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Abstract
This paper refers to analyses of matching processes on occupational

labour markets. Up to now, all studies in this field are based on the crucial
assumption of separate occupational labour markets. I outline some theoretical
considerations that occupational markets are probably not completely separated.
By using information about similarities of occupational groups I constructed an
"occupational topology" and tested my hypothesis of non separated occupational
labour markets with OLS, Fixed Effects and Pooled Mean-Group models
including cross-sectional dependency lags for regressors. The results show
considerable dependencies between similar occupational groups in the matching
process. Particularly, all in all the results indicate occupational specific set-up
and set-down processes in similar occupational groups. This has important im-
plications for estimating the matching efficiencies of unemployed and vacancies,
because the matching process is not only determined by the unemployed and
vacancies in the same occupational group but also by those in other occupational
groups. Furthermore there are indications that the returns to scale derived
from the results of the pooled mean-group model that considers cross-sectional
dependency are constant.
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1 Introduction
Modern labour market policy exhibits an increasing interest in determinants for
matching labour demand and labour supply to create new jobs. But it is difficult
to observe the processes behind on the micro level. Nevertheless it is possible
to observe the number of (job-seeking) unemployed, vacancies, and new hires.
Therefore the relationship between the number of new hires on the one hand and
the number of job-seekers and vacancies on the other hand can be modelled wi-
thout considering every individual meeting of both market sides.1

Numerous studies deal with the empirical estimation of macroeconomic mat-
ching functions, compare the surveys of Petrongolo and Pissarides (2001), Ro-
gerson et al. (2005) or Yashiv (2006). The estimation results shed light on the
efficiency of matching processes on the labour market. This is important for ag-
gregated labour market and partial labour markets as well. Therefore, matching
functions have been estimated for particular sectors (Broersma and Ours, 1999),
regions (Anderson and Burgess, 2000; Kangasharju, Aki et al., 2005), different
skill levels or occupational groups (Entorf, Mai 1994; Fahr and Sunde, 2004b;
Mora, John James and Santacruz, Jose Alfonso, 2007; Stops and Mazzoni, 2010).
The central assumption of most studies is that partial labour markets are comple-
tely separated from each other, what means that there are no flows of job-seekers
from one partial labour market to another partial labour market and no correla-
tions between the newly created jobs or the number of job vacancies. Exemptions
are studies for regional labour markets (e.g. Dauth et al., 2010). Those consider
the penetrability of the partial markets. Currently there is no study for occu-
pational labour markets that consider dependencies between these partial labour
markets. However, several studies deal with employees’ change of occupations
(Fitzenberger and Spitz, 2004; Seibert, 2007; Kambourov and Manovskii, 2009;
Schmillen and Möller, 2010).
Therefore, in this paper I show that the assumption of separate occupational la-
bour markets is theoretical and empirical not appropriate. I outline theoretical
reasons why occupational markets are not separated. I test my hypotheses with
OLS, Fixed Effects and Pooled Mean-Group Models including cross-sectional
dependency lags for regressors. Therefore, the estimators consider interaction
between cross-sectional units. For that purpose I construct an empirical based
"occupational topology".
In the following section I describe the theoretical framework of my estimation
approach for the matching function. In section 3 I present the data and the em-
pirical estimates follow in section 4. Section 5 summarizes the main results and
discusses several questions for future research.

2 Theoretical framework
The starting point of the matching process are the decisions of firms to create a
new job or to fill a vacancy (job creation decision) and the decision of (unem-
ployed) persons about their intensity to search for a new job (job search decision,
Pissarides, 2000, p. xi). Firms spend time, financial, and personal resources
for job advertisements, screening, training, and vocational adjustments. Job see-
kers spend resources for job search and application procedures. Unemployed and
firms are randomly matched and start to bargain about the wage.
The basic model assumes homogeneous unemployed and homogeneous jobs and

1There is a considerable body of literature, compare e.g. the early papers of Pissarides (1979, 1985);
Diamond (1982a,b); Mortensen (1982).
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the activities of both market sides can be described as matching technology. The
processes behind are not explicitly modelled, so the matching process can be
compared with a black box (Petrongolo and Pissarides, 2001). The variables U,
V and M stand each for the number of unemployed, vacancies and new hires.
The matching function f (U,V) is often specified by a Cobb-Douglas form:

M = AUβU VβV , (1)

whereas A describes the "augmented" matching productivity. The variables βU

and βV stand each for the matching elasticities of the unemployed and the va-
cancies respectively. From a theoretical viewpoint their values are positive and
should be not higher than 1. Furthermore constant returns to scale are assumed,
this implies βU + βV = 1 with βU , βV > 0.
Now I relax the assumption of homogeneous vacancies and unemployed and se-
parated partial labour markets. I distinguish between occupational groups and it
is plausible that there could be differences for example between matching pro-
cesses in construction jobs and in the health occupations, because of the different
job requirements, apprenticeships and so on (for empirical evidence compare
Fahr and Sunde, 2004b; Stops and Mazzoni, 2010). For Germany in particu-
lar occupations are adequate units for analyses of the matching processes, more
than regions or economic sectors (compare also Fahr and Sunde, 2004b): Occu-
pations comprise specific qualification requirements, tasks, and other characteris-
tics. Furthermore individuals in Germany afford occupational specific knowledge
during their careers. Usually firms with vacant jobs are looking for workers in
certain occupations and job searchers are looking for jobs in certain occupations.
Another point is the availability of well defined occupational data.
Nevertheless, the occupational markets are probably not strictly separated and the
matching process on a certain occupational labour market is influenced by other
occupational labour markets. One argument for this is that unemployed and em-
ployed persons could change their vocation during their employment biography
(Fitzenberger and Spitz, 2004; Seibert, 2007; Kambourov and Manovskii, 2009;
Schmillen and Möller, 2010). It is reasonable and can be shown that there are no
flows between any kind of occupation, but there are flows between certain occu-
pations. Another argument for interdependencies between different occupational
labour markets is that the creation of new employment in a certain occupation
could lead to the creation of new employment in other occupations, therefore oc-
cupational specific set-up or set-down processes respectively could be observed.
The number of new matches in a certain occupation could be determined in a
way by the number of unemployed and vacancies in other certain "similar" occu-
pations.
The matching function would be modified in the following way:

Mi = AiU
βU
i VβV

i g(UJ
i‖J,i)h(VJ
i‖J,i), (2)

whereas Mi, Ai, Ui, and Vi stand each for the matches, "augmented" matching
productivity, unemployed, and vacancies in an occupational group i. The terms
g(Ui
 j) and h(Vi
 j) denote each a functional relationship between the new hires
in occupational group i and the sum of all unemployed persons as well as the
sum of vacancies respectively in all occupational groups J that are similar with
the observed occupational group i.

3



3 Data
I use a panel data set with 81 occupational groups and 26 (yearly) measuring
times for the years 1982 to 2007. The groups result from the German occupa-
tional classification Scheme from 1988 (Kldb882). Data for unemployed and
vacancies stem from operative data of the Statistics of the German Federal Em-
ployment Agency. They are disaggregated and available for the reference date
September 30th of each year. I used the IAB Sample of Integrated Labour Mar-
ket Biographies 1975-2008 (SIAB 1975-2008) for the calculation of new hires
from October 1st of a year to September 30th of the following year. The SIAB
1975-2008 contains information about each individual’s history of employment
subject to social insurance contributions, since 1999 minor employment, and per-
iods of receiving unemployment benefits (Dorner et al., 2010).
The number of new hires in the occupational groups is equal to the sum of flows
to employment from unemployment, employment or non-employment3.
I calculated the number of new hires in the national economy by using the re-
lationship between the new hires to the employment level of SIAB 1975 - 2008
multiplied with the employment levels taken from the employment statistics of
the Federal Employment Agency4 (ratio estimator, see Cochran, 1977, pp. 150
f.). The level of employment and the number of new hires are highly positive cor-
related, that is why the ratio estimator is more exact than a simple extrapolation.
I had to consider that there are only 40 occupational sections in the employment
statistics of the Federal Employment Agency. Nevertheless I used the informa-
tion: I assigned the 81 occupational groups to the 40 occupational sections (see
table 4 in the appendix):

Mi,t =
Eo|i∈o,t

eo|i∈o,t
· mi,t, (3)

whereas variables have following definitions:

• Mi,t is the interpolated number of new hires by the occupational groups
i = 1, ..., 81 and the measuring time t,

• mi,t is the number of new hires m from the SIAB 1975-2008 by occupatio-
nal groups i = 1, ..., 81 and years t,

• eo|i∈o,t is the number of employed person from the SIAB 1975-2008 by the
occupational groups i ∈ o assigned to the occupational sectors o = 1, ..., 40
at September 30th of each year t and

• Eo|i∈o,t is the level of employment at September 30th of each year t in the
occupational groups i ∈ o assigned to the occupational sectors o = 1, ..., 40
at September 30th of each year t.

I have solely taken data for Western Germany, because data for Eastern Germany
are only available since 1992. Therefore I have to accept a constraint: Western
German job seekers who took up employment in Eastern Germany and Eastern
German unemployed were not considered. Stocks of Western German unem-
ployed and registered vacancies as explanatory variables shall explain the flows
in employment in Western Germany as dependent variable. This has to be beard
in mind for interpreting the results.
Table 1 shows some descriptive statistics for the aggregated stocks and flows
from the data.

2Klassifizierung der Berufe 1988, compare table 3 in appendix.
3That means that a person was neither employed nor registered as unemployed.
4I used the number of employed who are subject to social insurance contributions.
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Table 1: Descriptive statistics

Average
1982-2007 Share

(in numbers) (in per cent)
Labour market stocks
Labour force E + U 25 436 839 100.00%

Employed E 23 172 935 91.10%
Unemployed U 2 263 904 8.90%

Vacancies V 277 831 1.09%
Flows in employment M 5 595 605

Note: Own calculation of averaged stocks by years, source: data centre of the statistic department of the
Federal Employment Agency, SIAB 1975-2008.

4 Empirical strategy and results

4.1 An occupational "topology"
The empirical strategy of this work is based upon the idea that cross-sectional
units interact with others; therefore the interaction effect means that the average
behaviour in a group influences the behaviour of the individuals that comprise
the group (Manski, 1993; Elhorst, 2010). In this study I examine if new hires
are influenced by exogenous regressors in other particular occupational groups.
The number of unemployed of "similar" occupational groups should have a po-
sitive impact on the matches in a certain occupational group. The impact of
vacancies is not clear: Both directions could be conceived. On the one hand
more hirings in certain occupational groups could induce more hirings in other
"nearest neighbouring" occupational groups and vice versa (occupational specific
set-up/set-down processes). On the other hand because of substitution processes
it is possible that the more hiring could be observed in an occupational group the
less are observed in certain others (occupational specific substitution processes).
Analogous to a regional topology that regularly depends on the distance of the
regions I need an "occupational group topology" to estimate the dependencies.
I constructed a NxN occupational weight-contiguity-matrix W that refers to the
similarities of occupational groups according to Matthes et al. (2008), compare
table 5 in appendix. The basic idea of Matthes et al. (2008) was to aggregate so-
mewhat "similar" or "homogeneous" respectively occupational groups according
to the KldB 88 to occupational segments (Berufssegmente). According to this,
occupational groups on the 3-digits level are similar if they are alternatives for
each other for recruitment decisions from the firms’ perspective or for job search
decisions from the employees’ perspective. These information are available from
the Federal Employment Agency and its Central Occupational File (Zentrale Be-
rufedatei, Bundesagentur für Arbeit , Federal Employment Agency). To identify
the similarities between certain occupational groups the Federal Employment
Service analysed specific skills, licences, certificates, and knowledge needed as
well as typical tasks and techniques for every occupational group (Matthes et al.,
2008).
I transformed the results for occupational groups on the 3-digit level to occupa-
tional groups on the 2-digit level. Results are summarized in table 5 in the appen-
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dix. On the base of this information I constructed a symmetric 81x81 first-order
contiguity weight matrix consisting of ones reflecting similarity of occupational
groups. The diagonal elements are set to zero by assumption, since an occupa-
tional group can not be similar to itself.
Thereby one restriction has to be beard in mind: some of the 2-digit groups are
not assigned to only one occupational segment, because they contain some 3-
digit groups belonging to one segment and some belonging to another segment5.
However, these occupational groups could be handled as occupations that are si-
milar with more than one segment (e.g. segment A and segment B), because they
consist of some tasks or qualifications that are only found in segment A and some
other that are only found in segment B. Therefore, segment A and segment B are
not necessarily similar.
.

