender Wage Gap

All Channels
(1)

a0(z)
(2)

a(z)
(3)

lU(z)
(4)

lE(z)
(5)

h(z)
(6)

Education (%):
�z f 5 �zm 29.3 25.1 2.6 24.9 2.2 2.8
Ωf 5 Ωm 3.9 2.4 2.7 5.2 21.2 .7

Cognitive ability (%):
�z f 5 �zm .5 .7 2.2 .7 2.6 2.1
Ωf 5 Ωm 2.004 .02 .1 .4 .8 2.1

Big Five personality traits (%):
�z f 5 �zm 19.2 2.9 15.2 .6 .2 .6
Ωf 5 Ωm 6.1 23.8 10.1 1.6 1.8 .2

Openness to experience (%):
�z f 5 �zm 2.5 2.6 3.0 22.0 1.1 .9
Ωf 5 Ωm 1.1 2.3 1.1 .6 21.3 .3

Conscientiousness (%):
�z f 5 �zm 23.6 .2 21.9 21.3 .0 2.5
Ωf 5 Ωm 2.2 .7 .0 2.1 2.7 .2

Extroversion (%):
�z f 5 �zm 21.0 22.1 1.6 21.0 .2 .3
Ωf 5 Ωm 2.1 21.1 1.6 2.9 2.6 .1

Agreeableness (%):
�z f 5 �zm 10.7 2.2 7.3 1.0 .2 .3
Ωf 5 Ωm 4.2 21.0 5.0 .8 2.001 2.009

Emotional stability (%):
�z f 5 �zm 12.0 3.2 7.1 3.7 21.4 2.5
Ωf 5 Ωm 1.1 22.1 3.7 1.3 .5 2.5

Work experience (%):
�z f 5 �zm 19.8 19.8 . . . . . . . . . . . .

Ωf 5 Ωm 1.4 1.4 . . . . . . . . . . . .

Unemployment experience (%):
�z f 5 �zm 3.8 3.8 . . . . . . . . . . . .

Ωf 5 Ωm 24.9 24.9 . . . . . . . . . . . .

Cohort 1 (%):
�z f 5 �zm 1.2 .6 .1 .4 2.03 .2
Ωf 5 Ωm 2.9 23.0 21.3 9.2 2.1 25.4

Cohort 3 (%):
�z f 5 �zm .04 .02 .01 .03 2.01 2.003
Ωf 5 Ωm 211.1 25.9 3.7 211.9 2.6 .9

Note.—Rows labeled �zm 5 �z f capture the proportion of the observed male-female wage
gap accounted for by differences in the covariate values. Numbers in these rows are calcu-
lated by (wf(Ωf , �zm) 2 wf(Ωf ,�zf))=(wm(Ωm, �zm) 2 wf(Ωf ,�zf)). Rows labeled Ωf 5 Ωm cap-
ture the proportion of the wage gap accounted for by differences in the male and female
parameter estimates. Numbers in these rows are calculated by (wf(Ωm,�zf) 2 wf(Ωf , �zf))=
(wm(Ωm,�zm) 2 wf(Ωf , �zf)).

000 journal of political economy



the wage gap by 3.9%.As seen in the table, the effect occursmainly because
of a gender disparity in the unemployment job offer arrival rate parameter.
Gender differences in cognitive ability—either in levels or in terms of esti-
mated parameter values—have little effect on the gender wage gap.
Table 9 shows that differences inmale-female personality trait levels ex-

plain a significant portion of the gender wage gap. After adjusting formean
differences in theBig Five traits, thewage gap is reducedby 19.2%.Compar-
ing the magnitudes in columns 2–6, the bargaining power model channel
accounts for the majority of the decrease in the wage gap (15.2%). That is,
females have personality traits that on average lead to lower bargaining
power. Gender differences in the estimated personality trait parameters,
specifically those associated with the bargaining parameter, also account
for a notable part of the observed wage gap (10.1%).
Examining each of the personality traits separately, we see that two

traits play a large role in generating the gender wage gap: agreeableness
and emotional stability. As in table 1, the average values of these traits
differ substantially for men and women. In table 8, we see that agreeable-
ness is negatively remunerated, whereas emotional stability is positively
remunerated. The fact that women on average have higher levels of agree-
ableness and lower levels of emotional stability results in a significant labor
market disadvantage. The portion of the gender wage gap accounted for
by differences in agreeableness and emotional stability is 10.7% and 12.0%,
respectively. Partly offsetting these effects is the fact that women are, on
average, more conscientious than men, a trait that is positively remuner-
ated. Women’s higher conscientiousness levels reduce the gender wage gap
by 3.6%. In general, gender differences in personality trait levels have a stron-
ger quantifiable role in explaining the gender hourly wage gap than do
gender differences in the return to personality traits. Parameter value dif-
ferences also contribute, but their effects aremuch smaller inmagnitude.
The gender disparities in our estimated model coefficients imply that

