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This paper models the Finnish labor market matching process for the period 
1982:1–2002:3 using cointegrated VAR-analysis. The data is split into two peri-
ods. For the years prior to the economic crisis in the early 1990s a Beveridge-
curve is found as the long-run relationship. The post-crisis period is dominated 
by a traditional matching-like relationship with strong negative association be-
tween unemployment and matching, stemming mainly from long-term unemploy-
ment. This suggests that some of the Finnish unemployment persistence can be 
traced back to changes in the matching process and particularly to the matching 
of the long-term unemployed. (JEL: J41, J64)
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1 The Beveridge curve or the u/v-curve (unemployment/
vacancy) is a theoretical description of the process that 
matches unemployed to available vacancies. It is assumed 
to be convex and downward sloping in the vacancy-unem-
ployment space.

1 Introduction

in the beginning of the 1990s Finland experi-
enced a serious economic crisis. The crisis fol-
lowed financial deregulation, but also the fall of 
the Soviet Union affected the outcome. Koskela 
and Uusitalo (2006) and Honkapohja and Ko-
skela (1999) argue that the Finnish economy 
consequently experienced a strong structural 
change. As other economic indicators, such as 
GdP growth, recovered rapidly from the crisis, 
the unemployment rate refused to fall to earlier 
levels. The proportion of long-term unemployed 
increased from 10% to 30% and has since fallen 
slowly. The Beveridge curve1 shifted outward 

and has since failed to shift back in a similar 
manner (Honkapohja and Koskela, 1999).

it hence appears clear that the initial rise in 
Finnish unemployment was due to the econom-
ic crisis, during which 450 000 jobs were de-
stroyed (Koskela and Uusitalo, 2006). The rea-
sons for the persistence of the unemployment 
rate are however unclear. Blanchard and Wolf-
ers (2000) argue that the interaction between 
shocks and institutions is vital for understand-
ing european unemployment, while Saint-Paul 
(2004) finds that labor market reform is impor-
tant for getting out of a period of high unem-
ployment. Contrary to these, nickell et al. 
(2005) show that the Finnish unemployment 
experience cannot be explained by institutions, 
as is the case in many countries.

in this paper i investigate if the persistent un-
employment prevalent in Finland can be a con-
sequence of matching related issues. i model 
vacancies, unemployment and hirings using 
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cointegrated vector autoregression (VAR) anal-
ysis for both a pre-crisis period and a post-crisis 
period in order to determine if the matching 
process has changed. Judging by the stability of 
model parameters i split the sample into a pre-
crisis period (1982:1–1988:1) and a post-crisis 
period (1993:1–2002:3).

in the analysis i seek to establish whether the 
theoretical relationships, the matching function 
or the Beveridge curve, can be found as long-
term relations in the data and how the relations 
differ between the periods. i also separate long- 
and short-term unemployment in the analysis. 
The main findings are that for the 1980s a one-
to-one Beveridge curve can be distinguished, 
while for the 1990s, a corresponding long-run 
relationship resembling the Cobb-douglas 
matching function, but with a negative unem-
ployment coefficient, is found. When splitting 
the unemployment variable into long- and short-
term unemployment in the post-crisis period, 
long-term unemployment is found to have a 
strong negative influence on matching while 
short-term unemployment has a strong positive 
effect on matching. This result is in line with 
among others Mumford and Smith (1999) and 
Burgess (1993) who show that the share of 
long-term unemployed has a negative impact on 
matching.

The implications of the findings are the fol-
lowing: The matching process has changed, in-
dicating two different regimes, a pre-crisis low 
unemployment regime and a post-crisis high 
unemployment regime. in the low unemploy-
ment regime unemployed and vacancies can 
find each other with a smaller amount of effort, 
while after the initial rise in unemployment dur-
ing the economic crisis this mechanism col-
lapsed. The separation between long- and short-
term unemployment underlines that it is the 
increased amount of long-term unemployed that 
congests matching. This helps to explain the 
persistence of Finnish unemployment during the 
whole 1990s.

A large number of empirical studies have been 
conducted in the field, most of which are based 
on oLS-analyses. examples are Blanchard and 
diamond (1989), who use US data, Pissarides 
(1986), Layard e al. (1994) and Coles and Smith 
(1996), who study British data and Burda and 

Wyplosz (1994), who utilize data for many con-
tinental european countries. Most earlier inter-
national studies find evidence of constant returns 
to scale in the matching function, for example 
Blanchard and diamond (1989) and Petrongolo 
and Pissarides (2001). There are studies such as 
edin and Holmlund (1991) and Anderson and 
Burgess (2000) which indicate that there would 
be decreasing or increasing returns to scale. 
When using aggregate data the estimated func-
tions usually satisfy constant returns to scale 
while disaggregate data mostly suggest mildly 
increasing returns to scale. Generally, studies us-
ing hirings instead of unemployment outflow as 
the third variable tend to have a larger coeffi-
cient for vacancies than otherwise. For an excel-
lent overview of earlier studies see Petrongolo 
and Pissarides (2001). Related issues have been 
studied using Finnish data by Koskela and Uusi-
talo (2006), Pesola (2002) and ilmakunnas and 
Pesola (2003). ilmakunnas and Pesola (2003) 
find evidence for both constant returns to scale 
and increasing returns to scale using two differ-
ent methods on Finnish disaggregate data. Al-
baek and Hansen (2004) is an exception in the 
literature, as they utilize cointegrated VAR-anal-
ysis on matching issues using danish data be-
tween 1974 and 1988. They find evidence for 
both a Beveridge curve and a matching function, 
which is homogenous of degree one, when they 
model shifts in the Beveridge curve and the 
matching function as smooth transition func-
tions. They suggest that mismatch, as opposed 
to reallocation, is the cause of the outward shift 
of the Beveridge curve.

