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Abstract 
 
This paper examines the low correlation between cyclical productivity and 
unemployment: from significantly negative before 1980’s, it has switched sign in 
several OECD countries and became positive. By using a New Keynesian 
model with sticky prices, search frictions and variable effort, I find that in the 
U.S. technology shocks can generate positive correlation between productivity 
and unemployment, while in Europe non-technology shocks generate the same 
effect. My results suggest that the increase in size of technology shocks and the 
reduction of the procyclicality of productivity after a non-technology shock in the 
U.S. can account for changes in correlation. On the other hand, aggregate 
demand shocks have gained weight in Europe in the last 20 years and explain 
the positive sign in the unemployment-productivity correlation in these 
economies. 
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1 Introduction

Since the seminal work of Galí (1999), where he pointed out the almost-zero uncondi-
tional correlation between productivity and unemployment, there has existed a debate
on whether Real Business Cycle models can account for the cyclical fluctuations of these
variables in the economies, especially the U.S and developed countries.

In particular, there has been certain criticism in the empirical properties of Search
Models. These models (Mortensen & Pissarides, 1994) predict that labor productivity
and employment should be positively correlated. There, changes in productivity pro-
duce shifts in labor demand, leading to a reduction in the level of unemployment of
the economy. The effect is summarized as follows: an increase in productivity increases
the surplus of the worker-firm match. This extra surplus motivates firms to post more
vacancies as the demand of labor is increased, and consequently, as vacancies are filled,
unemployment in the economy is reduced.

This master thesis tries to provide the literature with estimates of these relationships
for a larger sample of OECD countries than the US for which quarterly data on both
unemployment and employment, productivity, total hours and vacancies is collected and
report the results. The analysis will also be replicated for a larger group of countries
drawn from the Total Economy Database of the Conference Board.

Initially, I describe the sources of the data and time period covered. I have estimated
the correlation of cyclical fluctuations between productivity, unemployment, employ-
ment, vacancies, and vacancies unemployment (v-u) ratio. As a remarkable finding,
correlation in the US has switched sign in the mid 1980’s: from being -0.45 between
1970 and 1984, in the last 20 years it has increased an exhibits a correlation of 0.07.
This result is not isolated for the US, and it is also present in UK, Sweden or Spain. In
fact in Spain, it is significantly positive for all the 40 years covered, resulting in a strong
correlation coefficient after 1984. By performing a graphical analysis of the evolution
of these cyclical components in each of the economies , the sign of the correlation can
be more easily identified.

Changes in correlation might be the result of the counteracting effects of technol-
ogy and non-technology shocks in the economy. By performing a bivariate VAR for
productivity and unemployment in the countries chosen, I can account for the effect of
technology and non-technology shocks on the previous labor market measures. In the
U.S., a technology shock, which is assumed to have a permanent effect on productivity,
increases unemployment temporarily, generating a positive correlation between these
two variables. On the other hand, a non-technology shock, while increasing productiv-
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ity, decreases unemployment, generating a negative correlation. In Europe, the effects
of both shocks are opposed to the U.S. scenario. A non-technology shock is responsible
for generating a positive correlation between productivity and unemployment, while a
technology shocks results in a negative correlation.

In order to provide an explanation to these facts, I present a New Keynesian model
as in Barnichon (2010) with three important elements: sticky prices, variable hours
and effort, and search frictions. I have calibrated this model for the U.S. as well as for
other OECD countries, and I present the matching of the model and the data for these
economies. While the model is able to replicate quite accurately the impulse response
from the data in the U.S., it is not very successful in matching the European empirical
evidence. By simulating 40 years of data, I can account for more than 50% of the change
in correlation in the U.S. and Sweden, but in Germany or Spain it is again away from
the data. As a result, I can conclude that technology shocks have increasing importance
in the U.S. given that they generate the positive correlation between productivity and
unemployment. Therefore, the size of non-technology shocks with respect to technology
shocks in the U.S. might have reduced after 1984.

In Europe, where the model fails to replicate the impulse response of the data, ag-
gregate demand shocks are the driving force of the positive correlation observed after
1984. In fact, by examining impulse responses after 1984 for the U.S., the cyclical re-
sponse of productivity to non-technology shocks has became less negative, approaching
the effect observed in Europe. This also provides an explanation besides the relative
increase in the size of technology shocks of why correlation between productivity and
unemployment has increased.

Although limited, the empirical work that has accounted for the relationship be-
tween unemployment and productivity, has also recognized the low correlation found
in the data and highlighted the existing criticisim to business cycle models. Shimer
(2005) sustains that the Pissarides model cannot account for the volatility of labor
market variables as observed in US data. Galí and Gambetti (2009) report a decline
in the correlation between total hours in productivity starting in the 1980’s. More-
over, Barnichon (2010) defends that in the U.S. the low correlation between cyclical
unemployment and productivity hides a large sign switch in the mid-1980’s: from sig-
nificantly negative the correlation became significantly positive over the business cycle.
His claim is that some structural changes can account for the vanishing procyclicality
of labor productivity starting in the 1980’s: increasing hours per worker elasticity and
a more flexible labor market. These changes, together with the fact that volatility of
employment has increased relative to the volatility of output but has decreased relative
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to hours, are Barnichon’s argument against RBC theories. However, his analysis is
reduced to a single country, the US, and it is not performed in other economies in order
to test its generality. My contribution, therefore, lies in the extension of this analysis
to a larger number of countries, such that this relationship can be further investigated.

