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Abstract

In this paper, I study mismatch between job-seekers and vacancies across sectors in
the Finnish labour market between 2006 and the beginning of 2015. The amount of
lost hires caused by the imbalance between job-seekers and vacancies is measured by
a mismatch index, which allows us to construct an efficient allocation of job-seekers
across sectors. Further, this efficient allocation is used to define a counterfactual un-
employment rate to measure the magnitude of mismatch.

Studying the causes of unemployment is increasingly important especially in Finland,
where the share of long-term unemployed job-seekers has shown a steady increase af-
ter the financial crisis. This paper presents mismatch theory as one possible explana-
tion for the prolonged unemployment in the Finnish labour market.

This study utilizes the labour market data from Local Labour Offices made available by
the Ministry of Employment and the Economy. The rich panel data set consists of
monthly information on job seekers, vacancies and hires between 2006 and April 2015.
The data is compiled both in geographical and occupational dimensions to allow the
estimation of a mismatch index across both sectors.

Mismatch measurements indicate possible gains to be made in hires by allocating job-
seekers efficiently. Spatially lost hires vary monthly between 5 and 7 percent when sec-
tor-specific efficiencies are considered. Occupational mismatch indices show wider
variation ranging monthly from 2 to 14 percent depending on the level of disaggrega-
tion. Mismatch peaked especially sharply across occupations as the financial crisis
burst in 2008. According to the approximation of counterfactual unemployment rates,
mismatch explains around one fifth of the aggregate unemployment rate. Most nota-
bly, the results indicate that mismatch is currently increasing on all dimensions. In line
with previous studies from the US and Sweden, mismatch is more severe across occu-
pations than regions.

Keywords matching model, mismatch, unemployment, labour market, mismatch in-
dex, labour economics, ty6ttomyys, tydomarkkinat, tyovoiman kohtaanto
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1 Introduction

The modelling of labour market dynamics is central to understand the foundation of unem-
ployment, which dilutes welfare, income, equality and worker skills. Typically the labour
market is described as flows of jobs and workers constantly reorganising themselves; jobs
are being created and others destroyed and some workers being hired and others losing their
jobs. These constant reallocations create frictions that lead to the simultaneous existence of
unemployed job-seekers and vacancies (Cahuc et al. 2014). Recently, the research has taken
matching function as the main approach to incorporate these frictions into the labour market

models.

The matching model provides a framework to study labour market mismatch as well. Mis-
match refers to “a theory of former steel workers remaining near a closed plant in the hope
that it reopens” (Shimer, 2007). Hence, mismatch concept attempts to answer, whether un-
employment is affected by job-seekers looking for work in the wrong sectors. In other words,
it aims to encompass the degree of heterogeneity in job-seekers across various dimensions,
which can relate to worker skill, location or occupation (Petrongolo and Pissarides, 2001).
As weak economic development in Finland since 2008 has initiated prolonged unemploy-
ment, it raises interest, whether labour mismatch has hindered the recovery of the labour
market. Looking more closely the labour flows in the Finnish labour market reveal a contin-
uous decrease in the job-finding rate simultaneously with a lower unemployment inflow now

than pre-crisis. Sahin et al. (2014) argue that mismatch could explain these type of dynamics.

In this paper, | utilize a panel data set to study mismatch unemployment in the Finnish labour
market between 2006 and April 2015. The data set includes monthly information of job-
seekers, vacancies and hires across geographical and occupational dimensions. The empiri-
cal analysis has three phases. First, the matching functions are estimated to obtain sector-
specific matching efficiencies and vacancy shares. Then, taking the observed vacancies as
given, I measure the amount of lost hires produced by mismatch in the Finnish labour market
across regions and occupations. Third, counterfactual unemployment rates in the absence of
mismatch are calculated and compared with actual rates to demonstrate the magnitude of

mismatch.



Using the constructed mismatch index this thesis aims to answer how imbalanced is the dis-
tribution of unemployed job-seekers given the observed productive efficiencies, matching
efficiencies and vacancies across the labour market. Especially the changes in the matching
process before and after the latest financial crisis will be discussed. In addition, the prevail-

ing characteristics of the Finnish labour market are described thoroughly.

