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1. Introduction1

The Diamond-Mortensen-Pissarides (DMP) model of search and matching is a widely2

accepted model of equilibrium unemployment. Shimer (2005) argues that the textbook3

version of the model underpredicts, by an order of magnitude, the cyclical variability in key4

labor market variables that are central to this theory, namely vacancies and unemployment;5

similar results are also found in Andolfatto (1996) and Merz (1995). In this paper, worker6

search effort is introduced as in Pissarides (2000, Ch. 5). As a result, workers can take7

direct action to affect the outcome of their labor market search, a channel absent from most8

previous quantitative studies of the DMP model, an exception being Merz (1995). Search9

effort by the unemployed can serve as a strong amplification mechanism.10

An innocuous change is made to the DMP framework, dropping what Rogerson et al.11

(2005) refer to as the black box of the Nash bargaining solution determination of wages in12

favor of competitive search which entails wage posting by firms and directed search on the13

part of the unemployed; see Moen (1997) and Rogerson et al. (2005).1 Wage posting is mo-14

tivated by the following considerations. First, as documented by Hall and Krueger (2012),15

wages of newly-hired workers with less than college education are predominantly determined16

through wage posting, not bargaining. Second, working with data from the Current Popu-17

lation Survey (CPS) reveals that over 85% of the cyclical variation in unemployment is due18

to individuals with less than college education; see Figure 1. Third, on the theoretical side,19

competitive search with wage posting avoids having to take a stand on how variable search20

effort enters bargaining.21

Figure 1 here.22

Workers’ search cost is central to this paper. This cost function is governed by two23

1Adopting competitive search is innocuous in the sense that the bulk of the literature that employs Nash
bargaining imposes parameter restrictions that deliver constrained-efficient allocations; competitive search
of the variety used here delivers the same constrained-efficient allocations as Nash bargaining.
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parameters: a scale or level parameter, and a curvature parameter. The benchmark calibra-24

tion chooses the scale parameter such that the flow value of being unemployed, net of search25

costs, is 71% of productivity based on the detailed analysis of Hall and Milgrom (2008), and26

imposes a quadratic search cost, a restriction that is consistent with the available empirical27

evidence (see Yashiv (2000) who used Israeli data, Christensen et al. (2005) who used micro28

data from Denmark, and Lise (2013) who used data on white males in the U.S.) and recent29

calibration work (Nakajima, 2012). Under this calibration, the model accounts for nearly30

40% of the variability of vacancies, unemployment, and the vacancy-unemployment ratio.31

Endogenous search effort is an important ingredient of the model, and its effects work most32

strongly through unemployment, and so the vacancies-unemployment ratio. Too see this,33

the model is also solved with fixed search intensity. In this case, volatility of labor market34

variables drops sharply, and the model exhibits a very steep, thin, short streak of points35

defining its Beveridge curve, measured at an annual frequency. In contrast, when search36

effort is endogenous, the Beveridge curve is much flatter, more spread out, and stretched in37

the sense that it covers a wider range of values for vacancies and unemployment.38

In the literature, match surplus, defined as productivity less the flow value of unemploy-39

ment, is a key determinant of the success of the DMP model (Mortensen and Nagypál, 2007;40

Hagedorn and Manovskii, 2008). An interesting analytical finding presented below is that in41

the presence of endogenous worker search effort, labor market volatility is mainly determined42

by gross flow income while unemployed (relative to productivity), which is consistent with43

Hagedorn and Manovskii (2008). Further, in the model with search effort, match surplus44

is higher because of a lower net flow income while unemployed. Thus, endogenous worker45

search effort reduces the strength of the severe trade-off between the match surplus and46

cyclical fluctuations in unemployment and vacancies. In the benchmark calibration, match47

surplus is 29% of productivity. Relative to a model with fixed search effort, this calibration48

more than doubles the volatility of labor market variables.49
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To understand the role of search effort in the model, first consider the model without an50

effort dimension. As described in Shimer (2005), an increase in productivity increases the51

value of a match. As a consequence, firms post more vacancies which boosts workers’ job52

finding rate, raising their outside option (the value of being unemployed). The net result is53

that wages rise, eating up much of the gain received by firms associated with the increase54

in productivity, thereby lowering the response of vacancies. With effort, the productivity55

increase leads the unemployed to search more intensively which dampens the rise in the value56

of being unemployed, and so the increase in the wage. In this case, the smaller increase in57

the wage leaves more of the surplus for firms, thus amplifying the response of vacancies.58

There is a sort of virtuous circle in which the increase in vacancies leads workers to search59

more which leads to more vacancies, and so on.60

The results in this paper would be vacuous if the choice of the search cost function61

were unconstrained. Section 5 shows analytically that the properties of this cost function62

are constrained by the elasticity of the matching function with respect to the vacancy-63

unemployment ratio. Empirical plausibility then places strong restrictions on the search64

cost. While these analytical results point to the importance of variable search intensity65

in the model, highly elastic search intensity would likely be inconsistent with the data on66

unemployment and vacancies, and particularly the elasticity of matches with respect to the67

vacancies-unemployment ratio.68

A key prediction from standard search models with endogenous search effort is that effort69

is procyclical. Introspection provides little help in determining the plausibility of this result.70

Search effort will be countercyclical if, during recessions, the unemployed are motivated to71

search more intensively in the face of an otherwise falling job-finding rate. Alternatively,72

recessions are lousy times to be looking for a job; since the returns are low, search effort73

“should be” procyclical. Section 2 explores the evidence concerning the cyclical properties of74

search effort. Direct evidence is sparse and mixed. Shimer (2004) used the number of search75
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methods from the CPS; he found that this measure of search effort is countercyclical. More76

recently, Mukoyama et al. (2014) also conclude that search effort is countercyclical using a77

combination of job search time in American Time Use Survey (ATUS) and the number of78

search methods in CPS. Countering these works, Tumen (2014) shows, empirically, why the79

number of search methods is a poor proxy for search effort. He proposes using the number80

of search methods per week unemployed as an alternative; this measure is procyclical. Using81

time use data, DeLoach and Kurt (2013) argue that search effort is procyclical.82

We introduce new evidence by merging the ATUS and CPS data. Since the ATUS sam-83

ple is a subset of individuals completing a set of interviews for the CPS, the unemployed can84

be divided into two groups, short- and long-term unemployed, depending on whether they85

were employed at their final CPS interview. While search time of the long-term unemployed86

is slightly and insignificantly countercyclical, that of the short-term unemployed is strongly87

and significantly procyclical. This result suggests that there may be an important composi-88

tion bias in average time spent on search. A key finding is those workers who had high wages89

and hours subsequently spend more time searching for a job during an unemployment spell.90

Combining this result with the finding that high wage and high hours workers have more91

cyclical separations and job-finding rates (Bils et al., 2012) suggests that the distribution92

of search time by workers changes systematically over the business cycle – which may ac-93

count for the finding that average search time of the long-term unemployed is insignificantly94

countercyclical. In other words, since high wage, high hours workers spend more time on95

search during an unemployment spell and the share of such workers among the long term96

unemployed will rise during recessions, average search time of the long term unemployed97

can move countercyclically owing to the change in the composition of the unemployment98
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pool.299

Therefore, in order to establish the cyclicality of job search time of a typical unemployed100

person, one must control for the past wage and hours. In this regard, focus on the short101

term unemployed, for whom data on both wages and hours is available; for this group, job102

search time remains strongly procyclical after controlling for the above composition effect.103

Section 2 also surveys less direct evidence of the cyclical properties of search effort by the104

unemployed. Krueger and Mueller (2010) find that individuals with higher expected wages105

search more; Section 2 shows why this is consistent with procyclical search effort. The micro-106

labor literature (early works include Katz and Meyer, 1990; Meyer, 1990) finds empirical107

evidence that the exit rate from unemployment falls with the level of unemployment benefits.108

In this literature, this result is interpreted to mean that the unemployed alter their search109

behavior. In the DMP model, changes in unemployment insurance and changes in wages110

have the same effect, although with opposite signs. Thus, the micro-labor literature is also111

consistent with procyclical search effort.112

Yashiv (2000) appears to be the only paper that estimates the matching technology when113

search intensity of the unemployed is endogenous; he used Israeli data.3 In general, ignoring114

search intensity may be an important oversight. The results in Section 7 show that neglecting115

search intensity introduces a large upward bias in the elasticity of the number of matches116

with respect to vacancies; this result is consistent with the empirical work of Yashiv. For the117

benchmark calibration, ceteris paribus, omitting search effort would lead one to erroneously118

2Suppose that there are only two types of searchers: low (wage, hours, search) and high (wage, hours,
search). During expansions, the relative shares are 80-20; during recessions, 50-50. Suppose low types
spend 30 minutes per day searching; high types 60. Then, average search time during an expansion is
.8× 30 + .2× 60 = 36; during a recession, .5× 30 + .5× 60 = 45. This example shows that average search
time can be countercyclical even when search time of each group is independent of the cycle.

