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Abstract

The European Community and the US have experienced vastly di¤erent un-
employment dynamics over the last two decades. This paper investigates
whether these di¤erences are due to exposure to di¤erent shocks or react-
ing di¤erently to the same shocks. With the premise of a search theoretic
framework and a structural VAR methodology, the paper robustly identi-
…es aggregate versus reallocative shocks. With the exception of Spain where
most of the dynamics seems to be driven by reallocation, it is found that
most di¤erences in unemployment dynamics arise because of di¤erences in
responses to shocks. In particular the US Labour market is quicker to adjust
than the European Community. This implies that EEC economies might be
dynamically ’sclerotic’, even if the size of the steady state labour market ‡ows
give the impression that European Labour markets are quite active. Vari-
ous identifying assumptions, additional labour supply shocks and di¤erent
variables are used so that the results seem to be robust.



1 Introduction

Over the last two decades unemployment has increased dramatically within

the European Community (EC). It started at less than 3% of the workforce

before the …rst oil price shock, peaked at 11% in 1985 and is now around 10%.

This phenomenon was not seemingly replicated in the US. The US has also

experienced a rise in unemployment over some of this period, but nowhere

near as marked as that for the EC. Many theories have been produced to

explain the di¤erences in the time path of unemployment between the two

sides of the Atlantic. These huge di¤erences in the dynamics of unemploy-

ment, however, remain a major puzzle for macroeconomists (see i.e. Bean

1994) where “many suspects have been identi…ed, none has been convicted”

(Blanchard and Katz 1996).

Standard macroeconomic theory represents the equilibrium dynamics of

an economic variable, as the joint outcome of exogenous structural shocks

and a transmission mechanism that allows for these shocks to propagate in

the economic system. Equilibrium unemployment has had a very di¤erent

time path in the European Community and the US. This paper questions

whether these di¤erences are due to exposure to either di¤erent shocks, or

reacting di¤erently to the same shocks or both.

The structural VAR (SVAR) methodology, pioneered among others by

Bernanke (1986) and Blanchard and Quah (1989), seems well suited to the

above question. In fact, if a structural VAR (SVAR) is estimated, the impulse

response functions represent how shocks propagate in the economic system,

while the variance decompositions weight the contribution of each shock in

the forecasting error of the relevant variables. For the exercise to be mean-

ingful, however, the shocks must have a robust economic interpretation: that

is the call for a theoretical framework. We choose a search theoretic one (see

i.e. Pissarides 1990) and we use ‡ow data, from and into unemployment (see

Burda and Wyplosz 1994), to identify aggregate versus reallocative shocks.

An aggregate shock a¤ects the average pro…tability of jobs: a positive shock

will increase the pro…tability of jobs and thus increase the incentive to cre-
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ate new ones. At the same time, the shock reduces the incentive to destroy

the old ones, so that in‡ows into and from the unemployment pool, tend

to move in opposite directions. A reallocative shock on the other hand, af-

fects the dispersion of productivities across jobs. For example, a positive

reallocative shock will increase, for a given average productivity, productiv-

ity in some …rms and will reduce it in others. More jobs will be created in

high productivity sectors. At the same time, more jobs will be destroyed

in low productivity ones, so that the unemployment ‡ows tend to move in

the same direction. We start from a two variable SVAR speci…cation and

then augment it by introducing additional labour force shocks, identi…ed as

a skill unbiased and a skill biased component. We think of the former, as a

shock that in the long run is neutral on the level of the unemployment rate

and of the latter as a shock that, for given size of the labour force, a¤ects

unemployment ‡ows in the same way as a reallocative shock.

A related exercise was carried out by Blanchard and Diamond (1989,

1990). They estimated a three variable SVAR with unemployment, vacan-

cies and the labour force. Their experiment was carried out for the US only.

They found that, except at long durations, reallocative and labour force

shocks contributed little to the ‡uctuations in the unemployment or vacancy

rate. This paper di¤ers in three respects. Firstly we make use of ‡ow as well

as stock data. In fact, Hosios (1991), Mortensen and Pissarides (1994) and

Caballero and Hammour (1994) argue for the need to look at labour mar-

ket ‡ows to properly identify reallocative versus aggregate shocks. Once the

job destruction rate is endogenized it is no longer possible to properly iden-

tify these shocks by looking at movements in unemployment and vacancies

alone (see Hosios 1991). Secondly, the analysis is cross-country. We esti-

mate SVARS for the US, the UK, Germany, France and Spain for the period

1972-1990 so that the main purpose of the paper is to compare across coun-

tries. Lastly, we extensively check for robustness using di¤erent structural

restrictions, and di¤erent variables in our VAR speci…cation.

The main results of the paper can be summarized as follows:
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² European economies seem to respond slower to the same shock, when

compared with the US. This implies that EEC economies might be dy-

namically “sclerotic” even if the size of the steady state labour market

‡ows might give the impression of the European labour market be-

ing quite active (see Burda and Wyplosz 1994, OECD, 1994a, 1994b,

Garibaldi et al., 1996, Alogoskou…s et al. 1995 and Bertola and Roger-

son 1996).

² Di¤erent economies seem to be subject to the same structural shocks,

mainly aggregate ones, with the only exception being Spain where real-

locative shocks are predominant. This might be caused by the need of

reallocating workers from the agriculture to the manufacturing sectors

after the Franco’s reign, see Marimon and Zilibotti (1996) and Dolado

and Jimeno (1997). Moreover, reallocative shocks account for less in US

compared to Europe. A possible explanation is that the US economy

is more ‡exible and therefore it reallocates the labour force across jobs

and sectors without causing unemployment so that the contribution of

reallocative shocks in forecasting unemployment is low.

² Skill unbiased labour force shocks do not appear to have much in‡u-

ence for any of the countries considered, so that most structural shocks

exhibit permanent e¤ects on the level of the unemployment rate, see

Blanchard and Summers (1986).

² For all countries in the sample, the reallocative component can be split

into a labour side skill biased component and a …rm side reallocative

component. This implies that skill biased technological progress (see

Katz and Murphy 1992 and Juhn et al. 1993) might explain some of

the unemployment problems of OECD economies.

Section II introduces aggregate and reallocative shocks in a search theo-

retic framework, and section III summarises the SVAR methodology. Section

IV documents the data. Section V reports the results for the two variable
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SVAR under di¤erent speci…cations. Section VI extends the analysis, by in-

troducing labour force shocks into the model and considering both a three

and four variable SVAR . Section VII summarises the results and considers

the implications.

2 A Search Theoretic Framework

In this section we sketch a model of the labour market with search frictions.

We use the model to derive the implications of aggregate and reallocative

shocks for the dynamics of labour market ‡ows. The analysis draws on

Pissarides (1990) and Mortensen and Pissarides (1994).

2.1 The theoretical Set-up

In the labor market there are …rms and there are workers. We assume they

are both risk-neutral and maximize expected returns in output units, dis-

counted at rate r > 0. Each …rm has one job that can be in one of two

states, …lled and producing or vacant and searching. Jobs that are not ac-

tively producing or searching for a match are destroyed. Similarly, workers

can be either unemployed and searching or employed and producing. As

in Jovanovic (1979, 1984) we keep the simplifying assumption of equating

wages to marginal product. This implies, as Jovanovic does, that if h is

the exogenous amount of output value that the worker is able to earn once

unemployed, his wage w once employed will also be equal to h1:

Each job is characterized by a …xed irreversible technology and produces

a quantity of goods equal to P + ¾¶: P and ¾ are common to all jobs. ¶ is

job speci…c and represents an idiosyncratic component of productivity. P is

1In the search literature wages are usually chosen so as to share at all times the surplus
from a job match in …xed proportion, usually via a Nash bargain, see for example Pissarides
(1990). We do not pursue this line of research here to save notation and space. The
identifying assumption of aggregate versus reallocative shocks does not depend on this
simplifying assumption.
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an aggregate component of productivity that does not a¤ect the dispersion

of productivity. A change in P a¤ects in a similar way the pro…tability of

all jobs and it is thus called an aggregate shock. The parameter ¾ re‡ects

dispersion, an increase in ¾ representing a symmetric mean preserving spread

in the job-speci…c shock distribution or equivalently, an increase in the cross

sectional variance of the productivity of jobs. A change in ¾ is a reallocative

shock. For example, an increase in ¾ corresponds to a positive reallocative

shock: productivity in some …rms raises while it is reduced in others.

