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Abstract

This paper studies how well a search and matching model can describe aggregate

Japanese labor market dynamics in a full information setting. We develop a discrete-

time search and matching model with productivity and separation shocks and use

it as a data-generating process for our empirical analysis. Using Bayesian methods,

we estimate the model for data on unemployment and vacancy postings in Japan.

We �nd that the model is successful in matching the volatility in unemployment and

vacancies while it does not match the volatility of output and wages. We also �nd that

both productivity and separation shocks contribute to movements in unemployment

and vacancies, but productivity shocks more so.

JEL Classi�cation: C11; C51; E24; J64
Keywords: Search and matching model; Unemployment; Bayesian Estimation;
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1 Introduction

The search and matching model has been often used for studying aggregate labor markets.

However, the model has recently criticized for its inability to account for the cyclical
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properties of the U.S. labor market. Shimer (2005) demonstrates that the model cannot

generate the observed unemployment and vacancy �uctuations in response to productivity

shocks of reasonable size. This failure of the model has come to be known as the �Shimer

puzzle�.1 Recently, a number of papers study whether the Shimer puzzle holds for the

Japanese labor market (Esteban-Pretel et al., 2011; Miyamoto, 2011; Tawara, 2011).2 In

order to examine whether the model is able to capture the data, these studies use the

calibration method and concentrate on the model�s ability to replicate a few key statistics.

One issue with such an approach is that information on some parameters in the model is

di¢ cult to pin down.3 Furthermore, it is hard to study the quantitative implications of

the entire model.

The purpose of the paper is to study how well the search and matching model can

describe aggregate Japanese labor market dynamics in a full information setting. To do

so, we treat the model as a data-generating process for aggregate labor market variables.

We treat the observed unemployment and vacancy postings as arising from the job-worker

searching process in the search and matching model. We focus on the parameter estimates

that are consistent with the cyclical labor market dynamics in the full data set, and the

contribution of various driving forces to labor market �uctuations.

We develop a simple discrete-time search and matching model with a standard pro-

ductivity shock and a separation shock. Recent empirical studies demonstrate that both

unemployment in�ow and out�ow rates signi�cantly contribute the unemployment dy-

namics in Japan (See for example, Lin and Miyamoto, 2012).4 In order to capture the

importance of unemployment in�ow channel in generating unemployment �uctuations, we

incorporate a persistent shock to the separation rate of workers into unemployment.

We estimate the model using Bayesian methods for data on unemployment and vacan-

cies in Japan. While model parameters are chosen to match selected data moments in

calibration methods, they are selected by taking into account all moments of the data in

our structural estimation. The structural estimation of the full model allows us to examine

the ability of the model as a plausible description of labor market dynamics. The model

1In the literature, many solutions have been proposed to solve this problem. See Hornstein, Krusell,

and Violante (2005) and Nagypál and Mortensen (2007) for surveys.
2While the methodology to answer the question is di¤erent among these studies, all papers reach the

same conclusion that the Shimer puzzle holds for the Japanese economy.
3As Lubik (2009) mentioned, calibrating the search and matching model tends to be problematic since

some of the model parameters, such as the �ow value of unemployment and the worker�s bargaining power,

are di¢ cult to pin down.
4Lin and Miyamoto (2012) examine the relative importance of in�ow and out�ow rates for �uctuations

in unemployment, and �nd approximately a 50:50 in�ow/out�ow split to unemployment variation in Japan.
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replicates the high volatilities of unemployment and vacancies and a negative relationship

between them (the Beveridge curve) in the data. In order to match the data, the model

estimates requires a high replacement ratio and a low worker�s bargaining power. These

parameter estimates are consistent with what Hagedorn and Manovskii (2008) suggest

in their calibration. Another important �nding is that both productivity and separation

shocks contribute to movements in unemployment and vacancies, but productivity shocks

more so. We �nd that productivity shocks explain 72 percent of the volatility in unem-

ployment and 99 percent in vacancies.

We �nd that the search and matching model is successful in matching unemployment

and vacancy dynamics. However, the model does not match the volatility of unobserved

variables, output and wages. First, the model predicts higher volatility in output what we

observe in the data. This implies that a search and matching model fails to generate the

observed unemployment and vacancies �uctuations in response to productivity shocks of

reasonable size even under parameter values that are estimated to match the full data set.

Second, the model predicts higher volatility in wages than data. This fact suggests the

necessity of a source of wage rigidity to make the model match the data. We demonstrate

that the incorporation of wage rigidity improves the model�s ability to match the volatility

of labor market variables. However, the model still fails to account for the volatility in

output.

