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Abstract

We construct a model in which screening of heterogeneous workers by employers

plays a central role in determining both the flows into and out of unemployment.

Following a negative productivity shock, the share of low-skill workers in the pool

of unemployed rises, and this composition effect reduces the incentive of firms to

post vacancy falls, lowering job opportunities for all workers. Skill heterogeneity

amplifies unemployment fluctuations in economies with small gross labor flows, or

during a persistent fall in demand. The model provides a rich environment to study

the implications of labor market structure for real and monetary disturbances.

JEL: E52, E58, J64

1 Introduction

We construct a business cycle model in which the average skill distribution across em-

ployed and unemployed workers is endogenous. We assume a worker’s skill level is unob-

servable ex-ante by firms and job search is non-directed. By interviewing an unemployed

worker, firms can observe the worker’s skill level. Workers with low productivity may be

interviewed but not hired as firms screen these workers out during the interview process.
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We show that screening amplifies the volatility of the exit rate from unemployment, cap-

turing the idea that firms become more selective in a recession, reducing the vacancy

yield falls relative to a model with homogeneous skills. Following a negative productivity

shock, the share of low-skill workers in the pool of unemployed rises, and this composition

effect lowers the average productivity of the unemployed relative to the employed. As

the share of low-skill workers increases, the incentive to post vacancy falls, lowering job

opportunities for all workers.

The composition effect in our model can act as a powerful mechanism for amplifying

the relative volatility of unemployment to output. Separations at the beginning of a

recession disproportionately affect low-skill workers, and the decline in the job finding

probability is larger for low relative to high skill workers. Thus the composition effect

makes the average TFP of unemployed workers more volatile than the TFP of the overall

labor force. In fact, measured labor productivity of those who remain employed will

increase if the recession is driven by a demand shock. We show that a strong amplification

effect can obtain even if low-skill workers represent a small share of the total labor force.

It has long been recognized that the impact of business cycle fluctuations on em-

ployment and total hours worked differs across subgroups of the population. Clark and

Summers (1981) find that while teenagers comprise less than 10% of the US popula-

tion, they account for more than a fourth of cyclical employment fluctuations. Elsby,

Hobijn and Sahin (2010) find that younger, less educated workers and individuals from

ethnic minorities experienced steeper increases in joblessness during all of the last six US

recessions, mainly because of a larger fall in the exit rate from unemployment.

These observations suggest time-varying heterogeneity in the skill level of the unem-

ployed, as measured by observable characteristics, could have a strong impact on the

volatility of aggregate labor market variables. This hypothesis has received only mixed

support in empirical studies. Yet a worker’s productivity may also depend on unobserv-

able characteristics, and many theoretical frameworks imply that separations dispropor-

tionately hit low-productivity workers. In fact, a large literature has documented large

wage differentials among observationally equivalent workers, and unexplained wage dif-

ferentials are often found to be of the order of 70% of total wage inequality (Mortensen,

2003).

While skill-heterogeneity in our model helps in explaining several observed stylized

facts, such as higher unemployment volatility among low-skill workers, negative duration

dependence of unemployment exit rates and re-employment wage, a key contribution of
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our paper is to show under what conditions the composition effect is relevant.

First, skill heterogeneity by itself is not sufficient to generate amplification of pro-

ductivity shocks on the unemployment rate. In an economy with large steady state

flows between employment and unemployment, a change in the employment level can

be achieved with relatively small changes in separations and hiring. This implies the

skill composition of the unemployed does not change much over the business cycle and

the composition effect will contribute little to the volatility of unemployment. Thus, the

larger labor flows that characterize the US relative to many European economies imply

a weaker composition effect and less volatility of unemployment in the US. Pries and

Rogerson (2005) report evidence that worker turnover is between two and three times

larger in US than in Europe. We show that parameterizations consistent with labor data

from the EU and US leads indeed to a much weaker composition effect in the US.

Second, our model implies that recessions originating from long-lived shocks result in

much larger increases in unemployment for a given fall in output. Thus the composition

effect may be relevant and contribute to a slow recovery of employment during severe

and long lasting recessions even in economies with large gross labor flows. In our basic

parameterization, the composition effect result in a sluggish increase in unemployment

following a contractionary shock, peaking six quarters after the initial fall in demand.

Third, the impact of a fall in productivity that affects disproportionately low skill

workers relative to high skill workers greatly amplifies the composition effect and the

volatility of unemployment. Such a skill-biased technology shock can lower average pro-

ductivity of the pool of unemployed workers, reduce vacancy posting, and lower the

vacancy yield. In turn, this leads to a fall in the exit rate from unemployment for all

workers, leading to higher economy-wide unemployment. If the notion of labor hetero-

geneity in our model is interpreted more broadly, it might help account for the empirical

evidence for the recent US experience which indicates the shortfall in employment has

been especially hard in specific sectors (construction and manufacturing sectors) while

vacancy yields have been below expectations across all the sectors during the recovery

(Daly, Hobijn and Valletta 2011).

We use our model to compare the effectiveness of alternative monetary policy rules.

Following a fall in productivity, policy rules that are more output-stabilizing are effec-

tive at reducing the fall in output only in the initial periods, while after a year the

improvement in output and unemployment is more limited. Moreover, stabilizing output

and unemployment comes at a great cost in terms of inflation. Skill-biased productivity
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shocks pose even more of a conundrum to the policy maker, since the gain in employment

and output obtained with a more output-stabilizing policy is even more modest after one

year.

Our modeling framework is related to several contribution in the literature. We

include nominal rigidities in a model with unemployment, as do Blanchard and Galí (2007,

2010), Gertler, Sala and Trigari (2008), Gertler and Trigari (2009), Ravenna and Walsh

(2008, 2011a, 2011b), Walsh (2003, 2005), and Galí (2011). However, these contributions

with the exception of Walsh (2003, 2005) assume an exogenous separation rate, and all

these previous papers assume homogenous workers.

Worker and match heterogeneity play a key role in several models in the search

and matching literature, among which Guerrieri (2007), Nagypal (2007), Nagypal and

Mortensen (2007), and models with job-to-job transitions, as Krause and Lubik (2010)

and Tasci (2007). Our model includes endogenous separations, as Den Haan, Ramey, and

Watson (2000). Contrary to their model, we assume a portion of the match-productivity

is worker-specific rather than match-specific. Bils, Chang and Kim (2009) and Mueller

(2011) study the implications of skill heterogeneity for wages and labor market flows over

the business cycle, but assume segmented labor markets and only consider productivity

shocks.

Our approach is closer to the models of Rogerson and Pries (2005) and Pries (2008). In

Rogerson and Pries (2005), matches have persistent job-specific productivity, and firms

screen for workers based on limited information on their productivity. As the match

productivity is revealed over time, separations take place. Contrary to our approach,

the average productivity of unemployed workers is not state-dependent, and the authors

focus on steady state results rather than on the dynamics of labor market variables

over the business cycle. Pries (2008) shows in a model with heterogeneous skills and

exogenous separation rates that the composition effect has a large impact on the cyclical

value of vacancies and thus on the behavior of employment flows. While the framework we

propose is closely related, and relies on a similar mechanism in affecting incentives to post

vacancies, we relate the composition effect to the size of gross labor flows, the persistence

of shocks, the possibility of skill-biased TFP changes, and we provide a framework with

nominal rigidities that allows alternative monetary policies to be analyzed. In addition,

Pries sets the relative covariance of separation rates for high and low skilled workers

exogenously, this covariance is endogenous in our model and can vary depending on the

nature of the shock processes.
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The paper is organized as follows. In section 2, we review some of the empirical

evidence on worker heterogeneity and labor market dynamics. Our model is presented

in section 3. The role of skill heterogeneity and the composition effect is investigated in

a calibrated version of the model in section 4, while the impact of monetary shocks and

alternative policy rules for monetary policy are studied in section 5. Finally, conclusions

are discussed in the final section.

2 Empirical Evidence

2.1 Skill Heterogeneity and Aggregate Labor Market Dynamics

The hypothesis that changing heterogeneity in the pool of unemployed may drive in

part the correlation between aggregate labor market variables and the business cycle

has a long history. Darby, Haltiwanger and Plant (1985) advanced the heterogeneity

hypothesis to explain the strong countercyclicality of average unemployment duration: if

the composition of job-losers changes systematically over the business cycle, and groups

that experience longer durations enter unemployment in proportionally greater numbers

during a recession, the average spell will be countercyclical even if individual spells are

acyclical.