The process that changes the idiosyncratic component of productivity is

assumed to be a Poisson process with rate of arrival ¹:When there is change,

the new value of ¶ is a drawing from the …xed distribution G (¢) which has

…nite upper support ¹¶; no mass points, zero mean and unit variance. ¾ is

therefore the standard deviation of the idiosyncratic component of produc-

tivity ¾¶:

As in Mortensen and Pissarides (1994), …rms create jobs that have pro-

ductivity equal to the upper support of the distribution of productivities

P + ¾¹¶: Once a job is created, however, the …rm has no choice over its pro-

ductivity. Thus job productivity is a stochastic process, with initial condition

the upper support of the distribution and terminal state the reservation pro-

ductivity R that leads to job destruction. In fact, existing …lled jobs are

destroyed only if idiosyncratic component of their productivity falls below

some critical number R < ¹¶: Therefore, the rate at which existing jobs are

destroyed is ¹G (R) :

As workers are heterogeneous and …rms are posting vacancies to operate

speci…c jobs, matching a worker with a vacancy is costly and requires time.

Because of this, the model is usually closed through a useful tool: the match-

ing function2, that is a stable, concave, homogenous-of-degree-one aggregate

2See Jackman, Layard and Pissarides (1986), Pissarides (1986), Blanchard and Dia-
mond (1989,1990) and Burda and Wyplosz (1994) for empirical evidence on the existence
of stable aggregate matching functions. Caballero and Hammour (1990, 1996) show how
a matching function is not required to close the model, as a search theoretic framework
just asks for some mechanism that makes it progressively less pro…table to post vacancies
at a given level of unemployment. In their set up, creation costs provide this.
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relation, H = m(U; V ); linking the unemployment pool U and the stock of va-

cancies, V; with the number of new hirings H. The matching function allows

one to represent two key characteristics of the labour market: the fact that

workers and …rms are heterogeneous so that search is costly and time consum-

ing; and the fact that di¤erent …rms might compete for the same workers.

The transition rate for vacancies is q (µ) = m(U;V )
V

= m(U
V
; 1) = m(1

µ
; 1);

where µ = V
U
; while the rate at which unemployed seekers meet vacancies is

p (µ) = m(U;V )
U

= m(1; µ).

2.2 The Formal Model

The assumption that vacancies cost Â per unit of time and that jobs are cre-

ated at the upper support of the distribution of the productivity distribution

imply that

rV = ¡Â+ q(µ) [J(¹¶)¡ V ]

where V and J(¶) are respectively the asset values of a vacancy and of a

…lled job with idiosyncratic component ¶: As in Pissarides (1990) and Burda

and Wyplosz (1994) jobs are created until the exhaustion of all rents. This

implies the value of posting a vacancy must reach zero, so that the following

free entry condition holds:
Â

q(µ)
= J(¹¶) (FE)

Since …rms have the option of closing jobs at no cost, a …lled job continues

in operation for as long as it is pro…table. Hence, …lled jobs are destroyed

when a productivity shock y arrives that makes J(y) negative. Given the

Jovanovic assumption that workers are paid their marginal product h; for

any realization ¶; J(¶) solves the Belman equation

(r + ¹)J(¶) = P + ¾¶¡ h+ ¹
Z ¹¶

¡1
max [J(y); 0] dG (y) : (1)

Since J(¶) is monotonically increasing in ¶; there is a unique reservation

productivity R that solves J(R) = 0 such that jobs that get a shock ¶ < R

6



are destroyed. The condition J(R) = 0 and the fact that J 0(y) = ¾
r+¹

, implies

after integration by parts that R solves

P + ¾R = h¡ ¾¹

r + ¹

Z ¹¶

R
[1¡G (y)] dy (DE)

so that 8¶ > R
J(¶) = ¾

(¶ ¡R)
¹+ r

(2)

while J(¶) = 0 if ¶ � R: Equation (FE) together with (DE) given the

constraint imposed by either (1) or (2) completely solves the model in the

two endogenous variables, µ and R: Given equation (FE), µ re‡ects market

pro…tability: the bigger the pro…tability of a job the bigger the incentive to

enter the market and the higher is µ. R is a reservation productivity and

re‡ects the option of …rms to keep operating: the bigger the value of the

option, the lower the value of R:

Let us indicate respectively with Et and Ut, the number of employed and

unemployed workers. We then obtain that the in‡ow into unemployment, in;

and the out‡ow from unemployment, out; are equal to

in = ¹G (R)Et (3)

out = p (µ)Ut: (4)

¹G (R) is the in‡ow rate into unemployment. It is increasing in R: the

higher the reservation productivity R, the bigger the fraction of …rms that

are destroyed. P (µ) is the out‡ow rate from unemployment. It is increasing

in µ: the bigger the value of µ; the higher the probability of exiting from the

unemployment pool.

In this framework, it is possible to think of shocks a¤ecting either …rms

or the labour force. In this section we focus on shocks of the …rst kind, while

we analyze shocks of the second kind in section VI.

An aggregate shock a¤ects in a similar way the pro…tability of all jobs

both the operating and non operating ones, this is equivalent to a change in
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P . Di¤erentiating (FE) and (DE) with respect to P it can be seen that

dR

dP
= ¡ ¾¡1

1¡ ¹
r+¹

[1¡G (R)] < 0

dµ

dP
=

[q(µ)]2

q0(µ)Â (¹ + r)

dR

dP
> 0

as it follows from the fact that q0(µ) < 0: As a result, a positive aggregate

shock that increases the pro…tability of jobs increases the incentive to create

new ones and thus p(µ) rises. At the same time, the shock reduces the

incentive to destroy the old ones , thus ¹G (R) falls. This implies that,

for given dynamics of the labour force, in‡ows into the unemployment pool

would fall while the out‡ow would rise.

A positive reallocative shock will increase, for a given average produc-

tivity, productivity in some …rms and will reduce it in others. Intuitively, a

positive reallocative shock increases the cross sectional variance of the pro-

ductivity of jobs and it is equivalent to an increase in ¾: Di¤erentiating (1)

with respect to ¾ we obtain

dJ(¶)

d¾
=

¶

r + ¹
+ ¹

Z ¹¶

R

dJ(y)

d¾
dG (y)

=
¶

r + ¹
+

¹

(r + ¹) [r + ¹G(R)]

Z ¹¶

R
y dG (y)

that is positive for any ¶ greater than zero as
R¹¶
¡1 y dG (y) = 0 by assumption.

Therefore equations (FE) and (DE) imply that

dR

d¾
=

(P ¡ h) ¾¡2
1¡ ¹

r+¹
[1¡G (R)] > 0

dµ

d¾
= ¡ [q(µ)]

2

q0(µ)Â

dJ(¹¶)

d¾
> 0

In other words, an increase in ¾ leads to an increase in µ which will have a

positive a¤ect on p(µ). More jobs will be created in the high productivity

sectors. At the same time more jobs will be destroyed in the low productivity

ones, as R increases and thus ¹G (R) rises. In‡ows into and out‡ows from the
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unemployment pool will simultaneously rise so that, ceteris paribus, worker

‡ows should move in the same direction3. We use this result to identify

an aggregate versus a reallocative shock in the context of structural VAR

methodology.

One …nal point worth mentioning, is the distinction between worker, job

and unemployment ‡ows. In the model analysed above, they coincide ex-

actly. This is not the case in the real world and we talk more about the

empirical implications of this in section IV. Theoretically though, it is also

important to draw a distinction between the various ‡ows. Mortensen (1994)

and Pissarides (1994) model on-the-job search with this in mind. More ex-

plicitly, Burda and Wyplosz (1994) model the distinction between a job and

a worker-…rm match. It seems that our identifying restrictions would extend

to their set-up as well, once the destruction margin is modelled in the same

way as in this section: on impact an aggregate (reallocative) shock will tend

to move unemployment ‡ows in opposite (same) directions4.

3 The Structural VAR Methodology

Let Yt; ²t be two vectors containing respectively the observed values of our

variables, assumed to be covariance stationary, and the structural distur-

bances.