womenwould receive different wage offers, receive offers at different rates,
and receive a different bargaining share surplus than men, even if their
mean trait levels were equalized (�zm 5 �zf). Two key findings are that
women are rewarded less for their education and that they receive a harsher
penalty than men for being agreeable, which primarily comes through the
bargaining channel. Agreeable women face a double penalty in the labor
market in that the agreeableness trait reduces bargaining power and the
penalty for having this trait is greater for women than for men.
Table 9 also examines the relevance of work experience, unemploy-

ment experience, and age in accounting for gender wage gaps.47 The

47 In interpreting the results associated with work and unemployment experience, the
reader should bear in mind that these are endogenous within our model, unlike all of the
other characteristics that we consider. Also note that the levels of work and unemployment
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portion of the wage gap accounted for by work experience and unem-
ployment experience is large (19.8% and 3.8%, respectively). Gender
differences in the returns to experience also contribute to the wage gap,
although to a much lesser extent. Considering cohort effects and ac-
counting for work experience, it appears that older women in our sample
face a smaller age penalty compared withmen in the same birth cohort. If
older women were assigned the same cohort coefficients as their male
counterparts, the wage gap would increase by 11.1%.
To explore the connection between our model’s estimates and the de-

scriptive evidence presented in section IV, in table 10 we compare the
model-based decomposition results with results from a standard Oaxaca-
Blinder decomposition based on a log wage regression. Our model’s esti-
mation uses data on unemployment and employment spells in addition
to wage data, whereas the wage regression is based on only wage data
for employed persons. Although the results are qualitatively similar, the
model-based decomposition assigns a larger role to personality traits. For
instance, our model suggests that gender differences in agreeableness
and emotional stability account for 8.8% and 11.6%of thewage gap, while
the logwage regression-based decomposition indicates that these traits ac-
count for only 2.8% and 5.8% of the gap. The quantitative discrepancy
most likely arises because our model captures the nonlinear effects of
these characteristics on log wages. Recall the model-based log wage equa-
tion (10):

ln ~wi 5 zig
ti
a 1 w(ti)SE,i 2 d(ti)SU,i 1 ln x v, v0, zi, ti; g

ti
2að Þ 1 yi :

From this equation, it is clear that the effect of personality traits through
the innate ability channel, zigti

a , is linear, while the effects through other
channels, ln x(v, v0, zi , ti; gti

2a), are nonlinear and appear in the term ln x.
Ignoring the term ln x in the Mincer regression means that it is included
in the disturbance term, implying that the assumption of mean indepen-
dence is violated. Because of this, the ordinary least squares estimates of
g
g
a will be biased and inconsistent.48

The effects of work experience and unemployment experience on the
wage gap are similar under both approaches. This is perhaps to be ex-
pected, because both approaches assume that work experience affects
log wages linearly. In addition, both approaches show significant gender
differences in constant terms, meaning that a large proportion of the
gender wage gap is not accounted for under either approach. In column3

experiencehave nodirect impact on the structural parameters because they donot appear in
the vector z.

48 The conditional expectation of the disturbance term in the Mincer regression under
our model specification is E( ln x(v, v0, zi , ti ; gti

2a)jzi) 1 E(yi jzi) ≠ 0 since E( ln x(v, v0, zi , ti ;
gti
2a)jzi) ≠ 0.
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of table 10, we add marriage and child status as additional covariates. As
was also seen in table 2, marriage and child status are significant factors
in accounting for the gender wage gap. However, comparing the coeffi-
cients associated with education, cognitive ability, and personality traits be-
tween columns 2 and 3 shows that the inclusion of marital and child status
does not significantly impact the explanatory power of personality traits.