Most empirical studies of the heterogeneity hypothesis have relied on observable het-

erogeneity. Baker (1992) finds no support for the heterogeneity hypothesis in unem-

ployment duration when selecting groups by demographics or reason for joblessness, and

similar results are obtained for unemployment exit rates by Abbring, van den Berg and

van Ours (2002) and van den Berg and van der Klaauw (2001) using French data. One

observable characteristic that has received much attention in the literature as a potential

driver of time-varying heterogeneity in the unemployment pool is the reason for jobless-

ness. Davis, Haltiwanger and Schuh (1996) provide evidence supporting the hypothesis

that a disproportionate part of unemployment inflows during a recession consists of laid-

off workers, and stress the countercyclical behavior of layoffs, as opposed to the procyclical

behavior of quits (which reflect in large part job-to-job transitions). The recent literature

has stressed that the separation rate is rather acyclical in recent US business cycle, but

the data show that increased inflows into unemployment during a recession can be traced

to a shift in separations towards layoffs (Elsby, Hobijn, Sahin, 2008). Our model is con-

sistent with this evidence, since the share of endogenous separation is procyclical, leading

5



to low-skill workers being over-represented in the group flowing into unemployment dur-

ing a recession. Davis (2005) cites several studies finding that layoffs are associated with

greater unemployment incidence and longer unemployment spells than quits, and workers

experiencing layoffs also experience a large and persistent decline in earnings.

Using CPS data from 1976 to 2007, Shimer (2007) reports that, while the change

in the share of laid-off workers is correlated with the business cycle, it explains a small

portion of the overall variation in the job-finding probability. Similarly, the data in

Elsby, Hobijn, Sahin (2010) show that the bulk of the large differences in the level of

unemployment across demographics subgroups are driven by differences in each group’s

inflow rate. Outflow rates from unemployment are remarkably more similar than inflow

rates by age, education, ethnicity. We provide a theoretical framework that is partly

consistent with this evidence by allowing both high and low skill workers to compete

in the same labor market. Thus, while we assume inflows into unemployment increases

only for low-skill workers, the outflow rate endogenously falls for all workers - though

proportionally more for low skill workers - as the composition effect reduces the incentive

of firms to post vacancies.

Barnichon and Figura (2011) provide evidence in support of the heterogeneity hy-

pothesis. They examine the role of heterogeneity in explaining changes in matching

efficiency for a matching function estimated using CPS data for the 1976-2009 sample.

Their estimates support the finding that most of the shifts in the matching function up

to 2006, and half of the decline in matching efficiency over the 2007-2009 period, are due

to changes in the composition of the pool of unemployed.

The model we propose relies on unobserved heterogeneity, as workers with hetero-

geneous skills cannot be sorted according to observable characteristics before being in-

terviewed by a firm. Thus, empirical studies that examine the heterogeneity hypothesis

relying on demographic data for age or education, or looking at sectorial data, do not

provide direct support for our assumptions. Unobserved heterogeneity and its relation

with the behavior of aggregate labor market variables over the business cycle has been

considered by some authors. Many labor economists have documented that most of the

wage differentials across workers cannot be explained by observable characteristics1. Edu-

cation and experience are often badly measured and do not fully capture the effectiveness

of a worker. Indeed, Villena-Roldan (2008) reports evidence from the National Employer

1See Mortensen, (2003). A substantial literature examines the behaviour of wages over the business

cycle, and has considered the heterogeneity hypothesis (see for example Solon, Barski and Parker, 1994).
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Survey 1997 that firms interview a median of 5 applicants per vacancy and spend and

average $4200 on recruiting activities per recruited worker. Pries (2008) observes that

skill-heterogeneity is hard to measure, both because a worker’s productivity is only par-

tially accounted for by observable characteristics and because workers can differ in the

value of their outside option relative to employment. Abbring, van der Berg and van

Ours (2002) find using French data that unemployment duration dependence over the

first five quarters is explained by unobserved heterogeneity.

Mueller (2011) provides some direct evidence related to our assumption of unobserved

heterogeneity. Using CPS data, he shows that separation and job-finding rates are more

cyclical for high-residual wage workers as opposed to low-residual wage ones. If we at-

tribute the above-median wage-residual to a higher skill level, the evidence points towards

a reverse impact of heterogeneity than the one assumed in our model. However, our model

can match his evidence on the procyclicality of wages for workers flowing into the pool

of unemployed, since it implies that in the beginning of a recession the productivity of

low-skill workers entering unemployment is higher than average, and the average wage

for unemployment entrants does not need to fall. Bils, Chang and Kim (2009) find results

opposite to Mueller (2011) using SIPP data. They conclude that low-wage, low-hours

workers (which they identify with workers having a low comparative advantage on the la-

bor market in comparison to non-market activities) have separation and job finding rates

substantially more sensitive to the business cycle than high-wage, high-hours workers.

2.2 Cross-country Evidence on Labor Flows

A very extensive literature has documented the differences in labor flows between US

and large European economies. Elsby, Hobijn, and Sahin (2008) find that unemployment

inflow and outflow rates are positively correlated, with continental European countries

characterized by low rates of both inflow and outflow. The average of the inflow and

outflow rates in France, Germany, Italy, Portugal, and Spain ranged from 4.8% (Italy) to

10.2% (Spain). By way of contrast, the rate averaged 40% in the US. The estimated rate

of outflow from unemployment for Spain was 1% while rates for France, Germany, Italy,

and Portugal were even lower. For the US, the comparable figure was estimated to be

3.6%. Elsby, Hobijn, and Sahin (2008) argue that inflows contribute only about 20% of

the time series variation of unemployment rates in Anglo-Saxon and Nordic countries, a

finding consistent with Shimer (2005). However, the corresponding figure for continental
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European economies is 50%, suggesting a much larger relative role is played by variations

in the inflow to unemployment in accounting for fluctuations in European unemployment.

The important role played by fluctuations in the rate of inflow into unemployment in

European economies is inconsistent with the standard assumption of most recent mon-

etary models with search and matching in the labor market, which typically assume a

constant and exogenous separation rate (e.g., Ravenna and Walsh 2008, 2011a, 2011b,

Gertler, Sala and Trigari 2008, Gertler and Trigari 2009, Blanchard and Galí, 2010).

Jung and Kuhn (2011) provide additional evidence on cross-country differences in

employment dynamics using US and German data. While the average German job finding

and firing rate are respectively 1/5 and 1/4 of the US one, the firing rate is 2.5 times more

volatile in Germany than in the US. Firing contribute between 60 and 70% to the German

unemployment volatility. The authors report evidence supportive of an important role

for workers’ skill heterogeneity: 75% of all firings happen for matches with tenure less

than two years, and the majority of jobs destroyed falls at the lower end of the earnings

distribution.

3 AModel with Skill-heterogeneity and Non-directed Search

The model consists of households, wholesale and retail firms, and a monetary authority.

Wholesale firms produce an homogenous good which is sold in a competitive market to

retail firms, of which there are a continuum of mass one. Retail firms sell differentiated

goods to households, and the retail sector is characterized by monopolistic competition

and price stickiness as in standard new Keynesian models.

3.1 Overview of the labor market and labor flows

Workers are assumed to be heterogeneous with respect to skill; for simplicity, we assume

workers are of two types, either high () or low () skill. Firms post vacancies to which

unemployed workers apply. Firms must interview applicants to determine the worker

skill type. Thus, the job search and recruitment process involves both interviewing and

screening. The aggregate number of interviews per period is determined through random

matching as in standard matching models of the labor market. We assume all job seekers

have identical interview-finding probability regardless of skill level. At the interview, the

job applicant is screened. Not all interviews result in hires. We assume that if the skill
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level is revealed in the interview to be , the worker is hired and produces with probability

equal to one. That is, we assume the firm is able to identify a high-skill worker in the

interview and the productivity of an  worker is high enough that it guarantees a positive

surplus in all states.2

The productivity of low-skill workers is assumed to be stochastic. Each period, re-

gardless of whether employed or unemployed, each low-skill worker  receives a new idio-

syncratic stochastic productivity level . We assume  is serially uncorrelated and

drawn from a distribution with support (0 1]. While productivity is randomly drawn in

each period for a low-skill worker, the worker’s skill-type,  or , is permanently assigned.3

While all high-skill unemployed workers who are interviewed are subsequently hired, only

low-skill unemployment workers with   ̄ will be hired, where ̄ is an endogenously

determined threshold level of productivity that will be shown to depend on an aggregate

productivity shock and on the markup of retail over wholesale prices. In the absence of

direct hiring and firing costs, ̄ will also be the cut off value for determining whether an

existing employed low-skill worker is retained by the firm. That is, from the perspective

of the firm, the decision to retain or fire an existing low-skill worker with productivity

 is the same as the decision to screen out or hire a newly interviewed low-skill worker

with productivity .

In addition to idiosyncratic productivity shocks, all employed workers are subject to

an aggregate productivity shock . We also allow for skill-biased productivity shocks 

 

 Hence, the total productivity of a low-skilled worker-hour  at  is 

 while that

of a high-skilled worker-hour is 

 .