From the assumption that Yt is a stationary process, it follows that there

exists a Wold Decomposition with white noise disturbances ´t so that Yt =

3It can also be noted that the results does not follow from the assumption that jobs
are created at the upper support of the distribution of productivities. In fact the value of
a job J(¶) at any idiosyncratic productivity ¶ > 0 increases: implicit in a …rm there is an
option to stop losses when things go wrong. That is why an an increase in idiosyncratic
volatility ¾ generally raises the value of a job and increases µ:

4This is not the same thing as saying that in response to an aggregate shock unemploy-
ment ‡ows must move in opposite directions over the adjustment path. In fact, Burda and
Wyplosz (1994) show that a su¢ciently big adverse aggregate shock raises the unemploy-
ment stock and makes unemployment ‡ows to move together over the adjustment path.
Still, on impact, an adverse aggregate shock raise unemployment (the destruction margin
raises) while the out‡ow rate falls.
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C(L)´t where E(´t´
0
t) = ­ If moreover we assume that the relationship

between the structural disturbances ²t and the observed outcomes Yt has a

linear moving average (MA) representation, it follows that

Yt = C(L)´t = B(L)²t; B(0) = B0; (5)

where B(L) is a (potentially) in…nite order matrix polynomial in the lag

operator L; describing the dynamic e¤ects on Yt of the structural disturbances

²t: From equation (5) it follows that ´t = B0²t and Bi = CiB0, where Bi; Ci
are respectively the matrix coe¢cients associated with the term of order i in

the polynomials B(L), C(L) respectively.

In the analysis, we assume that the structural disturbances are uncorre-

lated white noise errors with unit variance. Though this is standard in the

VAR literature, it is not a trivial assumption and requires some justi…cation.

A simple justi…cation often invoked in the SVAR literature (see Blanchard

and Quah 1989) is that the structural shocks, by their very nature, are fun-

damental shocks without a common cause and should therefore be treated

as orthogonal. It certainly seems possible though, that many shocks that

have impacted on the world economy in the post war period, have both ag-

gregate and reallocative components. For example the oil price shocks of

1972 and 1979. If this is the case, the assumption of orthogonality is still

tenable provided that we allow shocks to have both aggregate and realloca-

tive components, but to consider the reallocative component to depend on

the magnitude of the shock and not its direction, i.e. not whether it is a

positive or negative aggregate shock. Over a long enough time period, the

fundamental shocks should include a random mix of positive and negative

aggregate shocks. Thus the correlation between aggregate and reallocative

shocks should be zero, or close enough to zero.

This is equivalent to noting that even if the aggregate ~Pt and reallocative
~§t shocks are not stochastically independent, they might still be uncorrelated.

For example, suppose that the aggregate shock ~Pt is symmetric and that the
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absolute size of ~§t and ~Pt are related as follows:

E
³
~§t j ~Pt

´
= b

³
~P 2t ¡ ¾

´

where b > 0 and ¾ = E
³
~§2t

´
: In other words the reallocative component is

related to size of the aggregate component and not its direction. Then:

E
³
~§t ~Pt

´
= 0

so that ~§t and ~Pt are uncorrelated even if not stochastically independent. If

so, the orthogonality assumption is still a reasonable one.

From this, it follows that:

B0B
0
0 = E(´t´

0
t) = ­: (6)

The dynamics of the coe¢cient Bi represents the speed of adjustment to a

given a shock. The greater the speed the faster they decay. The contribution

of a shock to the underlying dynamics of a given variable is given by the

contribution of the shock to the variance of the forecasting error of the vari-

able at di¤erent leads (forecasting variance decomposition). In what follows

we draw on the theoretical structure, introduced in the previous section to

estimate an SVAR as in equation (5). We consider di¤erent restrictions and

di¤erent vectors of variables Yt, to identify the matrix B0 through equation

(6) and check for robustness of the results.

4 Data Description

The data is on: in‡ows to, It , and out‡ows from, Ot, unemployment, va-

cancies Vt, and the labour force, Lt, and is quarterly for the period 1972:3

-1989:45. The countries considered are the US, the UK, France, Germany

and Spain.

5The data for unemployment and the ‡ows to and from unemployment are registry
data based.
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Various integration and cointegration tests were performed. All variables

were found to be I(1) with in‡ows and out‡ows standardized by the labour

force, cointegrated with a cointegrating vector of approximately (1;¡1)6.
This is unsurprising, given that ‡ows into and out of unemployment are

large relative to the stock of unemployment. Thus any sharp movements

in net‡ows should cause a sharp movement in the stock of unemployment.

A pefunctory look at unemployment data for most countries, quickly shows

that this rarely occurs. Also intuitively, an increase in in‡ows causes a rise in

unemployment. Given the matching function and ceteris paribus, this should

lead to an increase in matchings or out‡ows. See appendix A for graphs of

in‡ows and out‡ows normalised by Lt.

One …nal point on the data should be made. In the model we analyzed in

section II, unemployment, job and worker ‡ows coincided exactly. This is not

the case in the real world. The ‡ows we have are in‡ows to and out‡ows from

unemployment. These are not the same as job destruction and job creation

rates. In‡ows are made up of job destruction, quits into unemployment and

new entrants to the labour force. Out‡ows are made up of job creation and

exits from unemployment to out of the labour force. It is then a reasonable

question to ask if the identi…cation of aggregate and reallocative shocks in our

model extend to a theoretical set-up where these distinctions are explicitly

taken into account. There are good reasons to believe that it does. Burda and

Wyplosz (1994) detail how for Europe at least job separations are much larger

than the ‡ow of new entrants to the labour force: the majority of workers who

leave unemployment do so because they have found a job. Moreover, they

highlight that quits into unemployment represent a minor component of total

unemployment in‡ow. Further, they show that exits from unemployment to

employment, in European data, are numerically larger than exits from the

labour force. For example in Germany, 60-70% of out‡ows are attributable

6The ‡ows to and from unemployment are likely to be measured with signi…cant error.
The strong cointegrating relationship between them could be partly due to this, though it
is likely that the fact that unemployment is slow moving is far more important in explaining
it.
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to new employment. For the US the picture is not so rosy. Clark and

Summers (1979) attribute up to half the unemployment ‡ows in the US to

entry and exit from the labour force. However, for given dynamics of the

labour force, on impact a reallocative (aggregate) shock will tend to move

unemployment ‡ows in the same (opposite) directions. Moreover, we also

introduce additional labour force shocks, in section VI, to correct for possible

discrepancies in the dynamics of jobs versus worker ‡ows. As it will be seen

later, the robustness of the main broad results might suggest that the main

conclusions would have been no di¤erent if we had explicitly considered the

distinction between unemployment, job and worker ‡ows.

5 Estimating Aggregate and Reallocative Shocks

The considerations in section 2 suggest a very strong theoretical restriction.

In response to an aggregate shock, ‡ows into and out of the unemployment

pool should move in the opposite direction, while in response to a reallocative

shock, they should move in the same direction. If we write the contempora-

neous e¤ects matrix, as:

B0 =

"
¾1 ¾2 b12
¾1 b21 ¾2

#
;

equation (6) imposes that the coe¢cient b12 and b21 must satisfy the following

relation

b12 =
­12¡­11b21
­22 ¡ ­12b21

; (7)

while the two coe¢cient ¾1, ¾2 are de…ned as function of b12 and b21 only.

In what follows, we consider di¤erent restrictions on the parameters b12
and b21 such that (7) holds and the two coe¢cients are of opposite signs.

b12 and b21 having opposite sign is a direct implication of our identi…cation

scheme for aggregate and reallocative shocks. We look at di¤erent combi-

nations of b12 and b21 as a check of the robustness of our results to slight

perturbations.
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As the objective of the paper is to compare across countries, we would like

the variable to be scale free. (3) and (4) suggest two possible standardizations

to analyze the ‡ows: one in terms of the labour force, the other in terms of

rates. Therefore and as an additional check of robustness, we consider two

di¤erent two variable SVAR speci…cations:

² In order to keep track of the dynamics of the unemployment rate, we

consider a speci…cation with out‡ows over labour force, Ot
Lt
; and in‡ows

over labour force, It
Lt

. The variables seem to be integrated of order one

and cointegrated with cointegrating parameter equal to (1,-1) (see the

consideration of the previous section and …g1 to illustrate the cointe-

gration relationship). Since Yt must be covariant stationary, the paper

considers

Yt =

"
¢ It
Lt

Ot
Lt

¡ It
Lt

#
;

where ¢ indicates the …rst di¤erence operator and Ot
Lt

¡ It
Lt

measures

net ‡ows, nft. Moreover we recover as a proxy of the impact on the

unemployment rate at time t; the sum of the impact on It
Lt

¡ Ot
Lt
:

² Our second speci…cation uses the out‡ow rate,Ot
Ut

, and the in‡ow rate It
Et

(in‡ows over employment,Et). The two variables seem to be integrated

of order one and not cointegrated. Therefore, the paper considers as

independent variables the vector

Yt =

"
¢ It
Et

¢Ot
Ut

#
:

As the dynamics of the unemployment rate, ut; is approximately given

by ¢ut = It
Et
(1¡ut)¡ Ot

Ut
ut; we also consider a measure of the forecast-

ing variance decomposition for the changes of the unemployment rate,

given by the average between the ones of in‡ow and out‡ow rate with

weight equal to (1¡ ut) and ut respectively7.