VII. Conclusions

This paper extends a canonical partial equilibrium job searchmodel to in-
corporate a rich set of individual characteristics, including both cognitive

TABLE 10
Comparison of Regression-Based and Model-Based Decompositions

Model Based
(1)

Regression Based

(2) (3)

A. Differences in Endowments: �z f 5 �zm

Education (%) 29.3 29.2 29.2
Cognitive ability (%) .5 1.3 1.3
Openness to experience (%) 2.5 .9 .7
Conscientiousness (%) 23.6 .1 .4
Extroversion (%) 21.0 21.1 2.9
Agreeableness (%) 10.7 2.8 2.8
Emotional stability (%) 12.0 5.8 6.1
Cohort 1 (%) 1.2 2.8 2.6
Cohort 3 (%) .04 1.5 1.0
Work experience (%) 19.8 25.2 26.7
Unemployment experience (%) 3.8 1.4 1.3
Marriage (%) 1.5
Children (%) 3.2

B. Differences in Coefficients: Ωf 5 Ωm

Education (%) 3.9 21.2 21.1
Cognitive ability (%) 2.004 .0 .1
Openness to experience (%) 1.1 2.1 2.1
Conscientiousness (%) 2.2 .0 2.1
Extroversion (%) 2.1 .0 .0
Agreeableness (%) 4.2 .1 .1
Emotional stability (%) 1.1 .3 .3
Cohort 1 (%) 2.9 2.9 1.0
Cohort 3 (%) 211.1 213.7 211.7
Work experience (%) 1.4 3.9 25.9
Unemployment experience (%) 24.9 22.2 22.2
Marriage (%) 23.5
Children (%) 21.0
Intercept (%) 92.6 85.9 62.9

Note.—Our regression-based results are derived from the two-fold division method,
which is articulated as �wm 2 �wf 5 (�zm 2 �z f)

0
Ω* 1 ½�z 0m(Ω̂m 2 Ω*) 1 �z 0f(Ω* 2 Ω̂f)�. Here,

Ω* represents the coefficients derived from the pooled sample, as described in Neumark
(1988).
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and noncognitive attributes. We use the estimated model to explore the
determinants of gender disparities in labormarket outcomes.We estimate
three alternative (nested)model specifications that differ in the degree of
parameter heterogeneity. LR tests and goodness of fit criteria support the
use of the model allowing for the greatest degree of individual heteroge-
neity and indicate that personality characteristics play an important role in
accounting for variation in labor market outcomes over the life cycle. The
model estimates indicate that education, cognitive ability, and personality
traits are important determinants of human capital, bargaining, and job
offer arrival rates for both men and women. Two personality traits—con-
scientiousness and emotional stability—contribute to favorable labormar-
ket outcomes for both men and women, including higher wages and
shorter durations of unemployment. One trait—agreeableness—system-
atically worsens labor market outcomes for both genders.
We develop a Oaxaca-Blinder type decomposition, adapted to our non-

linear model setting, in order to assess the relative contributions of indi-
vidual traits and model channels in accounting for the gender wage
gap. We find that differences in work experience and in personality traits
are primary factors. Interestingly, education levels and estimated returns
to education cannot account for the gap. When we simulate the model
in the steady state, wefind that equalizing averagework experience by gen-
der reduces the wage gap by 19.8%. Personality traits also play a crucial
role, particularly as they operate through the bargaining channel of the
model. Ourmodel estimates indicate that women have substantially lower
bargaining power thanmen,mainly because they have, on average, higher
levels of agreeableness and lower levels of emotional stability. These two
traits also reduce wages through the ability and job transitionmodel chan-
nels. The wage gap would decrease by 19.2% if women had the same aver-
age personality trait levels as men.
We also find gender differences in how traits are valued. Since we do

not attempt to model the mechanisms that could produce these coeffi-
cient differences between the genders, we cannot claim that this repre-
sents labor market discrimination as opposed to reflecting the different
occupational or educational choices made by men and women. We find
that these differences in the valuation of characteristics by gender accounts
for 6.1% of the wage gap and mainly operate through the bargaining
channel. Particularly notable is the fact that women receive a higher
penalty than do men for being agreeable.
Our results suggest that policies that focus on equalizing bargaining

power by gender, suchasnegotiation training, orpolicies that reduce thebar-
gaining element in wage determination may be effective in reducing gen-
der wage disparities. Flinn and Mullins (2021), using data described in
Hall and Krueger (2012), find that women are less likely than men to bar-
gain during the wage-setting process at the beginning of a job. The authors

000 journal of political economy



estimate a general equilibrium searchmodel that, consistent with empirical
observation, allows some jobs to have negotiable wages set via bargaining
and other jobs to specify a nonnegotiable wage, considered to be wage post-
ing. Throughmodel simulations, the authors find that eliminating the pos-
sibility of bargaining reduces the gender wage gap by 6%, although this
comes at the cost of an overall reduction in workers’ welfare. Many states
and localitieshave recently enacted laws thatprohibit formeremployers from
sharing an individual’s wage history with prospective employers, which could
severely limit workers’ ability to bargain with firms when setting wages. The
results of this paper and of Flinn and Mullins (2021) suggest that a better
policy choice may be to improve the negotiating skills of highly agreeable
workers, who are more likely to be women, so as to level the playing field.