3Yashiv’s (2000) principal contributions are to estimate the various frictions in the matching process,
including the matching function, firm search, and worker search. He does not perform a quantitative evalu-
ation of the model like that contained herein, nor does he provide analytical results as we do. Christensen
et al. (2005) and Lise (2013) also estimate search cost functions, but co-mingle search by the unemployed
with on-the-job search; neither do they jointly estimate the search cost and matching functions.
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conclude that a 10% increase in vacancies would increase the number of matches by more119

than 5% whereas the actual impact is less than 1%. Such a discrepancy should make one120

cautious in interpreting results from equilibrium search and matching models with fixed121

search intensity, particularly when quantitatively evaluating the effects of alternative public122

policies such as the effects of unemployment benefits and employment subsidies.123

Another, even more important implication of the findings in Section 7 concerns the Nash124

bargaining parameter, which is central to standard search and matching theory. In the125

literature, the Nash bargaining parameter is usually inferred from data on unemployment126

and vacancies (Shimer, 2005; Mortensen and Nagypál, 2007). Specifically, guided by the127

Hosios (1990) condition, a worker’s bargaining power is set to the elasticity of matching128

function with respect to unemployment. The results in Section 7 suggest that the common129

method of estimating bargaining power exhibits a strong downward bias. For example, the130

numerical results show that when the elasticity of matching with respect to unemployment131

is 0.46, the worker’s bargaining power parameter required to achieve the constrained efficient132

allocation is not 0.46, but rather 0.91. Conversely, picking the bargaining parameter based133

on the measured elasticity of the matching function with respect unemployment or vacancies134

cannot always guarantee constrained efficiency. These results point to one of the benefits135

of adopting competitive search instead of Nash bargaining determination of wages: For the136

standard DMP model, the allocations associated with competitive search are always efficient;137

see Moen (1997). Moreover, the above bias in the matching technology combined with the138

Hosios (1990) condition has an important quantitative implication on volatility of the labor139

market. For example, Hagedorn and Manovskii (2008) show that a smaller bargaining power140

for a worker means a weaker response of the wages to productivity. Therefore, the downward141

bias in the bargaining power of a worker implies a less volatile wage (also see Appendix C.4).142

The outline of the rest of the paper is as follows. Section 2 surveys the literature on143

the cyclical properties of search effort as well as presenting some evidence on its cyclicality.144
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Section 3 presents a dynamic, stochastic model of equilibrium unemployment incorporating145

endogenous search intensity into a competitive search model. Section 4 presents key ana-146

lytical results characterizing the equilibrium. Section 5 explores the steady-state properties147

of the model. The model is calibrated and simulated in Section 6, establishing the model’s148

business cycle properties. Implications of endogenous search intensity on the aggregate149

matching technology are discussed in Section 7. Section 8 concludes.150

2. Empirical evidence on the cyclical properties of search effort151

This section starts by briefly discussing the existing literature; what little direct evidence152

there is on the cyclicality of search effort of the unemployed is mixed. Then, we present153

new evidence on the cyclicality of search effort by merging the ATUS and CPS data. This154

evidence shows that search effort by the short-term unemployed is strongly procyclical.155

New evidence also suggests that average search effort is subject to compositional biases over156

the business cycle. Finally, some less direct evidence is reviewed regarding the cyclicality of157

search intensity that comes from the empirical micro-labor literature. This indirect evidence158

also supports the notion that search effort is procyclical.159

2.1. Brief literature review160

Shimer (2004) is an early and influential work trying to infer the cyclical properties of161

search effort of the non-employed. From the CPS, Shimer uses the number of search methods162

as a proxy for search effort; by this measure, search effort is countercyclical. Tumen (2014)163

questions Shimer’s measure of search effort. After controlling for individual characteristics,164

Tumen finds that an increase in the number of search methods reduces the probability165

of exiting unemployment, a result that is inconsistent with search being a costly activity.166

Tumen suggests using the number of search methods per week unemployed as an alternative167

measure of search effort; he finds that this measure is strongly procyclical. As Elsby et al.168
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(forthcoming) point out, countercyclical search effort of workers is difficult to reconcile with169

movements in the Beveridge curve during and after the Great Recession.170

The American Time Use Survey is a relatively new source of information on time spent171

on job search. To the extent that time on job search corresponds to search effort, the data172

seem ideal. Two of the more important limitations of the ATUS are its relatively short173

length (it is only available since 2003 which means it covers only one business cycle), and174

its cross-sectional nature (participants for the ATUS are drawn from individuals who have175

recently completed their final interview for the CPS, and so one gets no information on how176

an individual’s search time varies over time).177

Figure 2 presents average search time of the unemployed (hereafter simply referred to178

as “average search time”) based on the ATUS data. Average search time rose from 33.5179

minutes per day just before the Great Recession to 47.1 minutes per day, suggesting that180

average search time is countercyclical. However, there is considerable uncertainty around181

these means, a feature of the data that has received relatively little attention in the literature.182

In particular, the 13.7 minute per day rise in search time (from 2007 to 2008) is within the183

two standard deviation bound for 2008; see the ATUS User’s Guide for the methodology for184

computing error bounds. So, focusing solely on the aggregate series, it simply is not clear185

that search time actually went up at the beginning of the Great Recession.186

Figure 2 here.187

An important consideration in interpreting the ATUS data is that the characteristics of188

the unemployment pool likely changes over the cycle. Thus, to infer the behavior of a typical189

unemployed person, it is necessary to control for individual characteristics. DeLoach and190

Kurt (2013) perform such an analysis and find that job search time among the unemployed191

is procyclical. They also find that a reduction in individuals’ wealth leads them to increase192

their search. Mukoyama et al. (2014) use data on the number of search methods from the193
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CPS to infer what average time use was prior to the ATUS. Like DeLoach and Kurt (2013),194

Mukoyama et al. are careful to control for individual fixed effects in their empirical work.195

They too find that losses in wealth increase search time, but conclude that search effort is196

countercyclical, in stark contrast to DeLoach and Kurt. While Mukoyama et al.’s attempt197

to lengthen the time span of the time use data is laudable, their use of the number of search198

methods to do so subjects them to the same critique that Tumen (2014) levels at Shimer199

(2004).200

In addition to Tumen’s (2014) criticism, there are two other important issues concerning201

the link between time spent on job search and the number of search methods. The first is202

that it is hard to establish a sufficiently strong link at the individual level between search203

time and the number of methods used in search. Appendix A shows that OLS regressions204

of search time on the number of search methods delivers a very low R2, well below 10%,205

even after controlling for the individual level characteristics. This is, perhaps, due to the206

fact that the ATUS uses diary entries for a particular day, say June 1, to measures time on207

job search, whereas the number of search methods in the ATUS covers activities over the208

previous four weeks – in this example, most of May. The second issue is whether such an209

individual-level link can be used to infer the cyclical behavior of average search time using210

the average number of search methods. Indeed, Appendix A shows that despite the positive211

individual-level link between the two variables, they do not move in the same direction over212

the business cycle.213

2.2. New evidence from ATUS and CPS214

While the ATUS data is cross-sectional (a household is in the ATUS but once), it can be215

combined with the CPS to give it some panel data-like features, which allows us to further216

control for the characteristics of the unemployed in ATUS.217
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Short- versus long-term unemployed218

Of particular interest at this point is to gauge the importance of differences in the219

behavior of the short- and long-term unemployed. Someone will be classified as short-term220

unemployed if, at their last CPS interview they reported being employed. Given the timing221

of the CPS and ATUS interviews, such a person will have been unemployed for no more222

than five months. Those who report being unemployed at both their ATUS and final CPS223

interview are said to be long-term unemployed. The following regression is run:224

si,t = φt + β̃Xi + εi,t, (1)

where si,t is job search time of person i in year t, φt is a dummy for year t, Xi contains age,225

education, dummies for race and sex, and εi,t is the error term. Here, φt gives average search226

time, by year, after controlling for a variety of individual characteristics.227

Next, compute the correlation between the estimate of search time φt and the Hodrick-228

Prescott filtered vacancy-unemployment ratio θt (see Table 4), the traditional measure of229

labor market conditions. While correlations are computed for all unemployed, short-term230

unemployed and long-term unemployed, only the correlation for the short-term unemployed231

is significant (its p value is 0.02); see Table 1. The correlation, 0.72, is large and positive.232

The interpretation of the sign is that the short-term unemployed raise their job search time233

when labor market conditions improve, indicating that their search effort is procyclical. This234

finding conforms with the prediction in the model that search effort is positively related to235

the vacancy-unemployment ratio; see (12), below.236

Table 1 here.237

Among the long-term unemployed, the correlation between search time and the vacancy-238

unemployment ratio is −0.23, although it is insignificant with the p-value 0.53. Based239

on the results of the long-term unemployed, one could argue that search time is acyclical240

or countercyclical. However, the difference between the short- and long-term unemployed241
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suggests an important composition effect among the unemployed.242

Composition bias in average job search time243

There are good reasons to believe that there are other changes in the composition of244

the unemployment pool that drive average time spent on search. To motivate this line245

of thought, suppose that there are two types of workers, high and low, and high types246

spend more time looking for a job than low types. For the sake of argument, suppose that247

their search times are constant. If, during a recession, the fraction of high types in the248

unemployment pool rises, then average search time will increase even though individuals’249

search time is unchanged. Observing the average, one would erroneously conclude that250

search time (effort) is countercyclical; see footnote 2 for a numerical example. The question251

now is whether or not this is a plausible mechanism. It is. To start, Bils et al. (2012)252

show that labor market transitions are much more cyclical among high-wage and high-hours253

workers, implying that the share of these workers in the unemployed pool is countercyclical.254

The link between search time, on the one hand, and wages and hours, on the other, can be255

established directly by merging search time in the ATUS with wages and hours in the CPS.256

Consider the following regression:257

si,t = φt + β̃Xi + aww
CPS
i + ahh

CPS
i + εi,t, (2)

where wCPSi and hCPSi are, respectively, person i’s log weekly real wage and log weekly hours258

from that person’s CPS interview. Wages are adjusted by the Consumer Price Index for259

All Urban Consumers. The estimate of aw is 1785.514 with the standard error 847.061 (p260

value of 0.04) and of ah is 13.052 with the standard error 6.908 (p value of 0.06). When261

the log wage is dropped from the regression, ah = 13.478 with the standard error 6.881 (p262

value of 0.05). So, high-wage and high-hours workers spend more time on job search during263

a subsequent unemployment spell. This result suggests that changes in the composition of264

the unemployment pool may impart a countercyclical bias to observed average search time.265