The main contribution of the present paper is 
that i analyze the matching process before a cri-
sis, in a low unemployment regime, and after a 
crisis, in a high unemployment regime. The dif-
fering matching patterns in the two periods in-
dicate that matching issues can explain a part of 
the stickiness of unemployment during the post-
crisis period.

The remainder of the paper is organized as 
follows. Section 2 gives a brief presentation of 
the Finnish economy. in 3 the theoretical frame-
work is presented and in section 4 the data and 
the statistical model are presented. Section 5 
conducts the empirical analysis. Section 6 con-
cludes.
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2. The Finnish economy 1982–2002

The Finnish economy was rather closed in the 
beginning of the 1980s. However, while most 
other european economies suffered from high 
unemployment during the 1980s, the Finnish 
unemployment rate remained at 5%. Finland 
relied heavily on trade with the Soviet Union 
and can be considered to have been even more 
closed than other Western european countries 
due to the bilateral trade agreements with the 
Soviet Union. one result of the bilateral trade 
agreements was that the oil shocks did not hit 
the Finnish economy as hard as they hit many 
other economies. This was because an increase 
in the prices of Soviet goods (including oil) led 
to a corresponding increase in the demand for 
Finnish goods (Koskela and Uusitalo, 2006).

during the 1980s the economy started to 
open up. The financial markets were deregu-
lated leading to an increased openness of the 
economy. As most european countries, Fin-
land’s economy experienced a serious crisis at 
the beginning of the 1990s. The Finnish crisis 

was, however, exceptionally deep. Between 
1991 and 1993 GdP fell by 13%, the employ-
ment level fell by 18% and almost 450000 jobs 
were destroyed (Koskela and Uusitalo, 2006). 
This extreme crisis was a result of a combina-
tion of many things; the fall of the Soviet Un-
ion, deregulation of the financial markets in 
combination with extensive borrowing and high 
real interest rates. Finland devalued in 1991 and 
let the Finnish markka float freely in 1992 
(Honkapohja and Koskela, 1999).

The Finnish economy, however, recovered 
quite quickly from the crisis. The only serious 
problem that remained was the extensive and 
persistent unemployment. Koskela and Uusitalo 
(2006) argue that one reason for this is that jobs 
destroyed and created during and after the crisis 
were in different sectors, adding to the sticki-
ness (see figure 1 for a graphical description of 
job destruction and creation during and after the 
crisis). A slow decline in the unemployment rate 
has taken place, but only recently has the unem-
ployment rate fallen below 8%.

There are many potential explanations for 

The source of this figure is Koskela (2004). it is based on their own calculations based on data from the Labour Force 
Survey. industry classification according to iSiC 2–3 digit classification as used in the LFS.

Figure 1. Change in employment by industry during the recession and subsequent recovery.
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persistent unemployment. For the european un-
employment problem both aggregate demand 
and aggregate supply shocks along with real 
wage rigidity have been suggested as possible 
causes (Blanchard and Summers, 1986). Unem-
ployment benefits and structural changes can 
both be seen as aggregate supply shocks in this 
framework. Ljungqvist and Sargent (2002) point 
at the generous benefit system along with other 
aspects, while Lindbeck and Snower (1986) em-
phasize insider-outsider theories. Hysteresis is 
an additional explanation for persistent unem-
ployment. it can occur when a country is far 
down on its Beveridge curve as Finland was in 
1993. At this point a movement along the curve 
can transform into an outward shift of the curve. 
The reason for this is that long periods of unem-
ployment can decrease the possibilities to find 
a job (Blanchard and Summers, 1986).

nickell et al. (2005) argue that institutions do 
not matter for the Finnish unemployment expe-
rience, while Saint-Paul (2004) underlines the 
importance of changes in institutions as a re-
sponse to high unemployment. Blanchard and 
Wolfers (2000) emphasize the importance of the 
interaction between institutions and shocks. 
There is still no consensus on what determines 
high and persistent unemployment. in the Finn-
ish case most observers agree that a severe re-
structuring of the economy has taken place 
along with the collapse of the economy in the 
early 1990s.

3. The theoretical matching frame-
work

The matching framework utilized in this paper 
is based on the model described in Pissarides 
(2000). The matching function gives the number 
of formed jobs as a function of the number of 
vacancies and the number of unemployed. in its 
simplest form the matching function can be 
written as

(1) M = m (V, U ),

where M is the number of hirings or matches 
during the period, V is job vacancies during the 
period and U is the number of unemployed dur-

ing the period. it is usually assumed that m is 
increasing and concave in both of its arguments 
and m(0, V) = m(U, 0) = 0. The matching func-
tion is in most theoretical contributions assumed 
to exhibit constant returns to scale. Constant 
returns to scale imply a proportional increase in 
hirings given a change in vacancies or unem-
ployment.

The functional form usually used is the Cobb-
douglas form

(2) Mt = d Vt
aUt

b,

where

(3) a + b = 1

if there are constant returns to scale. The Cobb-
douglas functional form is very popular and 
highly successful in empirical applications, but 
has been questioned because there are no micro 
foundations for it in the existing literature. Al-
ternative specifications suggested include trans-
log and CeS functional forms. Lately Stevens 
(2002) has shown, using a “telephone line” 
Poisson queuing process2, that when marginal 
search costs are approximately constant the 
Cobb-douglas matching function gets theoreti-
cal support.