This study is related to the recent literature on the quantitative implications of the

search and matching model. A number of papers study the ability of the search and match-

ing model to account for the cyclical properties of the Japanese labor market (Esteban-

Pretel et al., 2011; Miyamoto, 2011; Tawara, 2011). While they use the calibration methods

and concentrate on the model�s ability to replicate a few key statistics, we rather study the

quantitative implications of the entire search and matching model by using Bayesian esti-

mation. This paper reaches the conclusion that the Shimer puzzle holds for the Japanese

economy as previous studies obtained. With our best knowledge, this is the �rst structural

empirical study of the search and matching model for Japan.

This paper is closely related to Lubik (2009, 2011). He estimates a search and matching

model using Bayesian methods for the U.S. data and the Hong-Kong data. He demonstrates

that basically a search and matching model is successful in describing the US and Hong-

Kong labor markets well. However, Lubik (2009) shows that the success of the model

relies on atypical shock process that may not have economic justi�cation. By using the

Japanese data, we show that the search and matching model succeeds to explain the

dynamics of unemployment and vacancies well. However, we show that the model still
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fails to generate the observed volatilities in labor market variables relative to output. This

�nding complements the results of Lubik (2009, 2011).

The remainder of the paper is organized as follows. Section 2 develops a simple discrete-

time search and matching model with productivity and separation shocks. We use this

model as a data-generating process for our empirical analysis. In Section 3, we discuss the

data and priors used for our estimation. We then present the estimation results. Section

4 discusses the model�s ability to �t the data and sources of labor market �uctuations. In

Section 5, we conduct a robustness check and then discuss the role of wage rigidity. Section

6 concludes.

2 The model

We develop a discrete time search and matching model that we use as a data-generating

process for the empirical analysis. The basic structure of the model follows Pissarides

(2000). The point of departure in the study is that we incorporate a persistent shock to

a separation rate in order to capture the importance of unemployment in�ow channel in

generating unemployment �uctuations.

The environment An economy consists of a continuum of identical workers normalized

to one and a large number of identical risk-natural �rms. A worker can be either employed

or unemployed. If a worker is unemployed, he gets a �ow utility from non-market activity

and searched for a job. If he is employed, he produces output and earns wages. Firms

recruit workers by posting vacancies. Firms maximize their intertemporal pro�t functions

by choosing the number of vacancies to be posted. Each �rm produces a �ow of output,

paying workers wages and incurring hiring costs. Workers are separated from jobs at a

stochastic exogenous rate.

The labor market The labor market is subject to frictions and �rms and workers cannot

meet instantaneously but must go through a time-consuming search process. The number

of successful job matches is determined by the Cobb-Douglas matching function,

m(ut; vt) = mu
�
t v

1��
t ;

where ut is the number of unemployed workers, vt is the number of vacancies, m represents

match e¢ ciency and 0 < � < 1 is the elasticity of the matching function with respect to

unemployment. De�ne �t � vt=ut, as labor market tightness. The probability of a �rm
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with a vacancy is matched with a worker is m(ut; vt)=vt = m���t � q(�t). Similarly, the

probability that an unemployed worker is matched is m(ut; vt)=vt = m�
1��
t = �tq(�t). The

number of employed workers is de�ned as

nt = 1� ut: (1)

Matches are destroyed at an exogenous rate st which takes place at the end of period

t. We allow for time variation in the separation rate. Speci�cally, we assume that log st
follows a �rst-order autoregressive process of the form

log st = (1� �s) log s+ �s log st�1 + "s;t;

where 0 < �s < 1, 0 < s < 1 and "s;t � N(0; �2s).
We assume that it takes one period for new matches to be productive and that both

old and new matches faces the same separation rate. The evolution of employed workers

is given by

nt = (1� st)
�
nt�1 +mu

�
t�1v

1��
t�1
�
: (2)

Thus, the number of employed workers at time t is given by the number of employed worker

at time t� 1 plus new matches formed in period t that were not destroyed.

Firms� optimization Production takes place when a �rm is matched with workers.

Output yt of a typical �rm is linear in employment nt:

yt = Atnt;

where At is an aggregate productivity and follows a �rst-order autoregressive process of

the form

logAt = (1� �A) logA+ �A logAt + "A;t;

where 0 < �A < 1 and "A;t � N(0; �2A).
In order to hire workers, �rms have to post vacancies. The cost of posting vacancies is

�v�t =� where � > 0 and � > 0.
5 A �rm pays workers real wage wt, which is derived below.

The �rm chooses the optimal number of vacancies vt to be posted and its employment level

nt by maximizing the following intertemporal pro�t function

Et
1X
t=0

�t
�
Atnt � wtnt �

�

�
v�t

�
5In the standard search and matching model, the cost of positing vacancies is assumed to be linear.