11



Since the effects of past wages and hours on search time should also apply to the long-term266

unemployed, the effects of this bias will also apply to this group.267

Cyclicality of search time of a typical unemployed worker268

Above, we argued that the relative share of workers with high wages and high hours may269

impart a countercyclical bias to observed average search time. Thus far, the discussion of270

the fluctuations in search effort have focused on the changes in the composition of the pool271

of searchers. The analysis above does not address the cyclicality of search time of a typical272

unemployed worker. For example, search time of workers with higher wages and higher hours273

could remain constant over the cycle while their share in unemployment moves countercycli-274

cally due, perhaps, to a greater procyclicality in job openings for such workers. So, when275

one looks at average search time over the cycle, one may be picking up cyclical changes in276

the composition of the unemployment pool with individual search time constant. Then, the277

natural question is whether (besides these compositional shifts) ‘identical’ individuals alter278

their search effort over the business cycle. Indeed, since, in the model considered below, all279

unemployed workers are ex ante identical, the economically relevant shifts are in the search280

time of observationally identical workers over the business cycle.281

As mentioned above, the ATUS provides information on an individual’s search time at282

a point in time and so cannot be used directly to get at how an individual’s search time283

varies over time. However, the ATUS data can be linked back to the CPS which provides284

information on the previous wages and hours of short-term unemployed individuals, and285

this information can be used to gain some insight into the cyclicality of search time of a286

typical worker. Specifically, look at search time after controlling for the wage and hours287

(in addition to the demographic variables and education). Such search time is given by the288

time dummies in (2). The correlation between these new time dummies and the vacancy-289

unemployment ratio is 0.72 with the significance level of 0.02, suggesting that search time290

remains procyclical at the individual level even after controlling for the wage and hours.291
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The elasticity of job search time to the vacancy-unemployment ratio292

Next the elasticity of search time with respect to the vacancy-unemployment ratio, θ, is293

measured. For this purpose, run the following regression:294

si,t = a0 + β̃Xi + aθθt + εi,t, (3)

where aθ measures the impact of a percentage increase of the vacancy-unemployment ratio295

on search time. Then, as in Krueger and Mueller (2010), the elasticity is computed by296

dividing the coefficient estimate by the mean of the dependent variable. As before, consider297

the following three samples of the unemployed: all, short-term, and long-term.298

For the short-term employed, also consider the following regression to control for the299

wage and hours:300

si,t = a0 + β̃Xi + aww
CPS
i + ahh

CPS
i + aθθt + εi,t. (4)

Table 2 summarizes the results for the different samples. The short-term unemployed301

sample is the only one for which the coefficient on the the vacancy-unemployment ratio,302

aθ, is significant at the 5% level. The implied elasticity of search time with respect to the303

vacancy-unemployment ratio is either 0.516 or 0.540 depending on whether one controls for304

the wage and hours. It is reassuring that data generated from the model, aggregated to an305

annual frequency, gives an elasticity of 0.501.306

Table 2 here.307

To give an idea of the magnitude of this elasticity, consider the effect of changing the308

vacancy-unemployment ratio by 26.4%, which is the standard deviation of the vacancy-309

unemployment ratio (see the upper panel of Table 4). Then, time devoted to job search310

among the short-term unemployed will increase by between 13.6% and 14.3%. These num-311

bers are slightly greater than the volatility of search intensity implied by the model below.312

These comparisons between the model and U.S. data suggest that the model is doing a313

reasonably good job of capturing this dimension of the data.314
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2.3. Further discussion315

Findings like the above point to the importance of micro studies in understanding the316

cyclicality of search intensity. For example, Krueger and Mueller (2010) provide indirect317

evidence that search effort is procyclical. Using data on time spent on job search from318

the ATUS, they find that search time increases with a worker’s expected wage. While the319

aggregate wage is only mildly procyclical, Solon et al. (1994) show that individual wages320

are strongly procyclical, the difference being due to a composition bias. Since recessions are321

times during which workers have lower expected wages, the Krueger and Mueller evidence322

suggests that time spent on job search by the unemployed is likely procyclical.323

There is a sizable micro-labor literature on the responses of the unemployed to the pol-324

icy parameters of unemployment insurance (UI) programs; important early contributions325

include Katz and Meyer (1990) and Meyer (1990). Some common findings in this literature326

are: holding fixed the number of weeks of unemployment, the probability of exiting un-327

employment falls with the replacement rate (the UI benefit divided by the previous wage),328

and rises sharply around the time that an unemployed individual exhausts his/her benefits.4329

These empirical regularities are taken as prima facie evidence that the unemployed adjust330

their search effort in response to these UI program policy parameters. This interpretation of331

the evidence is typically justified with reference to a search model with endogenous search in-332

tensity. Using this evidence to make inferences about the cyclicality of search effort involves333

a couple of steps. To start, in this model, an increase in UI benefits has the same effect as334

4Another dimension of UI generosity is the duration of benefits, an aspect of policy that has received
attention following the Great Recession in light of the extent of the increase in the maximum benefit period
(from 26 to 99 weeks) as well as the severity of the recession on labor markets. Both Rothstein (2011) and
Farber and Valletta (2013) find that extended benefits had a small, but statistically significant, effect on the
exit rate from unemployment, and raised the average duration of unemployment. However, Hagedorn et al.
(2013) point out that such work ignores the general equilibrium effects on vacancies, and so may understate
the impact of such policies. Another general equilibrium channel is that UI-ineligible individuals face less
competition as the UI-eligible reduce their search activity; see Marinescu (2014). Using an online job board,
she likewise finds a small negative effect of benefit extension on job applications. Curiously, Marinescu also
finds little effect of benefits extensions on vacancies.
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a fall in the wage. The next link in the chain of reasoning is to again note that individual335

wages are highly procyclical (Solon et al., 1994). Therefore, the micro-labor evidence on the336

effects of changes in UI benefits provides indirect evidence that search effort is procyclical.337

3. Model338

The economy is populated by a measure one of infinitely-lived, risk-neutral workers and339

a continuum of infinitely-lived firms. Individuals are either employed or unemployed.5 An340

unemployed worker looks for a job by exerting variable search effort. The cost of searching341

for a job depends on how intensively the worker searches. Let si be the search intensity of342

worker i. The cost of si units of search is c(si) where c is a twice continuously differentiable,343

strictly increasing and strictly convex function. Flow utility of unemployed worker i is344

z − c(si). Normalize the cost of search so that c(0) = 0, implying that z is flow utility of an345

unemployed worker who exerts zero search intensity. Flow utility of an employed worker is346

the wage, w. Workers and firms discount their future by the same factor β.347

A firm employs at most one worker. Per-period output of a firm-worker match is denoted348

by p and evolves according to a Markov transition function G(p′|p) given by p′ = 1 − % +349

%p + σε, where ε is an iid standard normal shock, 0 < % < 1 and σ > 0. There is free350

entry for firms. A firm finds its employee by posting a vacancy, at the per period cost k,351

when looking for workers. All matches are dissolved at an exogenous rate λ. The matching352

technology is discussed in Section 3.2.353

3.1. Wage determination354

Wages are determined via competitive search instead of Nash bargaining. The setup355

follows Rogerson et al. (2005). Given current productivity, p, a firm decides whether or356

not to post a vacancy. If it does, the firm decides what wage to offer in order to maximize357

5Shimer (2004) suggests that labor market participation reflects search effort. We follow the usual practice
in the literature in abstracting from flows in and out of the labor force.
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its expected profits. An unemployed worker directs her search towards the most attractive358

job given current aggregate labor market conditions. Let w̃ denote the expected present359

discounted value of a wage stream offered by a vacant job which is fully characterized by360

(p, w̃). Let W(p) denote the set of present discounted values associated with wage streams361

posted in the economy when aggregate productivity is p.362

3.2. Matching technology363

Matching between firms and workers operates as follows. Let si,j denote search effort by364

unemployed worker i for job type j = (p, w̃) where it is understood that si,j can be non-zero365

for at most one j. (There is no on-the-job search.) Since a worker searches for at most one366

type of job, si = maxj{si,j}. Let uj denote the number of unemployed workers searching367

for a type j job. Let Sj denote the total search intensity exerted by these workers. Denote368

total vacancies of type j by vj. As in Pissarides (2000, Ch. 5), the total number of matches369

formed for a particular job type is given by the Cobb-Douglas function, Mj = µvj
ηSj

1−η
370

where 0 < η < 1. The (effective) queue length for a type j vacant job is given by qj = Sj/vj,371

and the probability that a particular job is filled is given by α(qj) = µq1−ηj . The probability372

that an unemployed worker i finds a job of type j is f(qj)si,j where f(qj) = µ/qηj . Let θj373

denote labor market tightness for a type j job: θj = vj/uj. For notational brevity, the374

individual index i is omitted for the rest of the paper.375

3.3. Value functions376

Let W (w̃, p) denote the value to a worker of a new job offering w̃ when the current state377

is p. Let U(p) denote the value of being unemployed. Then, the value of searching for a job378

offering w̃ when aggregate productivity is p is given by379

Ũ(w̃, p) ≡max
sw̃,p

{
z − c(sw̃,p) + βf(qw̃,p)sw̃,p

∫
W (w̃, p′)dG(p′|p)

+ β [1− f(qw̃,p)sw̃,p]

∫
U(p′)dG(p′|p)

}
.