We neglect labor force participation decisions and normalize the total workforce to

equal one:

 +  =  = 1,

where  denotes the labor force of type ,  =  . Let ̄ =  be the (fixed) fraction

of the total labor force that is low skilled. Let  be the number of type  workers who

are seeking jobs, and let   be the number of type  workers who are employed. Then

2This assumption is for simplicity as it will imply that endogenous separations and interviews that do

not lead to hires only involve low skilled workers.
3We could assume match productivity is also random for high skill workers. If the support of the

distribution is such that high-skill workers productivity for the least productive match is sufficiently

higher then low-skill workers productivity for the least productive match, the basic results of our model

would be unchanged.
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the probability a worker drawn from the pool of unemployed job seekers is low skill is

 =




 + 



,

while the share of employed workers of skill  is

 =
 


 
 +



.

The timing of activities is as follows. The stock of producing matches (filled jobs)

in period  is  of which 1 −  are quality  and  are quality . At the start of

each period, there is an exogenous separation probability, denoted by , that affects all

employed workers, regardless of skill level. Workers who are not in a match at the start

of the period, or who do not survive the exogenous separation hazard, are unemployed

and seek new interviews. There are

 = 1− (1− )−1

such job seekers. We define the end-of-period number of unemployed workers as

 = 1−.

The two measures of unemployment can differ as some job seekers find employment (and

produce) during the period. In search models based on a monthly period of observation,

it is more common to assume workers hired in period  do not produce until period +1.

In this case, the number of job seekers in period  plus the number of employed workers

adds to the total work force. Because we base our model on a quarterly frequency, we

allow for some workers seeking jobs to find jobs and produce within the same period.

After exogenous separation occurs, all aggregate shocks are realized and observed.

This allows firms to determine ̄, the cutoff point for low-skill productive that will

determine hiring and retention.4

Firms post vacancies . The number of vacancies, together with the number of job

seekers, determine the number of interviews  via a standard matching function. The

probability a job seeker gets an interview is  ≡ . Firms interview 

  workers

4We show below that ̄ is the same for all firms.
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in the aggregate, where 

 is the probability a given vacancy receives an applicant to

interview.

The time  idiosyncratic productivity shocks  associated with employed low-skill

workers and low-skill workers who are interviewed are observed. A fraction 1−  type 

workers receive productivity levels   ̄. So new hires  are given by the number of

interviewees who are of high skill, all of whom are hired, plus the number of interviewees

who are of low skill times the fraction of these with productivity levels that exceed ̄:

 = (1− )

  + (1−  ) 


  = (1−  ) 


 .

Note that fewer workers are hired than are interviewed:  = (1− 

 ) 


    .

The probability a randomly selected unemployed worker is screened out in the interview

process (i.e., actually gets interviewed with a firm, is of low skill but has a   ̄ and

so is not hired) is 

 . In standard matching models, new hires equal 


 . Screening

implies new hires are less than this level and depend on the average skill quality of the

pool of unemployed workers  and the aggregate productivity level which we show below

will affect  .

Low-skill workers employed in existing matches that survived the exogenous separa-

tion hazard also receive a new productivity shock and are retained if and only if   ̄.

Thus, actual employment in period  is equal to

 = (1− )
£¡
1− −1

¢
+ −1(1−  )

¤
−1 +

= (1− )
¡
1− −1




¢
−1 +

The total separation rate is (1− )
¡
1− −1

¢
and depends on the exogenous haz-

ard , the endogenous hazard for low-skill workers  , and the average skill-quality

of beginning-of-period matches −1. The share of low skill employed workers evolves

according to

 = (1−  )

∙
(1− )−1−1 + 


 



¸
. (1)

Job seekers at  who are of quality  equal the total number of low-skilled workers

minus the number of matches of quality  that survive the exogenous separation hazard.

Hence,

 =
 − (1− )−1−1


. (2)
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In deriving (1) and (2) we assume workers who suffer exogenous separations can search

within the same period, while those who experience endogenous separation, which occurs

after shocks are realized during the period, cannot search until the following period.5

Since  is , the model does not generate any endogenous distribution of skill-

related productivity (each  worker may be more or less productive in every period),

and an  worker can become less productive even if already in a match. But the share

of low-skill workers in the unemployment pool, , is endogenous, so the skill-weighted

productivity of both the workforce and the pool of unemployed changes over time. In

particular, a burst of separations raises the average productivity of surviving matches

and lowers the average skill level of the pool of unemployed job seekers.

3.2 The labor and goods markets

3.2.1 The wholesale sector

Wholesale firms post vacancies, interview and screen applicants, make hiring and reten-

tion decisions, and produce a homogenous output. Let  denote hours worked by an

employed high-skill workers and let  be hours worked by employed low-skill worker

. All type  workers will work the same hours since they have the same productivity,

but the hours of low-skill workers will depend on their idiosyncratic productivity realiza-

tions. Output of wholesale goods is obtained by aggregating over the output produced

by employed high-skill workers and the output produced by employed low-skill workers

(i.e., those with idiosyncratic productivity levels greater than ̄):

 = 






"R 1
̄



 ()

1−  ()

#
+ 


 





 (3)

=

(


"R 1
̄



 ()

1−  ()

#
+ (1− )


 




)


where 

 is aggregate productivity for all workers of skill level  = [ ] and  () is the

c.d.f. of the idiosyncratic productivity shocks. We assume the productivity of a match

depends on a common productivity disturbance , with the productivity 

 of  workers

5Combining eqs. (1) and (2), it can be seen that job seekers at  who are of quality  arise from three

sources: low-skilled workers who were searching for jobs in − 1 and failed to be hired; those employed
in  − 2 who survived the exogenous separation hazard but were endogenously terminated; and those
employed in − 1 but who suffer the exogenous hazard at the start of period .
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equal to  and the productivity of  workers equal to  = . The constant 
 is

used to parameterize the relative average productivity of  and  workers. Since  (̄) is

the probability  ≤ ̄,  (̄) =  is also the endogenous separation and screening rate.

The homogenous output of wholesale firms is sold to retail firms in a competitive

goods market. The price of the wholesale good is 
 ; the aggregate price index for retail

goods is . We define  = 

 as the retail-price markup.

Expressed in terms of final retail goods, the current surplus of a firm-worker match

involving a high-skill worker is

 =

µ



 






¶
− ( )


− 


 +  , (4)

where  is chosen optimally to maximize the match surplus, (

 ) is the disutility of

hours worked,  is the marginal utility of consumption, 

 is the value of an unmatched

high-skilled worker’s outside opportunity, and  is the continuation value of a match with

a high-skill worker. Since all type  workers have the same productivity, they will all

work the same number of hours and generate the same surplus.

The surplus of a match involving a low-skill worker is

 =

Ã










!
− ()


−


 + , (5)

This differs from the expression for high-skill worker/firm matches because of the idio-

syncratic productivity disturbance and the non-degenerate distribution of hours worked

among low-skill workers. As is common in the literature on unemployment, we assume

complete consumption risk sharing, so  is the same for all workers.

Because the idiosyncratic productivity shocks are assumed to be serially uncorrelated,



 depends on the skill-type of the worker in a match but is the same for all matches of

the same skill-type. Let () be the density function for . The continuation values

are therefore given by

 = E

µ
+1



¶h
(1− )+1 + 


+1

i
. (6)
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and

 = E

µ
+1



¶h
(1− )(1− +1)(


+1|  ) +


+1

i
= E

µ
+1



¶"
(1− )

Z 1

̄+1

+1() + 

+1

#
. (7)

To determine 

 , we assume that  is the value of time spent unemployed (home

production or an unemployment benefit) and that wages are determined by Nash bar-

gaining with the worker receiving a constant share  of the match surplus. Then the

value of unemployment is equal to  plus the expected probability of being employed

and receiving the surplus share 

+1 plus the expected value of remaining unemployed.

For a high-skilled worker this is



 =  + E

µ
+1



¶³
+1


+1 + 


+1

´
, (8)

while for a low-skilled worker it is



 =  + E

µ
+1



¶h
+1(1− +1)(


+1|  ) + 


+1

i
=  + E

µ
+1



¶ ∙
+1

Z 1

̄+1

+1()+ 

+1

¸
. (9)

If a low-skilled worker’s productivity is too low, the surplus will be negative, leading

to endogenous separation (or screening in the case of an interviewed job seeker). From

(5), the cutoff value of worker productivity at which the surplus produced by a low-skill

worker equals zero is

̄ =


³


 +

(̂)


− 

´



̂




,

where ̂ maximizes the surplus and satisfies

(̂

) ≡

(̂)

̂
=

µ
̄






¶
.