As Rotemberg (2008) argues, it need not be the case when we consider large �rms. Therefore, in this

paper, we consider a more general recruiting cost function. Note that the case of � = 1 corresponds to the

vacancy cost function in the standard model.
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subject to the equation of employment evolution (2). The �rst-order conditions are

�t = At � wt + �Et
�
�t+1 (1� st+1)

�
;

�v��1t

q(�t)
= �Et

�
�t+1 (1� st+1)

�
;

where �t is the Lagrangean multiplier on constraint (2).

Making use of these two �rst-order conditions, we can obtain the job creation condition

�v��1t

q(�t)
= �Et

" 
At+1 � wt+1 +

�v��1t+1

q(�t+1)

!
(1� st+1)

#
: (3)

The job creation condition states that expected cost of positing a vacancy, the left-hand

side of (3), is equal to the �rm�s share of the expected new surplus from a new job match,

the right-hand side of (3).

Wage determination Wage are determined by Nash bargaining between a �rm and a

worker, where the worker has bargaining power � 2 (0; 1). The surplus sharing implies

(1� �) (Wt � Ut) = �Jt; (4)

where Wt is the value of an employed worker, Ut is the value of an unemployed worker,

and Jt is the value of the marginal value of the worker to the �rm.

The value of an employed worker is characterized by the following Bellman equation:

Wt = wt + �Et [(1� st+1)Wt+1 + st+1Ut+1] : (5)

The value ofWt is determined by several factors. In the current period, the worker receives

wage wt. In the next period, while the worker retains his job with probability 1� st+1, he
loses the job and becomes unemployed with probability st+1,.

The value of an unemployed worker is

Ut = b+ �Et [�tq(�t) (1� st+1)Wt+1 + (1� �tq(�t)(1� st+1))Ut+1] : (6)

An unemployed worker receives unemployment bene�ts b and transitions into employ-

ment with probability �tq(�t) (1� st+1).
The value of the marginal worker to the �rm Jt is equivalent to the Lagrangean mul-

tiplier on employment constraint �t, which is the shadow value of a �lled job. Thus, the

value of a �lled job is

Jt = At � wt + �Et [Jt+1 (1� st+1)] : (7)
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By using the wage sharing rule (4), value functions (5), (6), (7), and the �rst-order

conditions, we obtain the following wage equation

wt = �At + (1� �) b+ ��t�v��1t : (8)

By substituting (8) into (3), the job creation condition (3) can be rewritten as

�v��1t

q(�t)
= �Et (1� st+1)

"
(1� �) (At+1 � b)� ��t+1�v��1t+1 +

�v��1t+1

q(�t+1)

#
: (9)

The dynamics of the model are given by the four equations (1), (2), and (9) the de�n-

ition of the labor market tightness that solves for �ve unknowns nt, ut, vt, and �t.

3 Estimation

The model is estimated by using Bayesian methods. First, we log-linearize the non-linear

model around a deterministic steady state.6 We then solve the model and apply the

Kalman �lter to evaluate the likelihood function of the observable variables. The likelihood

function and the prior distribution of the parameters in the model are combined to obtain

the posterior distribution. The posterior kernel is simulated numerically by employing the

random-walk Metropolis-Hastings algorithm.7 We �rst discuss the data and the priors

used in the estimation and then report the results.

3.1 Data and Priors

The model is estimated by using two key labor market variables: the unemployment rate

and the vacancy rate. The sample covers 1980Q1-2009Q4. We obtain the unemployment

rate from the Labour Force Survey (LFS) conducted by the Statistics Bureau and the

Director-General for Policy Planning. The vacancy rate is obtained from the monthly

Report on Employment Service (Shokugyo Antei Gyomu Tokei) conducted by the Min-

istry of Health, Labour and Welfare. We de�ne job vacancies as the di¤erence between

the number of active job openings (yuko-kyuujin-suu) and the number of job placements

(shushoku-ken-suu). Then, the vacancy rate is computed as 100� job vacancies/(job va-

6The log-linearized verison of the model is presented in Appendix.
7Details on the estimation procedure can be found in An and Schorfheide (2007) and Lubik (2009).
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cancies+employment).8 All data are seasonally adjusted and de-trended using Hodrick-

Prescott �lter with smoothing parameter 1,600.

The use of two data series requires the inclusion of at least two independent sources

of variation. We estimate the model by using two shocks: a productivity shock At and

a separation shock st. We normalize the mean of the productivity process At to one and

that of the separation shock is a structural parameter to be estimated.