Regarding the structure of the paper, in section 2 I provide a description of the data
used, descriptive statistics, and I present the correlation between productivity, unem-
ployment, employment, vacancies and v-u ratio for OECD as well as Latin American
countries. In section 3, I present the empirical approach and the model. In section 4 I
provide a comparison of the responses of the model and the data and the main findings.
Finally in section 5 presents my conclusions of the topic.

2 Data description

In order to test whether search models can account for the correlations implied by
the data and to be able to compare cross-countries differences, I will first start by
describing the different sources of my data set. I will also develop a descriptive analysis
of some of the variables of the data set to illustrate the labor market differences across
countries, and finally some evidence on correlations between productivity, employment
and unemployment will be presented. This will be the starting point for the rest of
the paper, as heterogeneity across countries provides a rationale for the study of the
behavior of these variables over the cycle.

2.1 Data sources

This paper is mainly focused on a quarterly analysis of the labor market outcome,
although some yearly basis results are presented.

Firstly I will describe the sources chosen for the quarterly analysis. The countries
selected for this purpose are Australia, Canada, France, Germany, Italy, Japan, Norway,
Portugal, Spain, Sweden, United Kingdom and United States. Quarterly data on GDP,
employment, unemployment, hours worked, vacancies and other variables of interest is
compiled from the OECD. In order for results to be as much comparable and reliable
as possible, I tried not to used a different source unless it was necessary. Hence, the
following data were not available in the OECD database, and I obtained them from the
indicated sources: vacancies from the US and Canada is the Help-Wanted Index (from
JOLTS and Statistics Canada, respectively); unemployment in France comes from the
INSÉE (National Institute of Statistics and Economic Studies). Unemployment Rate
in Spain is obtained from the INE, and GDP in Sweden is available since Statistics
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Sweden covers the whole period (in the OECD database started in 1993). The selection
of countries is based also on this issue, as it is difficult to find series that cover long
time spans (1970-2010) even for countries of the OECD. Therefore the time period has
to be reduced in some of them due to unavailability of certain variables.

Following the definition of each variable in the OECD database, unemployment is
the harmonized unemployment level, seasonally adjusted series from the Labor Force
Statistics (MEI). The unemployment rate is defined as the level of unemployed in the
economy divided by the labor force of the country, this is, the employed and the unem-
ployed. The employment level is also from the Labor Force Statistics (MEI) database of
the OECD, and it is seasonally adjusted. In this paper I use two different definitions of
productivity. The first one is GDP per employee as a natural measure of productivity.
However, as I want my results to be comparable to those in Barnichon (2010) for the
US. I need to construct a series for productivity in terms of output per hour. Hours
worked is not available at the quarterly level, so I imputed a value for output per hour
using productivity per hour annually, as well as production and GDP/Employment,
available at a quarterly frequency. In order to check the robustness of this imputation I
compare the resulting series for the US with the quarterly productivity per hour series
available at the BLS and extend the imputation for the rest of countries.

Secondly, I have also constructed an annual database starting in 1950 for a larger set
of countries, so I could perform my analysis in developing countries, as well as compare
the results available at a quarterly frequency level with those at an annual level. Data on
GDP, hours worked, employment, productivity per hour, and productivity per worker is
drawn from the Total Economy Database (TED) from the Conference Board, and data
on unemployment from the OECD. Due to the unavailability of unemployment data
prior to the 1990’s for Latin American countries, I have performed a partial analysis for
Argentina, Brazil, Peru, Chile and Mexico. I have also analyzed the previous OECD
countries with annual data, in order to ensure that my results are not driven by short-
term fluctuations.
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2.2 Descriptive Statistics

The sample periods are 1970I-2010IV for the US, 1971I-2010IV for the UK, 1972III-
2010IV for Spain, 1970I-2010IV for Sweden, 1983II-2010IV for Portugal, 1972I-2010IV
for Norway, 1970I-2010IV for Japan, 1970I-2010IV for Italy, 1970I-2010IV for Germany,
1970I-2010IV for France, 1970I-2010IV for Canada and 1970I-2010IV for Australia.

Table 1: Time covered by country

As mentioned above, sample coverage is reduced for some countries due to unavail-
ability of some series. Vacancies are unavailable for Italy, and in France they start in
1989I. In the United Kingdom vacancies end in 2007IV, in Canada in 2003I and in
Spain they go from 1977I to 2005I.

For the analysis, data are expressed in logs (except for the unemployment rate) and
are detrended using a Hodrick-Prescott filter with smoothing parameter 105 for quar-
terly data (as in Shimer, 2005) and for annual data, using a corresponding parameter
λ = 6250.

In order to emphasize the diversity of labor markets across OECD countries, Table 2
describes the main descriptive statistics for the sample. Panel A reports the mean of the
unemployment rate, employment, GDP and hours worked across countries. Continental
European countries (Germany, France) as well as the UK present higher unemployment
rates compared to the US. But in Europe there are wide differences across Northern
and Southern countries. While Norway and Sweden present the lowest unemployment
rates of the sample of countries analyzed, except for Japan; south european countries
(Italy, Portugal and Spain), have high unemployment rates for the whole time period
selected.
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It is especially shocking the case of Spain, where the mean of its unemployment
rate (14.19%) almost doubles the rest of the countries. The standard deviation of
each variable for each country is presented in panel B, and the volatility with respect
to the US in panel C. The main conclusions we can draw from these two panels are
that unemployment is more volatile than the other variables, and, in particular, that
the US exhibits less volatility than Southern Europe in employment and employment,
but higher in unemployment. However, the opposite picture emerges when we pay
attention to GDP, which is definitely more volatile in the US than in Europe, Canada
and Australia.