This paper complements other Finnish studies that focus on labour matching with disaggre-
gated data and provides a fresh angle with the mismatch index which, to my knowledge, has
not been measured before with Finnish data. Additionally, the mismatch index approach
allows convenient international comparison with studies from the US and Sweden. Mis-
match measurements might have relevance also from the policymaker perspective. Aggre-
gate labour market policies may have an inefficient effect on employment if severe labour
mismatch weakens the labour market matching process. Moreover, policies supporting la-
bour mobility could dilute geographical mismatch or means that improve labour re-educa-

tion could suppress possible occupational mismatch.

The rest of the paper is structured as follows. Section 2 describes the development of the
matching model and presents the Beveridge curve as an early tool for illustrating labour
market matching. Section 3 discusses the features of the baseline matching model. After the
introduction of this widely studied model, the framework is utilized in Section 4 as a basis
to construct the theory behind mismatch index. Section 5 goes through the panel data set that
is used in the empirical measurements. Section 6 presents the results across geographical
and occupational sectors and final section concludes.



2 Background

This section covers how the matching model has made inroads into become the prevailing
approach to explaining labour market dynamics. The second part presents the Beveridge

curve as an important antecedent in modelling labour market matching.

Matching function is based on the assumption that the hiring process in the labour market is
time-consuming and affected by transaction costs and frictions (Pissarides, 2000). The im-
portance of frictions in explaining unemployment has been understood already in the early
generations of labour market studies, but the modelling proved to be difficult for a long time
(Petrongolo and Pissarides, 2001). The discussion about frictions in macroeconomic theories
of labour markets dates back to the aftermath of Great Depression in the 1930’s. Hicks
(1932) was one of the earliest academics to distinguish the effect of frictions on unemploy-
ment, but Keynes (1936) was perhaps the first one to use the term “frictional” unemploy-
ment, even though he defined this kind of unemployment only to be compatible with full
employment (Petrongolo and Pissarides, 2001). Keynes presented high persistent unemploy-
ment as one kind of steady state equilibrium. Until then the predominant classical view es-
tablished by economists including Alfred Marshall and David Ricardo understood economy
as a self-regulating mechanism with a unique steady-state equilibrium, which could not eas-

ily rationalize the existence of involuntary unemployment.

An antecedent for the matching model was the proposition of the “natural rate” of unem-
ployment by Friedman (1968) and Phelps (1967) as an attempt to distinguish the structural
factor of unemployment (Yashiv, 2007). Lilien (1982) argues that the natural rate can be
thought of as a relatively constant level of frictional unemployment necessary to carry out
the continuous process of labour allocation. Nevertheless, the introduction of the concept of
natural rate by Friedman and Phelps was an attempt to explain the breakdown of the rela-
tionship between unemployment and inflation constructed by Phillips (1958), which was a
prevailing approach until the 1970’s.

What led to the current search and matching model was the goal of developing a theory
where unemployment would be an equilibrium outcome. Phelps (1968) and Mortensen

(1970) summarized frictions in a labour flow model, which depended on the firm’s relative



wage offer. The biggest contribution of their model was the realization of large flows of
workers and jobs in the labour market (Petrongolo and Pissarides, 2001).

2.1 Beveridge curve

The negative relationship between job vacancies and unemployment was empirically ob-
served already before the development of the matching model. Presenting Beveridge curve
iIs therefore apparent when studying labour mismatch, since it has been partly used to study
structural unemployment shocks in the past (see e.g. Blanchard and Diamond, 1989). The
downward sloping curve in unemployment-vacancy-locus was named as the Beveridge
curve after William Beveridge, who was the first to observe such relationship in 1930’s. Yet,
the graphical and mathematical illustration remained to the later generations of macroeco-

nomic studies (see e.g. Dow and Dicks-Mireaux, 1958).

Figure 1 below demonstrates the simple downward sloping Beveridge curve in unemploy-
ment-vacancy locus. In a textbook case, an exogenous rise in mismatch (or some other real-
location shock) decreases the rate of job matching at a given labour market tightness and
consequently the curve shifts outwards of the origin (shift from BC to BC”). Now, with the
same amount of vacancies (v*) there are more unemployed job-seekers (u* shifts to u’),
while higher mismatch decreases the amount of hires. In contrast, when mismatch declines

the BC curve moves towards the origin and unemployment decreases from u’ to u*.