The model contains 12 structural parameters, excluding the shock parameters. We

choose priors for the Bayesian estimation based on the typical values in calibration studies.

We set the discount rate � = 0:99 because the annual real interesting rate has been

around 4%. The remaining parameters are estimated. We use Beta distributions for

parameters that take sensible values between zero and one, Gamma distributions for real-

valued parameters, and the inverse Gamma distributions for the shock variances.

Kano and Ohta (2002) estimate the matching function in Japanese labor market by

using aggregate data, and obtain the elasticity of the matching function � of about 0.6.

We set � at a mean of 0.6 with a standard deviation of 0.15. The prior of the matching

constantm is chosen to be consistent with the observed job-�nding rate of 0.142 per month

(Miyamoto, 2011). This leads to a prior mean of 0.15. The prior mean of the separation

rate s is set to 0.012, as estimated by Miyamoto (2011).

We now choose priors for the unemployment bene�t b and the worker�s bargaining

power �.9 These two parameters have been the subject of some discussion in the literature.

Martin (1998) computes the average replacement rates, the ratio of unemployment bene�ts

to average wages, in the OECD countries and reports that the replacement rate in Japan is

about 0.6. We set b at a mean of 0.6 with a wide coverage region. Regarding the worker�s

bargaining power, since we are interested in how much information on � is in the data, we

choose a uniform prior over the unit interval.

Regarding parameters in the vacancy cost function, the prior mean of the vacancy

8It is important to note that job vacancies are not measured on the same basis as economy-wide

unemployment. Although the data on vacancies are not perfect, this study uses this data source because

it is the only available data that covers long periods consistently.
9Much of the debate on the viability of the search and matching model as a description of the labor

market centers around these parameter values. Shimer (2005) sets b by targeting the replacement ratio of

0.4. Hagedorn and Manovskii (2008) argue that Shimer�s choice of the value of the opportunity cost of

employment is too low because it does not allow for the value of leisure, home production, or unemployment

bene�ts. They calibrate the opportunity cost of employment and the worker�s bargaining power to match

the observed cyclical response of wages and average pro�t rate. Their results are b = 0:955 and � = 0:052.

Mortensen and Nagypál (2007) criticize Hagedorn and Manovskii (2008) for using these parameters because

these parameters yield workers a gain of 2.8% in �ow utility by going from unemployment to employment.
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positing elasticity � is set equal to 1 with a large standard deviation. Linear vacancy cost

is the standard assumption in the literature. Then, the scale parameter is set to � = 0:45,

which is obtained from the steady-state solutions of the model.

The prior mean of the autoregressive parameters is set equal to 0.5 and the prior mean

of the standard errors is set equal to 0.15 for all shocks. These values are commonly used

in the literature. The priors are summarized in Table 1.

Table 1: Prior distributions
Parameter Description Density Mean Std. Dev.

� Discount rate Fixed 0.99 -

� Match elasticity Beta 0.60 0.15

m Match e¢ ciency Gamma 0.15 0.05

s Separation rate Beta 0.012 0.002

� Worker�s bargaining power Uniform 0.50 0.25

b Unemployment bene�t Beta 0.60 0.2

� Elasticity of vacancy creation Gamma 1.0 0.50

� Scaling factor on vacancy creation Gamma 0.45 0.10

�i AR-coe¢ cients of shocks Beta 0.50 0.15

�i Standard deviation of shocks Inverse Gamma 0.01 1.00

3.2 Parameter estimates

Table 2 reports posterior means together with their 90 percent con�dence intervals. Table

2 shows that most of the parameters are moved considerably from their prior means,

indicating the data are informative about the values of estimated parameters.

We begin by seeing the worker�s bargaining power � and the unemployment bene�t

b. The posterior mean of the worker�s bargaining power and the unemployment bene�t

is 0.31 and 0.87, respectively. They are moved away considerably from the priors. This

indicates that the data are informative. These parameter estimates support the argument

of Hagedorn and Manoskill (2008) that a high value of an unemployed worker and the low

value of the worker�s bargaining power are needed to match the volatility of unemployment

and vacancy. They render the wage less volatile and provide the incentives for �rms post

vacancies, inducing a high volatility of unemployment and vacancies.