Finally, panel D exhibits the first order autocorrelation for each of the variables.
Unemployment is very persistent in all countries, with a coefficient above 0.85 for al-
most every country, except for Norway, Italy and Japan. Employment, GDP and hours
worked are less persistent, and the degree of persistency relative to other countries is
usually maintained across variables. In other words, Spain presents a higher autocorre-
lation in all these variables, compared to Italy. Nevertheless, major differences are not
present across countries and all the coefficients are similar.

2.3 Correlations between labor productivity and labor input measures

Table 3 presents a correlation analysis between hourly productivity, employment (e),
unemployment (u), vacancies (v) and the labor market tightness ratio v/u for the
quarterly data of US, Spain and Germany1. Data are detrended using a Hodrick-
Prescott filter with smoothing parameter 105, and the results are not changed by using
different smoothing parameters. Labor productivity measured either as output per hour
or as output per worker is negatively correlated with unemployment in the 1970-1984
period2 in most OECD countries.

These results initially document the degree of heterogeneity present in labor markets
across countries. Especially in the U.S. the estimate (-0.45) is in line with Shimer (2005)
result for a longer period 1948-2003. However, this correlation is very weak compared to
what search models suggest. In a similar fashion, employment exhibits a weak positive
correlation with productivity, becoming even negative for some countries.

It is even more shocking that after 1984, in line to Barnichon’s finding for the U.S.,
these correlations have become even weaker and have switched sign for several countries.
Besides the U.S., Sweden, Norway, U.K. or Italy are some examples of this fact, for

1Data are in log base and the analysis for the whole database can be found in Appendix A
2The decision to choose 1984 as the end of the first time period is based on comparability of the results to those in

Barnichon (2010) and also on the break implied in McConnel & Pérez-Quiros (2000).
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both employment and unemployment. An special case to mention is Spain, where the
correlation between productivity and unemployment (employment) has traditionally
been positive (negative), and after 1984 it has increase, so that cyclical components of
both variables co-move positively (negatively). In fact, correlation between productivity
and unemployment for 1985-2007 is 0.80, with the opposite sign if employment is used.
Vacancies and labor market tightness are also negative, suggesting that the predictions
of search models in this economy will not be validated by the data. These results
are maintained when performing analysis with output per employee as a measure of
productivity, and also with annual data for OECD, as well as Latin American countries.

Table 3: Correlations using GDP per hour

Tables can be found in the appendix, but the main claim is that the Southern Eu-
ropean, as well as Latin American evidence is hard to reconcile with the predictions
of the traditional search models. Productivity and unemployment tend to move to-
gether, with an even higher positive correlation after 1984. In order to go deeper into
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these results, by comparing the cyclical components of productivity, employment and
unemployment, a clearer view arises.

In Figure 1, I present these cyclical fluctuations for Spain. The vertical lines repre-
sent CEPR recession dates.3, and it is noticeably how productivity and unemployment
move together after 1980, and specially the last 5 years of data, the magnitude of the
fluctuation is the same. Moreover, these fluctuations for productivity are, for 2000-2010,
countercyclical. While in the 2000’s Spain was experiencing a boom in its economy,
productivity exhibits a decreasing pattern, and only it starts to increase in 2007, when
the recession had already started.

These findings are again confirmed by repeating the exercise with annual data. In
particular, Latin American countries exhibit a similar pattern, that coincides with the
one found in Spain. In this same group, Portugal and Italy could be included. Labor
markets of these countries may have common features that lead to this result. How-
ever, different liberalization and regulatory processes lead to differences in labor market
institutions that cannot solely account for these facts. Some common cultural or un-
observed component could be a plausible explanation. However, this exercise requires
further research to obtain accurate conclusions.

Figure 1: Cyclical Components of Productivity, Employment and Unemployment in Spain

3These cyclical fluctuations have been plotted for several countries in this exercise and can be found in Appendix B,
also with CEPR recession dates for European countries, and NBER recession dates for the US
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3 Empirical Strategy

After finding that the correlation between productivity and unemployment ( denoted
from now on as ρ) has switched sign after 1984, it is necessary to understand what force
is driving such a change. Using a bivariate VAR for productivity and unemployment,
and imposing the long run restriction that technology shocks have a permanent effect
on productivity, I can identify which shock has an outstanding presence in each of
the economies. Previous findings by Barnichon (2010) suggest that in the U.S. positive
technology shocks that increase productivity affect unemployment in the same direction,
while demand shocks have the counteracting effect. However, the analysis of a greater
number of countries with heterogeneous labor market outcomes will draw additional
information to account for the change in ρ.

3.1 The effects of technology and non-technology shocks on productivity
and unemployment

In order to understand how the impact of different technology and non-technology
shocks affect on labor correlations, I proceed as in Galí (1999)4 and I estimate a bivariate
VAR with unemployment and productivity:

(
∆xt

ut

)
= C (L)

(
εat
εmt

)
= C(L)εt

where xt is (logged) labor productivity, ut unemployment, C(L) an invertible matrix

polynomial and εt the vector of structural orthogonal innovations, where εat denotes
technology shocks and εmt denotes non-technology shocks. A long run restriction is
imposed on technology shocks to have permanent effects on labor productivity, while
non-technology shocks have temporary effects. Hence, technology shocks are the only
shocks to have a long run effect on productivity.