The matching function describes how the ac-
tual match between vacancies and job-seekers 
takes place at each moment in time. if there are 
no frictions in the matching process, i.e. if un-
employed and vacancies are instantaneously 
matched, this number is the minimum of vacan-
cies and unemployed. obviously if there are 
frictions, the number of matches will be lower 
(Petrongolo and Pissarides, 2001). increased 
inefficiency in the matching process means less 
matches at the same level of vacancies.

The process that matches the unemployed to 
available vacancies is often graphically de-
scribed as a convex Beveridge curve in the va-
cancy-unemployment space. The Beveridge 

2 A telephone line Poisson queuing process is when 
workers send out applications randomly at a specific Pois-
son rate to firms with vacancies. Firms respond to applica-
tions at another Poisson rate. If an application arrives when 
the firm is not ready to receive it, there is no answer. When 
a contact is made, the match is consummated if it is suffi-
ciently productive. Otherwise both parties continue to 
search. For more on the issue see Stevens (2002).
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curve slopes downward if the outflow from un-
employment is described by equation (1). The 
steady state Beveridge relationship can easily 
be derived from equation (1). Let U be the 
number of unemployed and V the number of 
vacancies and n and L the level of employment 
and the labor force. The unemployment rate is 
given by u = U/L and the vacancy rate is given 
by v = V/L. Assume that the job separation rate 
is l and total separations are given by S = l N. 
imposing constant returns to scale on m(.) the 
Beveridge curve is given by3

(4) l =  [u /(1–u), v /(1–u)].

The further away from the origin the curve is, 
the less effective is the process of matching jobs 
and unemployed.

The Finnish Beveridge curve for the period 
1982–2002 slopes downward but has shifted out 

and has then partially shifted back again (see 
Figure 2), as is the case for most european 
countries (for example Layard et al. (1994)). 
When looking at the curve there seem to be 
three different stages; The 1980s, the turbulent 
years around 1990 and the period stretching 
from 1993 onwards.

4. Data and statistical model

4.1. Data

The data used in the analysis is Finnish month-
ly data from the Finnish Ministry of Labor 
spanning the period 1982:1–2002:3. Availabil-
ity of the hirings series restricts the data period 
to start in 1982. in order to investigate if there 
are differences in matching before and after the 
economic crisis in early 1990s the data was split 
into two parts; 1982:1–1988:1 and 1993:1–
2002:3. The first period will hereafter be called 
Period 1 or the pre-crisis-period, while the sec-
ond will be called Period 2 or the post-crisis-
period.

The dates for the cut out period, 1988:2–
1992:12, were decided on the examination of 
the data and based on what happened to the es-

Figure 2. The Finnish Beveridge Curve for the period 1982–2001, annual data.

3 Sometimes, e.g. in Petrongolo and Pissarides (2001), 
the Beveridge curve is given by l = m[u/(1–u), v], due to a 
different specification of the vacancy rate, v = V/N. In this 
paper the vacancy rate is calculated as the number of va-
cancies divided by the number of labor force participants, 
while it sometimes is calculated as the number of vacancies 
divided by the number of employed. Hence the vacancy rate 
used here is not linked to the number of employed, but is 
instead easy to compare with the unemployment rate.
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timates when the periods were made longer. For 
period 1 adding just one month made the esti-
mations impossible to interpret and changed the 
key relations. The same applies to period 2. 
Making the periods shorter does not change the 
results significantly indicating that for the peri-
ods chosen the results are robust.

The study is restricted by the data cutting, but 
the procedure is motivated by extreme turbu-
lence during the period and the impossibility to 
make the model fit. The drawbacks of the cut-
ting are, however, limited since the aim of the 
study is to compare matching before and after 
the crisis. The partial nature of the study needs 
to be underlined also concerning the fact that 
neither wage setting behavior nor additional 
macro variables are linked to the model.4

The variables used are unemployment (the 
logarithm of the number of unemployed/labor 
force), vacancies (the logarithm of the number 
of vacancies / labor force) and hirings (the log-
arithm of the number of hirings/labor force). 
Hirings is here measured as vacancy-outflow. 
Unemployment-outflow could be used as an al-
ternative measure for hirings. Both series have 
their flaws; unemployment-outflow also in-
cludes outflow to retirement and outflow to out-
side the labor force, while vacancy-outflow also 
includes vacancies filled by other applicants as 
well.

Problems arise from using search and match 
measures that are based on different pools of 
people, which do not correspond to the underly-
ing theoretical variables. Vacancy-outflow con-
sists of vacancies filled by the unemployed, the 
employed job-seekers and the job seekers from 
outside the labor force while only data on un-
employed is used as the search measure. Bro-
ersma and Van ours (1999) and Petrongolo and 
Pissarides (2001) discuss the topic and empha-
size the bias arising from using a search meas-

ure that only corresponds to a part of the vacan-
cies filled. The unemployment coefficient only 
measures the effect of the number of unem-
ployed on matching and not the effects from all 
job seekers. Hence the unemployment coeffi-
cient is much smaller than the all-job-seeker 
coefficient would be. it is, on the other hand, 
very interesting to measure the influence from 
unemployment on matching, but the misspeci-
fication issues need to be remembered.

Long-term and short-term unemployment data 
for the period 1994:3–2002:3 is also used for 
additional analysis. Long-term unemployed are 
those that have been unemployed for more than 
12 months. The series used are logarithms of 
long-term unemployment/labor force and of 
short-term unemployment/labor force. Addi-
tionally an analysis with the share of long-term 
unemployed is conducted.