The posterior mean of the vacancy posting elasticity � = 3:86 is considerably shifted

away from the prior. The estimated � suggests that vacancy creation is more costly to the
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Table 2: Parameter estimates
Parameter Description Prior Posterior

Mean Mean 90 Percent Interval

� Match elasticity 0.60 0.598 [0.558, 0.641]

m Match e¢ ciency 0.15 0.264 [0.189, 0.336]

s Separation rate 0.012 0.011 [0.008, 0.015]

� Worker�s bargaining power 0.50 0.307 [0.000, 0.636]

b Unemployment bene�t 0.60 0.866 [0.747, 0.978]

� Elasticity of vacancy creation 1.0 3.859 [2.786, 4.862]

� Scaling factor on vacancy creation 0.45 0.419 [0.263, 0.573]

�A AR-coe¢ cients of shocks 0.50 0.912 [0.872, 0.954]

�s AR-coe¢ cients of shocks 0.50 0.309 [0.094, 0.521]

�A Standard deviation of shocks 0.01 0.026 [0.005, 0.048]

�s Standard deviation of shocks 0.01 0.028 [0.018, 0.036]

�rm because marginal vacancy posting costs are increasing in the number of vacancies. This

estimate is substantially di¤erent from what most of papers assume in their calibration.

In the literature, vacancy cost function is assumed to be linear. The high value of � may

be interpreted as a balancing factor that mitigates excessive vacancy creation due to the

low worker�s bargaining power. The estimate of the scale parameter � is not identi�ed in

a purely econometric sense, since the posterior distribution overlaps with the prior. This

�nding is consistent with Lubik (2009, 2011).

The posterior means of the match elasticity � and the separation rate s are close to

their prior means. The posterior mean of the match elasticity � = 0:598 is in the plausible

range of 0.5-0.7 reported by Petrongolo and Pissarides (2001). The posterior mean of the

separation rate is equal to 0.011, which is in line with Japanese data.

4 The model evaluation

In this section, we �rst assess the ability of the model to capture the data. We then

compute variance decompositions in order to investigate the sources of �uctuations in

the labor market. We also study the e¤ects of productivity and separation shocks on

unemployment and vacancies by computing impulse response functions.

In order to see how the model �ts the data, we compute various statistics from sim-

ulation of the estimated model with parameters set at their posterior means. We �rst
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Table 3: Data and Model Fit
Data Model

�(u) 0.061 0.062

�(v) 0.095 0.085

�(w) 0.010 0.052

�(y) 0.013 0.065

�(u; v) -0.803 -0.802

assess the �t of the model by looking at the volatility of unemployment and vacancies.

The model accounts for the volatility of the two variables remarkably well. The standard

deviations of unemployment and vacancies are 0.061 and 0.095, respectively. The corre-

sponding value implied by the model are 0.062 and 0.085, respectively. This result implies

that the search and matching model is a good data-generating process for unemployment

and vacancies. It seems that this argument is in contrast to Shimer (2005). However, our

results require the two exogenous disturbances, i.e., productivity and separation shocks,

while Shimer (2005) considers only productivity shocks in his model. Furthermore, the

model requires a low worker�s bargaining power and a high replacement ratio in order to

match the data. Thus, the estimation result pushes the parameters toward values that

Hagedorn and Manovskii (2008) suggest in their calibration. The model is also successful

in capturing a high negative correlation between unemployment and vacancies.

So far we evaluate the model�s ability to capture the data by looking at the observed

variables, unemployment and vacancies. A more proper evaluation of the model assesses

its predictions for unobserved variables. We now compute the volatility of the output

and the wage from simulation of the estimated model and compare them with the data.

The output series is labor productivity that is measured as real output per employed

workers. The output measure is based on the National Income and Product Accounts,

while employment is constructed by Statistics Bureau and Statistics Center. For the series

of wages, we use the real wage indices from Monthly Labour Survey conducted by the

Ministry of Health, Labour and Welfare.10 The model fails to account for the volatility

in output. The relative standard deviations of unemployment and vacancies to output in

the data are 4.51 and 7.04, respectively. The corresponding values implied by the model

are 0.95 and 1.31, respectively. Thus, the Shimer puzzle holds even under the parameter

10This survey is for establishments with at least 30 regular employees, including part-time workers. The

output and wage data are seasonally adjusted and de-trended using Hodrick-Prescott �lter with smoothing

parameter 1,600.
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values supported by the full information of the data set.11 The model also fails to capture

the volatility of wages and predicts higher volatility in wages. This suggests the necessity

of a source of wage rigidity to capture the wage pattern.

Next, we examine whether the model can replicate the dynamic relationship between

unemployment and vacancies, i.e., the Beveridge curve. Figure 1 presents the cross corre-

lations between these two variables. In Figure 1, the current period unemployment rate is

associated with leaded and lagged values of vacancies up to four quarters. The contempo-

raneous correlation between unemployment and vacancies observed in data is reasonably

matched by the value generated by the model. Regarding the lead-lag relationship, the

data shows a tendency that vacancies leads unemployment. This pattern is captured in

the data generated by the model, since correlations between current unemployment and

lagged values of vacancies tend to be lager in absolute value than those between current

unemployment and future values of vacancies. However, the model fails to replicate the

size of the cross-correlation between unemployment and vacancies.