So as to obtain comparable results, I repeat this exercise for both measures of pro-
ductivity (per hour and per employee), resulting in similar responses 5. Effects of
technology and non-technology shocks show how countries differ in their productivity

4I am aware of the criticisms of this approach, especially by Chari , Kehoe, and McGrattan (2008), and mine may
suffer from identical comments. In particular, a VAR with a small number of lags is a poor approximation to the model’s
VAR.

5From now on, I am going to focus my explanations in productivity as GDP per hour, as it is the way it is modeled
later, and what other authors have used, i.e. Barnichon or Shimer.
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and unemployment reaction. Figure 2 plots the impulse response functions for the US,
Spain and Germany following both a technology and a non-technology shock. It shows
that following a positive technology shock in the US , productivity initially undershoots
its long value level by 15% and then it reaches after 5 quarters its long run value.

Figure 2: Empirical impulse response functions for the U.S., Spain and Germany

On the other hand, following a technology shock, unemployment exhibits a hump-
shaped form, peaking after 3 periods and returning to its initial level two and a half years
later (10 quarters). Therefore, quantitatively, a 0.7% increase in productivity is corre-
lated with a 0.15% increase in unemployment. Second row of Figure 2 plots the effect
on productivity and unemployment following a non-technology shock. Quantitatively, a
0.5% increase in productivity is associated with a 0.3% decrease in unemployment, and
the effects are temporary and revert to their long run value. This result for the U.S. is
in line with findings by Galí and Gambetti (2009), who report a shrinking contribution
of non-technology shocks to output volatility after 1980’s, and to Barnichon (2010),
who attributes the effect to both structural changes in the early 1980s and to a decline
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on the procyclicality of productivity. Therefore, technology shocks generate positive
unemployment-productivity correlations.

In Europe these patterns do not necessarily appear. Except for some countries, such
as Sweden, in Spain and Germany, a non-technology shock has an effect on unemploy-
ment of the same sign. Following the shock, productivity initially decreases, reaches
its trough and returns to its initial level. Similarly, unemployment mimics produc-
tivity, and goes initially down. Non technology shocks in Europe result in positive
unemployment-productivity correlations.

These differences seem hard to reconcile with the initial scenario in the U.S.. Most
importantly, these result suggests that, in order to account for the increasing correlation
of productivity and unemployment over the years, technology shocks will have a higher
importance in the U.S., while demand shocks will be the driving force underlying in
Europe for changes in correlations.

3.2 A New-Keynesian Model with Unemployment

The interaction between technology and non-technology shocks is driving, up to an
important extent, the changes in correlation between productivity and unemployment
across countries. This section contains a New Keynesian model with search unemploy-
ment as in Barnichon (2010), that will be tested not only for the US, but also for the
OECD countries analysed in the previous section. Non-technology shocks are inter-
preted as aggregate demand or, more concretely, as monetary shocks6and technology
shocks are orthogonal to monetary shocks . The economy is characterized by three
agents: households, firms and a monetary authority, and relies on three important
pillars: sticky prices, search unemployment, and variable effort and labor hours.

3.2.1 Households

The economy is characterized by the existence of a continuum of households of measure
one. Families make decisions on consumption and money holdings in order to maximize
their expected lifetime utility, as in Merz (1995) and Andolfatto (1996). There are nt

employed workers who receive the wage payment wit from firm i for providing hours
hit and effort per hour eit, and 1− nt unemployed workers who receive unemployment
benefits bt. The individual disutility from working is g(hit, eit).

The representative family maximizes:
6This is claimed by Barnichon (2010) to be a parsimonious and tractable way of introducing demand shocks. He

shows that monetary policy shocks display a similar volatility drop to the one experienced by non-technology shocks in
the mid-1980‘s.
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Eo

∞∑

t=0

βt

[
ln (Ct) + λmln

(
Mt

Pt

)
− nt

ˆ 1

0

g(hit, eit)di

]

subject to

ˆ 1

0

PjtCjtdj +Mt =

ˆ 1

0

ntwitdi+ (1− nt)bt + Πt +Mt−1

with λm is a positive constant, Mt nominal money holdings, Πt total transfers to the
family, Ct a composite consumption good index, and Pt the aggregate price level.

Barnichon (2010) imposes on the consumption good index the following structure Ct =(
´ 1

0 C(ε−1)/ε
it di

)ε/ε−1

, where Cit is the consumption of good i in period t. Similarly,

the aggregate price level is Pt =
(
´ 1

0 P 1−ε
it di

)1/1−ε

. Finally, the functional form of

the disutility of working is as in Bils and Cho (1994) g(hit, eit) =
(

λh
1+σh

)
h1+σh
it +

hit

(
λe

1+σe

)
e1+σe
it . λe, λh are positive constants to be calibrated. The (inverse) of worker

per hour elasticity is given by σh, and σe is the elasticity with respect to effort. An
infinite value for σe generates an inelastic response of effort.

3.2.2 Firms

In this economy, a monopolistically competitive firm which uses labor as an input
produces each variety of a good. Therefore, there exists a continuum of firms distributed
on the unit interval. In period t, each firm i hires nit workers to produce output yit =

AtnitLα
it. At is an aggregate technology index, Lit is the labor supply, and 0 < α < 1.