7In tables 4-11 the results are obtained posing a standardizing value of ut = 0:07:

14



5.1 Identi…cation

In the 2 variable SVAR only one identi…cation restriction is required to ex-

actly identify the matrix B0 in equation (5). In the …rst speci…cation outlined

above, we consider

Yt =

"
¢ It
Lt

Ot
Lt

¡ It
Lt

#
;

where Ot
Lt

¡ It
Lt

measures net ‡ows nft. An aggregate shock will cause ¢ It
Lt

and nft to move in the opposite direction, whereas a reallocative shock will

cause them to move in the same direction. The logic is the one outlined

in the theoretical model in section 2. Consider a positive reallocative shock

that increases the productivities in some sectors and reduces it in others (an

increase in the variance of the productivities of jobs ¾). This will cause the

in‡ow into unemployment to rise (¢ It
Lt

is positive) because of the contribution

of declining sectors and out‡ows to rise, both because of the underlying

trend linking the unemployment ‡ows (cointegration) and because of the

contribution of the expanding sectors. This causes out‡ows to increase more

than what it would have done in the absence of the shock, i.e. nft is positive.

Thus ¢ It
Lt

and nft move in the same direction. An analogous argument can

be applied to aggregate shocks.

We identify the SVAR by choosing combinations of b12 and b21 such that

(7) holds and the coe¢cients have opposite sign. Thus we impose impact

restrictions on the SVAR. We report the results for b21 = 1; 30 and 60 to

cover the range of values for which the coe¢cients have opposite sign ( see

…g2 for the b12; b21 locii for all the countries for the normalization by the

labour force).

For the second normalization, a similar procedure is carried out, we simply

identify an aggregate shock as one which causes ¢ It
Et

and ¢Ot
Ut

to move in

opposite direction on impact and a reallocative shock to move them in the

This value represents the approximate average of the unemployment rate of the countries
considered for the sample chosen. We tried di¤erent values, choosing the average unem-
ployment rate for each country, not across the whole sample, but found the results were
virtually identical, as the weights ut and 1 ¡ ut do not vary much.
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same direction on impact. We follow the same procedure for choosing b12
and b21 as above.

5.2 Results

The appendix gives the variance covariance decompositions, the impulse re-

sponse functions and the speed of adjustment rankings for the two di¤erent

two variables VAR speci…cations8.

Table 2 documents the impact e¤ects, standard deviations and the long

run impacts of the shocks using the standardization by the labour force.

For all countries, it can be seen that the long run impact of a shock of

unit standard deviation, is higher for aggregate shocks than for reallocative

shocks except for Spain. This is consistent with the Variance Decomposition

evidence (discussed later), that shows that aggregate shocks dominate, at

least at long lags with the exception being Spain. Also the impact e¤ects

of a unit standard deviation shock are very similar for France and Germany.

Spain shows higher impact e¤ects for both shocks. Finally, it is worth noting

that the size of the reallocative shocks (¾1) are much larger in Spain than in

other countries.

Table 3 documents the dynamic speed of adjustment to the shocks. The

entries show the values of the norm of the ranked eigenvalues of the VAR(1)

representation of the VAR, for di¤erent speci…cations. In the long run, the

dynamics of the system is dominated by the eigenvalue with the greatest

norm. Thus, we consider this the appropriate measure to capture the long

8All the VARs in the paper were estimated with two lags. In these cases standard
Durbin Watson tests performed well. We also carried out some maximum likelihood tests
against speci…cations with longer lags. Our speci…cation beat the one with three lags while
the results were mixed for lags longer than four. In these cases however, the VARs seemed
to be overparametrized as the impulse responses looked unstable. We therefore relied on
the principle of parsimony by choosing the speci…cation with the smaller number of lags.
We also looked at subsample stability tests, within a country, looking at the AR estimates
of each equation separately. In general, the null hypothesis that no structural break has
taken place before and after the 80´s is not rejected. See table 1 for a test of the null
hypothesis that no structural break has taken place around 1981:1.
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run speed of adjustment of the system9. As clearly illustrated, the US is

quickest. For both our speci…cations, i.e. standardized by the labour force

or in terms of rates, the ranking over France, Germany, the UK and Spain

depends on which normalization we use. If standardized by the labour force,

Germany is next, followed by France, Spain with the UK last. If we use the

speci…cation in terms of rates, the UK, Germany and Spain are quicker than

France.

The US showing the quickest adjustment will not surprise many. It is

often argued that the US has a more ‡exible labour market than the EC:

with low welfare payments of a short duration, small …ring costs and little

trade union in‡uence. Several authors have noted that steady state job

‡ows are remarkably similar across the two sides of the Atlantic (OECD,

1994a, 1994b, Garibaldi et al., 1996, Alogoskou…s et al. 1995 and Bertola

and Rogerson 1996). Burda and Wyplosz (1994) also note how worker ‡ows

are large in Europe and because of this they argue that European Labour

markets are quite active. The results of this paper suggest, however, that

European labour markets are dynamically “sclerotic”, even if steady state

‡ows might give the impression of the European labour market being quite

active.

Germany being so high in the rankings may surprise a few. The appren-

tice system in Germany may explain the di¤erence. In Germany, there is a

comprehensive apprentice system in which …rms and employees closely co-

ordinate over the skills required and acquired by employees (see i.e. Lynch,

1994). This may allow a faster adjustment to shocks than is often perceived

for Germany, given its other institutional facets like strong trade unions.

The UK may have been expected to have been second after the US in the

rankings. This is certainly not the case in the normalisation by the labour

force and is again repeated in the three and four variable case (see next

section). The reason for this maybe that the start of the Thatcher labour

9This implies that the long run speed of adjustment of the system is independent of
the speci…cation assumed.
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market reforms in the UK took place in 1985. Thus for most of our sample,

the UK had a fairly rigid labour market an this may explain a certain degree

of ambiguity over its ranking.

Tables 4-8 show the variance decompositions of the (approximated) un-

employment rate, for the two di¤erent speci…cations for each country. With

the exception of Spain, it is found that aggregate shocks dominate, with re-

allocative shocks being of some importance on impact, but with diminishing

in‡uence over time.

The US results are consistent with aggregate shocks dominating. For

Spain reallocative shocks dominate but more so using the labour force nor-

malization. For France we …nd that aggregate shocks dominate, but with

reallocative shocks having a signi…cant e¤ect on impact. Even at long lags,

reallocative shocks explain about 40% of the movement in unemployment for

France10. Germany produces similar results to France, only that aggregate

shocks dominate even more so. Again on impact, reallocative shocks have a

signi…cant in‡uence on unemployment, but this drops to about 20% at long

lags. We also note that reallocative shocks account for less in US compared

to Europe. A possible explanation is that the US economy is more ‡exible

and therefore it reallocates the labour force across jobs and sectors with-

out causing as much unemployment, so that the contribution of reallocative

shocks in forecasting unemployment is lower than that in Europe.

In Tables 9-11 we formally test the underlying hypothesis that the struc-

tures of the economies, as revealed by the impulse responses, are fundamen-

tally di¤erent in the US and Europe. We do this by looking at the impulse

responses of a country relative to those of the US and the accompanying

con…dence intervals. The tables are for the speci…cation over the labour

force, with results given for the di¤erent values of b2111. The …rst number in

10It must be noted that in the normalisation by the labour force with b21 = 60, we get the
rather spurious that reallocative shocks dominate. We do not think this is contradicting
the previous results, as the impulse responses oscillate a lot and seem very unstable for
this case.