The data is based on information reported by 
local workforce offices and therefore only in-
cludes unemployed, vacancies and hirings re-
ported to the workforce offices. Quite a signifi-
cant amount of all of the vacancies are never 
posted at workforce offices but are only posted 
in newspapers, on company websites or adver-
tised through recruitment agencies, neither do 
all newly unemployed report to workforce of-
fices. The general view is that high skill jobs are 
not matched through workforce offices, which 
may result in a low-skill bias in the data. This 
view is, however, challenged by the fact that 
most large Finnish corporations and all govern-
mental sectors report all their vacancies also 
through local workforce offices, so the bias to-
wards low-skill jobs might not be that large af-
ter all. For example, in July 2004 there were in 
total 33.900 vacancies available through work-
force offices, 19.000 vacancies were filled dur-
ing July and out of these only 8.900 where filled 
with applicants found through workforce of-
fices. Roughly half of the vacancies are filled 
by workers not reported in any way to work-
force offices. This is probably a result of vacan-
cies being simultaneously posted in many dif-
ferent places and the applicants are then not 
only registered unemployed using information 
given by the workforce office but also workers 
conducting on-the-job-search and newly gradu-
ated. Hence it seems that vacancies and hirings 

4 In earlier versions of the paper macro variables (real 
GDP, real interest rate, openness indicator etc.) were linked 
to the study but without being able to stabilize the results 
for the full period. Hence these variables were omitted. This 
result underlines the difficulty to find suitable variables for 
modelling cointegrating vectors through a severe economic 
crisis. Most vectors collapse during such periods, which 
motivates leaving the period out of the analysis if the inter-
est is put on the long-run relations and not on studying the 
crisis itsel.
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Figure 4. The time series for unemployment, 1982:1–2002:3.

Figure 3. The time series for vacancies and hirings, 1982:1–2002:3.
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are quite extensively reported. it is the job ap-
plicants we know less about.

one aspect that also requires mentioning is 
that the labor force data, which originally comes 
from Statistics Finland, but which is also used 
by the Ministry of Labor, is in its basic form 
quarterly data reported as an average of the la-
bor force during the period. This average has 
been used as the observation for all months 
within each quarter. The fluctuation in labor 
force is, however, very limited and therefore 
this action cannot be seen as something that 
would seriously affect the results. The aspects 
of interest are the long-term fluctuations and 
not the variations within a quarter. 

4.2. The statistical model

Most time series in macroeconomics are non-
stationary, as are all series used in this study, 
and unreliable results follow if this non-station-
arity is ignored. Cointegrated vector autoregres-
sion analysis is especially suitable when dealing 
with the kind of data used here, because it finds 
long-term relationships which are kept separate 
from short-term adjustments (engle and Grang-
er, 1987). A short overview of the most funda-
mental aspects of the cointegrated VAR method 
is given here. Readers requesting a more thor-
ough description of the model are advised to 
turn to Hendry and Juselius (2000) and Hendry 
and Juselius (2001) for a survey.

The baseline statistical model used is the p-
dimensional k:th order cointegrated VAR-mod-
el, which in its error correcting form, is given 
by

(5) D Xt = P Xt –1 +S Gi D Xt – i + m + YDt + et ,

(6) et ~ Np (0, S)

where the P-matrix includes both the long-run 
relations, b, and the loadings to the long-run 
relations, a, such that P = ab ’ if there exists 
cointegration. The vector process Xt is a p-di-
mensional vector assumed to be i(1). m is a vec-
tor of constants and Dt consists of other deter-
ministic components, including seasonal dum-
mies. The Gi-matrices consist of short term 
components.

one of the main parts of the analysis is to test 
linear restrictions on the cointegrating vectors, 
b. Johansen (1995) derives an LR-test for test-
ing these hypotheses.

Just as the cointegrating vectors can be re-
stricted, the a-vectors can be restricted. A spe-
cial case is when one or more rows in a consist 
of nulls. A variable with a row of nulls in a is 
not adjusting to the long-run relations and can 
be treated as weakly exogenous with respect to 
the b-parameters. Sometimes a weakly exoge-
nous variable can be seen as a driving trend in 
the system. (Johansen, 1995)

5. The empirical results

in this section the results from the empirical 
study are reported. The analysis is conducted 
through a cointegrated VAR-analysis and hence 
there is both a long-run and a short-run part of 
the analysis. only the dynamic long-run rela-
tions are presented in this section. The short-run 
parameters are presented in appendix 1.

5.1. Dynamic long-run relations

Sections 5.1 and 5.2 present results from the 
cointegrated VAR-analysis beginning in this 
section with the dynamic long-run relations. 
Results from both Period 1 and Period 2 are 
presented in parallel to improve readability. 
Section 5.2 presents results separating for long-
term unemployment.

in order to investigate whether any long run 
properties resembling the Beveridge curve and 
the matching function exist in the model equa-
tion (5) was estimated for both periods with Xt 
= [vact, unet, hirt], k = 2 and an unrestricted 
constant5.

none of the variables were found to be sta-
tionary in either period, all variables are i(1) 
which means that if cointegrating relations can 
be found they will be i(0). Cointegrating rank 
in both periods is set at one. A rank of one in-
dicates that there is one long-run relation in the 
data in each period.

5 The same lag length was given by both the Akaike in-
formation criterion (AIC) and the Bayes information crite-
rion (BIC).
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in Period 1 hirings are found to be excludable 
from the long-run analysis based on the tests 
reported in table 1. Based on these results the 
hirings series is excluded from the long-run 
analysis6. Hence in period 1 only two variables, 
unemployment and vacancies, remain in the 
analysis.

in Period 2 no variable was found to be ex-
cludable but unemployment was found to be 
weakly exogenous. in this setup there are two 
shocks driving the system. These are most like-
ly demand and supply side shocks.

in the analysis for period 2, a trend was also 
allowed for in the cointegration relations, but 
the trend was rejected, as expected. in order to 
remove extreme observations a few dummies 
were added into the models7.