Labor supply is a function of hours and effort with Lit = hiteit.

As each firm is a monopolist in the production of each good, it faces a downward
sloping demand yit =

(
Pit
Pt

)−ε

Yt, and they choose prices Pit, to maximize profits taking
into account aggregate price level Pt and aggregate output Yt. We assume that there
are sticky prices (as in Calvo (1983)), so firms cannot adjust prices immediately in
response to shocks.

The labor market is modeled as in a search and matching framework (Mortensen and
Pissarides (1994)), where unemployed workers search for jobs and firms post vacancies
at cost ct. The measure of successful matches in a period is given by the usual matching
function with a Cobb-Douglas form mt = m0u

η
t v

1−η
t . η represents the elasticity of the

matching function with respect to unemployment, m0 is a positive constant, ut the level
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of unemployment in the economy and vt the level of vacancies posted by all the firms. We
can also define θt =

vt
ut

as the labor market tightness, q (θt) = mt/vt the probability of a
vacancy being filled in the next period, and λ is the job separation rate in the economy.
Finally, the law of motion of employment is given by nit+1 = (1− λ)nit + q(θt)vit.

3.2.3 Monetary authority

This economy is modeled to be non-stationary, with zero inflation in “steady-state” and
money supply that evolves according to Mt = Ātemt. The monetary rule is implied in
terms of money growth ∆mt = ρm∆mt−1 + εmt + τ cbεat with autocorrelation parameter
ρm ∈ [0, 1] and εmt is interpreted as an aggregate demand shock, and εat as a technology
shock. As in Gali (1999), if τ cb #= 0, the Central Bank responds in a systematic fashion
to technology shocks.

The technology index series is non stationary with a unit root, this is, technology
shocks have a permanent effect on productivity. This is consistent with the long run
restriction imposed in subsection 3.1 on the VAR for persistence of technology shocks.
The evolution of technology is denoted by At = Āteat with deterministic component
Āt = (1 + ga)Āt−1, and stochastic component at = at−1 + εat with εat ∼ N(0, σa).

3.2.4 Closing the model

Assuming that firms and individuals are homogeneous, we can average the firms’ em-
ployment and define the law of motion for total employment as nt+1 = (1−λ)nt+vtq (θt),
with the labor force normalized to 1, so that ut = 1−nt. In this non-stationary economy,
vacancy posting costs as well as unemployment benefits grow in line with technology,
then ct = cAt and bt = bAt. Finally, in equilibrium Ct = Yt as vacancy posting costs
are distributed to the aggregate households (Krause and Lubik, 2007).

3.3 Equilibrium conditions

As the details of the solution of this model can be found in Barnichon (2010), I just will
summarize the first order conditions as well as define the (non-stationary) equilibrium
for this economy.

Household first order conditions

The first order condition for consumption is the usual Euler equation

1

Ct
= βEt(1 + it)

Pt

Pt+1

1

Ct+1
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and for money holdings takes the following form

Mt

Pt
=

1

Ct

it
1 + it

Firms’ maximization

Firm i will choose a sequence of prices {Pit} and vacancies {vit}, given the aggregate
price level, in order to maximize the expected present discounted value of future profits,
subject to the demand constraint, the Calvo price setting condition, the law of motion
of employment and the hours/effort choice.

Et

∑

j

βj u
′(Ct+j)

u′(Ct)

[
Pi,t+j

Pt+j
ydi,t+j − ni,t+jwi,t+j − ct+jvi,t+j

]

subject to





ydit =
(

Pi,t

Pt

)−ε

Yt

yit = yoAtnith
ϕ
it

nit+1 = (1− λ)nit + q(θt)vit

wit = γctθt + (1− γ)bt + (1− γ)κ h
1+σh
it
λt

Vacancy posting condition

The optimal vacancy posting condition is

ct
q(θt)

= Etβt+1

[
χit+1 +

ct+1

q(θt+1)
(1− λ)

]

where the shadow value of a marginal worker is given by

χit = −γ
c

λt
θt − (1− γ)

b

λt
+ (1− γ)

(
1 + σh

ϕ
− 1

)
κh1+σh

it Yt

Hours per worker is the mechanism driving the incentives of the firms to post more
vacancies. When ϕ < 1+σh, the more hours, the larger will be the reduction in the bill
for hiring an extra worker7. Following a demand shock, hours grow to satisfy demand,

7With ϕ > 1, the production functions exhibits short run increasing returns to hours. This condition is imposed to
generate procyclical response of productivity to aggregate demand shocks.
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leading to an increase in the marginal value of a worker. Firms will post more vacancies
and employment will grow.

Calvo price setting condition

A firm i resetting its price at t will satisfy

Et

∞∑

j=0

νjβj

[
P ∗
it

Pt+j
− µsit+j

]
Yt+jP

ε
t+j = 0

where the optimal mark-up is µ = ε
ε−1 and the firm’s marginal cost is sit8.