4.2 Estimation approach and results
For examining the influences by exogenous regressors in other occupational
groups I use a modified Cobb-Douglas matching function with "spatial" lags for
regressors as concretion for the functional terms g(Ui
 j) and h(Vi
 j):

Mi = AiU
βU
i VβV

i UγU

J
iV
γV

J
i, (4)

Therefore, beside the well known matching elasticities βV and βU two further
matching elasticities γV and γU have to be considered representing the effects
due to dependencies of the occupational labour markets. In the first step I
apply a pooled ordinary least square estimation (Pooled OLS). This model
is used as reference for previous studies like this of Fahr and Sunde (2004a)
or Stops and Mazzoni (2010) respectively. This estimator underlies two
crucial assumptions: (i) equality of the parameters of the matching function
in all occupational groups and (ii) stationarity of the used time series. In the
second step I relax the assumption of equality of the intercept by applying
a fixed effects estimator (FE). Finally I relax assumption (ii) by applying a
Pooled-Mean-Group Model, as it was introduced by Pesaran et al. (1999, S. 623).

4.3 Pooled OLS and Fixed Effects estimators
The regression equation for the Pooled OLS and FE model based on the loga-
rithm of both sides of equation (4) is

log M = Ai+β
Ulog U+βVlog V+Wlog UγU+Wlog VγV+ωt+ζGDPcyc+E. (5)

In line with the literature (LeSage and Pace, 2009, pp. 178) βV and βU can be
interpreted as direct effects and γV and γU as indirect effects on the number of
matches. Beside a comparison of the impacts of vacancies and unemployed
on the matching process for labour market theory it is from certain interest to
analyse the returns to scale in terms of the sum of the matching elasticities.
LeSage and Pace (2009, pp. 34) show for the simple case of models with
cross-sectional dependence regressors I apply in this paper ("SLX" models) that
the (average) total elasticities is just the sum of the (direct) elasticity β and the
indirect elasticity γ. Therefore, to analyse the returns to scale of the estimated

5To give an example compare table 5 and occupational group 63 "technical specialist": This group is
assigned to "Miner/chemical occupations", "Glass, ceramic, paper production" as well as "Constructing".
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matching functions I provide an Wald test with the Null that the same of all
direct and indirect elasticities equals 16.
For the Pooled OLS version of the model the "augmented productivity variable"
Ai is equal and for the FE version it is individual for each occupational group.
Furthermore the model contains a trend coefficient ω and could be interpreted
as an indicator for the development of the matching productivity during the
observation period. The model is complemented by the cyclical component
of the logarithm of the German real Gross Domestic Product GDPcyc that is
calculated with the Hodrick-Prescott-Filter (Hodrick and Prescott, 1997). The
reasons for this are the following: for interpretation the empirical findings about
the matching elasticities and consequently the returns to scale one has to bear in
mind that the observable stocks of vacancies and unemployed are just proxies for
all job searchers and vacancies on the labour market. This could lead to biased
estimates (Broersma and Ours, 1999; Anderson and Burgess, 2000; Fahr and
Sunde, 2005; Sunde, 2007). Probably this explains why most empirical studies
do not provide evidence for constant returns of scale. Therefore, Anderson and
Burgess (2000) proposed to interpret the empirical matching elasticities as these
from a "reduced" model. Though, the number of all vacancies could be found if
the shares of the observable vacancies7 on all vacancies are known. These shares
are reported from time to time (compare Heckmann et al., 2009) but for the
observation period the shares are not known. Nevertheless Franz (2006) reports
an partially counter-cyclical characteristics of these shares. This relationship
can be used and in line with this, the coefficient of the GDPcyc is expected to be
positive8.
Table 2 presents in the columns (1) to (4) results for the pooled OLS and fixed
effects model, for each one version with cross-sectional lags of exogeneous
regressors and one without9.