Table 4: Variance decompositions

Productivity Separation

u 0.72 0.28

v 0.99 0.01

We now compute variance decomposition to study the sources of business-cycle. Specif-

ically, we are interested in how much productivity and separation rate shocks contribute

to movements in unemployment and vacancies. The results are reported in Table 4. Both

shocks play an important role, but productivity shocks contribute the volatility in unem-

ployment and vacancies more. Productivity shocks explain 72 percent of the volatility in

the unemployment rate and 99 percent in the vacancy rate. Separation shocks are rel-

atively more important in driving unemployment than vacancies since separation shocks

take the role of a residual in the employment equation (2).

Figure 2 plots impulse response functions of unemployment and vacancies to positive

one-standard deviation shocks to productivity and the separation rate. They are computed

at the posterior means of the structural parameters. On impact, a positive productivity

shock leads to an increase in vacancies. A higher productivity level encourage �rms open

11Our �nding is not inconsistent with Shimer (2005). While he computes the volatility of unemployment

and vacancies given a process of productivity shocks, we take a revise route by making the model �t the

observed unemployment and vacancy �uctuations to examine the model�s prediction on output volatility.
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more vacancies since it increases the expected return to hire a worker. Furthermore, the low

worker�s bargaining power implies that �rms get large part of the match surplus, leading

to more vacancy creation. This leads to a persistent response of vacancy creation. Due to

the timing assumption of the matching process, on the impact of the shock, unemployment

does not respond and falls in the following periods.

Next, we consider the response of unemployment and vacancies to a separation shock.

On impact, unemployment jumps up and then declines in the following periods. An increase

in unemployed workers increases the number of job seekers. As a result, �rms have higher

incentives to create more vacancies. Thus, on the impact of a positive shock on the

separation rate, vacancies increases and then declines in the following period since the

number of unemployed workers fall.

5 Discussion

In this section, we �rst assess the robustness of parameter estimates and the �t of the

model to changes in the model speci�cation and choice of observables. We then explore

the role of wage rigidity.

5.1 Robustness

In the �rst robustness check, we change priors for the worker�s bargaining power and the

unemployment �ow bene�t since these parameters have been the subject of some discussion

in the literature. We �rst tighten the prior on � without changing the benchmark priors for

other parameters. Speci�cally, we impose a Beta distribution with mean 0.5 and standard

deviation of 0.15. The posteriors means are very close to those in the benchmark case.

The posterior mean of � is 0.43 with a 90% coverage interval [0.19, 0.65] and the other

posterior means are not substantially a¤ected. We also experiment with decreasing the

mean of the prior on the �ow value of unemployment utility. We set b at a prior mean of

0.4. Similar to the previous case, the posteriors means are not substantially a¤ected.

In the second robustness check, we remove the separation shock and incorporate a

persistent shock to match e¢ ciency m as the second disturbance in place of the separation

rate.12 Speci�cally, we assume that logmt follows a �rst-order autoregressive process of

the form:

logmt = (1� �m) logm+ �m logmt�1 + "m;t;

12The separation rate is now treated as a �xed parameter.
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where 0 < �m < 1 and "m;t � N(0; �2m). The mean of the matching process m is a

structural parameter to be estimated. Now the matching shock takes the role of a residual

in the employment equation (2). The di¤erence between matching shocks and separation

shocks is the timing of their e¤ects. While separation shocks a¤ect current employment,

matching shocks a¤ect it with a one-period lag. We choose the priors as in the benchmark

speci�cation.

The results are reported in Tables 5 and 6. The estimates are remarkably di¤erent from

those in the benchmark case. The bargaining power � becomes larger, while the unemploy-

ment bene�t b gets smaller. Furthermore, the vacancy posting elasticity � becomes smaller

and the estimate suggests that the vacancy cost function is is approximately linear. These

results imply that matching shocks play an important role in explaining unemployment and

vacancy dynamics. Without matching shocks, as in our benchmark model, the estimation

algorithm needs compensate and requires a low bargaining power and a high replacement

ratio as suggested in the literature. Since the worker�s bargaining power falls in the model

with matching shocks, the vacancy cost elasticity also declines. With matching shocks, the

model matches the volatility in unemployment and vacancy remarkably well. However,

the model implied volatility of output and wage is di¤erent from the data. The variance

decomposition shows that matching shocks explain 20% of the volatility in unemployment

and 5.9% in vacancies.