(5)
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An unemployed worker chooses to search for the job that yields the highest expected utility,380

U(p) ≡ max
w̃∈W(p)

{Ũ(w̃, p)}, (6)

where it is anticipated that there are a finite number of elements in W(p).381

The value of a new job consists of two main components, the expected present value of382

the wage stream and the expected value of unemployment upon future separation, Q(p):383

W (w̃, p) = w̃ +

∫
Q(p′)dG(p′|p) (7)

where Q(p) = βλU(p) + β(1− λ)
∫
Q(p′)dG(p′|p).384

Let Z(p) denote the value of the expected output streams of a firm when the current385

state is p: Z(p) = p + β(1 − λ)
∫
Z(p′)dG(p′|p). Then, the value of a new match to a firm386

offering w̃ to its employee is given by:387

J(w̃, p) =

∫
Z(p′)dG(p′|p)− w̃. (8)

Finally, the value of a vacancy is388

V (p) = max
w̃
{−k + βα(qw̃,p)J(w̃, p)} . (9)

The formal definition of the labor market equilibrium is provided in Appendix B.389

4. Equilibrium characterization390

Since unemployed workers are intrinsically identical and direct their search to the most391

attractive jobs, the value of unemployment U(p) is common across all workers. Consequently,392

the non-wage component of the value of employment, Q(p), is also common across jobs.393

Workers take the queue length, qw̃,p, as given. The first-order condition with respect to394

search intensity, sw̃,p, in (5) is395

c′(sw̃,p) = βf(qw̃,p) [W e(w̃, p)− U e(p)] , (10)

where U e(p) =

∫
U(p′)dG(p′|p) and W e(w̃, p) =

∫
W (w̃, p′)dG(p′|p). As in Rogerson et al.396

(2005), firms make their wage posting decision taking (10) as given. Specifically, a firm’s397

problem in (9) can be reduced to: maxqw̃,p α(qw̃,p)J(w̃, p) subject to (10). Substituting (10)398
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into the firm’s first-order condition, using the fact that dJ(w̃,p)
dw̃

= −dW e(w̃,p)
dw̃

= −1, and the399

free entry condition, J(w̃, p) = k/(βα(qw̃,p)), gives400

ηqw̃,pc
′(sw̃,p) = k(1− η). (11)

Proposition 1 (Same jobs). Given current productivity, all firms creating a vacancy offer401

the same level of the present discounted value of wages. (See Appendix B.2 for the proof.)402

Proposition 1, along with the free entry condition, implies that the vacancies created403

within the same period have the same queue length, that is qw̃,p is unique to productivity p.404

Then, using (11), one can make the following claim:405

Corollary 1 (Same effort). All unemployed workers exert the same search intensity.406

These results are obtained without making any specific assumption on the shape of the407

wage profile for a given match.6 Given the uniqueness result, the subscripts of s, q and θ408

are dropped. Then, (11) can be rewritten as qc′(s) = k(1− η)/η or, equivalently,409

ηsc′(s) = k(1− η)θ. (12)

(11) and (12) represent key analytical results. Specifically, they show that in equilibrium,410

labor market tightness, θ, and search intensity, s, are positively related.411

5. Steady state analysis412

Here productivity, p, is constant over time. Proceeding as in the previous section, it can413

be shown (see Appendix B.3) that in equilibrium,414

p− z =
1− β(1− λ)

βα′(q)
c′(s) + c′(s)s− c(s). (13)

Proposition 2 (Permanent shock). An increase in productivity raises search intensity,415

the vacancy-unemployment ratio and the job-finding rate. (See Appendix B.4 for the proof.)416

6We are grateful to an anonymous referee for directing us toward this equilibrium characterization, which
uses transferability of utility between a firm and its employee. In a previous version of the paper, Eq. (11),
Proposition 1 and Corollary 1 were obtained by imposing a constant wage within a match.
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Given the strict convexity of the search cost function, c, (12) implies that market tight-417

ness, θ, is strictly increasing with search intensity, s. More importantly, in light of Proposi-418

tion 2, (12) suggests that the volatility of the vacancy-unemployment ratio is closely related419

to the search cost. This relation is quantified in the following section.420

5.1. The elasticity of the vacancy-unemployment ratio to productivity421

Next the analytical results in Hagedorn and Manovskii (2008) and Mortensen and Nagypál422

(2007) are extended to the model with endogenous search intensity. Specifically, the elas-423

ticity of the vacancy-unemployment ratio to productivity, defined as d ln θ
d ln p

, is calculated and424

compared with that in the standard model with fixed search intensity.425

Let η̃ denote the implied (or empirical) elasticity of the job-finding rate with respect to426

the vacancy-unemployment ratio; that is, η̃ = d ln(f(q)s)
d ln θ

. Without loss of generality, normalize427

search intensity to 1. Taking logs in (13) and differentiating the result with respect to ln p,428

it can be shown that (see Appendix B.6)429

d ln θ

d ln p
=

p

p− z
×

1−β(1−λ)
βf(q)(1−η̃) +

(
1− c(1)

c′(1)

)(
1 + c′(1)

c′′(1)

)
1−β(1−λ)
βf(q)

+ 1
. (14)

Given convexity of the search cost function it follows that 0 < c(1)
c′(1)

< 1 and c′(1)
c′′(1)

> 0, and430

therefore, C ≡
(

1− c(1)
c′(1)

)(
1 + c′(1)

c′′(1)

)
> 0. In steady state, the unemployment rate is λ

λ+f(q)
.431

Given that the average unemployment rate for the U.S. is around 6% (Shimer, 2005), it432

follows that λ
λ+f(q)

' 0.06 which implies f(q) � λ. When the model period is relatively433

short, the discount factor, β, is close to 1 and so 1−β(1−λ)
βf(q)

' λ
f(q)

is much smaller than 1.434

Further, the observed elasticity η̃ ' 0.5 (Petrongolo and Pissarides, 2001; Mortensen and435

Nagypál, 2007) and so 1−β(1−λ)
βf(q)

1
1−η̃ '

λ
f(q)

1
1−η̃ is also much smaller than 1. The upshot is436

that the magnitude of the elasticity d ln θ
d ln p

is dictated by p
p−z and

(
1− c(1)

c′(1)

)(
1 + c′(1)

c′′(1)

)
.437

Clearly, the magnitude of this elasticity can be made arbitrarily large by assuming a438

cost function such that c(1)
c′(1)

� 1 and c′(1)
c′′(1)

� 1. However, doing so will lead to highly439
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counterfactual implications. Specifically, using the fact that d lnα(q)
d ln q

≤ 1,440

C < 1 +
c′(1)

c′′(1)
=

1

1− η̃
d lnα(q)

d ln q
≤ 1

1− η̃
' 2.193, (15)

where the value η̃ = 0.544 is obtained from Mortensen and Nagypál (2007). So, the empirical441

elasticity of the matching function, η̃, dictates that C can not be much larger than 2. In442

fact, if search costs are given by a power function – a commonly-used specification (e.g.,443

Christensen et al., 2005; Nakajima, 2012; and Lise, 2013) – then the value of C is much444

lower than 2. Specifically, let the function c be given by the following power function:445

c(s) = χsγ, (16)

where χ > 0 and γ > 1. Then, C = 1, regardless of the values of χ and γ, and (14) becomes446

d ln θ

d ln p
=

p

p− z
×

1−β(1−λ)
βf(q)(1−η̃) + 1

1−β(1−λ)
βf(q)

+ 1︸ ︷︷ ︸
K

. (17)

For comparison purposes, the above elasticity is also calculated for the model with fixed447

search intensity (s = 1) while the elasticity of the matching function and the unemployment448

rate are matched with their empirical counterparts. In this case, the elasticity is given by449

(see Appendix C.3 for derivation)450

d ln θF

d ln p
=

p

p− (z − c(1))
×K. (18)

Given the calibration in Section 6, p
p−z = 6.463, p

p−(z−c(1)) = 3.846 and K = 1.073. These451

numbers imply that d ln θ
d ln p

= 6.938 while d ln θF

d ln p
= 3.702. So, the elasticity in the two models452

is determined by either z relative to productivity p (in the case of (17)) or z − c(1) relative453

to p. Search effort amplifies the elasticity of the vacancy-unemployment ratio with respect454

to productivity by almost 90%, specifically, d ln θ
d ln p

/d ln θ
F

d ln p
= 1.874.455

What is more surprising is that, despite the introduction of search intensity, the elasticity456

given by (17) coincides with that obtained by Hagedorn and Manovskii (2008) and Mortensen457

and Nagypál (2007) for the textbook version of the DMP model after imposing the Hosios458

condition. These results lead to the following two key observations. First, as in the standard459
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model, the elasticity of vacancy-unemployment ratio with respect to productivity in the460

model with variable search effort is determined by p
p−z , which is consistent with Hagedorn461

and Manovskii (2008). Second, an important difference is that the net flow utility of an462

unemployed worker in the model with variable search intensity is z − c(1) while that in the463

standard model (that is, the one without variable search intensity) is simply z. Consequently,464

the employment surplus can be substantially higher in the model with variable search effort.465

In summary, one can generate a sufficient volatility in unemployment and vacancies by466

using a high gross flow income for the unemployed (that is, high z) while still maintaining467

a substantial employment surplus through the low net utility for the unemployed, z − c(s).468

Given the cost function, C in (15) is 1. A higher value for the elasticity of the vacancy-469

unemployment ratio with respect to productivity could be obtained by choosing a non-power470

cost function that brings C closer to its upper bound of around 2.2. We choose not to follow471

this route, following instead Christensen et al. (2005), Nakajima (2012) and Lise (2013) in472

using a power function, (16). In fact, the numerical analysis in Section 6 shows that this473

cost function performs well for moments that are not targeted during the calibration.474