11Similar results holds for the speci…cation in terms of rates.
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each box represents the di¤erence in the impulse response of the unemploy-

ment rate of the country minus that of the US, calculated at di¤erent leads.

The second number is equal to (one half) the size of the corresponding 95%

con…dence interval, calculated using a bootstrapping technique with 1000

replications.

Referring to Tables 9-11, it is easy to notice a well known problem with

this class of tests: the standard errors are very large. Thus, the con…dence

intervals are correspondingly wide and it is very di¢cult to get statistically

signi…cant results. Nevertheless, some interesting …ndings do come out. The

only country for which a reallocative shock is signi…cantly di¤erent from the

US, at any lead, is Spain. Further, Spain is the only country for which ag-

gregate shocks show a signi…cant di¤erence at long leads. This is consistent

with the view that the power of this test is very low. Thus only large di¤er-

ences will show up as being signi…cantly so. We noted earlier that Spain was

an exception, in that reallocative shocks dominate. The evidence presented

here is consistent with this …nding, in that it is the only country which shows

signi…cant di¤erences in its responses relative to the US. On the whole, ag-

gregate shocks show more signi…cant di¤erences, with all countries showing

signi…cant di¤erences up to two quarters after a shock. France ranks after

Spain, in showing the most signi…cantly di¤erent aggregate shocks. The dif-

ferences are signi…cant up to …ve quarters, but thereafter remain close to

signi…cance. For both reallocative and aggregate shocks, the UK and Spain

have bigger absolute di¤erences relative to the US.

The above analysis of the tables suggests the following. Aggregate shocks

dominate across countries, the important exception being Spain. There is

some variation in the importance of reallocative shocks (excluding the obvious

example of Spain) across countries, particularly with France showing them

to have more in‡uence when compared to Germany. The explanation for

the predominance of reallocative shocks in Spain, could have been the need

to reallocate workers from the agriculture to the manufacturing sectors after

Franco’s reign, see Marimon and Zilibotti (1996).
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Independent of the speci…cations, the US labour market is quicker to

adjust than European economies. There is also a ranking inside European

economies with Germany quicker than other EEC partners even if still slower

than the US.

6 Labour Force Shocks

The two variable VAR speci…cations above, have given us some interesting

results. In order to investigate if the results are driven by the particular

speci…cations chosen, we augment them by considering in more detail the

labour force.

Firstly, we show how the theoretical set-up can account for labour force

shocks. These can be of two types, either a¤ecting the size or the composition

of the labour force. We then draw on these theoretical considerations to

identify a skill unbiased labour force shock which represents changes in the

size of the labour force alone, and a skill biased shock that deals with the

compositional change alone.

6.1 Theoretical Labour Force considerations

In the real world, workers can be in one of three states: working in a …rm,

unemployed or out of the labour force. Unemployed workers can either be

actively searching or stop searching and go out of the labour force. There

are in fact vast movements in and out of the labour force which we hope to

capture better by explicitly using the labour force as a variable.

The reallocative and aggregate shocks considered previously are shocks

directly a¤ecting the …rm. To complete the model, we must consider shocks

that directly a¤ect the labour force. These can be of two types, either af-

fecting the size or the composition of the labour force. Thus we consider

two further shocks which characterise these two e¤ects separately. The skill

unbiased labour force shock represents changes in the size of the labour force

alone, and the skill biased shock deals with the compositional change alone.
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In the model outlined in section two, no shock had a permanent e¤ect on

the unemployment rate. This is, however, the result of the particular model

speci…cation chosen there. For example, Acemoglu (1996) shows that once

the choice of technology is made endogenous and …rms freely choose their

optimal levels of capital, multiple equilibria can arise in the basic model.

If so, change in the aggregate conditions (change in P and ¾) can shift

the economy from one equilibrium to the other. However, if the matching

function has constant returns to scale, changes in the size of the labour force

Lt alone, represent just a change in the scale of the economy. Given the

assumption that no job can exploit economies of scale, Lt can never have

long run e¤ects on the level of unemployment. In fact, there is a large body

of evidence, across countries, that suggests that the unemployment rate is

untrended in the long run despite huge increases in the size of the labour

force. Moreover, economies with very di¤erent labour force sizes have very

similar unemployment rates (see i.e. Layard, Nickell and Jackman 1991).

We therefore identify the skill unbiased labour force shock by imposing

that it has no long run e¤ect on the unemployment rate. This shock is in-

troduced for two reasons: …rstly because it allows us to evaluate if labour

force in‡uences a¤ect unemployment dynamics in the short run; and sec-

ondly because it might correct for possible discrepancies in the dynamics of

jobs versus worker ‡ows. It gauges what is the short run contribution of

structural shocks that do not exhibit permanent e¤ects on the level of the

unemployment rate.

Even if changes in the size of the labour force do not a have long run

impact on the level of the unemployment rate, changes in the composition of

the labour force might. Acemoglu (1997, 1998) shows that …rms can react to

changes in the composition of the labour force, by ‘directing’ technological

change towards speci…c skills. More speci…cally, when the composition of the

labour force changes, the nature of the equilibrium might change, with …rms

starting to create separate jobs for the skilled and unskilled.

To consider the e¤ects of a skill biased technological shock, we modify the
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model in section 2 as follows. We assume that each worker is endowed with a

given amount of skill x: The skill x is worker speci…c and can be transferred

from one job to the other. We indicate with F (¢) the distribution function of

skills x in the labour force. The productivity of the job, once it is operated by

a worker with skill x, is given by the sum of three components P +¾¶+ ¸¶x:

P , ¾ and ¸ are common to all jobs, while ¶ is an idiosyncratic component

of productivity that, as before, evolves according to a Poisson process with

rate of arrival ¹: The third component is new. It captures mismatch. In

a Walrasian economy with no frictions, high productivity workers (high x)

should be matched with high productivity …rms, (high ¶): In a market with

search frictions this is not always the case and high productivity workers can

be operating jobs hit by a negative idiosyncratic shock. ¸ measures then the

size of skill mismatch. When ¸ is equal to zero, there is no skill mismatch and

the allocation of worker-skills to jobs has no e¤ect on productivity. When ¸

is high the social cost of allocating ‘good’ workers to ‘bad’ jobs is high. A

change in ¸ is a skill biased labour force shock, for example an increase in ¸

corresponds to an increase in skill mismatch: the social cost of misallocating

skills increases.

Given these additional assumptions equations (DE) and (2) becomes

equal to

P + ¾R + ¸Rx = h¡ ¹ (¾ + ¸x)

r + ¹

Z ¹¶

R
[1¡G (y)] dy (DE’)

so that 8¶ > R
J(¶; x) = (¾ + ¸x)

(¶ ¡R)
¹+ r

(8)

while J(¶; x) = 0 if ¶ � R where now both the asset value of a job and the

reservation productivity depends on x. Di¤erentiating (DE’) and (8) with

respect to ¸ and ¾, we then obtain that

dR

d¸
=

x (P ¡ h)
(¾ + ¸x)

n
1¡ ¹

r+¹
[1¡G (R)]

o = x
dR

d¾

dJ(¶; x)

d¸
=

x (¶¡R)¡ (¾ + ¸x) dR
d¸

¹ + r
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and

dJ(¶; x)

d¾
=
(¶ ¡R)¡ (¾ + ¸x) dR

d¾

¹+ r
:

Therefore the three equation together implies that

dJ(¶; x)

d¸
:
dR

d¸
=

(¶ ¡R)
(¹ + r) dR

d¾

¡ (¾ + ¸x)

(¹+ r)
=
dJ(¶; x)

d¾
:
dR

d¾
: (9)

That is the relative impact of a skill biased labour force shock (change in ¸)

on the destruction margin R and on the overall pro…tability of the job J(¶; x)

is equal to that of a reallocative shock (change in ¾):

(9) suggests a possible way of identifying a skill biased labour force shock:

for given size of the labour force, a skill biased labour force shock has similar

e¤ects on unemployment ‡ows when compared to a reallocative shock. This

symmetry is appealing as skill mismatch and reallocative shocks are really

compositional e¤ects, the former being on the labour force side, the latter

being on the …rm side.

6.2 Augmented VARs

Given the labour force considerations documented above, we consider ex-

tending our empirical evaluation by augmenting our previous VAR analysis.