Figure 1 Beveridge curve
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Consequently, movements along the curve are associated with the state of the business cycle
(Arpaia et al., 2014). In an economic downturn labour demand is often relatively weak, sug-
gesting that firms are reluctant to hire, leading to a low level of unfilled vacancies simulta-
neously with high unemployment. The equilibrium unemployment moves down the curve.
Vice versa, positive labour demand shocks raise the labour demand and move the steady-

state unemployment upwards along the curve.

Petrongolo and Pissarides (2001) form the UV-curve as an equilibrium relation that equates
flows into unemployment with flows out of unemployment. They suggest that if the outflow
from unemployment is given by the matching function, the Beveridge curve slopes down-
ward as empirically witnessed. Hence, the matching model does not contradict with the ev-
idence of the Beveridge curve, even though it is consistent with other mechanisms as well.
Moreover, they list the estimations of equilibrium relation and Beveridge curve as a first

strand of studies, where empirical evidence on matching function stems from.

Especially in the early literature estimating the empirical Beveridge curve has been popular,
since it exploits data only on stock variables, which were better available than flow variables
at the time (Lahtonen, 2006). Even today there is a vast amount of studies from US and from
Europe using cross-country panel data to study BC curve (see e.g. Arpaia et al., 2014; Or-
landi, 2012 and Bonthuis et al., 2013). These studies are popular as they provide a clear and

explicit view on labour matching.

However, this measurement of static difference in stocks is prone to changes in unemploy-
ment duration that hamper test of changes in UV analysis (Rodenburg, 2011). Further, the
approach suffers some major shortcomings, including sensitivity to sample size and the im-
possibility to distinguish the stability of the shift (Arpaia et al. 2014). As any other labour
market study, also Beveridge curve measurements are challenged by the unreliability of va-
cancy data and before the introduction of the search model, the Beveridge curve dynamics
abstracted from labour force entry and exit and omits job-to-job flows (Elsby et al., 2015).
Hence, later studies have enriched the model to account for these as well and have focused
more on estimating the shifts indirectly through job finding and separation rates (e.g. Daly
et al., 2012; Barnichon and Figura, 2010).



Still, Beveridge curve has a relevant meaning, when studying labour mismatch. According
to Blanchard and Diamond (1989), studying the UV-relationship can provide a lot of infor-
mation on the effectiveness of the matching process. This is usually linked to the shifts of
the Beveridge curve in the unemployment-vacancy space (Arpaia et al., 2014). Albaek and
Hansen (2004) suggest that an outward shift in the Beveridge curve implies a rise in unem-
ployment for reasons other than lack of labour demand. They propose two main channels for
this shift: An increase in the reallocation of workers, which implies a rise in both vacancies
and unemployment or an increase in mismatch between vacancies and job seekers, suggest-

ing a decreased amount of hires with the current level of vacancies and unemployment.



3 Matching model

This section introduces the standard matching model as a theoretical framework, which the
empirical part of the paper is structured on. Further, this will be extended as a multi-sector

version of the standard model as an underlying form for the empirical measurements.

The matching model presented in this section follows the model suggested by Petrongolo
and Pissarides (2001). The standard model describes how the stock of vacancies matches
with the stock of job-seekers. In its simplest form, the aggregate matching function can be

written as

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

where M is the number of jobs formed at a given time interval, U is the number of job-
seekers and V is the number of vacant jobs. Commonly, U consists of unemployed job seek-
ers, but also employed workers or individuals outside labour force looking for a job may be
included. The function is assumed to be nonnegative (My > 0, My > 0) and increasing in both
arguments M (0, U) =M (V, 0) = 0. Also, a general assumption is that the function is concave.
This implies that if either the number of job seekers or vacancies increase, then the number
of matches increase but at decreasing rate. Further, in discrete-time models if M is the flow
of matches and U and V are the stocks at the beginning of the period, then M(U,V) <
min(U,V). If no frictions arise in the matching process, i.e. job-seekers and vacancies would

be instantaneously matched, the number of matches would be M = min (U,V).

3.1 Empirical specification
Empirical analysis usually prefers log-linear form as a functional form of the matching
model implying a Cobb-Douglas function
M, = 5U2VF 2

where t denotes time, ¢ is a scale parameter and o and £ are elasticity parameters with respect
to U and V. Further, most studies compiled by Petrongolo and Pissarides (2001) imply that

matching function imposes constant returns to scale. Then a + = 1, otherwise not.
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w —M (1%) = m(6) @3)
The returns to scale of the matching function raise plenty of interest, since it reveals if a
larger labour market in terms of vacancies and job-seekers have a better matching efficiency.
Also, returns to scale above one would imply the possibility of several steady state equilibria.
According to Pissarides (2000), constant returns ensure constant unemployment rate along

the balanced growth-path.