That is, hours ̂ maximizes the joint surplus in a match with a low-skill worker of

productivity ̄.
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Matches of low-skill workers separate endogenously if   ̄. As claimed previously,

̄ is the same for all firm considering the retention or hire of a low—skill worker. The

probability of endogenous separation for a low-skilled worker/firm match is

 =  (̄).

This is also the probability a low-skill worker who receives an interview is not hired.

If the aggregate productivity shock is low, ̄ will rise, lowering the fraction of low-

skill unemployed that receive job offers and increasing the endogenous separation rate

of already employed low skill workers. Low skill workers become a larger fraction of

the unemployed pool, since the probability of separation is always higher than for high

skill workers. Also, after a positive aggregate shock (even ) the average duration

of unemployment increases, as the low skill workers lose jobs faster and have a harder

time finding new employment since they are more likely to be screened out during the

interview process.

3.2.2 Hours

Hours maximize the joint surplus in a match   

. For a high-skill worker, this implies

(

 ) =

µ







¶


For a low-skill worker of productivity , this implies

(
) =

µ







¶
;  ≥ ̄.

3.2.3 Vacancies

Wholesale firms post vacancies after observing aggregate variables, so their decisions are

conditional on ̄. If  is the cost of posting a vacancy, expressed in terms of final goods,

and firms receive a share 1−  of the surplus from a match, the job posting condition is



 (1− )

∙
(1− )


 + 

Z 1

̄

()

¸
= , (10)
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since with probability (1−) the firm interviews (and hires) a high-skill worker and with
probability  it interviews a low-skilled worker. This condition can also be expressed as



 (1− )

∙
 − 

µ
 −

Z 1

̄

()

¶¸
= .

Since the surplus from a high skill worker is greater than that from an employed low skill

worker, a fall in the quality of the unemployment pool (a rise in ) reduces the incentive

to post vacancies.

Given the pool of job seekers  and the number of vacancies  posted by firms, the

number of new interviews is determined by a standard matching function ( ). This

is taken to be Cobb-Douglas with constant returns to scale:6

( ) = 
 

1−
 = 1− , 0    1,   0, (11)

where  ≡  is the standard measure of labor market tightness. Because of worker

heterogeneity, the probabilities of being interviewed and being hired will differ by the

worker’s skill level. The probability an unemployed worker obtains an interview,  , is

 =
( )


= 1− . (12)

This is the same for all job seekers. Similarly, the probability a firm with a posted vacancy

finds an applicant, 

 , is



 =

( )


= − . (13)

Compared to the standard single-skill setup,  is the probability a firm obtains an

interview, and 

 is the probability an interview slot will not go unfilled. The job finding

probability is identical to the interview rate for high-skill workers, while it is lower, and

equal to



 =  (1−  )  

for low-skill workers. The overall job finding probability can be defined as 

 + (1−

)

  With heterogeneous worker skills, a job opening that would be filled and lead to

production if a high-skill applicant is interviewed may go unfilled if a low-skill worker is

6Constant returns to scale is consistent with the empirical evidence when applied to new hires; see

Petrongolo and Pissarides (2001).

16



interviewed.

3.3 Households

The representative household purchases consumption goods, holds bonds, and supplies

labor. Since some workers will be matched while others will not be, and workers differ

in their productivity and hours worked, distributional issues arise. To avoid these is-

sues, we follow the literature in assuming households pool consumption by viewing the

household as consisting of a continuum of members of various skill levels, some of whom

will be employed, others unemployed.7 Households are also the owners of all firms in the

economy.

Households maximize

E

∞X
=0



"


C1−+

1− 
− (+)(1− +)+ − ++

Z 1

̄

(+)()

#
, (14)

where   0 is the coefficient of relative risk aversion,  is an aggregate preference

shock, C is the sum of a market-purchased composite consumption good  and home

produced consumption by unemployed workers 
 = (1−)



Market consumption  is a Dixit-Stiglitz composite good consisting of the differen-

tiated products produced by retail firms and is defined as

 =

∙Z 1

0


−1


 

¸ 
−1

  0.

Given prices  for the final goods, this preference specification implies the household’s

demand for good  is

 =

µ




¶−
, (15)

where the aggregate retail price index  is defined as

 =

∙Z 1

0

1− 

¸ 1
1−

.

7This assumption is common in search and matching models of the labor market (see for example den

Haan, Ramey, and Watson, 2000).
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In (14), the term

(+)(1− +)+ − ++

Z 1

̄

(+)()

is the disutility to the household of having  members working, where hours worked de-

pends on type and the idiosyncratic productivity shocks. We assume (+) = 
1+
+ (1+

).

If  is the nominal rate of interest. the representative household’s first order conditions

imply the following must hold in equilibrium:

 = (1 + )E

µ


+1

¶
+1, (16)

where  denotes the total marginal utility of consumption at time .

3.4 Retail firms

Each retail firm purchases wholesale output which it then converts into a differentiated

final good that is sold to households and wholesale firms. Retail firms maximize profits

subject to a CRS technology for converting wholesale goods into final goods, the demand

functions (15), and a restriction on the frequency with which they can adjust their price.

Retail firms adjust prices according to the Calvo updating model. Each period a firm

can adjust its price with probability 1− . The real marginal cost for retail firms is the

price of the wholesale good relative to the price of final output, 
 . This is just the

inverse of the markup of retail over wholesale goods.

A retail firm  that can adjust its price in period  chooses () to maximize

∞X
=0

() E

∙µ
+



¶µ
()− 

+

+

¶
+()

¸
,

subject to

+() =  
+() =

∙
()

+

¸−
 
+, (17)

where  
 is aggregate demand for the basket of final goods. The first order condition for
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those firms adjusting their price in period  is

()E

∞X
=0

()
µ
+



¶ ∙
()

+

¸1−
+ =

µ


− 1
¶
E

∞X
=0

()
µ
+



¶µ
1

+

¶ ∙
()

+

¸1−
+.

When linearized around a zero-inflation steady state, these conditions yield a new Key-

nesian Phillips curve in which the retail price markup

 ≡





is the driving force for inflation. As in a standard Phillips curve, the elasticity of inflation

with respect to real marginal costs will be  ≡ (1− )(1− ) .

3.5 Monetary policy

We assume that the monetary authority in this economy implements monetary policy

through a simple Taylor-type instrument rule with inertia of the form

ln(1 + ) = − ln +  ln(1 + −1) + (1− )
£
 + 

¡
ln − ln

¢¤
+ . (18)

where  is an i.i.d. policy shock. As a baseline policy we assume  = 15  = 0 and

 = 08.

3.6 Market clearing

Goods market clearing requires that household consumption of market produced goods

equals the output of the retail sector minus final goods purchased by wholesale firms to

cover the costs of posting job vacancies Hence, goods market equilibrium takes the form

 =  + . (19)

4 The Impact of Skill Heterogeneity on Unemployment Dy-

namics

The impact of the change in the composition of the unemployment pool on the unem-

ployment rate in a recession works through two channels: first, by changing the relative
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quantity of low to high-skill workers searching for a match (the direct composition ef-

fect), and second, by changing the incentive of firms and applicants to form matches (the

indirect incentive effect). As the matches with the least productive workers separate in

a downturn, their share in the unemployment pool increases. As a consequence, the av-

erage productivity of the unemployed falls by more than the average productivity of the

labor force, and the outflow rate from unemployment decreases by more than it would in

a model with homogeneous skills.

The direct composition effect can be illustrated through the equation defining the

unconditional outflow rate. For a randomly chosen unemployed worker, the job-finding

probability is the weighted average of the job finding probability for  and  workers:



 = 


 Pr(


  0) + (1− )


 (20)

The probability of finding a job for a  worker depends on the interviewing rate  and on

the probability that the idiosyncratic productivity shock yields a positive match surplus.

Both will fall in a recession; thus the job finding probability falls by more for the  workers

than for the  workers. With heterogeneous skills, the larger the increases in the share

 of  workers, the larger the amplification in the fall of the unconditional job finding

probability.

The indirect effect of the change in the composition of the unemployment pool occurs

through the change in the value of a vacancy. Equations (10) and (13) imply the vacancy

posting condition can be written as:




=

½



(1− )

∙


Z 1

̄

() + (1− )



¸¾1
(21)

The right-hand side of (21) depends on the expected surplus from a match. Since the

surplus from a high skill worker is higher than the expected surplus from a low skill

worker, a worsening of the unemployment pool skill-level (an increase in ) reduces the

expected surplus and thereby reduces the incentive to post vacancies. Thus, the larger

the increases in the share  of  workers the larger the fall in the number of vacancies

per searching worker, and the larger the fall in the interview rate. Since search is non-

directed, an increase in the share of low skill workers worsens the probability of exiting

unemployment for all workers.