We do this by adding variables to the VARs, to capture labour force size and

skill e¤ects. We include the total labour force and the stock of vacancies to

achieve this. Vacancies is an important addition, as it captures the …rm-side

demand. In particular, if the work force has a lower average level of skill, then

…rms may put out less vacancies, as the potential pro…t stream from a job

will have fallen (Pissarides 1992). This illustrates how introducing vacancies

as an additional variable may capture skill compositional changes better.

We …rst consider a three variable SVAR with

Yt =

2
64

¢ It
Lt

Ot
Lt

¡ It
Lt

¢Lt
Lt

3
75 :
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Each of the variables in Yt is found to be stationary according to preliminary

statistical investigation.

This speci…cation allows one to recover, perfectly, the unemployment rate

ut as

¢ut =
It
Lt

¡ Ot
Lt

¡ ¢Lt
Lt

ut; (10)

once a standardizing value for ut is chosen 12.

We have argued in section 6.1 above, that there are two elements to

labour force changes: a size e¤ect and a compositional e¤ect re‡ecting the

skill make up of the labour force. To capture both these e¤ects we estimate

a four variable SVAR with

Yt =

2
66664

¢ It
Lt

Ot
Lt

¡ It
Lt

¢Lt
Lt

¢ Vt
Lt

3
77775
:

Vt represents vacancies at time t. Vacancies standardized by the labour force,
Vt
Lt

, were found to be I(1) and so were entered in di¤erences in the SVAR.

The e¤ects on the unemployment rate are recovered as in the three variable

case above.

6.3 Identi…cation

For the three variable SVAR three independent identi…cation restrictions are

required to exactly identify the matrix B0 in equation (5). We identify the

reallocative and aggregate shocks by imposing that the relative impact of

both a reallocative and an aggregate shock on in‡ows ¢ It
Lt

and on net ‡ows,

nft =
Ot
Lt

¡ It
Lt
; in the three variable case is equal to that of the two variable

case. We believe this to be a reasonable procedure, because we are using

the 3 and 4 variable SVARS …rstly to check the robustness of the 2 variable

12In the table 12 the results are obtained posing a value of ut = 0:07: Changing this
standardized value does not change the results, as the size of ¢Lt

Lt
is small with respect to

that of unemployment ‡ows.
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SVAR results and secondly to isolate labour force in‡uences in the dynamics

of the unemployment rate. We draw on the considerations in section 6.1 to

identify the third shock and we impose that it has no long run e¤ect on the

level of the unemployment rate. We call this a skill unbiased labour force

shock, its role is to correct for the behavior of in‡ow and out‡ows that can

be driven by changes in the labour force rather than changes in the creation

and destruction of jobs. Evidence across many countries suggests that the

unemployment rate is unrelated to that of the labor force over long horizons

(see i.e. Layard, Nickell and Jackman 1991). This shock gauges what is the

short run contribution of structural shocks that do not exhibit permanent

e¤ects on the level of the unemployment rate.

For the four variable SVAR, six independent identi…cation restrictions

are required. We use the three given above and hence require three more.

We identify the fourth shock, the skill biased labour force shock, by imposing

that its relative impact on in‡ows ¢ It
Lt

and on net ‡ows, nft = Ot
Lt

¡ It
Lt
; is

equal to that of a reallocative shock. The justi…cation draws on equation

(9): reallocative shocks and skill biased shocks are really both compositional

e¤ects, the former being on the …rm side and the latter being on labour

force side. Both shocks are really about mismatch and therefore we would

expect similar e¤ects on in‡ows and out‡ows. Moreover we impose that a

skill biased shock has no e¤ect on the size of the labour force on impact. This

is simply an orthogonalization, to separate out the size and compositional

e¤ects of a labour force change. The third required identifying restriction is

delivered directly by the assumption that a skill unbiased labour force shock

has no long run impact on the unemployment. This implies that it can not

have a long run e¤ect on the level of vacancies standardized by the labour

force as well.

6.4 Results

Tables 12 and 13 show how the results from the basic, two variables, VARs

extend to this case as well. The relative weight of aggregate versus realloca-
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tive shocks is unchanged in the variance decomposition of the unemployment

rate, as is the speed of adjustment ranking13. In particular we do not …nd

that the speed of adjustment ranking is a¤ected by taking into account ex-

plicitly for the dynamics of the labour force. Moreover the role of the skill

unbiased labour force shock on the variance covariance decomposition of

the unemployment is very small, so that most of its dynamics is driven by

shocks that have permanent e¤ects. One interesting result to notice is the

di¤erence in the importance of the skill biased shock between France and

Germany. In France it has more in‡uence on the variance decomposition of

unemployment than for Germany (approx 25% in France as opposed to 5% in

Germany at long lags). This is consistent with the two variable SVAR results

where reallocative shocks were more important in France than in Germany.

The importance of the skill biased shock in France suggests that skill biased

technical progress might explain more unemployment in France than other

OECD countries, particularly when comparing with Germany. In Germany

the apprentice system may allow it to absorb these kind of shocks better.

7 Conclusions

The European Community and the US have experienced vastly di¤erent un-

employment dynamics over the last two decades. This paper has investigated

whether these di¤erences are due to exposure to di¤erent shocks or reacting

di¤erently to the same shocks. With the premise of a search theoretic frame-

work and a structural VAR methodology, the paper has robustly identi…ed

aggregate versus reallocative shocks. With the exception of Spain where most

of the dynamics seems to be driven by reallocation, it is found that most dif-

ferences in unemployment dynamics arise because of di¤erences in responses

13There are slight exceptions here. The three variable results for Spain suggest that
aggregate shocks dominate. This goes against the results fo the two and four variable
cases. We believe the result does not contradict the previous ones for the same reasons
that were suggested for France in the two variable case with b21 = 60, namely that the
impulse response functions oscillate a lot and seem very unstable for this case. Also in the
four variable VAR, France has a higher speed of adjustment than Germany.
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to shocks. In particular European economies seem to respond slower to the

same shock, when compared with the US. This implies that EEC economies

might be dynamically “sclerotic” even if the size of the steady state job ‡ows

might give the impression of the European labour market being quite active.

In order to check for robustness we have introduced additional labour

force shocks identi…ed, respectively, as a skill unbiased and a skill biased

component. We have shown that skill unbiased labour force shocks do not ap-

pear to have much in‡uence for any of the countries considered, so that most

structural shocks exhibit permanent e¤ects on the level of the unemployment

rate. The skill biased component seems to be relevant in accounting for un-

employment dynamics. This implies that skill biased technological progress

might explain some of the unemployment problems of OECD economies.
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8 Appendix A - Data Sources

The French data came from the Ministere du Travial, the German data from

the Bundesanstalt fur Arbeit, the Spanish data from the Bank of Spain, the

UK data from the Employment Gazette and the US data from the Employ-

ment and Earnings survey.

The data are quarterly and refers to the period 1972:3 -1989:4. For a

more detailed description of the data see Burda and Wyplosz (1994).
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Inflows into and Outflows from the Unemployment Pool
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Figure 1: The graphs show the dynamics for the level of the in‡ows into,
It
Lt
; and the out‡ows from the unemployment pool, Ot

Lt
; standardized by the

labour force. The data are quartely and refer to the period 1972:3 -1989:4.
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Range for Parameter Values (b12 vs. b21)
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Figure 2: The graphs show the relation between b12 and b21 as given by
equation (7) in the main text, for the two variables speci…cation with Ot

Lt
¡ It

Lt

and It
Lt

as independent variables.
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U.S.: Impulse Responses, 2 Variables VAR
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Figure 3: Impulse responses for It
Lt

and Ot
Lt

¡ It
Lt

using a V AR with two lags.
The response for the (approximated) unemployment rate is obtained as the
cumulated response of It

Lt
¡ Ot

Lt
. The coe¢cient b21 is chosen to be equal to

30.
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U.K.: Impulse Responses, 2 Variables VAR
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Figure 4: Impulse responses for It
Lt

and Ot
Lt

¡ It
Lt

using a V AR with two lags.
The response for the (approximated) unemployment rate is obtained as the
cumulated response of It

Lt
¡ Ot

Lt
: The coe¢cient b21 is chosen to be equal to

30.
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FRANCE: Impulse Responses, 2 Variables VAR
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Figure 5: Impulse responses for It
Lt

and Ot
Lt

¡ It
Lt

using a V AR with two lags.
The response for the (approximated) unemployment rate is obtained as the
cumulated response of It