However, the common log-linear specification has received critique due to the lack of theo-
retical and micro foundations. Moreover, the constant elasticity imposed by Cobb Douglas
form is not always empirically supported. Hence, some other forms have proven to be more
suitable for addressing non-linearity in the empirical matching process. For instance, Yashiv
(2000) uses a translog function to address the non-linearity. Other popular alternatives in

addition to log-linear and trans-log specification are non-linear and CES functions.

Coles and Smith (1998) note that aggregation of data, when job-seekers and vacancies across
sectors do not interact, may bias the returns-to-scale downwards. This has been discussed in
the Finnish context as well. Kangasharju et al. (2005) argue that the empirical evidence on
constant returns to scale becomes less evident, when the basic Cobb-Douglas model is ex-
tended or when disaggregated data is used. Moreover, they note that translog specification
seems to provide constantly higher returns to scale. Interestingly, when they include the flow
of new vacancies and unemployment spells in explanatory variables, they find clear constant

returns with Cobb-Douglas specification.

3.2 Stock-flow matching

A general assumption in matching function studies is random search, where job seekers pick
a vacant job randomly and then apply for it. Sampling vacancies is assumed to be time con-
suming in random matching unlike in the stock-flow model. Random search is a convenient
assumption to simplify the estimation and is sometimes also realistic if by presumption there
is some luck or coincidence in hearing about vacant jobs (Petrongolo and Pissarides, 2001).

In fact, many empirical studies approach matching from this assumption.

In real life, search contains arguably a systematic element, which is noted in the so called

stock-flow matching. In this approach, agents are seen as heterogeneous and disaggregated

11



into old and new traders. Gregg and Petrongolo (2005) note that thanks to different infor-
mation channels, workers have information about the available vacancies. They describe
stock-flow matching as follows. When a worker loses her job, she screens the available stock
of vacancies to see if her skills match with any of them and applies simultaneously as many
jobs as she likes. Then upon contact the worker and the firm decide together whether they
form a match or continue to search. Further, the unmatched keep searching because there are
no other available trading partners, since they scanned all of them in the beginning of the
period. Following, the job seekers and vacant jobs will attempt to match with the flow of
new workers and vacancies. Symmetrically flow of new vacancies search for a match on the
current stock of unemployed. Gregg and Petrongolo (2005) remark that under stock-flow
matching traders have a high probability to match in the first period, when they enter the
market. After this initial sampling matching rates fall, because agents have to wait for new

entries to trade with.

Hence, in the stock-flow model frictions are caused by the heterogeneity of agents and mis-
match between them and not by coordination failure (Lahtonen, 2006). A similar view is
presented by Coles and Smith (1998), who demonstrate s simple model of what they call
marketplace matching that describes how the stock of traders on one side of the market
matches with the flow on the other side. Using British job market data they find support for
the view, since the matching behaviour of workers change with the duration of unemploy-

ment.

Stock-flow approach emphasizes the relevance of job-seeker and vacancy inflows during the
observation period into the beginning-of-the period pools, because the use of stock data on
a continuous matching process may raises some issues, when analysing aggregate matching
functions (Gregg and Petrongolo, 2005). Gregg and Petrongolo address this issue as a tem-
poral aggregation problem, which occurs when a continuous-time matching process is esti-
mated with discrete-time (stock) data. Because dependent variable (the number of hires or
matches) is a flow variable and explanatory variables are stock variables, this issue arises
because the explanatory variables are depleted by the response variable (Lahtonen, 2006).
Gregg and Petrongolo focus on this problem by proposing a combination of beginning-of-
the-period stocks with new inflow during the time interval. | use this approach of combining

stock and inflow also in calculating the mismatch indices.