Non-Stationary Equilibrium

The economy is described by the following system of equations and 5 unknowns
θ∗, y∗, h∗, e∗and n∗:

y∗ = y0n
∗h∗ϕ (1)

e∗ = e0(h
∗)

σh
1+σe (2)

βχ∗ =
c

q(θ∗)
(1− β(1− λ)) (3)

χ∗ = −γcθ∗ − (1− γ)b+ (1− γ)

(
1 + σh

ϕ
− 1

)
κh∗1+σhy∗ (4)

1 = µ
1 + σh

ϕ
(1− γ)κh∗1+σh−ϕy∗ (5)

n∗ =
θ∗q(θ∗)

λ+ θ∗q(θ∗)
(6)

where y0,e0 and κ are positive constants9.
Variables have been rescaled with technology index At and are denoted by lower-case

letters.
8By log-linearizing the Calvo price setting condition, I obtain a standard New-Keynesian Phillips Curve.

9y0 = eα0 , e0 =
(

1+σe
σe

λh
λe

) 1
1+σe and κ =

λ
h

1+σh+σe
(1+σh)σe

1− γ
ρ (1+σh)
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4 Confronting the Model with the Data

The impulse response functions from the VAR lead to the evidence that technology
shocks could account for the increase in correlation between productivity and unem-
ployment in the U.S., while in European countries demand shocks were those producing
positive comovements of both variables. In order to see to what extent the model I have
presented can account for these different outcomes across OECD countries, I need to
calibrate it with parameters characterizing each labor market. By simulating data with
the model, its empirical performance can be assessed and I can test whether the preva-
lence of each of the shocks for each economy can quantitatively account for the change
in ρ over time.

4.1 Calibration and impulse responses

I have calibrated the model for 7 countries: the US, the UK, Spain, Sweden, Norway,
Germany and Japan, which essentially capture the heterogeneity of the different cor-
relations from Section 2. Initially, I have calibrated the US as in Barnichon (2010), to
obtain a reliable comparison of the results, taking into account the time period cov-
ered here differs from his. After completing this exercise, I have simulated 40 years of
data for this economy, and compared the response of productivity and unemployment
following technology and demand shocks with the responses in the VAR.

I have proceed in a similar fashion for the rest of the economies, and I have analyzed
the implications of these results for the success of the model and its capacity to match
the data.

4.1.1 Solving the model for the U.S.

The calibration choice for the U.S. is solely based on Barnichon (2010), although some
changes have been made in order to satisfy certain properties of the model and empirical
studies. As in Kydland and Prescott (1982), the quarterly discount factor β is set to
0.99, and returns to labor parameter α is 0.64. Assuming that the markup of prices
over marginal costs is 10%, this leads to a parameter ε = 11. Firms reset prices every
2 quarters, so the price adjustment cost parameter ν = 100 is set to match the Phillips
Curve coefficient δ = 0.10. The growth rates of technology and money supply are set to
be 0.5% each quarter (2% annually). The autocorrelation parameter of money growth
is ρm = 0.5 (in order to match the autocorrelations of M1 and M2 in the U.S. and
Europe). The matching function elasticity is η = 0.4 as in Blanchard and Diamond
(1989) and I also set η = γ in order to satisfy Hosios’ Condition, although other studies
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suggest this value is very low and should be around 0.7 (Justiniano and Michelacci,
2011). A firm fills a vacancy with quarter by probability q(θ) = 0.6, and as in Shimer
(2005), the job finding probability is θq(θ) = 0.6. The separation rate is set to λ = 0.10,
also as in Shimer (2005), so the jobs last for 2.5 years on average. I have chosen an
hours per worker elasticity of 0.31 (σh = 3.2), so as to obtain ϕ > 1, as in Bils and Cho
(1994) and in the range of Basu and Kimball (1997).

Finally, Barnichon (2010) sets hiring costs equal to 1% of GDP, and the degree of
accommodation of monetary policy to technology shocks τ cb = −0.4. The decision to do
this is based on the fact that, as explained in Galí and Rabanal (2004), the policymaker
has difficulties in observing potential output, so technology shocks suffer the risk of
being misinterpreted. In such a case, the Central Bank implements a contractionary
policy, resulting in the negative sign present in this calibration.

Table 4: Benchmark calibration parameters for the U.S.

In Figure 3, I present the impulse response functions following a technology and a
non-technology shock for the U.S. and I compare it with the response of a shock that
increases productivity by 1%, previously obtained from the VAR. Except for deviations
in the response of unemployment following a non-technology shock (it takes longer to
reach the trough), the model is quite successful in replicating the responses of the data
conditional on each shock.

In particular, following a technology shock, initially demand does not increase as
much as productivity because prices are sticky in the short run. Besides, the Central
Bank does not accommodate the shock. In order to satisfy demand, firms rely in the
intensive margin because they cannot fire workers, and they reduce hours and effort.

18



The value of a marginal worker goes down, and so does the value of posting a vacancy.
Firms post less vacancies, and progressively unemployment increases. Productivity
undershoots its long run level due to the existence of increasing returns to hours.

On the other hand, the effects of an aggregate demand shock (monetary shock) are
the following. Firms need to increase labor to satisfy demand. However in the short-
run, labor is subject to hiring frictions, so firms initially increase effort and hours. By
doing this, the value of a marginal worker goes up, and firms post more vacancies.
This leads to a reduction of unemployment in the economy. As productivity and prices
adjust to the new equilibrium, unemployment also returns to its long run level.