5.2. Main intuition475

Here the main intuition behind the amplifying effect of variable search effort is explained.476

The specific focus is on how variable search effort amplifies the response of unemployment477

and vacancies to a shift in productivity. The response of unemployment and vacancies to478

the cost parameters, such as k, η and χ is discussed later, in Section 7.479

There are three main equilibrium channels that are key to understanding the amplifying480

effect of variable search effort. The first effect arises from the complimentarity of search481

intensity, reflected in the equilibrium condition in (12). When there is an increase in pro-482

ductivity p, firms create more vacancies and workers search more intensely. The nature of483

the complimentarity is that as firms increase vacancies, workers search even more, leading484
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firms to post more vacancies, and so on. The second main effect operates through the inter-485

action of search costs and profits. Specifically, an increase in worker search effort lowers the486

flow utility of unemployment. As a result, the match surplus remains relatively large and487

firm profits are large enough to encourage a large increase in vacancies (see Appendix B.7488

and Appendix C.4). The final effect is a shift in the Beveridge curve arising from the effect489

of search intensity on the workers’ arrival rate of job offers.490

How do these effects translate into the equilibrium level of unemployment and vacancies?491

To answer this question, combine (12) and (13) to obtain492

p− z =
1− β(1− λ)

βµ

(
k

η

)η (
χγ

1− η

)1−η

s(γ−1)(1−η) + χ(γ − 1)sγ, (19)

which shows that search intensity, s, is an increasing function of productivity, p. Combining493

this result with (12), the vacancy-unemployment ratio, θ, is an increasing function of p. As in494

Pissarides (2000), the impact of productivity on the vacancy-unemployment ratio is depicted495

as a counterclockwise rotation of the job creation (JC) curve in the vacancy-unemployment496

plane in Figure 3. The standard model with fixed effort also exhibits a rotation of the JC497

curve, but not as large as with endogenous search effort (see Appendix C.4).498

Figure 3 here.499

On the other hand, changes in search intensity will shift the theoretical Beveridge (TB)500

curve given by λ(1 − u) = µvη(us)1−η. Due to the positive response of search intensity to501

an increase in productivity, the TB curve shifts left (see Figure 3). The intersection of the502

two curves gives the equilibrium level of unemployment and vacancies. The shift in the TB503

curve, along with the increase in labor market tightness, imply that search effort amplifies504

the effects of a productivity change on unemployment, and has an ambiguous effect on505

vacancies. The numerical results below show that search effort amplifies the volatility of506

vacancies as well. This means that under a reasonable calibration, the effect of the shift in507

the TB curve on vacancies is dominated by the shift in the job creation curve. In summary,508
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adding worker search effort amplifies the responses of labor market tightness, vacancies and509

the unemployment rate to a permanent change in productivity.510

6. Business cycle properties511

This section establishes the business cycle properties of the model.512

6.1. Calibration513

The length of the time period is a quarter of a month, which will be referred to as a week.514

The discount factor β is set to 1/1.041/48, a value consistent with an annual interest rate of515

4%. The separation rate is set to that in Shimer (2005); normalizing it to a weekly frequency,516

λ = 0.0083. The productivity process G(p′|p) is approximated by a five-state Markov chain517

using the method of Rouwenhorst (1995).7 The following targets for the productivity process518

are taken from Hagedorn and Manovskii (2008): the quarterly autocorrelation of 0.765, and519

the standard deviation of 0.013 for the HP-filtered productivity process with a smoothing520

parameter of 1600. At a weekly frequency, these targets require % = 0.9903 and σ = 0.0033.521

Normalization522

Following Shimer (2005), the target for the mean vacancy-unemployment ratio is 1. Then,523

the queue length, q, is 1 in steady state. Recall that productivity, p, has been normalized to524

1 at the steady state. Then, (12) and (13) provide the following two parametric restrictions:525

(1− η)k = ηχγ (20)

and526

z = 1− (1− β(1− λ))χγ

β(1− η)µ
− χ(γ − 1). (21)

7Galindev and Lkhagvasuren (2010) show that for highly persistent autoregressive processes, the method
of Rouwenhorst (1995) outperforms other commonly-used discretization methods.
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Given the rest of the parameters, the parameters k and z are chosen to satisfy (20) and (21).527

The value of µ, the scaling parameter in the matching function, is chosen by targeting an528

average unemployment rate of 5.7% (Shimer, 2005).529

The elasticity of matches to vacancies530

The key parameter of the matching technology is the elasticity of matches with respect531

to vacancies, εM,v = ∂ lnM
∂ ln v

. When search intensity is fixed, this elasticity is given by η, the532

exponent on vacancies in the matching function. However, when search intensity is allowed533

to vary, the measured elasticity of matches to vacancies, εM,v, differs from η. Specifically,534

combining (12) with (16) and (20) gives sγ = θ. Given the uniqueness result in Proposition 1,535

total search intensity is simply S = us where u denotes unemployment. These results imply536

that, under variable search intensity, the equilibrium number of matches is given by537

M = µv1−(1−η)(1−1/γ)u(1−η)(1−1/γ). (22)

At this point, there are two important conclusions. First, the property that the matching538

function is constant returns to scale with respect to unemployment and vacancies is preserved539

under variable search intensity. This result is consistent with the fact that empirical studies540

do not reject constant returns to scale in the matching functions; see the survey of Petrongolo541

and Pissarides (2001). Second, under endogenous job search effort, the implied elasticity of542

matches with respect to vacancies is543

εM,v = 1− (1− η) (1− 1/γ) . (23)

Given the value of γ, η is chosen such that εM,v = 0.544, an elasticity estimate obtained by544

Mortensen and Nagypál (2007).545

Search cost parameters546

The curvature parameter of the search cost, γ is set to 2, a value consistent with the547

empirical literature; see Yashiv (2000), Christensen et al. (2005), and Lise (2013). This is548

also roughly the value calibrated by Nakajima (2012). The value of χ, the scale parameter of549
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the search cost, is chosen to satisfy z− χ = 0.71, which gives a flow value of unemployment550

of 71% of productivity; see Hall and Milgrom (2008) for a justification of this value. The551

benchmark parameter values are reported in Table 3.552

Table 3 here.553

6.2. Benchmark model results554

As shown in Table 4 the benchmark model accounts for nearly 40% of the observed555

volatility of the vacancy-unemployment ratio, unemployment, and vacancies. Search inten-556

sity is procyclical with a standard deviation of 4.9%.557

Table 4 here.558

As a further test of the model, we evaluate its prediction for the effect of an increase559

in UI benefits on the duration of unemployment. There is a large micro-labor literature560

estimating this effect. The bulk of the evidence says that a 10% increase in benefits increases561

the average duration of unemployment spells by 0.5 to 1.5 weeks (see, for example, Meyer,562

1990). The benchmark model predicts that, in response to a 10% increase in benefits, the563

average duration of unemployment increases by roughly 1 week – in the middle of the range564

cited above. As Hagedorn et al. (2013) point out, micro studies on the impact of benefits565

ignore the equilibrium effect on job creation and thus underestimate the impact. While this566

effect may affect the numbers above, the model’s prediction for the impact of UI benefits on567

unemployment duration are reasonable, even though this moment was not targeted.568

6.3. The net impact of variable search intensity569

How much of the success of the model can be attributed to variable search intensity?570

To answer this question, the model is solved while fixing search intensity. The problems of571

workers and firms in the model with fixed search intensity are provided in Appendix C.572
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Two cases are considered. First, the model is solved while fixing search intensity at573

one and using the same parameter value in the matching function, η, as in the benchmark574

economy. The parameter µ is recalibrated so that average unemployment remains 5.7%575

which necessitates recomputing the values of z, χ and k. Table 4 shows that fixing search576

intensity sharply reduces the volatility of unemployment; its percentage standard deviation577

falls from 4.8% to 0.3%. The variability of vacancies is less affected by fixed search effort; its578

standard deviation falls by around 30%. The percentage standard deviation of the vacancy-579

unemployment ratio falls by over half. Put differently, variable search effort accounts for well580

over 90% of the model’s predicted volatility in unemployment, just under 30% of vacancies581

variability, and around 55% of that of the vacancy-unemployment ratio.582

These results show that approximately 21% (' 0.098−0.043
0.264

) of the observed volatility of the583

vacancy-unemployment ratio is explained by variable search effort. Search intensity explains584

roughly 35% (' 0.048−0.003
0.129

) of the volatility of cyclical unemployment, and 11% (' 0.056−0.040
0.141

)585

of the volatility of vacancies. In other words, search intensity has a much larger impact on586

the percentage standard deviation of unemployment than vacancies. The implication of587

these results is that introducing endogenous search effort flattens the Beveridge curve, and588

as a result unemployment in the model takes on a wider range of values; see Figure 4.589

Figure 4 here.590

Alternatively, the model is simulated while setting η to 0.544 (its empirical counterpart)591

and keeping search intensity at one. In this case, fixed search effort leads to a much smaller592

decline in unemployment volatility and a larger decline in that of vacancies. However, the593

volatility of the vacancy-unemployment ratio is almost the same as for the first fixed effort594

experiment. Volatility of labor market variables is roughly half that of the benchmark model.595
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6.4. Average search intensity596

Here, a model-consistent measure of average search intensity is constructed, in much597

the same way that a measure of aggregate productivity can be obtained by performing a598