12



Choosing between random search and stock-flow matching is not unambiguous. Finnish
studies have found evidence supporting both approaches as the outcomes are not fully con-
sistent. Lahtonen (2006) finds that unemployed job-seekers are more likely to match with
the flow of new vacancies than with the stock of existing vacancies. However, in exceptional
market conditions as in the depression in the 1990’s Lahtonen finds some evidence on ran-
dom search with time-consuming search due to the vast amount of job-seekers per vacant
job. Moreover, using disaggregated data Soininen (2006) finds support for stock-flow match-
ing in the Finnish context as well, but on the other hand on the aggregate level the traditional
matching function with random search gets more support. Thus, probably the actual behav-

iour of job-seekers lies somewhere between these assumptions.

Still, the attributes assumed concerning the matching function are important when choosing
the type of data. Gregg and Petrongolo (2005) note that labour market flows play a crucial
role on the right-hand side of estimated matching equations. Nevertheless, in my case the
choice of data is not self-evident. The problem is that the data set does not specify, whether
a hired job-seeker previously belonged to stock or inflow. The information of the duration
of unemployment is not enough itself. Hence, to encompass stock-flow matching in the best
possible way, vacancies and unemployed job-seekers are calculated in the spirit of Gregg
and Petrongolo (2005) by adding the inflow of new vacancies and job-seekers to the stock
at the beginning of time period. This choice follows the empirical choice of Marthin (2012),
who have similar issues in modelling stock-flow search with Swedish data. Yet, it is worth
remembering that adding complete flows may bias estimates upwards compared to using

stocks only (llmakunnas and Pesola, 2003).

3.3 Matching efficiency

Matching efficiency plays a vital part when assessing the labour market mismatch. Variation
in matching efficiency is one of the main driver of fluctuations in unemployment rate (Lubik,
2013. The rate at which matches are formed from the factors of production, the job-seekers
and vacancies, has a significant effect on the duration and rate of unemployment (Bunders,
2003). Moreover, Hynninen et al. (2009) discover that inefficiencies have a significantly
increasing effect on unemployment. Regionally, the differences in efficiencies cause varia-

tion in how many matches regions are able to produce with given inputs. Commonly, differ-
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ences across regions reflect the slow operation of equilibrium mechanisms, such as the in-
sufficient response of migration to employment or the slow response of wages to changes in
labour demand or supply (Hynninen et al. 2009). The regional disparities may be caused by
skill mismatch, job search intensity or the functioning of local labour offices (LLO’s). Usu-

ally, they are found to be persistent over time.

Hynninen (2007) points out that total matching efficiency is divided in two parts: technical
efficiency and cost efficiency. In the context of the labour market, the discussion of effi-
ciency mostly relates with the technical component, which is derived from production the-
ory. It explains how efficiently matches are produced by given levels of job seekers and
vacancies by capturing the factors that are independent of the amounts of inputs (Hynninen,
2007). Cost efficiency, on the other hand, is not actually relevant in labour matching process,
because the prices of inputs cannot be determined as in other production functions and thus

cost function cannot be derived in this case.

In terms of aggregate matching efficiency, Barnichon and Figura (2013) highlight two ef-
fects that cause variation in efficiency. First, the composition of unemployment pool may
change over time. The amount of long-term unemployed may for instance become more
represented in the labour market. This composition effect causes variation in the average
search efficiency and therefore affects matching efficiency as well. The second effect is the
dispersion effect, in which the aggregate job finding probability is driven down by the fact
that other submarkets have higher labour market tightness than others.

Problematically, Barnichon and Figura (2013) argue that standard matching function does
not take the composition and dispersion effects into account, since it assumes constant
matching efficiency. This assumption of time-invariant matching efficiency is still widely
used in empirics since it seems to provide a relatively good approximate description of the
labour market. Barnichon and Figura remark that this assumption requires a relatively stable
degree of heterogeneity in the labour market to be valid. They note that aggregate efficiency
has pro-cyclical behaviour because these composition and dispersion effects are procyclical.
This view is supported by llmakunnas and Pesola (2003), who find pro-cyclical variation in
matching efficiencies according to frontier estimation suggesting that regional matching ef-
ficiencies are highly dependent on business cycles. Moreover, their measurements reveal a

negative trend in efficiency.
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3.4 On-the-job search

In reality, unemployed workers form only one part of the whole pool of job seekers. Instead,
job-to-job transitions or flows directly out of the labour force to employment form a large
number of matches as well (Petrongolo and Pissarides, 2001). While the importance of ad-
justing the matching model studies to include also currently employed job-seekers has been
emphasized by previous studies, the majority of empirical measurements ignore this due to
data scarcity (Lahtonen, 2006).