Since the hirings variable was excluded from 
the long-run analysis in period 1 a natural first 
hypothesis to test for is if there is a long run 
relationship resembling a Beveridge curve. Giv-
en the choice of cointegrating rank the hypoth-
esis corresponding to a Beveridge curve relation 
between unemployment and vacancies was test-

ed in the cointegration space. The null hypoth-
esis is that the relation is in the cointegration 
space, i.e. that it is stationary. A one-to-one re-
lation between unemployment and vacancies 
could not be rejected (p-value 0.86). This indi-
cates that the relation really is “one more va-
cancy = one less unemployed”. Alternative re-
strictions were also imposed but no other sig-
nificant relation was found and therefore the 
Beveridge curve is chosen as the long-run rela-
tion. The alpha coefficients suggest that the re-
lation, if out of steady state, adjusts back 
through shifts in both variables. The alpha-co-
efficient for vacancies is –0.41 and the coeffi-
cient for unemployment is –0.31. The rather 
high a-coeffiecients suggest fast adjustment 
back to steady state. The results are reported in 
table 2. 

it is interesting that the relation between va-
cancies and unemployed is negative and one to 
one. This indicates an uncomplicated matching 
process; one more vacancy, one less unem-
ployed. These results go quite well with the 

6 In an earlier version of the paper the variable was kept 
in the analysis despite the results from the exclusion test. 
No significant long run relations including hirings were 
however, found, giving even more support for excluding hir-
ings.

7 The dummies are usually added to this kind of models 
to correct for outliers in the data and make the model well 
specified. In Period 1 a dummy was added for 1986:6 cor-
recting for an outlier in the data. In Period 2 adjustment 
dummies were added for the observations 1993:4 and 
1993:8. The need for these dummies reflects the fact that 
the economy was still somewhat unstable during 1993.

Table 1. Tests for weak exogeneity and exclusion.

Period 1 Rank c2 dGF Hirings Unemployment Vacancies

Weak exogeneity (LR-test) 1 3.84 1  0.49 12.28 14.20
 2 5.99 2  0.61 19.04 19.62

exclusion (LR-test) 1 3.84 1  0.03 12,39 17.16
 2 5.99 2  0.13 17.64 22.73

Period 2 Rank c2 dGF Hirings Unemployment Vacancies

Weak exogeneity (LR-test) 1 3.84 1 14.04  0.31  2.14
 2 5.99 2 31.12  1.32 18.75

exclusion (LR-test) 1 3.84 1 14.57  7.65  6.34
 2 5.99 2 32.36 19.86 24.06

Table 2. The estimated a - and b -vectors, Period 1.

 b1 a1

Unemployment 1 –0.31
 (0.00) [–3.87]

Vacancies 1 –0.41
 (0.00) [–4.08]

t-value are reported in brackets and standard errors in pa-
renthesis. Hirings was excluded from the model. Rank for 
the system is 1. There is one dummy to correct for outliers 
in the vacancy series for the observation 1986:6.
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picture of the Beveridge curve for the period, 
figure 2.

For Period 2 the same test procedures were 
performed as for period 1. Here the natural hy-
pothesis to initially test for is if the matching 
function without any specific restrictions on the 
coefficients is in the cointegration space. This 
hypothesis could not be rejected (p-value 0.97). 
The coefficient for unemployed is –0.52 and the 
coefficient for vacancies is 0.49. Again, a large 
number of other restrictions were also imposed 
and tested for. no support for the Beveridge 
curve was found and constant returns to scale 
was strongly rejected.

This matching-like function differs quite a lot 
from conventional matching functions in that 
the unemployment coefficient is negative. due 
to this it cannot be interpreted as a matching 
function. The result also contradicts earlier ag-
gregate matching studies.

The alpha-vector for this period consists of 
the coefficients –0.53 for hirings and –0.20 for 
vacancies. Hence, if the economy is hit by a 
shock this relation shifts back to steady state 
through shifts in hirings. The results from the 
analysis are reported in table 3.

These results are interesting since they tell 
something about the rigid Finnish unemploy-
ment during the 1990s. The more unemployed 
there are, the stickier does matching become, 
contradicting traditional theories that suggest 
that more vacancies and more unemployed cre-
ate more matching.

The parameter constancy of the chosen vec-
tors was tested using a recursive test (Hansen 
and Johansen, 1993). There are constancy prob-

lems in neither period 1 nor in period 2. imme-
diately when extending the sample periods to-
wards the beginning of the 1990s constancy 
problems, however, appear. Hence it seems as if 
the long-run relations exist and are stable for 
the periods they are estimated for but not out-
side the sample. For the period 1988–1992 no 
constant relations exist using this data set, 
which is explained by the exploding unemploy-
ment rate during the period. The results are sta-
ble for the chosen periods but cannot be said to 
be robust outside the sample.