Data Availability

Code replicating the tables and figures in this article can be found in
Flinn, Todd, and Zhang (2025) in the Harvard Dataverse, https://doi
.org/10.7910/DVN/R9XV6U. TheGSOEPdata (SOEP 2017) used in this
study are available from the SOEP Research Data Center (https://www
.diw.de/en/diw_01.c.601584.en/data_access.html) for registered users,
subject to anend-user license agreement. Similarly, data from the IZAEval-
uation Dataset Survey (Arni et al. 2023) are available from the Research
Data Center of IZA (https://dataverse.iza.org/dataset.xhtml?persistentId
5doi:10.15185/izadp.7971.1), and data from theBritishHousehold Panel
Survey (University of Essex, Institute for Social and Economic Research
2010) are available from the UK Data Service (https://beta.ukdataservice
.ac.uk/datacatalogue/series/series?id5200005). Detailed instructions on
accessing these data, extracting our data subsamples, and constructing
the variables used in our analysis are provided in the replication package.

Appendix A

Model Solutions

A1. Solving the Wage w(v, v0, z, t, a) and the Reservation Match Value v*(z, t, a)

In this section, we provide further detail on how to solve for the bargained wage
w(v, v0, z, t, a) and the reservation match productivity v*(z, t, a). For notational
simplicity, we suppress the notation that shows the dependence of the parame-
ters on the vector of individual characteristics {z, t} in this section. We start with
the equation that specifies the value function for an employed individual:

r 1 h 1 lE
�G(v0)ð ÞVE(v, v

0, a) 5 w 1 aw
∂VE(v, v

0, a)

∂a
1 hVU(a)

1 lE

ð
v

v0
VE(v, x, a)dG(x) 1 lE

ð

v

VE(x, v, a)dG(x):
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Under the Nash bargaining protocol described in section II, we obtain

VE(v, v
0, a) 5 VE(v

0, v0, a) 1 a VE(v, v, a) 2 VE(v
0, v0, a)½ �, v > v0:

Substituting this expression into the previous equation yields

r 1 h 1 lE
�G(v0)ð ÞVE(v, v

0, a) 5 w 1 VU(a) 1 aw
∂VE(v, v

0, a)

∂a

1 lE

ð
v

v0
(1 2 a)VE(x, x, a) 1 aVE(v, v, a)½ �dG(x)

1 lE

ð

v

(1 2 a)VE(v, v, a) 1 aVE(x, x, a)½ �dG(x):

From proposition 1 in Burdett, Carrillo-Tudela, and Coles (2016), we know that
the Bellman equation can be written as follows:

VE(v, v
0, a) 5 aVE(v, v

0, a 5 1):

Therefore,

aw
∂VE(v, v

0, a)

∂a
5 awVE(v, v

0, a 5 1) 5 wVE(v, v
0, a):

Thus, we can write the above Bellmen equation as

r 1 h 2 w 1 lE
�G(v0)ð ÞVE(v, v

0, a) 5 w 1 VU(a)

1 lE

ð
v

v0
(1 2 a)VE(x, x, a) 1 aVE(v, v, a)½ �dG(x)

1 lE

ð

v

(1 2 a)VE(v, v, a) 1 aVE(x, x, a)½ �dG(x):

Now, consider the case v0 5 v and w 5 av and take the derivative of the above
equation to get

dVE(v, v, a)

dv
5

a

r 1 h 2 w 1 lEa�G(v)
:

Performing the same integration by parts calculation as in Cahuc, Postel-Vinay,
and Robin (2006), we obtain

(r 1 h 2 w)VE(v, v
0, a) 5 w 1 hVU(a) 1 aalE

ð

v

�G(x)

r 1 h 2 w 1 lEa�G(x)
dx

1 1 2 að ÞalE

ð
v

v0

�G(x)

r 1 h 2 w 1 lEa �G(x)
dx:

Using the conditionVE(v, v
0, a) 5 aVE(v, v, a)1(1 2 a)VE(v

0, v0, a), v > v0, thebar-
gained wage has the following expression:

w(v, v0, a) 5 a av1(1 2 a)v0 2 1 2 að Þ2lE

ð
v

v0

�G(x)

r 1 h 2 w 1 lEa �G(x)
dx

	 


:
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The third term inside the square brackets captures how much the worker is
willing to sacrifice lower wages today for the promise of future wage appreciation.