“Solow residual exercise.” Recall the matching function mt = µvηt (stut)
1−η , where mt is599

matches (equivalently, new hires) at time t, vt is vacancies posted by firms, ut is the level of600

unemployment, and finally st is aggregate search effort. This matching function attributes601

all changes in matches not due to variation in vacancies or unemployment to changes in602

average search intensity. Given this observation, two measures of aggregate search effort603

are constructed. The first, dubbed the Shimer (2005) method, measures changes in search604

intensity by combining the matching technology with the following well known equation:605

ut+1 = ut − mt + ust , where ust is short-term unemployment (less than five weeks). The606

second measure, which will be called the Mortensen and Nagypál (2007) method, employs607

their proposal to use the empirical Beveridge curve to obtain the job-finding rate, mt/ut,608

via f̂t = λ(1−ut)
ut

where λ is the separation rate. Then, changes in average search intensity609

can be captured by f̂t
1

1−η
(
vt
ut

) η
η−1

.610

Set the matching function curvature parameter, η, to 0.080, its value in the benchmark611

calibration. The separation rate is as reported in Table 3. Figure 5 presents imputed average612

search intensity for the two methods. While these series are noisy – perhaps owing to the613

fact that the underlying data are monthly – it is clear that average search effort falls sharply614

during NBER recessions. In two of the more recent recessions, average search intensity615

has continued to fall after the “official” end of the recession. Overall, the imputed average616

search effort series clearly exhibits a countercyclical pattern, falling during recessions and617

rising gradually during expansions.618

Figure 5 here.619

Business cycle properties for the Mortensen-Nagypál measure of average search effort620

are reported in Table 4. The percentage standard deviation of search effort is on par with621
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that of unemployment and vacancies. The benchmark calibration accounts for nearly 40%622

of the volatility in measured search. This series is also weakly procyclical when the cycle is623

measured by the correlation with labor productivity. Search effort moves strongly with the624

conventional measure of labor market conditions, labor-market tightness. The calibrated625

model also predicts a strong positive correlation between these variables.626

7. Implications for the matching technology627

Here, further implications of the model for the matching technology are discussed.628

7.1. Interdependence of matching and search intensity629

When search intensity is fixed, the elasticity of the number of matches with respect to630

vacancies, εM,v, coincides with the matching technology parameter η: εM,v = η. However,631

under endogenous job search effort, the elasticity is given by εM,v = 1−(1−η) (1− 1/γ) (see632

Section 6.1). Consequently, the parameter η can differ substantially from εM,v, the elasticity633

measured directly from data on cyclical unemployment, vacancies and matches. For example,634

for the benchmark calibration, η = 0.0880 and εM,v = 0.544. If one ignores variable search635

intensity, one would erroneously conclude that a ten percent exogenous increase in vacancies636

will raise the number of matches by more than 5 percent whereas the actual impact could be637

less than 1 percent. These results show that the matching technology and the costs of search638

are intimately related. Estimating the two functions simultaneously requires an equilibrium639

model with endogenous search effort. This paper offers one such a framework.640

7.2. Shifts in the Beveridge curve641

Throughout this paper, labor market fluctuations have been modeled as arising due to642

productivity shocks. However, Mortensen and Nagypál (2007) point out that the correlation643

between labor productivity and the vacancy-unemployment ratio is less than one-half and644

emphasize the importance of other omitted driving forces. Consistent with their argument,645
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a sizable fraction of the variation of matches is not explained by shifts in unemployment646

and vacancies. In this context, variation of matches means overall shifts in the number of647

matches, which includes both cyclical fluctuations and the trend. The results in this paper648

suggest that variable search intensity can also account for part of the shifts in matches.649

First, as mentioned earlier, endogenous search intensity flattens and stretches the Bev-650

eridge curve; see Figure 4. Second, it also makes the Beveridge curve more dispersed or651

thicker. Notice that these two changes for the Beveridge curve reflect the responses of652

search intensity to a productivity shock.653

There could be other types of shifts as well. For instance, (19) shows that increases in654

the cost parameters k, χ and γ, reduce equilibrium search intensity. Therefore, in general,655

the total number of matches is given by656

M(k, χ, γ, v, u) = A(k, χ, γ)vηu1−η, (24)

where A is a decreasing function of its arguments. So, the number of matches for a given level657

of unemployment and vacancies can shift with these cost parameters. Therefore, changes in658

the job search and vacancy costs can also shift the Beveridge curve. These have the following659

two important implications.660

First, Lubik (2011) argues that a negative shock to match efficiency A is consistent with661

the outward shift of the U.S. Beveridge curve in the aftermath of the Great Recession; also662

see Elsby et al. (forthcoming). This finding, along with (24), raises the possibility that the663

above cost parameters may be key to understanding persistently high unemployment despite664

an increased number of vacancies during the recent recovery.665

Second, cross-country data show that there are substantial differences in unemployment666

across countries. Empirical studies have tended to focus on whether taxes or benefits can667

explain these cross-country unemployment differences; see, for example, Prescott (2004) and668

Ljungqvist and Sargent (2006). Time spent on job search also differs substantially across669

countries. For example, according to Krueger and Mueller (2010), on average unemployed670
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workers spend 41 minutes a day searching for a job in the U.S., compared with just 12671

minutes in the average European country. The results in this paper suggest that differences672

in time spent on job search may account for a substantial part of the cross-country differences673

in unemployment.674

8. Conclusion675

The textbook DMP model was modified by adding worker search intensity, allowing676

workers to directly affect the outcome of their job search over the business cycle. A far more677

innocuous change, dropping Nash bargaining determination of wages in favor of competitive678

search, was also introduced. Combining data from the CPS and ATUS, we present new679

evidence in support of the model’s prediction that search effort is procyclical; evidence680

is also presented showing there is a quantitatively important composition bias (related to681

recent past wages and hours worked) in average search time over the business cycle.682

Greater volatility in unemployment and vacancies can be generated by using a high gross683

flow income for the unemployed while still maintaining a substantial employment surplus684

through low utility of the unemployed net of search costs. The benchmark model captures685

nearly 40% of the volatility in vacancies, unemployment and labor market tightness. In686

contrast, the standard fixed search effort model captures almost none of the variability in687

unemployment, around 30% of vacancies variability, and about 15% of that of labor market688

tightness. These results are summarized, visually, in the Beveridge curve, measured at an689

annual frequency. Whereas the fixed effort model has a steep Beveridge curve with points690

tightly clustered along a straight line, the endogenous search effort model exhibits a much691

flatter, more spread out Beveridge curve. These results collectively suggest that endogenous692

search effort provides a partial resolution of the Shimer puzzle.693

While more elastic search effort can improve the model’s performance, the analytical694

results in this paper show that there are limits to this channel. Specifically, a highly elastic695
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search effort would likely be inconsistent with the data on unemployment and vacancies,696

and particularly the elasticity of matches with respect to the vacancies-unemployment ratio.697

To date, endogenous worker search effort has been largely overlooked when estimating698

the matching technology, a notable exception being Yashiv (2000). Section 7 showed that699

this omission can lead to an overestimate, by a factor of 5, of the effects on job matching700

of an increase in vacancies. This problem is not merely of academic interest since it has701

implications for public policies aimed at reducing unemployment. The results also suggest702

that when wages are determined by Nash bargaining, choosing the bargaining power of703

workers based on an estimate of the matching function alone is premature and cannot704

always guarantee constrained efficiency.705
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Figure 1: Decomposition of Variation of Aggregate Unemployment
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Notes: ‘Contribution of college-educated’ measures that portion of the cyclical variation in the overall
unemployment rate that can be attributed to college educated individuals. Specifically, it computes a hypo-
thetical aggregate unemployment rate that holds the unemployment rate of high school-educated individuals
fixed at its sample mean. Similarly, ‘Contribution of high school-educated’ computes a hypothetical unem-
ployment rate holding the unemployment rate of college-educated at its sample mean. This figure shows that
aggregate unemployment fluctuations are mainly driven by unemployment of less educated workers. The
coefficients of variation of these two time series over the sample period are 0.035 (contribution of college-
educated) and 0.154 (contribution of high school-educated) whereas the coefficient of variation of overall
unemployment is 0.182. In other words, unemployment of the less educated group accounts approximately
85% of aggregate unemployment variation over the sample period. The series are constructed from the
Current Population Survey of the Bureau of Labor Statistics, which is available from the NBER website.
The sample includes adult civilians aged 20-65 years who are in the labor force.
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Figure 2: Time Spent on Job Search by the Unemployed
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Source: Authors’ calculations based on the ATUS. Time on job search is the weighted average of activities
corresponding to job search by the unemployed over the relevant time frame. Quarterly and monthly data
are constructed using the date of the interview.
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Figure 3: The Impact of a Permanent Productivity Change
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Notes: The figure illustrates how a permanent increase in productivity affects steady state unemployment
(u) and vacancies (v). The values denoted by 0 and 1 correspond to values that are before and after the
increase.

35



Figure 4: Beveridge Curves from Model-Generated Data
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Notes: This figure shows how variable search effort affects the Beveridge curve in simulated data. It plots
the Beveridge curve of the benchmark model and the model with fixed search intensity. A total of 620
annualized observations on unemployment and vacancies have been used.
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Figure 5: Average Search Intensity
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Notes: “Shimer” corresponds to average search intensity measured using short- and long-term unemploy-
ment data (left-hand axis) while “Mortensen-Nagypál” refers to search intensity measured using the empirical
Beveridge curve (right-hand axis). See Section 6.4 for the detailed definition of the two measures. Shaded
areas are NBER-determined recessions. The two series are unfiltered. Quite similar results are obtained by
Hodrick-Prescott filtering the data with a smoothing parameter of 105 as in Shimer (2005).