Figure 3: Impulse response functions: Empirical and Model

4.1.2 Empirical response of the model in OECD countries

The interest now relies on testing whether the model can account for the considerable
level of heterogeneity in labor markets across OECD countries. The model may do well
in matching the evidence in U.S., but its capacity to explain other economies might be
limited. For that reason, I calibrate the model again for different countries10, allowing

10Calibration for the US is from Barnichon (2010), the UK, Sweden, Norway and Germany are calibrated following
Justiniano and Michelacci (2011), Spain on Sala and Silva (2005) and Japan on Miyamoto (2009).

19



for variations in labor market parameters, leaving everything else unchanged. A relation
of the different parameters can be found in Table 5. Except for Sweden, the model is not
able to replicate accurately the empirical evidence11. The impulse response functions
of the model exhibit large deviations from the data. However, this is not unexpected.
From the analysis of the VAR it was already pointed out that following a demand
shock, U.S., Germany and Spain behaved in different ways with respect to the response
in unemployment.

Table 5: Cross-country labor-market parameters

While following a demand shock that increased productivity in all countries, in the
U.S. unemployment decreased, in Germany and Spain unemployment also increased as
productivity. These differences cannot only be achieved by calibration, as there must
be an underlying element not included in the model (some kind of adjustment costs)
that is driving the positive comovement of productivity and unemployment in Europe.

Table 6: Correlations using GDP per hour for the model and data in different OECD countries

11Impulse response functions for relevant economies are in Appendix B
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Nevertheless, there are still other features of the model that can be tested. The
initial reason for developing such a model was to see if it could replicate the change
in correlations experienced by countries after 1980’s, and make an improvement in the
prediction of traditional search models. In order to study the sign of the correlation
between productivity and unemployment, I simulate 40 years of data with the model
calibrated for each of the economies. For precision, I calculated the correlation between
productivity and unemployment over 5000 simulations of the data. I present the results
of this exercise in Table 6, comparing them with the correlations from Section 2. The
last row, which presents the change explained by the model is calculated in the following
way: in the U.S., correlation increases 0.52 and 0.21 in data and model respectively.
Hence, the variation in the correlation in the model accounts for 56% of the increase in
correlation in data for the same period. Moreover, in the data simulated for Sweden,
correlation increases 0.24, almost a 60% of the total change in correlation. On the
other hand, for Germany and Spain the model fails to replicate again the empirical
evidence. While in Spain the absolute increase in correlation is high, it does not succeed
in achieving the highly positive correlation between productivity and unemployment.
And as for Germany, it overestimates the magnitude of the change, which was quite
small.

Finally I compare the standard deviation of employment 12 and the autocorrelation
generated by the model with those values obtained from the data. Once again, the
model matches pretty well the volatility of employment and its autocorrelation in the
U.S., and also in Germany. Autocorrelation estimates from the model are remarkably
close to those in data, but the model fails to replicate the volatility of labor outcome
measures in Europe. As it is shown in Table 7, in Spain and Sweden, the standard
deviation of employment is much lower in the model than in data.

Table 7: Summary statistics of employment for countries and model data 1973-2007

12I have chosen to use employment in t+1 because it is a predetermined variable in the solution of the system of
equations of the model. However, unemployment, which is a state variable, could be obtained using the fact that labor
force is normalized to 1 and results are not affected by these measures. In fact, the correlations are very similar (this is
change is just a vertical translation).

21



All these results confirm that the heterogeneity of labor markets across OECD coun-
tries is responsible for the different correlations observed between productivity of un-
employment. The relative size of technology shocks versus aggregate demand shocks in
these economies accounts for the changes in correlation observed after 1984. On the one
hand, in the U.S. (and possibly Sweden) an increase in the size of technology shocks
relative to demand shocks, is able to produce joint fluctuations of the cyclical com-
ponents of productivity and unemployment. In Europe we find the opposite picture:
demand shocks have gained relatively more importance after 1984, given that following
a non-technology shock that increases productivity, the effect on unemployment is also
positive. This could potentially explain the differences in correlations across countries.

Figure 4: Empirical impulse response functions for the U.S., Spain and Germany after 1984

By further examining the differences between the U.S. and Europe, the impulse re-
sponse functions of the former after 1984 draw an interesting fact. In Figure 4, following
a positive technology shock, now the effect on unemployment is ambiguous, it initially
decreases, but after 10 quarters it returns to its initial level and increases again. But
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more interestingly, the impulse response of productivity and unemployment following
a non-technology shock is more similar to Spain and Germany, compared to the whole
sample period. The cyclical response of productivity has diminished significantly, and
therefore, this also leads to an increase in the conditional unemployment-productivity
correlation.

Some authors13 have examined a reduction in the response of labor productivity, and
the explanation of this finding could go in their direction. However, further research
would be needed in this area, that is beyond the scope of this thesis. However, a simple
analysis for the model, in which effort is completely removed from it (calibrating it to
be zero), reveals that the matching of the model for Europe, although still large from
perfect, shows an improvement. In this case, workers could only change hours after the
occurrence of a shock, so productivity does not increase or decrease as much as in the
case with effort. This solution will (partially) conciliate the evidence that in countries
such as Spain, U.K. or Germany, unemployment and productivity move together in
response to a non-technology shock, and will better replicate the correlations observed
in data.

5 Conclusions

In this master thesis I have exploited the departure of the evidence in correlations
between productivity and unemployment from traditional search and matching models.
By constructing a data set with quarterly data from the OECD and annual data from
the Total Economy database, compiled by the Conference Board, I have performed
an analysis of the correlations in the cyclical components of productivity, employment
and unemployment in different OECD countries, as well as Latin American countries.
The results indicate that the negative correlation predicted by Mortensen and Pissarides
between productivity and unemployment is not that strong, and that it has even become
positive after 1984. Especially, in Southern Europe and Latin countries, this correlation
has been positive before the 1980’s.