To calculate the reservation match productivity v*, we use the definition of the
value function of unemployment, VU(a):

rVU(a) 5 ab 1 ad
∂VU(a)

∂a
1 alU

ð

v*

a �G(x)

r 1 h 2 w 1 lEa �G(x)
dx:

Again invoking proposition 1 of Burdett, Carrillo-Tudela, and Coles (2016), we
have that

 ad
∂VU(a)

∂a
5 da

∂ aVU(a 5 1)ð Þ

∂a
5 dVU(a):

Substituting into the value function expression gives

(r 1 d)VU(a) 5 ab 2 alU

ð

v*

a �G(x)

r 1 h 2 w 1 lEa �G(x)
dx:

Recall the definition of VE(v*, v*, a):

(r 2 w)VE(v*, v*, a) 5 av* 1 alE

ð

v*

a �G(x)

r 1 h 2 w 1 lEa �G(x)
dx:

The reservation match quality makes a person just indifferent between working
and not working. It is obtained be setting VE(v*, v*, a) 5 VU(a) and solving a
fixed point problem for v*:

v*(a) 5
r 2 w

r 1 d
b 1 a

r 2 w

r 1 d
lU 2 lE

� �ð

v*

�G(x)

r 1 h 2 w 1 lEa�G(x)
dx: (17)

As seen in (17), there is no direct dependence of v*(.) on a.

A2. How to Derive the Steady-State Distribution

We next derive the steady-state conditional distribution of the best dominated
offer given the current job offer, which is used in constructing the likelihood
(eq. [15]).49 The derivation is similar to the calculation of the equilibrium wage
distribution shown in appendix C in Cahuc, Postel-Vinay, and Robin (2006). In
the steady state, the equilibrium unemployment rate is

u 5
h

h 1 lU
�G(v*)

⇒(1 2 u)h 5 ulU
�G(v*): (18)

Let s(v0Fv) denote the steady-state pdf of v0 conditional on v and S(v0jv) the cor-
responding cdf:

S(v0jv) 5

ð
v0

v*
s(xjv)dx:

Let l(v) denote the steady-state unconditional pdf of v and L(v) the cdf. Consider
a group of workers whose match productivity at their current firm is v and whose

49 Specifically, this distribution is used in simulating the initial match productivities for
individuals who are employed in the initial sample period.
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best dominated match productivity is less than or equal to v0. In steady state, the
size of this group needs to be to be time invariant. On the inflow side, workers
enter this group either by being hired out of unemployment or by being hired
from another firm with match productivity less than or equal to v0. On the out-
flow side, workers can leave this group either by becoming unemployed (at rate
h) or by receiving an offer from some firm with match productivity greater than
v0. In steady state, inflows are equated with outflows:

h 1 lE
�G(v0)ð ÞS(v0jv)l(v)(1 2 u) 5 lUu 1 lE(1 2 u)

ð
v

v*
l(x)dx

� �

g(v): (19)

Plugging (1 2 u)h 5 ulU
�G(v*) (eq. [18]) into equation (19) gives

h1 lE
�G(v0)ð ÞS(v0jv)l(v)(12u)5

(1 2 u)h
�G(v*)

1 lE(12u)

ð
v

v*
l(x)dx

� �

g(v): (20)

To derive an expression for l(v), we can set v0 5 v and use the fact that S(v0 5
vjv) 5 1 (i.e., Pr(v0 ≤ vjv) 5 1 because v0 is by definition the best dominated of-
fer), which gives

h 1 lE
�G(v)ð Þl(v)(1 2 u) 5

(1 2 u)h
�G(v*)

h(a) 1 lE(1 2 u)

ð
v

v*
l(x)dx

� �

g(v):

Solving for l(v), we get

l(v) 5
1 1 k1

1 1 k1 �G(v)ð Þ
2

g(v)
�G(v*)

, (21)

where k1 5 lE=h.
The fraction of workers employed at a job with match productivity less than v,

L(v), is

L(v) 5

ð
v

v*
l(x)dx 5

G(v)

1 1 k1 �G(v)
, k1 5

lE

h
: (22)

Plugging equation (21) into equation (20) and solving for S(v0Fv) yields

S(v0jv) 5
1 1 k1 �G(v)

1 1 k1 �G(v0)

� �2

, v* ≤ v0 < v, k1 5
lE

h
: (23)
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