Lt
¡ Ot

Lt
: The coe¢cient b21 is chosen to be equal to

30.
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GERMANY: Impulse Responses, 2 Variables VAR
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Figure 6: Impulse responses for It
Lt

and Ot
Lt

¡ It
Lt

using a V AR with two lags.
The response for the (approximated) unemployment rate is obtained as the
cumulated response of It

Lt
¡ Ot

Lt
: The coe¢cient b21 is chosen to be equal to
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SPAIN: Impulse Responses, 2 Variables VAR
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Figure 7: Impulse responses for It
Lt

and Ot
Lt

¡ It
Lt

using a V AR with two lags.
The response for the (approximated) unemployment rate is obtained as the
cumulated response of It

Lt
¡ Ot

Lt
: The coe¢cient b21 is chosen to be equal to

30.
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Countries Equations:
O
L

¡ I
L

I
L

O
U

I
N

US .75 .74 .89 .54
UK .49 .58 .22 .19
Spain .26 .32 .30 .56
France .82 .58 .01 .28
Germany .28 .33 .14 .07

Table 1: Chow Test: The table shows the signi…cance level, for each equa-
tion, for the null hypothesis that no structural break has taken place before
and after 1981:1.

Country b21 b12 ¾1 ¾2 b21 ¾1 b12 ¾2 ¡B21(1)¾1 ¡B22(1)¾2
U.S. 60 -1.23 0.003 0.290 0.18 -0.36 0.351 0.712
U.S. 30 -1.22 0.006 0.291 0.19 -0.36 0.331 0.715
U.S. 1 -1.02 0.105 0.333 0.105 -0.340 0.121 0.780
U.K. 60 -1.21 0.003 0.108 0.18 -0.13 0.975 1.12
U.K. 30 -1.18 0.005 0.110 0.15 -0.13 0.954 1.139
U.K. 1 -0.642 0.071 0.171 0.071 -0.110 0.238 1.466
Spain 60 -4.96 0.007 0.123 0.42 -0.61 0.547 0.086
Spain 30 -4.76 0.014 0.128 0.42 -0.61 0.545 0.092
Spain 1 -1.640 0.310 0.320 0.310 -0.525 0.432 0.347
France 60 -1.21 0.003 0.169 0.18 -0.20 0.288 0.329
France 30 -1.20 0.006 0.171 0.18 -0.21 0.283 0.649
France 1 -0.801 0.090 0.229 0.090 -0.184 0.119 0.421
Germany 60 -1.11 0.003 0.178 0.18 -0.20 0.243 0.517
Germany 30 -1.09 0.006 0.180 0.18 -0.20 0.236 0.520
Germany 1 -0.762 0.084 0.233 0.084 -0.178 0.008 0.571

Table 2: Standardization over Lt. The …rst four columns summarise the
impact e¤ects and standard deviations of the shocks, that is the coe¢cient
b12, b21, ¾1, ¾2 in the main text once a V AR with two lags is ran. The last
two columns document the long run impacts on the unemployment measure.
The term Bij(1) indicates the element in rows i and column j of the struc-
tural matrix polynomial B(L) in equation (5) evaluated at L = 1. Note:
The elements in the …rst column of the matrix B0 and B(L) refer to the
reallocative shock, the ones in the second to the aggregate shock.
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Country Speci…cation 1st 2nd 3rd 4th
U.S. I

L
, O
L

.567 .480 .427 .427
It
Et
; Ot
Ut

.442 .442 .116 .116
U.K. I

L
, O
L

.889 .550 .550 .289
It
Et
; Ot
Ut

.746 .545 .545 .483
Spain I

L
, O
L

.806 .806 .455 .323
It
Et
; Ot
Ut

.805 .805 .471 .426
France I

L
, O
L

.815 .815 .602 .419
It
Et
; Ot
Ut

.861 .861 .739 .302
Germany I

L
, O
L

.667 .573 .542 .542
It
Et
; Ot
Ut

.759 .759 .433 .223

Table 3: Speed of adjustment ranking for the unemployment rate
(ranked eigenvalues): two variables VAR. The entries show the values
of the norm of the ranked eigenvalues of the VAR representation of the VAR
for di¤erent speci…cations. All VAR are ran with two lags.

VD leads I
L

, O
L

I
N
; O
U

b21 VD of
P (It¡Ot)

Lt
b21 VD of I

N
VD of O

U
e¤ect on ¢ut

RE AG RE AG RE AG RE AG
1 1 9 91 -15 10 90 34 66 9 91
15 2 98 12 88 3 97 11 89
30 2 98 12 88 1 99 11 89
1 30 31 69 -20 34 66 9 91 32 68
15 18 82 20 80 0 100 19 81
30 18 82 19 81 0 100 18 82
1 60 31 69 -25 54 46 1 99 50 50
15 18 82 38 62 5 95 36 64
30 18 82 37 63 5 95 35 65

Table 4: Country: U.S. V D stands for forecasting variance decomposition
of the (approximated) unemployment rate, RE for reallocative shock, AG
for aggregate shock. For the speci…cation with out‡ow and in‡ow rates, we
also consider as a measure of the forecasting variance decomposition for the
unemployment rate the average between the ones of in‡ow and out‡ow rate
whith weight equal to (1¡ut) and ut respectively where a standardizing value
of 0.07 is chosen for ut. All VAR are ran with two lags.
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VD leads I
L

, O
L

I
N
; O
U

b21 VD of
P (It¡Ot)

Lt
b21 VD of I

N
VD of O

U
e¤ect on ¢ut

RE AG RE AG RE AG RE AG
1 1 15 85 -10 0 100 94 6 7 93
15 3 97 4 96 84 16 10 90
30 3 97 5 95 82 18 10 90
1 30 64 36 -30 23 77 61 39 26 74
15 43 57 6 94 44 56 9 91
30 42 58 5 95 42 58 8 92
1 60 66 34 -60 62 38 23 77 59 41
15 45 55 36 64 11 89 34 66
30 44 56 34 66 9 91 32 68

Table 5: Country: U.K. V D stands for forecasting variance decomposition
of the (approximated) unemployment rate. For the speci…cation with out‡ow
and in‡ow rates, we also consider as a measure of the forecasting variance
decomposition for the unemployment rate the average between the ones of
in‡ow and out‡ow rate whith weight equal to (1 ¡ ut) and ut respectively
where a standardizing value of 0.07 is chosen for ut. All VAR are ran with
two lags.
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VD leads I
L

, O
L

I
N
; O
U

b21 VD of
P (It¡Ot)

Lt
b21 VD of I

N
VD of O

U
e¤ect on ¢ut

RE AG RE AG RE AG RE AG
1 1 48 52 -1 51 49 84 16 53 47
15 58 42 71 29 83 17 72 28
30 59 41 74 26 83 17 74 26
1 30 92 8 -30 83 17 51 49 81 19
15 95 5 94 6 50 50 90 10
30 96 4 96 4 50 50 93 7
1 60 92 8 -60 94 6 34 66 90 10
15 96 4 98 2 33 67 93 7
30 97 3 99 1 33 67 94 6

Table 6: Country: Spain. V D stands for forecasting variance decompo-
sition of the (approximated) unemployment rate. For the speci…cation with
out‡ow and in‡ow rates, we also consider as a measure of the forecasting
variance decomposition for the unemployment rate the average between the
ones of in‡ow and out‡ow rate whith weight equal to (1¡ ut) and ut respec-
tively where a standardizing value of 0.07 is chosen for ut. All VAR are ran
with two lags.
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VD leads I
L

, O
L

I
N
; O
U

b21 VD of
P (It¡Ot)

Lt
b21 VD of I

N
VD of O

U
e¤ects on ¢ut

RE AG RE AG RE AG RE AG
1 1 13 87 -10 0 100 83 17 6 94
15 7 93 2 98 60 40 6 94
30 7 93 1 99 59 41 5 95
1 30 52 48 -30 47 53 17 83 45 55
15 42 58 43 57 4 96 40 60
30 42 58 41 59 3 97 38 62
1 60 53 47 -60 84 16 0 100 78 22
15 43 57 79 21 6 94 74 26
30 43 57 78 22 6 94 73 27