The results reveal that there are differences 
between the two periods. The differences be-
tween the periods lie in both the functional form 
and the sign of unemployment coefficient. it 
seems there are two different regimes, which 
also gets support from the visual inspection of 
the Beveridge curve. during period 1 there was 
very low unemployment and a very close nega-
tive relationship between vacancies and unem-
ployment, one less vacancy meaning one more 
unemployed and vice versa. in period 2 unem-
ployment was very high and had a negative 
impact on matching. it appears as if the number 
of unemployed affect matching positively in a 
low unemployment regime where the supply 
side is characterized by scarcity, but that the 
effect is reversed when the unemployment level 
exceeds a certain point as in period 2. The 
strong negative impact on matching from unem-
ployment during period 2 calls for more inves-
tigation. it is also likely that the efficiency of 
the matching process is time varying. Move-
ments in long-term unemployment could then 
reflect shifts in d. in section 5.2 long- and short-
term unemployment are separated, in order to 
determine if there is a difference between these 
groups.

5.1.1. Elasticities

The coefficient estimates for the Cobb-douglas 
matching function in period 2 were 0.49 for va-
cancies and –0.52 for unemployment. These 
elasticities are interesting compared to earlier 
estimations using hirings instead of unemploy-
ment outflow as the third variable in the system 
(Petrongolo and Pissarides, 2001). Vacancies 
have received very similar weight earlier. The 

Table 3. The estimated a - and b -vectors, Period 2

 b1 a1

Hirings 1 –0.53
 (0.00) [–6.95]

Unemployment 0.52 –
 (0.00) –

Vacancies –0.49 –0.20
 (0.031) [–1.89]

t-value are reported in brackets and standard errors in paran-
thesis. Unemployment was restricted to be weakly exoge-
nous. Rank for the system is 1. There are 2 dummies con-
nected to the vacancy series for 1993:4 and 1993:8.
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negative coefficient for unemployed however, 
contradicts earlier studies.

A possible explanation for the negative un-
employment coefficient in period 2 is that, as 
far as i know, no study has earlier studied an 
economy recovering from economic crisis with 
a very high unemployment rate. it is plausible 
that if unemployment is extremely high the ef-
fect from one more unemployed is marginal or 
even negative.

Another possible explanation for differing 
coefficient estimates in the studies are differ-
ences in data. As mentioned earlier the data 
used in this study is collected by local work-
force offices. The general trend is that low skill 
jobs and unemployed are registered at these of-
fices, while high-skill labor is matched else-
where, for example through advertisements, 
word of mouth and private agencies. The data 
used here is therefore biased towards the low 
skill segment of the labor market, which most 
probably influences the results since it was 
mainly quite low skill jobs that were destroyed 
during the crisis. Hence these results, and espe-
cially the negative unemployment coefficient, 
probably magnify the actual situation.

5.2. Long-term unemployment

The matching function is usually assumed to be 
increasing in both its arguments. This assump-
tion generally holds in empirical applications. 
The previous section, however, showed that this 
is not the case for post-crisis Finland, which 
makes the traditional interpretation difficult. 
This result leads to the question if the effect 
long- and short-term unemployed have on 
matching is the same. Given that the proportion 
of long-term unemployed in Finland increased 
from 10% in the beginning of Period 2 to around 
30% a few years later and stayed roughly at that 
level thereafter, it is interesting to estimate how 
long- and short-term unemployment affect hir-
ings in the matching setup.

The separation between long-and short-term 
unemployment is here only done for the post-
crisis period, since it was only after the crisis 
that long-term unemployment began to rise and 
became a problem. The setup is analyzed in two 
ways; First a setup with long- and short-term 

unemployed separated is estimated and second 
a setup with unemployment and the share of 
long-term unemployed is estimated. The pur-
pose of this separation is to determine if it is the 
share of long-term unemployed that is impor-
tant or the sheer number of long-term unem-
ployed. i first present the results from the anal-
ysis with long- and short-term unemployment 
and then the analysis using the share of long-
term unemployed.

5.2.1. Long and short-term unemployed  
 separated

When estimating the long-run structure of the 
model rank is, based on the cointegration rank 
test, set to be two. All series are non-stationary 
and no series should be excluded from the long-
run analysis but vacancies were restricted to be 
weakly exogenous in the long-run analysis. 
Since i am intrested in how the coefficient esti-
mate for unemployment is divided between 
long- and short-term unemployment in the 
matching function the natural first hypothesis to 
test for is whether there is a long-run relation-
ship describing the Cobb-douglas matching 
function when unemployment is split into short- 
and long-term unemployment.

When imposing the restriction of constant 
return to scale for the coefficients for vacancies 
and short-term unemployment, also including 
long-term unemployment in the relation, sta-
tionarity cannot be rejected (p-value 0.96). The 
coefficients are 0.40 for vacancies and 0.60 for 
short-term unemployment. Long-term unem-
ployment has a negative coefficient of –0.90. 
Short-term unemployment has a very strong 
positive influence on matching and long-term 
unemployment has a negative influence on 
matching. it seems as if the strong negative ef-
fect from unemployment presented in the results 
in the previous section can be explained the by 
the large number of long-term unemployed. The 
negative effect from long-term unemployment 
pulls down the positive influence from short-
term unemployment when the variables are 
pooled.

The second significant long-run relation 
found is a positive relation between long- and 
short-term unemployment. This relation reflects 
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the statistical relationship that more short-term 
unemployed lead to more long-term unem-
ployed. The p-value for the relation is 0.53. The 
alpha-coefficients for the matching function re-
veal that error correction takes place through 
shifts in the hirings-variable but also through 
the long-term unemployment variable. The sec-
ond beta vector error corrects in both its ele-
ments. There are no constancy problems in this 
framework.

The results, which can be found in table 4, 
suggest that it indeed is so that long- and short-
term unemployment have very different effects 
on matching. Short-term unemployment fits the 
traditional matching setup in that it has a strong 
positive effect on matching; More short-term 
unemployed leads to more matches. Long-term 
unemployment, however, has the opposite effect 
on matching.