6H0: βU + βV + γU + γV = 1 vs. Ha: βU + βV + γU + γV , 1
7These are the vacancies that are registered by the Federal Employment Service. Employers are not

obligated to register vacancies.
8Compare detailed considerations in the appendix A.2
9Further results are presented in appendix A.3.1 and A.3.2.
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Table 2: Results of the Pooled OLS estimations for log M as the dependend variable

Robust standard errors were calculated following Huber and White. Infor-
mation criteria are reported, Akaikes information criteria (Akaike, 1974, AIC,)
as well as Bayesian Information Criterion (Schwarz, 1978, BIC,). Therefore
the models with the cross-sectional lags of the exogenous regressors should be
preferred, because their information criteria are smaller than the ones of the
variants without cross-sectional dependence.
The matching elasticities of the unemployed and vacancies respectively are
significantly positive and robust in all model variations, nevertheless they are
quite small in the FE models. The positive coefficient of the cyclical component
of the real GDP and the negative parameter of the trend are - except for the
pooled OLS version - robust.
The parameters for the impact of the regressors from other occupational groups
γU and γV are both significant positive and robust for the FE models, but not for
the pooled OLS version where γU is significant negative. A Wald test with the
Null that both coefficients are simultaneously zero has to be rejected. The results
of the FE estimations indicate a positive relationship between the new hires of an
occupational group and the vacancies and unemployed in similar occupational
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groups. This has important implications for estimating the matching efficiencies
of unemployed and vacancies - they are each not only determined by the
unemployed and vacancies in the same occupational group but also by those in –
similar – occupational groups. Nevertheless the Wald test for constant returns to
scale has to be rejected for all variant of the Pooled OLS and Fixed Effects model.

4.4 Stationarity and Pooled Mean Group Model
The characteristics of the used panel variables are quite important for applying
the right estimator. Blanchard and Diamond (1989, S. 55 ff.) used Augmented-
Dickey-Fuller-Tests for the Null of Instationarity that could be rejected. Never-
theless they could not show cointegration between the observed data. Entorf
(1998, S. 79 f.) confirmed, that unit roots are quite seldom in panel time se-
ries like new hires, vacancies and unemployment. Therefore it shall be evident,
that the estimated parameters are significant unequal 0 for a t-statitistics from a
certain value. Fahr and Sunde (2004a, S. 426) used a stationarity test by Hadri
(2000) with the Null of stationarity and showed that the Null could not be rejec-
ted for their data. Stops and Mazzoni (2010) used the same test for similar data
with more observation points in time and showed that the Null has to be rejected.
I applied the same test for the data that is analysed in that paper. The results
indicate, that the assumption of stationarity should not be kept. The Null of sta-
tionarity has to be rejected for all the time series of new hires, vacancies and
unemployed. The Null could not be rejected for the first-order difference series
in case of homoscedastic standard errors10. This allows the assumption of first-
order integrated time series I(1). Furthermore from a theoretical point of view
there is longtime linear relationship between the logarithm of the new hires and
the unemployed and vacancies and it is conclusive to assume that these variables
are co-integrated.
The Pooled Mean-Group model convinced by Pesaran et al. (1999) offers a good
link to these data characteristics (Baltagi, 2002, S. 245). The base of the Pooled
Mean-Group estimator is an autoregressive distributive lag (l, q1, q2, ..., qk) mo-
del (ARDL model) with q = q1 = q2 = ... = qk. This model is reparameterized
in a error correction form. Here I use a reparameterized ARDL(1,1,1) model:

∆ log Mi,t = φi[log Mi,t−1−(βU log Ui,t+β
V log Vi,t)]+δU

i ∆ log Ui,t+δ
V
i ∆Vi,t+Ai+εi,t

(6)
In addition to the pooled OLS and FE estimators the following variables are now
implemented:

• ∆ log Mi,t are each the first-order backward differences of the logarithm of
the flow in employment,

• ∆ log Ui,t and ∆ log Vi,t are the first-order backward differences of the loga-
rithm of unemployed log Ui,t and vacancies log Vi,t and

• δU
i and δV

i are the regression coefficients of these differences.