Finally, firms also become more selective in a recession. For a given number of posted
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vacancies, an increase in  implies the chance that a randomly interviewed worker will

be hired is lower. The impact of  on the hiring probability can be described by the

screening rate, that is, the unconditional rate at which an interviewee is screened out:

 = 

 = [1− Pr(  0)]. (22)

Ceteris paribus, in a recession the screening rate increases for two reasons. First, as in

any search model of the labor market with endogenous separation, the separation rate 

increases. Second, the likelihood that an interviewee is a low skill worker  also increases.

In summary, any shock that results in an increase in the low-skill unemployed share

worsens labor opportunities for all workers. Since low and high skill workers compete for

the same vacancies, the incentive for firms to open positions falls. From the perspective

of the job applicants, the chance of exiting unemployment falls since fewer vacancies are

posted. The average worker has a higher likelihood of being drawn from the low skill

pool and when interviewed, low skill workers have a lower likelihood of being hired.

To evaluate the dynamic behavior of the model economy, we adopt a baseline cali-

bration based on characteristics of the EU. The model is very parsimonious and contains

a limited number of parameters. The value of home production  the coefficient 

scaling the disutility of labor hours, the cost of vacancy posting  the productivity of

the matching technology , the relative steady state productivity of high to low skill

workers 
³

R 1
0
 ()

´
and the labor force share of low skill workers ̄ are chosen

to match the steady-state values for six variables with average aggregate data. Table 1

reports the matched steady state values, together with the additional parameters used in

the numerical simulations.

The steady state unemployment rate is the average quarterly rate for the EU15 group

of countries, over the sample 1993:1 to 2010:4. Since we do not have data for skill-

based unemployment rates for workers competing for the same position, we distinguish

among  and -skill workers by using unemployment data by age. The -skill workers’

unemployment rate is the rate for the 16 to 24 age group, while the -skill unemployment

rate is the rate for the 25 to 74 age group, reported in the Labor Force Survey compiled

by Eurostat. The steady state hours per worker  and the probability of a match

between an applicant and a vacancy 

 are parameterized to standard values in the

labor search literature. The share of output devoted to hiring activities is in line with

empirical evidence reported in Ravenna and Walsh (2008).
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The steady state aggregate separation rate is set according to available average sepa-

ration data (Blanchard and Galí, 2010). Our parameterization strategy takes as given a

value for the exogenous separation rate, but the aggregate separation rate turns out to

be close in value to the exogenous rate. The choice for the remaining parameters follows

the recent literature on business cycle models with search unemployment and nominal

rigidities. 8

The parameterization implies that the share of  workers ̄ in the labor force  is

134%. Because the separation rate of  workers is about twice as large as the overall

separation rate, their share  in the pool of job seekers is 226%, while their share  in

the employment pool is 118%. Thus, low skill workers are over-represented in the pool

of unemployed.

To illustrate the relevance of the size of average labor flows, we compare our baseline

parameterization to an alternative economy, with the same steady state level of output

and unemployment, but with larger steady state flows. To achieve a larger steady state

separation rate, we assume the alternative economy draws on a labor force where high

skill workers are more productive, and low skill workers less productive, relative to the

baseline. Table 2 shows that in this economy the average productivity of high relative

to low skill workers is higher, while the average productivity of the labor force is very

similar. To obtain an alternative economy with identical unemployment rate and output

as the baseline, we also assume a higher productivity  of the matching function and a

lower vacancy-posting cost . In this way, the steady state outflow from unemployment

is large enough to balance the higher steady state inflow at the same level of steady state

unemployment.

When the relative productivity of high to low skill workers increases, the endogenous

separation rate  for low skill workers increases to 51% while it is only 39% in the

baseline parameterization. The overall separation rate increases by a smaller amount,

since the share of low skill workers in the labor force is unchanged relative to the baseline,

and equal to 134%. The increase in the separation rate implies the share of low skill

workers in the unemployed pool rises from 23% in the baseline to 66% in the alternative

parameterization. This implies that in a recession the percent increase in the separation

rate, and in the share of low skill unemployed, required to achieve the equilibrium change

8The only exception is given by  the workers’ share of surplus, which given our choice of  implies

the Hosios condition is not met. The value of  = 035 was chosen to be as close as possible to the Hosios

condition, while ensuring determinacy of the equilibrium.
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in employment is smaller relative to the baseline parameterization. Finally, the larger

size of gross labor flows implies that, while the unemployment rate is identical across

the two economies, the unemployment duration is about 60% longer in the baseline

parameterization.

4.1 Gross Labor Flows and the Relevance of the Composition Effect

In this section, we evaluate the role the composition effect plays in contributing to the

response of unemployment to a negative aggregate productivity shock and to a persistent

preference shock that reduces output demand.

4.1.1 The Impact of a Fall in Total Factor Productivity

Figure 1 shows the impact of a persistent fall in total factor productivity (TFP) on the

aggregate unemployment rate and the unemployment rates for the two types of workers.

To highlight the impact of skill heterogeneity, the shock is scaled across the two para-

meterizations so that output falls on impact by 1% in both economies (this implies the

size of the shock is 1% in the baseline parameterization and 11% in the large labor flows

parameterization). The plot is scaled in terms of percentage points of the overall labor

force and of the labor force for each group of workers.

The change in the unemployment rate for the low-skill workers is about 20 times as

large as for the high-skill workers in the baseline parameterization and about four times

as large in the alternative one. Low-skill workers experience higher volatility in both job-

finding probability and unemployment duration. The effect on the overall unemployment

rate is relatively small in the parameterization with large labor flows, a feature that is

common to search models of the labor market with Nash bargaining. In the baseline

parameterization, the impact of the TFP shock is significantly amplified. The uncondi-

tional volatility of employment relative to output  is equal to 065 in the baseline

parameterization and only 014 in the alternative one. Note that this amplification is

obtained with a steady-state share of low skill workers in the employment pool of only

118% and in the labor force of only 134%.

An implication of a strong composition effect is a considerable delay in the response

of unemployment to a fall in productivity and its subsequent sluggish recovery. The

peak response in overall unemployment occurs after 6 quarters in the baseline case, and

4 quarters in the alternative one. The lag depends on the progressive buildup of a larger
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share of low skill workers in the unemployed pool (who have a lower outflow rate from

unemployment) and the reduction in the incentive to post vacancies.

Figure 2 shows the log-deviation of selected variables in response to a negative pro-

ductivity shock. The increase in the separation rate - driven entirely by the firing of low

skill workers - raises the share of less productive workers in the unemployment pool by

over 15% in the baseline economy. Since the composition effect amplifies the fall in the

average productivity of the jobless, the unconditional job finding probability falls sharply.

In the alternative parameterization, the response of the separation rate is muted; thus

the composition of employment shifts in favor of  workers, but the skill-composition of

the unemployment pool hardly changes. This implies that the average fall in productivity

among the unemployed is nearly identical to the fall in aggregate TFP.

To single out the role of the composition effect in reducing the flow out of unemploy-

ment, figure 3 compares the behavior of different variables to the counterfactual built from

(21) under the assumption that  remains constant. The first panel of figure 3 shows

that as the average skill-level of the pool of unemployed worsens, the fall in productivity

among the unemployed more than doubles relative to an economy with homogeneous

workers. Moreover, since low-skill workers accumulate in the unemployment pool, the

fall in TFP for the average unemployed worker peaks nearly a year and half later than

aggregate TFP. Skill-heterogeneity amplifies unemployment volatility because the fall in

productivity of the overall unemployment pool is much more severe than for the labor

force overall or for those workers who remain employed.

The top right panel of figure 3 compares the behavior of the log-change in vacancies per

unemployed worker to the counterfactual in which  remains constant. Virtually all the

fall in the incentive to post vacancies originates from the change in the skill-composition

of the unemployed. Additionally, the composition effect increases the likelihood that any

firm that posts a vacancy will end up interviewing a low-skill worker, so the probability

an interview actually results in a hire decreases as more interviewees will be screened

out. The lower left panel of figure 3 compares the screening rate defined in (22) to the

counterfactual assuming  is constant. The composition effect increases the screening

rate by up to 40%

The bottom right panel of figure 3 shows the behavior of the unconditional outflow

rates for low and high skill workers. The unconditional rate falls in part because both 

and 

 fall, but it also falls because the weight on 


 increases in the overall average

job finding rate.
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Table 3 exploits the log-linear approximation to (20) to compute the contribution to

the change in the outflow rate originating from the change in the separation rate for new

matches  , the share of low skill unemployed  (the direct composition effect), and the

probability of an interview  (the indirect incentive effect). When the composition effect

is at work, the change in the job finding rate that is driven by the increase in the separation

rate for new matches falls by half relative to the economy without composition effect,

from 31% to 15% Most of the difference is explained by the larger fall in the probability

of an interview taking place.9

In summary, in an economy with large steady-state labor flows between employment

and unemployment, a change in the employment level can be achieved with a relatively

small change in separations and hiring. This implies that the skill composition of the

unemployment pool does not change much in a business cycle, the change in produc-

tivity among unemployed workers is not amplified, and neither is the outflow rate from

unemployment. An economy with smaller gross labor flows — even with an identical un-

employment rate in steady state — will experience a sharper increase in separations during

a recession, a significant worsening of the unemployment pool skill level, and a larger fall

in the outflow rate from unemployment. This ultimately leads to a slower recovery, as

the skill composition of the unemployment pool slowly reverts to its steady state.