In order to evaluate the sources of changes of correlations over time and the het-
erogeneity in labor markets over countries, I have first estimated the impulse response
functions of a bivariate VAR with productivity and unemployment. The results that
arise from this analysis show that in the U.S., following a positive technology shock that
has a permanent effect on productivity, unemployment rises temporarily and moves in

13Galí and Gambetti (2009) report an smooth and progressive decline in the procyclicality of productivity starting in
1970s. Barnichon (2010) attributes these effects to two structural changes: Central Banks became more accommodating
technology shocks after 1984, and also to the decline of procyclicality of productivity.
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the same direction as productivity. However, a non-technology shock with also a posi-
tive effect on productivity, although temporary, will decrease unemployment. Therefore
an increase in the correlation between productivity and unemployment can be explained
by the increase in the relative size of technology over demand shocks in the US. Nev-
ertheless, the picture that emerges in Europe is the opposite. Non-technology shocks
produce shifts in labor productivity in the same direction as unemployment. In these
economies, the change in correlation between these two variables lies in the increased
importance of demand shocks over technology ones.

As an explanation to these facts, I present a New Keynesian model as in Barnichon
(2010) with three important elements: sticky prices, variable hours and effort, and
search frictions. I have calibrated this model for several OECD countries, and I present
the matching of the model and the data for these economies. While the model is
able to replicate quite accurately the impulse response from the data in the US, its
empirical ability to match the evidence in Europe is limited. By simulating 40 years
of data, I can account for more than 50% of the change in correlation in the US and
Sweden, but in Germany or Spain it is again away from the evidence. The model
replicates the prediction of the data, and the most important findings are that while
technology shocks have an increasing importance in the US given that they generate the
positive correlation between productivity and unemployment, while in those European
countries that experienced a change in correlations, demand shocks play the biggest role.
These results impose a constraint in business cycle theories, which claim that cyclical
fluctuations of variables are a recurrent event with many similarities over time and
across countries. In spite of this, these findings suggest that heterogeneity is remarkably
important across countries that the evidence from business cycle and search models
cannot be conciliated anymore.

Future lines of research arise when examining the picture in the US after 1984, as
it seems that the response of productivity following a non-technology shock has fallen
significantly. Some authors, as Galí and Rabanal (1994) have pointed out this fact,
and Barnichon (2010) claims that the reduction in the procyclicality of productivity is
due to a moderation in the volatility of employment with respect to the volatility of
hours per worker, but an increase in the volatility with respect to output since 1984.
He also suggests that structural changes have occurred in the labor market in the last
two decades, such as a reduction in hiring frictions and more elastic hours per worker.

Moreover, this model is based on sticky prices and variable effort to generate a re-
duction in employment following an increase in productivity. Several modifications to
this model may be introduced in order to better conciliate the evidence with Europe.
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Shimer (2005) proposes including a higher wage rigidity into the model, as in Burdett
and Mortensen (1998). As firms have incentives to increase wages, and attract better
workers away from competitors, the link between productivity and v-u ratio is broken
and this may affect wages and employment in equilibrium. Also introducing flexible
prices would be interesting, and see how unemployment-productivity correlation is af-
fected if we rule sticky prices out of the model. López-Salido and Michelacci (2007)
also provide an explanation, where the introduction of new technologies leads to an
Schumpeterian creative destruction, and obsolete technologies may disappear, leading
to a temporary increase in unemployment.

Finally, the positive correlation between productivity and unemployment over the
whole sample period in Southern Europe and Latin America, but especially in Spain,
establishes a future goal for research. The boost of sectors that employed low-skilled
workers, such as construction, followed by the Great Recession in 2007 may have had
a role in the correlation in these economies, where productivity fluctuations exhibit
a countercyclical pattern that mimics the cycles of unemployment. However, a com-
mon underlying pattern prevails labor markets in these economies and obtaining an
explanation for this phenomenon is in the future research agenda.
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Appendix A: Tables

Table A1: Quarterly correlations using GDP per hour worked
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Table A2: Quarterly correlations using GDP per employee
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Table A3: Quarterly correlations using GDP per employee (Cont.)
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Table A4: Correlations using GDP per hour worked (Anual)
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Table A5: Correlations using GDP per hour worked (Anual) (Cont.)

Table A6: Summary Statistics of employment for countries and model data 1973-2007
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Appendix B: Figures

Figure B1: Cyclical Components of Productivity, Employment and Unemployment in U.S. and U.K.

Figure B2: Cyclical Components of Productivity, Employment and Unemployment in Spain and Italy
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Figure B3: Cyclical Components of Productivity, Employment and Unemployment in Norway and
Sweden

Figure B4: Cyclical Components of Productivity, Employment and Unemployment in Germany
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Figure B5: Cyclical Components of Productivity, Employment in Latin Countries
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Figure B6: Empirical impulse Response functions for U.K.

Figure B7: Empirical impulse Response functions for Sweden
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Figure B8: Empirical impulse Response functions for Norway

Figure B9: Empirical impulse Response functions for Japan
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Figure B10: Impulse Response Functions Sweden: Data and Model

Figure B11: Impulse Response Functions Spain: Data and Model
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