37



Table 1: Correlation of time spent on job search with unemployment and vacancies

Sample Unemployment Vacancies v-u ratio, θ

All −0.124 0.297 0.268
(0.733) (0.405) (0.454)

Long-term 0.403 −0.160 −0.226
(0.248) (0.656) (0.531)

Short-term −0.656∗ 0.708∗ 0.716∗

(0.039) (0.022) (0.020)
Short-term while controlling for wage and hours −0.527† 0.737∗ 0.723∗

(0.053) (0.015) (0.018)

Notes. This table reports the correlation between average search intensity and labor market variables.
Average search intensity is measured by the time dummies in regressions (1) and (2). Significance levels are
reported in parenthesis. Correlation coefficients that are significant at the 5% and 10% levels are denoted by
an asterisk and a dagger, respectively. To conform with the samples chosen by Shimer (2004) and Mukoyama
et al. (2014), data for regression (1) is restricted to adult, civilian, unemployed workers looking for a job,
aged 25-70. Data sources for unemployment and vacancies are as in Table 4.
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Table 2: Responses of time spent on job search to vacancy-unemployment ratio

The OLS The implied
sample result, aθ elasticity, aθ/s

All 3.257 0.142
(2.912)

Long-term −1.605 −0.083
(2.916)

Short-term 19.358∗ 0.516∗

(8.608)
Short-term while controlling for wage and hours 20.241∗ 0.540∗

(8.614)

Notes. This table summarizes the results of the regressions of (3) and (4). The numbers in the left-hand
column show the coefficient estimates of aθ which measures the response of search time to the cyclical devi-
ation of the vacancy-unemployment ratio. The standard errors are reported in parenthesis. The estimates
at the significance level of 5% (or less) are denoted by an asterisk. The right-hand column shows the im-
plied elasticity of search time with respect to vacancy-unemployment ratio. Following Krueger and Mueller
(2010), the elasticity is calculated as the ratio of the coefficient estimate of aθ to average search time, s.
The sample restrictions are as in Table 1.
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Table 3: Parameters of the Benchmark Model

Parameter Value Description

β 0.9992 The time discount factor (= 1/1.041/48)
λ 0.0083 The separation rate (= 0.1/12)
% 0.9903 Persistence of the productivity shock
σ 0.0033 The standard deviation of the innovation to productivity
k 0.0261 The vacancy creation cost
z 0.8453 Flow utility of unemployment when search intensity is zero
µ 0.1394 The coefficient of the matching technology
η 0.0880 The parameter of the matching technology
γ 2.0000 The power of the search cost function
χ 0.1353 The average search cost

Notes: Summary of the parameter values used in the benchmark calibration.
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Table 4: Select Business Cycle Moments

u v v/u s p

US Data:
Standard deviation 0.129 0.141 0.264 0.128 0.013

Autocorrelation 0.886 0.907 0.905 0.884 0.755

Cross-correlation u 1 −0.914 −0.976 −0.998 −0.239
v 1 0.980 0.899 0.381
v/u 1 0.967 0.320
s 1 0.173
p 1

Benchmark Model:
Standard deviation 0.048 0.056 0.098 0.049 0.013

Autocorrelation 0.828 0.618 0.765 0.765 0.765

Cross-correlation u 1 −0.788 −0.936 −0.936 −0.934
v 1 0.955 0.955 0.949
v/u 1 1 0.996
s 1 0.996
p 1

Fixed Effort, benchmark η:
Standard deviation 0.003 0.040 0.043 0.013

Autocorrelation 0.828 0.754 0.765 0.765

Fixed Effort, η = 0.544:
Standard deviation 0.022 0.026 0.046 0.013

Autocorrelation 0.828 0.619 0.765 0.765

Notes: US Data: All moments are based on quarterly data, 1951Q1–2012Q4, logged and HP-filtered with a
smoothing parameter of 1600. Unemployment, u, corresponds to the civilian unemployment rate; vacancies
are given by a combination of the Conference Board’s Help-Wanted Index and work by Barnichon (2010);
search effort, s, is computed using the Mortensen-Nagypál method described in Section 6.4; and productivity,
p, is measured by output per person for the non-farm business sector (BLS variable PRS85006163). Models:
Averages over 20,000 replications of the model economy with 248 quarters are reported, after discarding the
first 1,000 weeks of data.
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Appendix A. Time spent on job search versus the number of search methods773

Following Krueger and Mueller (2010) and DeLoach and Kurt (2013), this paper focused774

on time spent on job search as worker search effort. Others have focused on the number of775

search methods in the CPS. As discussed in the text, there is considerable debate whether776

the number of search method is a reasonable measure of search intensity (Shimer, 2004;777

Tumen, 2014).778

This appendix shows that despite the positive link between the two variables at the779

individual level, their cyclical behavior can be quite different. Before, going to the analysis780

it should mentioned that in the ATUS time spent on job search and the number of search781

methods refer to different time periods. Specifically, the former refers to a specific diary day782

(the day right before the interview date) while the latter refers to the four weeks preceding783

the diary date. Furthermore, our analysis of the ATUS and CPS data reveals that at the784

individual level, there is not a great deal of persistence in the number of search methods785

used. These observations already suggest that the link between the two variables may not786

be very strong.787

First, it is shown that the two variables are positively correlated at the individual level.788

For this purpose, consider the following regression:789

si,t = c̃+ β̃Xi + ψni,t + εi,t (A.1)

where si,t is search effort of person i in year t, c̃ is the constant term, Xi contains the790

individual characteristics such as age, education, dummies for race and sex, ni,t is the number791

of search methods and εi,t is the error term. Using the sample described above, the estimate792

of ψ is 10.547 with the standard deviation 3.132. Thus, cross-sectionally, a unit increase in793

the number of job search methods is associated with more than a 10 minute increase in job794

search time. Despite this highly significant, positive relationship, the R2 of the regression is795

approximately 0.084 implying that less than 10 percent of the variation of job search time796
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Table A.5: Correlation of the number of average search methods with unemployment and vacancies

Unemployment Vacancies The v-u ratio, θ

All 0.448 −0.313 −0.369
(0.194) (0.379) (0.295)

Long-term 0.539 −0.348 −0.426
(0.108) (0.324) (0.220)

Short-term 0.180 −0.212 −0.204
(0.619) (0.557) (0.572)

Notes. This table reports the correlation of unemployment and vacancies with the average number of search
methods (after controlling for age, education, race and sex). The significance levels are in parenthesis.

is explained by the regression.797

Next it is shown that despite the positive link between the two variables, they behave798

quite differently over the business cycles. For this purpose, (1) is estimated while considering799

the number of search methods, ni,t, as the left hand side variable. The correlation of the time800

dummies with labor market variables is reported in Table A.5. Comparing Tables 1 and A.5801

reveals that the cyclical pattern of average time spent on job search and the average number802

of job search methods respond differently to aggregate labor market conditions. Specifically,803

the sign of the correlation coefficients are vastly different. For example, the number of job804

search methods responds to labor market tightness negatively, while job search time tends to805

respond positively, especially among the short-term unemployed. Moreover, the correlation806

between the number of job search methods with the labor market variables is stronger among807

the long-term unemployed, whereas the correlation between time spent on job search with808

the same variables are stronger among the short-term unemployed.809

Appendix B. Model with variable search intensity810

Appendix B.1. The definition of the labor market equilibrium811

Since unemployed workers are intrinsically identical, it follows that U(p) is common to812

all unemployed workers. Further, Ũ(w̃, p) must be the same for all jobs for which workers813
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actually search. It then follows that the queue length, qw̃,p, must be unique for all jobs with814

positive worker search: The compensation for searching for a lower wage job is a higher815

probability of being matched, that is, a lower queue length. Using (5) and (6), it can be816

seen that search intensity, sw̃,p, must also be unique for each job type (w̃, p). Introducing817

the following functions, s(w̃, p) = sw̃,p, q(w̃, p) = qw̃,p, v(w̃, p) = vw̃,p, u(w̃, p) = uw̃,p and818

S(w̃, p) = Sw̃,p for any (p, w̃) such that w̃ ∈ W(p), the labor market equilibrium can now be819

defined.820

Definition 1. The equilibrium is a set of value functions, {U,W, J, V }, a decision rule s, a821

set of the present discounted values of the wages, W, the measures, {u, v}, the total search822

intensity, S, and the queue length, q, such that823

1. unemployed: given q and W , the decision rule s(w̃, p) and the value functions U(p)824

and Ũ(w̃, p) solve (5) and (6) for any w̃ ∈ W(p);825

2. employed: given U , the value function W (w̃, p) solves (7);826

3. matched firm: the value function J(w̃, p) solves (8);827

4. vacancy: given q and J , the wage w̃ and value function V (p) solve (9) with w̃ ∈ W(p);828

5. free entry: for any real number x,829 
v(x, p) > 0 and V (p) = 0 if x ∈ W(p),

v(x, p) = 0 and V (p) ≤ 0 if x 6∈ W(p) or W(p) = ∅; and

(B.1)

6. consistency: the total search intensity S and the queue length q are consistent with830

individuals’ and firms’ behavior: S(w̃, p) = u(w̃, p)s(w̃, p) = v(w̃, p)q(w̃, p) for w̃ ∈831

W(p).832

Appendix B.2. Proof of Proposition 1833

Let Ze(p) =
∫
Z(p′)dG(p′|p) and R(p) =

∫ (∫
Q(p′′)dG(p′′|p′)

)
dG(p′|p). Then, (10)834

can be rewritten as835

c′(sw̃,p)

βf(qw̃,p)
= w̃ +R(p)− U e(p). (B.2)
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On the other hand, using the free entry condition,836

k

βα(qw̃,p)
= −w̃ + Ze(p). (B.3)

Combining (B.2) and (B.3), it can be seen that837

c′(sw̃,p)

βf(qw̃,p)
+

k

βα(qw̃,p)
= Ze(p) +R(p)− U e(p).