Based on the robustness exercises, we have the following �ndings. First, some para-

meter estimates of the model are fairly consistent across speci�cations. Speci�cally, the

parameters associated with the matching function, � and m, the separation rate s, and the

scale parameter in the vacancy cost function kappa do not show much variation. The other

parameters, especially �, b, and �, show more variation. Basically, the model matches the

second moments of unemployment and vacancies reasonably well. However, the model fails

to match the volatility in output and wage. This implies that the search and matching

model does not a good job to �t the data overall.

5.2 The model �tness

In the benchmark case, we use data on unemployment and vacancies to estimate our model.

We �nd that the volatility of output and wage are higher than the data. This implies that

the Shimer puzzle holds. This �nding motivates us to consider the following hypothetical

situation. Suppose the model now could successfully serve as the data-generating process

for the output and the unemployment rate (i.e. the model could generate �enough�rela-
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Table 5: Robustness: parameter estimates

Parameter Benchmark Matching shock observables: y and u observables: y and w Wage rigidity

Mean Mean 90% Interval Mean 90% Interval Mean 90% Interval Mean 90% Interval

� 0.599 0.571 [0.514, 0.635] 0.501 [0.254, 0.707] 0.270 [0.140, 0.416] 0.603 [0.562, 0.644]

m 0.348 1.348 [0.724, 1.803] 0.190 [0.112, 0.256] 0.191 [0.120, 0.263] 0.279 [0.196, 0.360]

s 0.011 0.012 [0.009, 0.015] 0.013 [0.010, 0.015] 0.010 [0.007, 0.013] 0.012 [0.010, 0.015]

� 0.316 0.675 [0.359, 0.885] 0.215 [0.000, 0.426] 0.064 [0.015, 0.117] 0.675 [0.373, 0.939]

b 0.855 0.331 [0.068, 0.606] 0.595 [0.251, 0.964] 0.744 [0.493, 0.942] 0.654 [0.382, 0.940]

� 4.394 1.389 [1.207, 1.582] 1.263 [0.628, 1.954] 1.534 [1.141, 2.187] 4.3153 [3.035, 5.439]

� 0.419 0.316 [0.164, 0.479] 0.409 [0.272, 0.554] 0.478 [0.371, 0.598] 0.449 [0.296, 0.598]

Table 6: Robstness: measure of �t

Data Benchmark
Matching

shock

Observables:

y and u

Observables:

y and w
Wage rigidity

�(u) 0.061 0.078 0.064 0.067 0.170 0.050

�(v) 0.095 0.099 0.074 0.047 0.076 0.061

�(w) 0.010 0.058 0.106 0.005 0.014 0.016

�(y) 0.013 0.065 0.109 0.013 0.012 0.022

�(u; v) -0.803 -0.815 -0.743 0.845 0.861 -0.675

tively volatility of unemployment to output), what are parameter values supporting this

hypothesis? In addition, how well can the model explain the dynamics of variables that

are not included in estimation, i.e., vacancies and wages?

The results are reported in the fourth column of Tables 5 and 6. We �nd that some of

the estimated parameters are closer to the prior means: the unemployment bene�t b and the

vacancy posting elasticity �. On the other hand, comparing to the baseline case, bargaining

power gets smaller and the value is 0.22. Regarding to the volatilities, given the fact that

the model could successfully accounts for the volatilities for the output and unemployment

rate, the implied volatilities of vacancies and wages are smaller than the data. The serious

issue is that the model fails to generate a negative relationship between unemployment

and vacancies. This failure can be understood by looking at variance decompositions and

correlation. In the estimated model, unemployment and vacancies are exclusively driven by

separation shocks.13 Since correlations between unemployment and separation and between

13Variance decomposition results show that productivity shocks explain 0.1 percent of the volatility in

unemployment, 1.1% in the vacancy rate, 80.4 percent in wages, and 97.5 percent in outputs.
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vacancies and separation are positive, the model generates the positive relationship between

unemployment and vacancies, although unemployment is counter-cyclical and vacancies are

pro-cyclical.

We also experiment with using the observations on output and wage in place of un-

employment and vacancies. The estimates are di¤erent from the benchmark case. The

worker�s bargaining power is close to zero. The posterior means of the unemployment ben-

e�t and the vacancy cost elasticity get smaller values. The model fails to account for the

volatility of unemployment and vacancies as we expected. Based on the variance decom-

position result, while wages are mainly driven by separation shocks, outputs are driven by

productivity shocks.14 The model again fails to generate a negative relationship between

unemployment and vacancies.