The following mechanism is modelled: the dependent variable log Mi,t−1 and the
regressors log Ui,t as well as log Vi,t are not in an equilibrium and therefore the
steady state is not reached (this would only be the case by chance). Therefore
there is an adjustment process for log Mi,t; the error-correction term φi on the
right side of the equation denotes the error-correcting speed of adjustment term

10This is also true in the case of heteroscedasticity of the residuals with an exception for the unem-
ployed at a significance level of 10 per cent. Please compare the results in table 9 in appendix.
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in the square brackets. There is no long time relationship between the dependent
and independent variables if φi equals Null. A significant negative parameter
indicates that the variables tend to a long-run steady-state (Blackburne III and
Frank, 2007, S. 199).
The pooled mean-group estimator includes fixed effects and short-run dynamics
of the variables for each occupational group i and restrict the long-run coeffi-
cients as equal for all occupational groups i. The PMG model in equation (6) is
non-linear in its parameters φi and (βU , βV ). Therefore a Maximum-Likelihood
estimator is applied (Pesaran et al., 1999, S. 465). The concentrated likelihood
has the form 11:

lT (ϑ′,φ′,σ′) = −
T
2

N∑
i=1

ln(2πσ2
i )−

1
2

∑
i=1

N
1
σ2

i

[∆ log Mh,i−φiξi(ϑ)]′Hi[∆ log Mh,i−φiξi(ϑ)].

(7)
The symbols mean

ξi(ϑ) = log Mh,i,−1 − (log Ui, log V i)(βU , βV )′,
Hi = IT − Li(L′i Li)Li with a identity matrixIT , whereas
Li = (log Mh,i,−1, ..., log Mh,i,−p+1,∆ log Ui,∆ log V i, ι)
φ = (φ1, φ2, ..., φN)′

σ = (σ2
1, σ

2
2, ...σ

2
N)′

(8)

The residuals ξi(ϑ) = log Mh,i,−1 − (log Ui, log V i)(βU , βV )′ are included in the
logarithm of the density function of the normal distribution.
Table 2 presents the results for the long-run coefficients and the averaged
error-correction term of two variations of the model, one version with and
one version without cross-sectional lags of the exogenous regressors. Also
for these two model the Wald test that γU and γV are simultaneously equal
zero has to be rejected and considering the information criteria the model with
the cross-sectionals lags of regressors should be preferred. A table 8 with all
results and more model versions can be found in the appendix A.3.3. A lagged
first-order difference of the the new hires ς∆M−1

1 is included as well as variations
with the trend ω, the cyclical component of the real GDP GDPcyk and the cross
sectional regressors as long-run parameters in the error-correction term.
The upper part of the tables include the long-run elasticities for the vacancies and
unemployed as well as the exogenoues regressors, the cyclical component of the
real GDP and the trend. The lower part contains the averaged error-correction
term φ, the averages of the estimated short-run parameters for each occupational
group and the average fixed effect A (Pesaran et al., 1999, S. 626).
The long-run coefficients βU , βV , γU , γV and GDPcyk are positive and the trend
T is negative and significantly different from zero. These results are robust
for all model variations. The impact of the unemployed is larger than of the
vacancies, that is also true for the 95%-confidence intervals of βV and βU . That
is in line with other studies for Germany (Stops and Mazzoni, 2010; Fahr and
Sunde, 2004a; Burda and Wyplosz, 1994). The short-run parameters are mostly
significantly different from zero. For all modell variations there is a significant
positive relationship between changes in the number of new hires and changes
in the number of vacancies and a significant negative relationship between
changes in the number of new hires and changes in the number of unemployed.

11The equation is noted in vectors and matrices (bold letters). Data for different observation points
in time are staggered in the columns of the matrices or vectors resp., therefore the index t becomes
expendable.
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Particularly the latter results could explain deviations from the steady state.
The error-correction term φ is significant negative for all variations of the model.
This is a indication for the existence of movements against the deviations from
the long-run equilibrium.