5.2.2. Share of long-term unemployment  
 separated

When estimating a system separating unemploy-
ment and the share of long-term unemployed the 
cointegrating rank is set at two based on the 
cointegration rank test. no variable is stationary 
and none are restricted to be weakly exogenous 
or excluded from the long-run analysis.

no significant long-run relation including all 
variables is found. neither is any significant 
long-run relation between hirings and the share 
of long-term unemployed found. instead a rela-

tionship between hirings, vacancies and unem-
ployment cannot be rejected (p-value 0.90). 
This reflects a very similar setup as in the base 
framework. The coefficient for vacancies is 0.28 
and the coefficient for unemployment is –0.69. 
There is, however, also another long-run rela-
tion between unemployment and the share of 
long-term unemployed, very similar to the one 
found in section 5.2.1. The p-value of this rela-
tion is 0.57. The matching relation error cor-
rects in hirings while the second long-run rela-
tion error corrects in both its elements. The re-
sults can be found in table 5. Hence it appears 
as if there is no direct long-run relation between 
hirings and the share of long-term unem-
ployed.

Based on these analyses it can be concluded 
that the poor matching of the long-term unem-
ployed has played an important role in the per-
sistent Finnish unemployment. This could be 
due to skill mismatch or human capital loss fol-
lowing structural changes, hysteresis, ranking 
(Blanchard and diamond, 1994) or some other 
phenomenon. What we know is that almost half 
a million jobs were destroyed during a 4 year 
period around 1990. new jobs, demanding new 
skills, were rapidly created but in different dis-
ciplines (Koskela and Uusitalo, 2006). Some of 
the workers that became unemployed failed to 
find suitable jobs for long spells of time; They 
became long-term unemployed with very small 
chances of finding a job corresponding their 
skills. The failure to integrate all workers to the 

Table 5. Restricted beta and alpha vectors for a system 
which separates for unemployment and the share of long-
term unemployed, Period 2.

  §b1 §b2 a1 a2

Hirings 1 –0.64 0.12
 (0.00)  [7.18] [1.29]

Vacancies –0.28  –0.39 0.11
 (0.00)  [–3.43] [0.93]

Unemployment 0.69 –1.10 –0.01 0.15
 (0.044) (0.034) [–0.03] [2.97]

Share long term   1 –0.02 –0.09
unemployed  (0.00) [–2.43] [–8.70]

Rank is 2. Standard errors for the beta vectors are reported 
in parenthesis. t-values for the alpha vectors are reported in 
brackets.

Table 4. Restricted beta-vectors for system which separates 
for long- and short-term unemployment, Period 2.

  §b1 §b2 a1 a2

Hirings 1  –0.64 0.56
 (0.00)  [–6.78] [5.95]

Vacancies –0.40  – –
 (0.00)  – –

Short-term  –0.60 –1.32 –0.04 0.18
unemployment (0.00) (0.056) [–0.58] [2.32]

Long-term  0.90 1 –0.03 –0.02
unemployment (0.05) (0.00) [–3.24] [–2.83]

The sample period is 1993:1–2002:8. Standard errors for 
the beta vectors are reported in parenthesis. t-values for the 
alpha vectors are reported in brackets. V is restricted to be 
weakly exogenous in the long-run analysis.
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new demand created a situation in which match-
ing in general works well, but in which the 
matching of the long-term unemployed has al-
most stagnated. Since this matching does not 
work, unemployment falls very slowly8.

6. Conclusions

This paper estimates how matching in the Finn-
ish labor market differs before and after the se-
vere economic crisis that hit Finland in the be-
ginning of the 1990s. The purpose is to find 
some explanation for the extreme persistence of 
the Finnish unemployment. The main finding is 
that a very evidential change has taken place in 
the matching process during the past 20 years, 
which helps explaining the persistence of Finn-
ish unemployment.

The matching process during the 1980s can 
be described as a very simple Beveridge rela-
tionship between unemployment and vacancies. 
Basically one more vacancy led to one less un-
employed. during the post-crisis period begin-
ning in 1993 the matching process is instead 
described by a function resembling the Cobb-
douglas matching function. The peculiarity is, 
however, that the coefficient for unemployed is 
negative instead of the traditional positive, and 
can therefore not be interpreted in the tradition-
al way. This suggests that more vacancies lead 
to more matches while more unemployed lead 
to fewer matches. it is hence not apparent that 
increasing the number of vacancies would lead 
to fewer unemployed as often believed. How-
ever a possible explanation for the results may 
be that the matching model does not fit the used 
data set.

When separating for long- and short-term un-
employed it turns out that the coefficient for 
long-term unemployed remains strongly nega-
tive while the coefficient for short-term unem-
ployed  is  positive.  These  results  indicate  that  it 
is the large number of long-term unemployed 
that   makes   the   unemployment   coefficient   neg-
ative.   Long-term   unemployed   congest   match-
ing during this very high unemployment re-

gime.
The persistence of the Finnish unemployment 

is in this paper explained by the fact that match-
ing works differently in high and low unem-
ployment regimes. in the Finnish high unem-
ployment regime long-term unemployment en-
ters the matching function with a negative coef-
ficient. in such a regime it is very difficult to 
lower the unemployment rate fast. This result 
goes well with earlier results emphasizing the 
role of structural changes (Koskela and Uusi-
talo, 2006).