Exceptionally Broersma and Van Ours (1999) include employed workers in their empirical
study and find that accounting for non-unemployed job searchers affects the returns to scale
of the matching function. Also Pissarides (1994) argues that adding employed job-seekers
to the model showed that on-the-job search creates congestion for unemployed workers. Fur-
ther he notes that firms actually direct more vacancies to employed workers, which leads to

ranking between employed and unemployed job seekers.

By default the dependent variable of job-seekers in my data set includes only unemployed
job seekers. Adjusting the measurements to allow on-the-job search is somewhat problem-
atic, since if employed workers looking for a new job do not report to the Local Labour
Offices as job-seekers, they are impossible to recognize in data analysis in this case. None-
theless, the effect of on-the-job search can be controlled as far as the registered employed
job-seekers are concerned. In Section 6.3 the effect of allowing on-the-job search is studied
more carefully by adding the registered and employed job seekers in the data. Overall, it
seems that employed job-seeker do not affect the shares of job-seekers across sectors and

does not therefore affect mismatch measurement significantly.

3.5 Mismatch

Defining the type of mismatch discussed in this paper is crucial. Essentially, mismatch re-
flects the poor compatibility of job seekers and open vacancies. As Petrongolo and Pissarides
(2001) note, mismatch is an “empirical concept that measures the degree of heterogeneity in
the labour market across a number of dimensions, usually restricted to skills, industrial sec-

tor, and location”.

Mismatch is a part of empirical work focusing on the modelling of individual behaviour

attempting to establish microfoundations for the matching model. These studies reflect the
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strand of studies, which use data on individual transitions to estimate hazard functions for
unemployed workers (Petrongolo and Pissarides, 2001).

Variables affecting the aggregate matching rate besides the matching function are classified
in two groups. First group is the search contribution of the individuals and the second group
includes shifts unrelated to individual search decisions such as aggregation issues and tech-
nological advances in job matching. Mismatch can be studied from the second point of view
as a microfoundation for the aggregate matching function.

Petrongolo and Pissarides suggest that mismatch can originate from various sources:

1) Skill mismatch: Differences in the skills possessed by labour and de-
manded by firms for a given position.

2) Geographical mismatch: Imperfect labour mobility, while job seekers and
vacancies are located in various regions. In earlier literature, these differ-
ences in location are also referred to as imbalance in numbers in the local
market.

3) Industry mismatch: The need for industry-specific skills that may not eas-

ily be learned by generally available measures.

The measurement of mismatch has important implications. If mismatch would be non-exist-
ent in all three dimensions noted above, vacancies and job-seekers would match instantane-
ously. Yet, because of the existence of mismatch, labour market matching is characterized
by the search and application process (Petrongolo and Pissarides, 2001). Hence, an increase
in mismatch indicates that at a given level of job-seekers and vacancies, the amount of hires

must fall implying a shift in aggregate matching function.

Many of the earliest formal models of mismatch classified as a source for unemployment
ground on urn-ball structure, which was first studied by probability theorists (see e.g. Hall,
1977). In this framework, firms play the role of urns and workers the role of balls, which are
randomly placed in urns. Job seekers and vacancies are assumed to be homogeneous and
without knowledge about each other’s actions (Lahtonen, 2006). Even with exactly the same
number of balls and urns, the random assignment causes some jobs to remain unfilled as
some jobs receive many workers, of whom only one can be hired. Petrongolo and Pissarides

(2001) suggest that in this setting the lack of information about other workers’ actions gen-
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erates coordination failures, which leads to unemployment. Nonetheless, the approach sug-
gested by Hall (2000) has more resemblance on mismatch. He links the importance of the
number of workers per location and the unemployment rate. The random assignment of

workers causes congestion in some locations, which decreases the matching rate.

Mismatch studies trace also back to the theories of “sectoral shift hypothesis” and structural
unemployment, which was thought to arise from fast structural change in the economy
(Petrongolo and Pissarides, 2001). That is, supply shocks such as advances in technology or
rapid changes in oil markets speed up the need of workers to adapt their skills to match with
the requirements of firms. This skill mismatch then leads to longer unemployment duration
with the given number of vacancies. Structural shifts have been studied for instance by Lilien
(1982), who suggests that the distribution of jobs and workers changes over a business cycle
possibly explaining fluctuations in aggregate employment.