Furthermore, using (11),838

k

βηα(qw̃,p)
= Ze(p) +R(p)− U e(p).

The right hand side of the equation is common across all jobs posted at a given point in839

time. Since α is a strictly increasing function, qw̃,p is unique across vacancies. Then, the free840

entry condition in (B.3) implies that w̃ is the same across all vacancies posted at a given841

point in time.842

Appendix B.3. The steady state characterization843

When there are no shocks to productivity, i.e. when p is constant over time, a job is fully844

characterized by its per-period wage w = (1− β(1− λ))w̃. The value of being unemployed845

is given by846

U = max
s
{z − c(s) + βf(q)s

(
W − U

)
+ βU} (B.4)

and the value of being employed is847

W =
w + βλU

1− β(1− λ)
. (B.5)

A worker will take the queue length, q, as given. Differentiating the right hand side of (B.4)848

with respect to search effort, s, gives849

c′(s) = βf(q)(W − U).

Combining this result with (B.4) and (B.5), it can be shown that the optimal search intensity850

must satisfy the following:851

w − z =
1− β(1− λ)

βf(q)
c′(s) + c′(s)s− c(s). (B.6)

Firms making their vacancy posting decision will take (B.6) as given. The value of a852
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vacancy can be written as853

V = max
w
{−k + βα(q)

p− w
1− β(1− λ)

}. (B.7)

Following Rogerson et al. (2005), substitute (B.6) into (B.7) for w and thereby reduce a854

firm’s problem to the following:855

max
q

{
α(q)

(
p− z − 1− β(1− λ)

βf(q)
c′(s)− c′(s)s+ c(s)

)}
.

Taking the first-order condition with respect to q yields (13).856

Appendix B.4. Proof of Proposition 2857

Given the inverse relationship between queue length, q, and worker search intensity, s,858

the right hand side of (13) is strictly increasing in s. Therefore, s increases with productivity,859

p. A higher s and a lower q means a higher vacancy-unemployment ratio. More vacancies860

per unemployed worker along with higher search intensity imply a higher job-finding rate.861

Appendix B.5. Normalizations862

Suppose that search intensity is normalized to x > 0. Let the associated search cost863

function be c̃. Denote the vacancy cost and the coefficient of the matching function by864

k̃ and µ̃, respectively. The equilibrium allocations continue to be characterized by (12)865

and (13). Then, it can be seen that the same allocation is obtained by choosing the cost866

function to satisfy c̃′(x)x− c̃(x) = c′(1)− c(1) > 0 while setting k̃ = xc̃′(x)
c′(1)

k and µ̃ = xη c̃′(x)
c′(1)

µ.867

As in Shimer (2005), the normalization of θ, the vacancy-unemployment ratio, is inconse-868

quential to the results. Consider another value, say θ, for the mean vacancy-unemployment869

ratio. Then, it can be seen that multiplying k and µ by θ and θ
η
, respectively, leaves the870

equilibrium allocations given by (12) and (13) unaffected.871
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Appendix B.6. Productivity and the vacancy-unemployment ratio872

The implied elasticity of the job-finding rate with respect to the vacancy-unemployment873

ratio can be written as874

η̃ =
d ln(f(q)s)

d ln θ
=
d ln(qα(q)s)

d ln θ
=
d ln(θα(q))

d ln θ
= 1 +

d lnα(q)

d ln θ
. (B.8)

Since ln θ = ln s− ln q, (B.8) can be written as875

η̃ − 1 =
εq,s

1− εq,s
d lnα(q)

d ln q
, (B.9)

where εq,s = d ln q
d ln s

. Recalling that θ = s/q, differentiation of (11) gives εq,s = − sc′′(s)
c′(s)

in876

equilibrium. Differentiate ln θ = ln s− ln q with respect to ln p to obtain the elasticity of the877

vacancy-unemployment ratio θ with respect to productivity p:878

d ln θ

d ln p
= (1− εq,s)

d ln s

d ln p
. (B.10)

As in Section 5.1, let s = 1. Then, by taking logs in (13) and differentiating the result879

with respect to ln p, it can be shown that880

d ln s

d ln p
=

p

p− z
×

1−β(1−λ)
βf(q)(1−η̃)

c′(1)
c′′(1)+c′(1)

+ c′(1)−c(1)
c′′(1)

1−β(1−λ)
βf(q)

+ 1
. (B.11)

Now combining (B.10) and (B.11) along with εq,s = − c′′(1)
c′(1)

, one can arrive at881

d ln θ

d ln p
=

p

p− z
×

1−β(1−λ)
βf(q)(1−η̃) +

(
1− c(1)

c′(1)

)(
1 + c′(1)

c′′(1)

)
1−β(1−λ)
βf(q)

+ 1
. (B.12)

Appendix B.7. Elasticity of the profit with respect to productivity882

Combining the free entry condition k = βα(q) p−w
1−β(1−λ) with (B.11) and (B.12), the elas-883

ticity of a firm’s profit with respect to productivity is given by884

d ln(p− w)

d ln p
=

p

p− z
× (1− η̃)×

1−β(1−λ)
βf(q)(1−η̃) +

(
1− c(1)

c′(1)

)(
1 + c′(1)

c′′(1)

)
1−β(1−λ)
βf(q)

+ 1
. (B.13)

When c(s) = χsγ, this equation is further simplified to885

d ln(p− w)

d ln p
=

p

p− z
×

1−β(1−λ)
βf(q)

+ 1− η̃
1−β(1−λ)
βf(q)

+ 1
. (B.14)
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Comparing this result with the corresponding expression when search is constant, (C.16),886

profits are more sensitive to productivity in the model with endogenous search intensity887

than that in the model with fixed search intensity. Specifically, using our calibrated values,888

it can be seen that the elasticity is 70% higher in the model with variable search intensity.889

So, the wage moves less in the model with fixed search intensity due the effects discussed in890

Section 5.2.891

Appendix C. Model with fixed search intensity892

Appendix C.1. Workers893

When search intensity is fixed at one, the flow utility of unemployment becomes894

z̃ = z − c(1).

Then, the value of being unemployed is given by895

U(p) = z̃ + βf(q) [EpW (w, p′)−EpU(p′)] + βEpU(p′). (C.1)

The value of being employed is as before:896

W (w, p) = w + β(1− λ)EpW (w, p′) + βλEpU(p′). (C.2)

Given U and Q, let897

H(p) = Ep[Ep′Q(p′′)]−EpU(p′). (C.3)

Then, (C.1) can be written as898

U(p) = z̃ + βf(q)

(
w

1− β(1− λ)
+H(p)

)
+ βEpU(p′). (C.4)

Therefore, for any posted wage w ∈ W(p),899

w

1− β(1− λ)
+H(p) =

U(p)− z̃ − βEpU(p′)

βf(q)
. (C.5)
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Appendix C.2. Firms900

As in Rogerson et al. (2005), substituting (C.5) into (9) for w and taking the first order901

condition with respect to q yields902

y(p)

1− β(1− λ)
+H(p) =

U(p)− z̃ − βEpU(p′)

βα′(q)
. (C.6)

Combine (C.5) and (C.6) to obtain903

y(p)− w
1− β(1− λ)

=
η

µβ(1− η)
[U(p)− z̃ − βEpU(p′)] qη. (C.7)

Combining this result with the free entry condition,904

1− η
η

k = [U(p)− z̃ − βEpU(p′)] q. (C.8)

Appendix C.3. Elasticity of the vacancy-unemployment ratio with respect to productivity905

In the absence of aggregate shocks, the value of Q simplifies to906

Q =
βλ

1− β(1− λ)
U. (C.9)

Therefore, (C.3) becomes907

H = − 1− β
1− β(1− λ)

U. (C.10)

Then, using these equations, the equilibrium conditions given by (C.6) and (C.8) can be908

rewritten as909

p− (1− β)U

1− β(1− λ)
=

(1− β)U − [z − c(1)]

βα′(q)
(C.11)

and910

1− η
η

k

q
= (1− β)U − [z − c(1)], (C.12)

respectively. Note that (C.11) uses the fact that y(p) = p under a permanent shock. Com-911

bining these two equations and using q = 1/θ, one can arrive at912

p− [z − c(1)] =
1− η
η

k

[
θ +

1− β(1− λ)

βµ(1− η)
θ1−η

]
. (C.13)
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As before, by taking logs and differentiating the result with respect to ln p while taking into913

account the steady-state normalization θ = 1 and the fact that η̃ = η,914

εFθ,p =
d ln θ

d ln p
=

p

p− [z − c(1)]
×

1
1−η̃

1−β(1−λ)
βµ

+ 1

1−β(1−λ)
βµ

+ 1
. (C.14)

Given the normalizations s = 1 and q = 1, µ = f(q). Thus,915

εFθ,p =
p

p− [z − c(1)]
×

1−β(1−λ)
βf(q)(1−η̃) + 1

1−β(1−λ)
βf(q)

+ 1
. (C.15)

Appendix C.4. Elasticity of the profit with respect to productivity916

Combining the free entry condition k = βα(q) p−w
1−β(1−λ) with (C.15), the elasticity of a917

firm’s profit with respect to productivity is given by918

d ln(p− wF )

d ln p
=

p

p− [z − c(1)]
×

1−β(1−λ)
βf(q)

+ 1− η̃
1−β(1−λ)
βf(q)

+ 1
(C.16)

This elasticity is smaller than the one found in (B.14) (also see the discussions at the end of919

Appendix B.7). Using (C.16), it can also be seen that a higher elasticity of the number of920

matches with respect to vacancies, η̃, implies a less volatile profit and, thus, a more volatile921

wage.922
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