5.3 The role of wage rigidity

A number of papers argue that an incorporation of wage rigidity improves the performance

of a search and matching model to match the cyclical behavior of unemployment and

vacancies (Hall, 2005; Shimer, 2005). We now assess whether an incorporation of wage

rigidity improves the ability of our model to match the business cycle facts in the data.

Following Hall (2005) and Krause and Lubik (2007), we incorporate wage rigidity into

our model in the form of a backward looking wage norm. Hall (2005) argues that a wage

norm may arise from social convention that constrains wage adjustment. Without getting

into the details of the wage norm, we assume that the actual wage is the weight average

of a notional wage w� and a wage norm wn:

wt = 
w
n
t + (1� 
)w�;

where 
 2 [0; 1]. We assume that the notional wage is equal to the bargaining solution of
our benchmark model and the wage norm is the wage in the steady-state of the benchmark

model. We assign the parameter 
 a Beta distribution with support on the unit interval.

We set gamma at a mean of 0.5 with a wide coverage region. For other parameters, we

use the prior speci�cation in the benchmark case.

The results are reported in Tables 5 and 6. The posterior means are close to those in

the benchmark model. Regarding the volatility in labor market variables, the model with

wage rigidity does a good job and is successful in matching the data. The posterior mean

of 
 is 0.34 with a 90% coverage interval [0.10, 0.61]. The relative standard deviations of

14Productivity shocks explain 0.2 percent of the volatility in unemployment, 0.4% in the vacancy rate,

5.2 percent in wages, and 99 percent in outputs.
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unemployment and vacancies to output are 2.27 and 2.77, respectively. They explain 50%

and 39% of the observed volatility, respectively. Regarding the correlation between u and

v, although the model with wage rigidity generates empirically consistent sign of it, the

magnitude (in absolute value) becomes smaller than that in the benchmark case.

These results suggest that a sluggish wage determination mechanism improves the

ability of a search and matching model to explain the volatility in unemployment, vacancies,

and wage. However, the model with wage rigidity still fails to match the volatility in output.

6 Conclusion

This paper study how well a search and matching model describes aggregate Japanese

labor market dynamics in a full information setting. We develop a simple search and

matching model with productivity and separation shocks and use it as a data-generating

process for our empirical analysis. We estimate the model by using Bayesian methods for

data on unemployment and vacancies. The structural estimation of the full model allows

us to study the ability of the model as description of labor market dynamics.

The results show that the model �ts the data on unemployment and vacancies remark-

ably well. The model replicates the high volatility of unemployment and vacancies and a

negative relationship between them. Furthermore, the model is successful in replicating

the dynamic relationship between unemployment and vacancies. In order to match the

data, the model estimates requires a high replacement ratio and a low worker�s bargaining

power. Thus, the estimation result pushes the parameter towards values that Hagedorn

and Manovskii (2008) suggest in their calibration. However, the model fails to capture the

volatility of wage and output. Thus, the model does not a good job to �t the data overall.

We also consider a sluggish wage determination mechanism and assess the viability of

the model as description of labor market dynamics. The model with wage rigidity matches

the volatility in unemployment, vacancies, and wage well. However, the model still fails to

match the volatility in output.

A number of important issues remain for future research. First, using more data in

the empirical analysis is important. In order to avoid a stochastic singularity problem, an

empirical model needs at least as many sources of uncertainty as a number of observables.

Thus, including more data series requires an incorporation of additional sources of variation

into the model. Also, considering a medium scale macroeconomic model with labor market

frictions and a monetary sector, and studying the e¤ect of monetary policy shocks to the

labor market would be interesting.
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7 Appendix

The model is log-linearized around the steady-state. The variable with superscript �star�

represents its steady-state value and the variable with �hat�represent the log-deviation of

a variable from its steady-state. Thus, x̂t = log xt � log x�.
Log-Linearlized Equilibrium Conditions are

w�ŵt = �
h
A�Ât + ��

�v���1
D
�̂t + (�� 1) v̂t

Ei
;

�̂t = v̂t � ût;

n̂t = �s�ŝt
�
1 +

v�q�

n�

�
+ (1� s�)

�
n̂t�1 +

v�q�

n�
(v̂t�1 + q̂t�1)

�
;

q̂t = ���̂t;
0 = n�n̂t + u

�ût;

ŷt = Ât + n̂t;

�v���1

q�
[(�� 1) v̂t � q̂t] = � (1� s�)Et

�
A�Ât+1 � w�ŵt+1 +

�v���1

q�
h(�� 1) v̂t+1 � q̂t+1i

�
�s��Et

�
A� � w� + �v

���1

q�

�
ŝt+1:
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