4.1.2 The Impact of a Persistent Fall in Demand

We next examine the impact of a negative preference shock  in (14). Since a demand

shock does not affect TFP, the experiment offers the means to measure the change in

TFP among the unemployed caused only by a change in the skill composition of the

unemployed. In addition, since the strength of the composition effect depends on the

rate at which unemployed low-skill workers can be reabsorbed in the economy after a

shock, we examine the consequences for unemployment of a long-lived shock.

Figure 4 shows the impact of a fall in demand driven by a preference shock with

AR(1) coefficient equal to 095 The size of the shock is scaled to produce a 1% fall in

output on impact. While aggregate TFP is unchanged, the average unemployed worker’s

TFP falls by about 08% after four quarters. This effect in turn has a much stronger

effect on unemployment than on output, since the productivity of the employed workers

9The change in  plays a similar, and small, role in the fall in the job finding probability. This depends

on the fact that the share of low-skill workers is small among the unemployed in the baseline parameter-

ization, while it is large but unresponsive to the productivity shock, in the alternative parameterization.
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- the majority in the economy - has not changed. In our calibration, a 5% change in the

low-skill unemployment share corresponds to about a one percentage point increase of the

low-skill unemployment share, from 226% to 236% Since the extra percentage point of

low-skill workers has replaced high-skill workers whose productivity is 50% higher, TFP

among the unemployed falls by roughly 05% Note that while our calibration implies that

low skill workers are substantially less productive than high-skill workers, they represent

only 134% of the labor force. Thus the average TFP of the employed worker-hour is only

45% higher than the average TFP for the unemployed.

Figure 4 also shows the effects of less persistent fall in demand, one with an AR(1)

coefficient of 075 The less persistent shock implies a smaller fall in employment, a smaller

composition effect, and a smaller fall in average TFP among the unemployed. However,

output falls on impact by a larger amount due to a decline in hours-worked by high-skill

workers, but both output and the unemployment rate rebound quickly. In a recession

driven by a long lasting shock, the composition effect leads to a percent cumulative fall

in employment over the 10 years following a shock equal to 065 for each 1% of fall in

output. This ‘sacrifice ratio’ is equal to only 03 in the case of a less persistent shock

since the composition effect plays a smaller role.

4.2 The Composition Effect: a Comparison of the EU and US Calibra-

tions

In this section we compare the impact of a productivity shock for the baseline parame-

terization, obtained using data for the EU15 group of countries, and a parameterization

based on US data. The US steady state values are obtained averaging BLS quarterly data

over 1948:1 to 2010:1. We identify unemployment rates for low and high skill workers

with rates for age 16 to 24 and over-24 workers. While the US has lower unemployment

rates across all groups, the ratio of the skill-specific to the aggregate unemployment rates

is similar to the EU case. Table 4 shows the two sets of steady state values matched

under the two parameterizations. The steady state aggregate separation rate is about

twice as large in the US calibration, consistent with available average separation data

(Shimer, 2005).

Our parameters imply that the steady-state share of  workers in the labor force is

16% in the US and 134% in the EU. The share of  workers in the pool of job seekers is

similar across the two parameterizations, equal to 226% for the EU and 228% for the
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US calibration. Unemployment duration is half as long in the US case, where it is equal

to 171 quarters, relative to the EU case, where it is equal to 336 quarters.

Gross labor flows are larger in the US case. We parameterized the model so that the

higher separation rate is primarily the result of a higher rate of exogenous separations,

consistently with empirical evidence showing that the volatility of unemployment in the

US is largely explained by volatility in the outflow rate from unemployment. Thus the

implied endogenous separation rate is similar across parameterizations ( is equal to

39% for the EU and 46% for the US). Despite the fact that the difference in average labor

flows across the two parameterizations originates from exogenous rather than endogenous

separations (and thus also affects high skill workers, contrary to our earlier experiment),

the composition effect still turns out to be much smaller for the US case. Figure 5

shows that the impact of a fall in TFP the reduces output 1% on impact. The rise in

unemployment in the EU case is less than half as large as in the US, but it peaks earlier

in the US parameterization. The unemployment rate among low-skill workers increases

by about 20 times the high-skill one in the EU case, and only by about 10 times in the

US case. If we identify the low-skill workers with young workers, Table 5 shows that

this behavior is consistent with the dynamics of unemployment rates over the period

1983-2007 for which youth unemployment data is available. Volatility of youth and long

term unemployment is much higher in Euro area countries. The volatility of the youth

unemployment rate is 200% higher than that of the aggregate unemployment rate in the

EU-27 data, and only 32% higher in the US data.

Figure 6 shows that the log-increase in the unemployed share of low skill workers peaks

at 5%, about a third of its increase in the EU case, limiting the relevance of the com-

position effect for unemployment volatility. Low-skill workers experience a pronounced

fall in average hours relative to high skill workers, a result consistent with the empirical

evidence in Bils et. al. (2009) and Hines, Hoynes and Krueger (2001) that the an impor-

tant fraction of the fall in wage earnings for workers with below-average wages during a

recession comes from a fall in hours worked.

4.3 The Impact of a Skill-biased Productivity Shock

We next consider the impact of a fall in productivity that disproportionately affects low

skill workers. For this experiment we use the US parameterization to show that, even in

an economy with large steady state labor reallocation, a skill-biased productivity shock
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can substantially amplify unemployment volatility. The shock results in a large surge

of low skill workers into unemployment and a large increase in the low-skill share of

unemployment which then takes a long time to revert to its steady state value.

We compare a 1% fall in aggregate TFP for the US parameterization with a TFP

shock affecting predominantly the low skill labor force. We scale this skill-biased shock

so that the initial decline in output is the same obtained in response to the aggregate

TFP shock. This is achieved with a 05% decline in productivity of the high-skill workers,

and a decline that is 5 times as large for the low-skill workers. While this may seem a

large bias in the TFP shock, recall that the share of  workers in the labor force is only

16%, so the large fall in TFP is affecting a small fraction of workers.10

Even though the skill-based shock generates a similar fall in output as the aggregate

TFP shock, the top left panel of figure 7 shows that it generates a rise in unemployment

about 35 times larger than an aggregate shock. The unemployment increase is also

greatly amplified for high-skill workers even though they experience a fall in TFP equal to

about one half of the fall in the case of an aggregate productivity shock. This amplification

is due entirely to the impact of the productivity decline of low-skill workers on aggregate

variables. While the difference in output is small across the aggregate and skill-biased

shocks - since the bulk of employed workers belong to the high-skill group - the impact

on unemployment is radically different.

Figure 8 illustrates the channels through which the large amplification in unemploy-

ment is obtained: the separation rate increases sharply, raising the share of low skill

unemployed in the jobless pool by 24% relative to the steady state These workers, in

turn, face a smaller chance of exiting unemployment, keeping the unemployment rate

high for a prolonged period. Low skill workers who remain employed also optimally lower

their hours worked, although this fall in hours plays a small role in the fall in output,

given the small share of low skill workers in productive matches.

Finally, the upper left panel of figure 9 plots the vacancy yield normalized by the

number of unemployed workers. The distance between the two impulse responses is a

measure of the shortfall in vacancy yield when the TFP shock is skill-biased. The shortfall

in the aggregate vacancy yield has been documented in the recent US recession by Daly,

10Residual wage inequality, which can be interpreted as reflecting unmeasured differences in productiv-

ity, has been documented to be very large. Hornstein, Krusell and Violante (2007) use 1990 US Census

data to show that the ratio of the mean wage to the 10th percentile is 1.83 even conditioning on low-skill

occupations and a set of workers with less than 10 years of experience.
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Hobijn, Valletta (2011). Skill-heterogeneity amplifies the fall in vacancy yield by a factor

of 6.

5 Monetary Shocks and the Policy Rule

5.1 Monetary Policy Shocks

The presence of nominal rigidities affects the dynamic adjustment of output, inflation, and

labor market variables. It also allows us to investigate the effects of monetary shocks.