Appendix

The short-term structure of the model

The long-run relations from the previous sec-
tion are in the short-run analysis taken as given 
and they are named ECM1 in period 1 and 
ECM2 in period 2. These are centered and nor-
malized versions of the b 1 : s in tables 2 and 3. 
The short run structure is then estimated for 
both periods by

(7) D Xt = GD Xt – 1 + a ECMt – 1 + m + YDt + et ,

where Xt = [var, une, hir].

There are no problems with autocorrelation, 
heteroscedasticity or normality in the model. 
The short-term relations are presented in ta-
ble 6. All estimates are reported with t-values in 
the columns to the right of the estimates.

in period 1 an increase in unemployment dur-
ing the previous period leads to a decrease this 
period, hence it corrects itself. An increase in 
vacancies the previous period has a positive ef-
fect on unemployment this period, which prob-
ably reflects some cyclicality. The change in 
hirings during t–1 does not affect any equation. 
A cointegration vector is error correcting in a 
variable if the vector contains the variable with 
a positive sign and enters the equation of the 
variable with a negative sign. The eCM in pe-
riod 1 error corrects in both unemployment and 
vacancies since it enters the cointegrating rela-
tion with a positive sign for both unemployment 
and vacancies but enters the equations for both 

8 Machin and Manning (1999) provide a comprehensive 
overview of the phenomenon of long-term unemployment.
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Table 6. Short-run relations, Period 1

 equation 1 equation 2 equation 3

 Du Dh Dv

Du–1 –0.29 (–2.76) 0.02 (0.11) 0.19 (1.60)
Dh–1 0.11 (1.98) –0.18 (–1.20) 0.07 (1.02)
Dv–1 0.18 (2.31) 0.27 (1.39) –0.12 (–1.41)
ECM1–1 –0.34 (–3.21) –0.12 (–0.69) –0.43 (–3.85)
d86 0.02 (1.35) 0.69 (11.8) 0.36 (10.8)
Constant –0.03 (–3.67) –0.019 (–0.82) –0.03 (–2.79)
CSeasonal 0.08 (2.07) –0.10 (–1.35) –0.32 (–10.2)
CSeasonal1 0.17 (3.32) –0.15 (–1.40) –0.40 (–8.63)
CSeasonal2 0.03 (0.51) –0.27 (–2.59) –0.36 (–7.16)
CSeasonal3 0.004 (0.06) –0.41 (–4.05) –0.31 (–6.25)
CSeasonal4 0.19 (2.70) 0.10 (1.02) –0.11 (–1.64)
CSeasonal5 0.0 (0) –0.04 (–0.30) –0.12 (–1.69)
CSeasonal6 0.03 (0.79) –0.002 (–0.02) 0.02 (0.63)
CSeasonal7 0.01 (0.45) 0.01 (0.10) 0.05 (1.10)
CSeasonal8 –0.05 (–1.51) 0.4 (3.80) 0.12 (3.06)
CSeasonal9 0.13 (3.42) –0.12 (–1.02) –0.24 (–4.71)
CSeasonal10 0.12 (3.51) –0.26 (–2.80) –0.15 (–3.66)

t-values are reported in parenthesis.

Table 7. Short-run relations, Period 2

 equation 1 equation 2 equation 3

 Du Dh Dv

Du–1 –0.24 (–2.46) 0.05 (0.35) –0.32 (–1.52)
Dh–1 0.02 (0.72) –0.10 (–1.27) –0.10 (–1.20)
Dv–1 –0.002 (–0.05) 0.16 (1.59) –0.01 (–0.20)
ECM2–1 –0.02 (–0.39) –0.51 (–3.88) –0.18 (–1.51)
d93:4 0.03 (2.90) –0.11 (–2.50) 0.68 (9.15)
d93:8 0.04 (1.75) 0.03 (0.88) –0.69 (–12.4)
Constant –0.006 (–1.45) 0.02 (2.23) 0.02 (2.09)
CSeasonal 0.06 (1.57) –0.17 (–2.77) –0.11 (–1.57)
CSeasonal 1 0.05 (1.84) –0.15 (–2.90) –0.07 (–1.28)
Cseasonal 2 0.04 (1.29) –0.14 (–2.15) –0.03 (–0.56)
CSeasonal 3 0.01 (0.27) –0.29 (–3.92) –0.09 (–1.32)
CSeasonal 4 0.13 (3.74) –0.015 (–0.18) 0.40 (4.88)
CSeasonal 5 0.015 (0.28) –0.08 (–0.71) 0.39 (3.73)
CSeasonal 6 0.03 (0.79) 0.22 (2.22) 0.15 (1.57)
CSeasonal 7 0.01 (0.31) 0.11 (0.99) –0.03 (–0.29)
CSeasonal 8 0.18 (4.65) 0.23 (4.13) 0.02 (0.39)
CSeasonal 9 –0.07 (–1.38) 0.14 (1.87) –0.18 (–2.27)
CSeasonal 10 –0.13 (–3.38) –0.18 (–2.68) –0.22 (–3.43)

t-values are reported in parenthesis.

unemployment and vacancies with a negative 
sign. Hence the unemployment equation is af-
fected by many variables while the vacancy 
equation is only affected by the eCM and the 
hirings equation is only affected by a dummy 
and seasonal dummies.

in period 2 unemployment again corrects it-
self so that an increase in period t–1 corresponds 
to a decrease in period t. The eCM is error cor-

recting in hirings but not in vacancies or unem-
ployment. This means that if there is an imbal-
ance in the relationship described in the ECM 
hirings will start to change in order to restore 
equilibrium. The change in hirings and vacan-
cies the previous period does not influence any 
relation. The constant and the dummies are sig-
nificant but some seasonal dummies could be 
excluded from the model.
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