Table 7: Country: France. V D stands for forecasting variance decompo-
sition of the (approximated) unemployment rate. For the speci…cation with
out‡ow and in‡ow rates, we also consider as a measure of the forecasting
variance decomposition for the unemployment rate the average between the
ones of in‡ow and out‡ow rate whith weight equal to (1¡ ut) and ut respec-
tively where a standardizing value of 0.07 is chosen for ut. All VAR are ran
with two lags.
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VD leads I
L

, O
L

I
N
; O
U

b21 VD of
P (It¡Ot)

Lt
b21 VD of I

N
VD of O

U
e¤ects on ¢ut

RE AG RE AG RE AG RE AG
1 1 11 89 -40 1 99 65 35 5 95
15 0 100 2 98 41 59 5 95
30 0 100 2 98 39 61 5 95
1 30 47 53 -50 7 93 49 51 10 90
15 18 82 9 91 26 74 10 90
30 18 82 9 91 24 76 10 90
1 60 49 51 -60 17 83 35 65 18 82
15 19 81 19 81 15 85 19 81
30 19 81 19 81 13 87 19 81

Table 8: Country: Germany. V D stands for forecasting variance decom-
position of the (approximated) unemployment rate. For the speci…cation
with out‡ow and in‡ow rates, we also consider as a measure of the forecast-
ing variance decomposition for the unemployment rate the average between
the ones of in‡ow and out‡ow rate whith weight equal to (1 ¡ ut) and ut
respectively where a standardizing value of 0.07 is chosen for ut. All VAR
are ran with two lags.
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Country C.I. Aggregate Shock Reall. Shock
Leads: Leads:
2 5 15 30 2 5 15 30

UK resp 0.27 0.12 -0.42 -0.87 -0.01 -0.01 -0.07 -0.15
band(+¡) 0.10 0.33 1.00 2.51 0.08 0.21 0.46 0.77

Spain resp 0.03 0.37 0.49 0.49 -0.26 -0.32 -0.32 -0.31
band(+¡) 0.12 0.30 0.56 0.66 0.13 0.24 0.33 0.34

France resp 0.25 0.35 0.40 0.41 0.00 -0.01 0.00 0.01
band(+¡) 0.10 0.32 0.60 0.70 0.01 0.17 0.24 0.27

Germany resp 0.22 0.24 0.23 0.22 0.04 0.10 0.13 0.13
band(+¡) 0.10 0.34 0.69 0.82 0.09 0.184 0.25 0.27

Table 9: US vs Europe, Comparison of Impulse Responses: This
table is for the speci…cation over the labour force, with b21 = 1. The …rst
number in each box, represents the di¤erence of the impulse response of
the unemployment rate of the country, minus that of the US, calculated
at di¤erent leads. The second, labelled band(+¡), is one half of the size of
the corresponding 95% con…dence interval. band(+¡) is calculated using a
bootstrapping technique with 1000 replications.

46



Country C.I. Aggregate Shock Reallocative Shock
Leads: Leads:
2 5 15 30 2 5 15 30

UK resp 0.31 0.21 -0.23 -0.62 0.01 -0.11 -0.48 -0.79
band(+¡) 0.09 0.33 0.93 2.25 0.09 0.23 0.71 1.78

Spain resp 0.22 0.57 0.69 0.70 -0.32 -0.24 -0.20 -0.20
band(+¡) 0.12 0.28 0.53 0.65 0.12 0.28 0.46 0.54

France resp 0.26 0.37 0.41 0.42 0.04 0.05 0.06 0.06
band(+¡) 0.09 0.30 0.55 0.65 0.09 0.21 0.37 0.43

Germany resp 0.22 0.23 0.20 0.18 0.06 0.10 0.11 0.10
band(+¡) 0.10 0.33 0.71 1.26 0.10 0.23 0.41 0.60

Table 10: US vs Europe, Comparison of Impulse Responses: The
table is for the speci…cation over the labour force, with b21 = 30. The
…rst number in each box, represents the di¤erence of the impulse response
of the unemployment rate of the country, minus that of the US, calculated
at di¤erent leads. The second, labelled band(+¡), is one half of the size of
the corresponding 95% con…dence interval. band(+¡) is calculated using a
bootstrapping technique with 1000 replications.
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Country C.I Aggregate Shock Reallocative Shock
Leads: Leads:
2 5 15 30 2 5 15 30

UK resp 0.31 0.23 -0.17 -0.50 0.01 -0.11 -0.47 -0.75
band(+¡) 0.10 0.34 0.91 1.91 0.09 0.23 0.71 1.58

Spain resp 0.23 0.57 0.69 0.69 -0.31 -0.24 -0.20 -0.20
band(+¡) 0.13 0.27 0.47 0.51 0.12 0.27 0.41 0.43

France resp 0.26 0.37 0.41 0.41 0.03 0.04 0.06 0.06
band(+¡) 0.10 0.29 0.51 0.57 0.09 0.21 0.36 0.39

Germany resp 0.22 0.22 0.20 0.19 0.06 0.10 0.10 0.10
band(+¡) 0.10 0.32 0.64 0.76 0.09 0.22 0.38 0.43

Table 11: US vs Europe, Comparison of Impulse Responses: The
table is for the speci…cation over the labour force, with b21 = 60. The
…rst number in each box, represents the di¤erence of the impulse response
of the unemployment rate of the country, minus that of the US, calculated
at di¤erent leads. The second, labelled band(+¡), is one half of the size of
the corresponding 95% con…dence interval. band(+¡) is calculated using a
bootstrapping technique with 1000 replications.
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Country
Number of
Variables

Leads:
Aggr.
shock

Reall.
shock

Skill Mism.
shock

Skill Neutr.
shock

U.S. 3 Vars. 1 0.96 0.02 - 0.02
15 0.99 0.01 - 0.00
30 1.00 0.00 - 0.00

U.S. 4Vars. 1 0.95 0.02 0.02 0.01
15 0.95 0.01 0.04 0.00
30 0.95 0.01 0.04 0.00

U.K. 3 Vars. 1 0.51 0.46 - 0.03
15 0.72 0.28 - 0.00
30 0.74 0.26 - 0.00

U.K. 4 Vars. 1 0.51 0.43 0.04 0.02
15 0.71 0.27 0.02 0.00
30 0.72 0.25 0.03 0.00

Spain 3 Vars. 1 0.77 0.22 - 0.01
15 0.65 0.34 - 0.01
30 0.65 0.35 - 0.00

Spain 4 Vars. 1 0.34 0.25 0.39 0.02
15 0.41 0.21 0.37 0.01
30 0.42 0.21 0.37 0.00

France 3 Vars. 1 0.64 0.31 - 0.05
15 0.63 0.36 - 0.01
30 0.63 0.37 - 0.00

France 4 Vars. 1 0.65 0.01 0.30 0.04
15 0.64 0.13 0.23 0.00
30 0.64 0.13 0.23 0.00

Germany 3 Vars. 1 0.56 0.42 - 0.02
15 0.80 0.19 - 0.01
30 0.80 0.19 - 0.01

Germany 4 Vars 1 0.59 0.21 0.18 0.02
15 0.71 0.22 0.06 0.01
30 0.71 0.22 0.06 0.01

Table 12: Forecast Variance Decomposition of the Unemployment
rate (three and four Variables VAR). The coe¢cient b21 is chosen to be equal
to 30. All VAR are ran with two lags.
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Country
N. of
Var.

1st 2nd 3rd 4th 5th 6th 7th 8th

U.S. 3 vars. .616 .552 .455 .455 .358 .111 - -
4 vars. .684 .684 .664 .535 .535 .323 .323 .016

U.K. 3vars. .888 .484 .467 .467 .234 .160 - -
4 vars. .890 .494 .494 .407 .360 .360 .342 .342

Spain 3vars. .857 .857 .537 .486 .486 .456 - -
4 vars. .881 .881 .638 .601 .556 .556 .479 .479

France 3vars. .823 .823 .472 .221 .221 .215 - -
4vars .804 .804 .763 .763 .556 .556 .361 .331

Germany 3vars. .662 .627 .627 .596 .375 .031 - -
4vars. .832 .832 .682 .617 .617 .589 .398 .062

Table 13: Speed of adjustment ranking for the unemployment rate
(ranked eigenvalues): three and four variables VAR. The entries
have the same meaning as the ones in the two variable case (table 6). All
VAR are ran with two lags.
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