We consider an i.i.d. shock to the baseline monetary policy rule equivalent to a 1%

increase in the annualized nominal interest. An interest rate shock has standard effects

on consumption through the Euler condition (16). A interest rate increases that reduces

demand reduces wholesale prices (which are flexible) relative to retail prices (which are

sticky), leading to an increase in the markup . In addition, the real interest rate affects

the discounted continuation value of labor matches and the markup both affect the cutoff

productivity level ̄ that governs separations. The choice of hours is also affected. Figure

10 shows for the US and EU calibrations the effect of a 1% increase in the annualized

nominal interest. It is useful to compare Figure 10 to Figure 5, which showed the effects

of a productivity shock on the same variables. The two types of shocks produce quite

different dynamic responses in unemployment. For the EU, overall unemployment and

the unemployment rates of both low-skill and high-skill workers are more persistent than

for the US.

The unemployment rate for high-skill workers is much less volatile than low-skill

unemployment under either calibration. For the US calibration, however, the immediate

impact of the policy shock on unemployment among high-skill workers is larger than in

the EU case, but it is also much less persistent, consistent with the perception that labor

flows adjust quickly in the US.

5.2 Policy Rules that Respond to Output

In our baseline calibration, the nominal interest rate responded only to its lagged value

and to inflation. Standard Taylor-type rules also incorporate a response to a measure of

real economic activity. To investigate the role of responding to output, we compare the

effects of various shocks for our baseline parameterization (where policy is described by
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an inflation targeting instrument-rule and a feedback coefficient on output of  = 0 in

18) to the case of a policy rule that puts a weight of  = 03 on output.

Figure 11 (upper left panel) shows that a policy that reduces the interest rate as

output falls can reduce the immediate fall in output due to a negative aggregate TFP

shock by over 95%. As prices adjust, however, the paths under the two policy rules

display greater similarity. Most of the smaller initial drop in output is the result of a

large increase in hours of high-skill workers in response to the fall in consumption, while

a smaller contribution is explained by a fall in separations and a gain in the job-finding

probability for the unemployed. Figure 12 shows that by responding to output, monetary

policy is able to reduce unemployment by about a third over the course of the downturn,

and the reduction is proportionally distributed across the skill-groups.

Part of the reduction in employment volatility when   0 comes from the smaller

composition effect: with low-skill unemployment in total unemployment rising by about a

third less, this translates into a smaller drop in TFP for the average unemployed worker.

The greater stability of output and employment is achieved at a large cost in terms of

inflation, however, which jumps on impact from about 05% to 45% and after two years

is still 25% above steady state (see the upper right panel of figure 12).

The effects of responding to output are more muted when the shock is a persistent fall

in demand arising from a preference shock. Using our baseline parameterization, figure

13 and 14 show that the policy with  = 03 reduces the initial fall in output in the

face of the negative demand shock by only 50%, but the policy maker faces a much more

favorable trade-off. Inflation rises only to 13%, and relative to its peak it falls by about

one-half of a percentage point within a year. Similarly to the case of an aggregate TFP

shock, the policy with  = 03 is effective in reducing unemployment. Since a demand

shock lowers output by calling for a sharp fall in hours, rather than employment, the

more activist policy yields smaller gains in terms of the unemployment rate.

Finally, consider the skill-biased productivity shock. The policy with  = 03 is

effective in reducing the fall in output (see figure 15, upper left panel). This gain is

attained mainly by making it optimal for high-skill workers to provide additional hours.

The impact on the unemployment rate is small (figure 16). Low-skill workers — who are

suffering the bulk of the increase in unemployment — see their unemployment rate fall by

only half a percentage point, down to 5%, relative to the baseline policy. Since the policy

with  = 03 has little impact on the low-skill unemployment share, the TFP fall for

the average unemployed worker does not differ much under the alternative policies. In
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turn, while the employment gain is small, the policy with  = 03 is very inflationary

(see figure 15, upper right panel).

6 Conclusions and Extensions

We have developed a parsimonious model of worker heterogeneity that incorporates en-

dogenous separations. Heterogeneity causes the composition of the pool of unemployed

workers to vary over the business cycle in ways that cannot occur in standard models

with homogenous labor. A negative productivity shock reduces output and employment,

but it also lowers the average quality of the unemployed, as low-skill workers experience

a greater inflow into unemployment. This compositional effect reduces the incentive for

firms to post vacancies, as they are less likely to find a worker who is sufficiently pro-

ductive to generate a positive surplus if hired. As a consequence, the exit rate from

unemployment falls for all workers relative to a model with homogeneous labor.

As den Haan, Ramey and Watson (2000) had previously shown, endogenous sep-

aration can contribute to both the amplitude of employment responses to productivity

shocks and the persistence generated by such shocks. We find that these effects are further

strengthened by compositional affects that arise with heterogeneous workers. Despite the

introduction of only two worker types, the model generates a rich set of implications for

unemployment inflows and outflows. Skill heterogeneity amplifies unemployment fluctu-

ations in economies with small gross labor flows, or during a persistent fall in demand,

and lowers the vacancy yield during recessions. The model provides a platform on which

to investigate the role of labor market dynamics in affecting the transmission of monetary

policy, and the effects of macroeconomic fluctuations on unemployment flows in different

countries or global regions characterized by different labor market structures.

There are a number of extensions that could be pursued using the framework devel-

oped in this paper. One simplifying assumption of the model is that the same critical

productivity level determines whether existing employed low-skill workers would be re-

tained and whether a low-skill job seeker would be hired. Hiring and firing costs would

drive a wedge between the productivity level that determines if an existing worker is re-

tained and the level sufficient to justify hiring a new low-skill worker. Introducing these

costs would imply that for some productivity levels, a firm would be willing to retain an
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existing worker while simultaneously be unwilling to hire an identical job seeker.11

We believe models with workers heterogeneity raise very important questions for mon-

etary policy. We considered the impact on unemployment stabilization of two simple rules

for monetary policy. However, as discussed in Ravenna and Walsh (2011a), in search and

matching models unemployment stabilization is not an optimal policy. As is well know,

a form of congestion externality is present in search and matching models; a firm that

posts a vacancy reduces the probability other firms are able to fill their vacancies. With

worker heterogeneity and endogenous separations, an additional externality arises. When

a firm fails to retain a low-skill worker, the average skill-quality of the pool of job seekers

is lowered, thus making it less likely a firm with a vacancy will make a hire. And as firms

hire high-skill workers, they increase the probability that other firms will end up with

a low-skill worker. The impact of these externalities on optimal monetary policy is left

open for future research.
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Macroeconomic Analysis, S. Altuĝ, J. Chadha, and C. Nolan (eds.), Cambridge:

Cambridge University Press, 2003, 451-486.

[41] - , “Labor market search, sticky prices, and interest rate policies,” Review of Eco-

nomic Dynamics, 8(4), Oct. 2005, 829-849.

35



Table 1: Baseline Parameterization

Steady State Values

Unemployment rate  87%

Unemployment rate -  −  labor  177%

Unemployment rate - −  labor  74%

Average hours per worker  025

Vacancy posting cost share of output 


005

Probability of vacancy matched with applicant 

 07

Parameters

Unemployment elasticity of matches  06

Discount factor  099

Inverse of labor hours supply elasticity  25

Relative risk aversion  1

Steady state inflation rate  1

Workers’ share of surplus  035

Exogenous separation rate  34%

Implied steady state separation rate  38%

AR(1) parameter for technology shock   095

Calvo pricing parameter values

Price elasticity of retail goods demand  6

Average retail price duration (quarters) 1
1− 333

Steady state markup  1

Note: Baseline parameterization based on EU15 data. The policy rule for the

baseline parameterization is described by eq. (18) with coefficients  = 15  =

0  = 08
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Table 2: Steady State Labor Flows with Alternative Parameterizations

Baseline Large labor

flows

Parameters Average productivity of high-skill workers 076 076

Average productivity of low-skill workers 05 040

Relative productivity of high/low skill workers 153 190

Average productivity labor force 073 071

 042 080

 016 005

Steady State  0038 0062

 0039 051

 023 066

 012 006

Unemployment duration (quarters) 336 210

Note: Average productivity of high and low-skill worker-hours is given by  and


R 1
0
 () The two parameterizations have identical steady state output and

unemployment

Table 3: Percent Contribution to

Log-change in Job Finding Rate

  

Baseline 15% 5% 80%

Large Labor Flows 31% 4% 65%

Note: Contribution to cumulative log-change of unconditional job finding rate



 over 20 quarters following a TFP shock.
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Table 4: Parameterization for EU and US

Steady State Values US EU

Unemployment rate  57% 87%

Unemployment rate -  −  labor  116% 177%

Unemployment rate - −  labor  44% 74%

Average hours per worker  033 025

Exogenous separation rate  68% 34%

Implied steady state separation rate  74% 38%

Table 5: Unemployment rate, 1983-2007

Average Standard

deviation

Euro area Unemployment (% labor force) 1011% 133

Unemployment - youth (% labor force age 15-24) 2216% 406

Unemployment - long term (% total unemployment) 4874% 411

France

Unemployment (% labor force) 998% 136

Unemployment - youth (% labor force age 15-24) 2232% 316

Unemployment - long term (% total unemployment) 4047% 314

US

Unemployment (% labor force) 584% 128

Unemployment - youth (% labor force age 15-24) 1203% 169

Unemployment - long term (% total unemployment) 925% 240

Note: Annual data. Source: World Development Indicators (2009).