5 Conclusions
This paper refers to analyses of matching processes on occupational labour
markets. Up to now, all studies in this field are based on the crucial assumption
of separate occupational labour markets. I outlined some theoretical considera-
tions that occupational markets are not separated. By using information about
similarities of occupational groups I constructed an "occupational topology"
and finally I tested my hypothesis of non separated occupational labour markets
with pooled OLS, fixed effects and pooled mean-group models that include
cross-sectional dependency lags for regressors.
The results show that there are considerable dependencies between "similar"
occupational groups in the matching process. One result is the positive rela-
tionship between the new hires of an occupational group and the vacancies and
unemployed in other "neighbouring" occupational groups. The (preliminary)
results indicate occupational specific set-up and set-down processes respectively
in neighbouring occupational groups. This has important implications for
estimating the matching efficiencies of unemployed and vacancies - they
are each not only determined by the unemployed and vacancies in the same
occupational group but also by those in other occupational groups. Furthermore
there are indications that the returns to scale, derived from the results of the
pooled mean-group model considering cross-sectional dependency are constant.
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A Appendix

A.1 Further information tables

Table 3: Occupational groups according to the German occupational clas-
sification scheme (KldB 88)

Code Occupational group
(KldB 88)

1 farmer, fisher

3 agricultural administrator

4 helper in the agricultural sector, agricultural workers, stockbreeding professions

5 gardener, florist

6 forester and huntsman

7 miner and related professions

8 exhauster of mineral resources

(9 mineral rehasher, mineral burner )*

10 stone processor

11 producer of building materials

12 ceramicist, glazier

13 glazier, glass processor, glass refiner

14 chemical worker

15 polymer processor

16 paper producer

17 printer

18 woodworker, wood processor

19 metal worker

20 moulder, caster, semi-metal cleaner

21 metal press workers, metal formers

22 turner, cutter, driller, metal polisher

23 metal burnisher, galvanizer, enameler

24 welder, solderer, riveter, metal gluter

25 steel smith, copper smith

26 plumber, plant locksmith

27 locksmith, fitter

28 mechanic

29 toolmaker

30 metal precision-workers, orthodontists, opticians

31 electricians

32 assemblers and metal related professions

33 spinner, ropemaker

34 weaver, other textile producer

35 tailor, sewer

36 textile dyer

37 leather and fur manufacturers, shoemaker

39 baker, confectioner

40 butcher, fishworkmansip and related

continued on the next page
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Code Occupational group
(KldB 88)

41 cooks, convenience food preparatory

42 brewer, manufacturer for tobacco products

43 milk/fat processor, nutriments producer

44 bricklayer, concrete builder

45 carpenter, roofer, spiderman

46 road/track constructors, demolisher, culture structurer

47 helper in the construction sector

48 plasterer, tiler, glazier, screed layer

49 interior designer, furniture supplier

50 joiner, modeler, cartwright

51 painter, varnisher and related professions

52 goods tester, consignment professions

53 unskilled worker

54 machinist and related professions

60 engineer, architect

61 chemist, physicist

62 technician

63 technical specialist

68 merchandise manager

69 banking professional, insurance merchant

70 merchant/ specialist in conveyance, tourism, other services

71 conductor, driver, motorist

72 navigator, ship engineer, water/air traffic professions

73 mail distributer

74 storekeeper, worker in storage and transport

75 manager, consultant, accountant

76 member of parliament, association manager

77 accounting clerk, cashier, data processing expert

78 clerk, typist, secretary

79 plant security, guard, gate keeper, servant

80 other security related professions, health caring professions

81 law related professions

82 publicist, translator, librarian

83 artist and related professions

84 physician, dentist, apothecaries

85 nurse, helper in nursing, receptionist and related

86 social worker, care taker

87 professor, teacher

88 scientist

89 helper for cure of souls and cult

90 beauty culture

91 guest assistant, steward, barkeeper

92 domestic economy, housekeeping

93 cleaning industry related professions

*Note: Occupational group 9 contains some missing values for vacancies. That’s why it has to be dropped out for the estimations.

13



Table 4: Assignment of the occupational groups to the occupational sec-
tion of the employment statistics of the Federal Employment Agency