38



1 2 3 4 5
0

0.2

0.4

0.6

0.8
Percentage points change unemployment rate             

1 2 3 4 5
0

1

2

3

4

5
Percentage points change unemployment rate - low skill 

N
eg

at
iv

e 
pr

od
uc

tiv
it

y 
sh

oc
k

1 2 3 4 5
0

0.1

0.2

0.3

0.4
Percentage points change unemployment rate - high skill

DOTTED: BASELINE    SOLID: LARGE LABOR FLOWS

Figure 1: Impulse response to a negative TFP shock  under the baseline parameteriza-

tion and the steady-state large labor flows parameterization described in Table 2. AR(1)

coefficient of TFP shock  = 095 Shock is scaled to deliver a 1% fall in output in

the initial period under each parameterization. Change in unemployment rate for total,

low-skill and high-skill population scaled in percentage points of the labor force  

 of each group.
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Figure 2: Impulse response to a negative TFP shock  under the baseline parameteriza-

tion and the steady-state large labor flows parameterization described in Table 2. AR(1)

coefficient of TFP shock  = 095 Shock is scaled to deliver a 1% fall in output in the

initial period under each parameterization. Scaling in percent.
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Figure 3: Impulse response to a negative TFP shock  under the baseline parameteri-

zation (Table 1). AR(1) coefficient of TFP shock  = 095 Shock is scaled to deliver

a 1% fall in output in the initial period. Scaling in percent. Impulse responses without

composition effect assume share of low-skill unemployed is constant at  = 
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Figure 4: Impulse response to a negative preference shock  under the baseline para-

meterization (Table 1) for alternative values of the AR(1) coefficient 
in the shock

stochastic process. Shock is scaled to deliver a 1% fall in output in the initial period

under the 
= 095 parameterization. Scaling in percent.
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Figure 5: Impulse response to a negative TFP shock  under the baseline parameter-

ization (EU) and a parameterization matching US data, described in Table 4. AR(1)

coefficient of TFP shock  = 095 Shock is scaled to deliver a 1% fall in output in

the initial period under each parameterization. Change in unemployment rate for total,

low-skill and high-skill population scaled in percentage points of the labor force  

 of each group.
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Figure 6: Impulse response to a negative TFP shock  under the baseline parameter-

ization (EU) and a parameterization matching US data, described in Table 4. AR(1)

coefficient of TFP shock  = 095 Shock is scaled to deliver a 1% fall in output in the

initial period under each parameterization. Scaling in percent.
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Figure 7: Impulse response to a skill-biased negative TFP shock  under the parame-

terization matching US data, described in Table 4.. AR(1) coefficient of TFP shock

 = 095 TFP innovation is equal to −05% for high-skill workers, and −25% for low-

skill workers. For the case of an aggregate TFP shock, innovation is equal to−1% Change
in unemployment rate for total, low-skill and high-skill population scaled in percentage

points of the labor force    of each group.

45



1 2 3 4 5
0

5

10

15

20

25
Low-skill unemployment share      

1 2 3 4 5
0

1

2

3

4

5

6

7

8

9
Separation rate                   

1 2 3 4 5
-0.1

-0.05

0

0.05

0.1

0.15

0.2

0.25
High-skill hours                  

S
ki

ll-
bi

as
ed

 n
eg

at
iv

e 
TF

P
 s

ho
ck

DOTTED:    Skill-biased shock 
1 2 3 4 5

-9

-8

-7

-6

-5

-4

-3

-2

-1

0
Low-skill average hours           

SOLID:     Aggregate shock

Figure 8: Impulse response to a skill-biased negative TFP shock  under the parame-

terization matching US data, described in Table 4.. AR(1) coefficient of TFP shock

 = 095 TFP innovation is equal to −05% for high-skill workers, and −25% for

low-skill workers. For the case of an aggregate TFP shock, innovation is equal to −1%
Scaling in percent.

46



1 2 3 4 5
-7

-6

-5

-4

-3

-2

-1

0

1
Vacancy yeld per unemployed worker          

1 2 3 4 5
-1.4

-1.2

-1

-0.8

-0.6

-0.4

-0.2

0
TFP for high-skill worker                   

1 2 3 4 5
-2.5

-2

-1.5

-1

-0.5

0
TFP for low-skill worker                    

S
ki

ll-
bi

as
ed

 n
eg

at
iv

e 
T

F
P

 s
ho

ck

DOTTED: Skill-biased shock
1 2 3 4 5

-2.5

-2

-1.5

-1

-0.5

0
TFP for average unemployed worker           

SOLID: Aggregate shock

Figure 9: Impulse response to a skill-biased negative TFP shock  under the parame-

terization matching US data, described in Table 4.. AR(1) coefficient of TFP shock

 = 095 TFP innovation is equal to −05% for high-skill workers, and −25% for

low-skill workers. For the case of an aggregate TFP shock, innovation is equal to −1%
Scaling in percent.
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Figure 10: Impulse response to an interest rate i.i.d innovation  equal to 1% at annual rate,

under the baseline parameterization (EU) and a parameterization matching US data, described

in Table 4. The policy rule, eq. (18), assumes  = 15  = 0  = 08 Change in

unemployment rate for total, low-skill and high-skill population scaled in percentage points of the

labor force    of each group.
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Figure 11: Impulse response to a negative TFP shock  under the baseline parameteri-

zation (EU) for alternative policies. The policy rule is described in eq. (18), and assumes

 = 15  = 08 AR(1) coefficient of TFP shock  = 095 Shock is scaled to deliver

a 1% fall in output in the initial period under the baseline policy.
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Figure 12: Impulse response to a negative TFP shock  under the baseline parameteri-

zation (EU) for alternative policies. The policy rule is described in eq. (18), and assumes

 = 15  = 08 AR(1) coefficient of TFP shock  = 095 Shock is scaled to deliver

a 1% fall in output in the initial period under the baseline policy.
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Figure 13: Impulse response to a negative preference shock  under the baseline para-

meterization (EU) for alternative policies. The policy rule is described in eq. (18), and

assumes  = 15  = 08 AR(1) coefficient of preference shock 
= 095 Shock is

scaled to deliver a 1% fall in output in the initial period under the baseline policy.
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Figure 14: Impulse response to a negative preference shock  under the baseline para-

meterization (EU) for alternative policies. The policy rule is described in eq. (18), and

assumes  = 15  = 08 AR(1) coefficient of preference shock 
= 095 Shock is

scaled to deliver a 1% fall in output in the initial period under the baseline policy.

52



1 2 3 4 5
-1.5

-1

-0.5

0
 Retail output                     

1 2 3 4 5
0

1

2

3

4
Annual inflation rate             

1 2 3 4 5
-5

0

5

10

15

20

25
Low-skill unemployment share      

S
ki

ll-
bi

as
ed

 n
eg

a
tiv

e
 T

F
P

 s
ho

ck

1 2 3 4 5
0

2

4

6

8

10
Separation rate                   

1 2 3 4 5
-0.2

0

0.2

0.4

0.6

0.8
High-skill hours                  

DOTTED: baseline policy y
=0

1 2 3 4 5
-10

-8

-6

-4

-2

0
Low-skill average hours           

SOLID: alternative policy y
=0.3

Figure 15: Impulse response to a skill-biased negative TFP shock  under the parameter-

ization matching US data, described in Table 4, for alternative policy rules. The policy

rule is described in eq. (18), and assumes  = 15  = 08 AR(1) coefficient of TFP

shock  = 095 TFP innovation is equal to −05% for high-skill workers, and −25%
for low-skill workers.
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Figure 16: Impulse response to a skill-biased negative TFP shock  under the parameter-

ization matching US data, described in Table 4, for alternative policy rules. The policy

rule is described in eq. (18), and assumes  = 15  = 08 AR(1) coefficient of TFP

shock  = 095 TFP innovation is equal to −05% for high-skill workers, and −25%
for low-skill workers.
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