Occupational groups Occupational section
in data in employment statistics

i = 1, ..., 82 o = 1, ..., 40 Name of the occupational section

1, 3 -5 1 Plant cultivator/stockbreeding/fisher

6 2 Forester/huntsman

7 -9 3 Miner/exhauster of mineral resources

10 -11 4 Stone processor/producer of building materials

12 -13 5 Ceramicist/glazier

14 -15 6 Chemical worker/polymer processor

16 7 Paper producer

17 8 Printer

18 9 Woodworker/wood-processor

19 -24 10 Metal worker

25 -30 11 Locksmith/mechanic

31 12 Electrician

32 13 Assembler/metal-related professions

33 -36 14 Textile-related professions

37 15 Leather and fur manufacturer

39 -43 16 Nutrition-related professions

44 -47 17 Construction-related professions

48 -49 18 Interior designer/furniture supplier/upholsterer

50 19 Carpenter/modeller

51 20 Painter/varnisher/related professions

52 21 Goods tester/consignment professions

53 22 Unskilled worker

54 23 Machinist/related professions

60 -61 24 Engineer/chemist/physicist/mathematician

62 25 Technician

63 26 Technical specialist

68 27 Merchandise manager

69 -70 28 Service merchants

71 -73 29 Transportation-related professions

74 30 Storekeeper/worker in storage and Transport

75 -78 31 Organization-/management-/office- related professions

79 -81 32 Security service-related professions

82 33 Publicist/translator/librarian

83 34 Artists and related professions

84 -85 35 Health care-related professions

86 -89 36 Social worker/pedagogue/science careers

90 37 Beauty culture

91 38 Guest assistant/steward/barkeeper

92 39 Domestic economy/housekeeping

93 40 Cleaning industry-related professions
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Table 5: Assignment of the occupational groups to the occupational seg-
ments (Matthes et al., 2008)

Occupational segment Occupational group
Code Name Code Name

101 "Green" occupations 1 farmer, fisher

3 agricultural administrator

4 helper in the agricultural sector, agricultural workers, stockbreeding professions

5 gardener, florist

6 forester and huntsman

42 brewer, manufacturer for tobacco products

201 Miner/chemical occupations 7 miner and related professions

8 exhauster of mineral resources

9 mineral rehasher, mineral burner )*

14 chemical worker

15 polymer processor

46 road/track constructors, demolisher, culture structurer

54 machinist and related professions

60 engineer, architect

62 technician

63 technical specialist

202 Glass, ceramic, paper production 11 producer of building materials

12 ceramicist, glazier

13 glazier, glass processor, glass refiner

16 paper producer

17 printer

51 painter, varnisher and related professions

63 technical specialist

83 artist and related professions

203 Textile, leather production 33 spinner, ropemaker

34 weaver, other textile producer

35 tailor, sewer

36 textile dyer

37 leather and fur manufacturers, shoemaker

54 machinist and related professions

62 technician

93 cleaning industry related professions

204 Metal producer 19 metal worker

20 moulder, caster, semi-metal cleaner

21 metal press workers, metal formers

22 turner, cutter, driller, metal polisher

23 metal burnisher, galvanizer, enameler

24 welder, solderer, riveter, metal gluter

25 steel smith, copper smith

26 plumber, plant locksmith

27 locksmith, fitter

28 mechanic

29 toolmaker

continued on the next page
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Occupational segment Occupational group
Code Name Code Name

30 metal precision-workers, orthodontists, opticians

32 assemblers and metal related professions

50 joiner, modeler, cartwright

60 engineer, architect

62 technician

68 merchandise manager

205 Electricians 31 electricians

32 assemblers and metal related professions

60 engineer, architect

62 technician

77 accounting clerk, cashier, data processing expert

206 Wood occupations 18 woodworker, wood processor

30 metal precision-workers, orthodontists, opticians

48 plasterer, tiler, glazier, screed layer

50 joiner, modeler, cartwright

51 painter, varnisher and related professions

207 Constructing 11 producer of building materials

44 bricklayer, concrete builder

45 carpenter, roofer, spiderman

46 road/track constructors, demolisher, culture structurer

47 helper in the construction sector

48 plasterer, tiler, glazier, screed layer

49 interior designer, furniture supplier

51 painter, varnisher and related professions

54 machinist and related professions

60 engineer, architect

62 technician

63 technical specialist

71 conductor, driver, motorist

83 artist and related professions

301 Hotel/restaurant occupations 39 baker, confectioner

40 butcher, fishworkmansip and related

41 cooks, convenience food preparatory

43 milk/fat processor, nutriments producer

70 merchant/ specialist in conveyance, tourism, other services

80 other security related professions, health caring professions

91 guest assistant, steward, barkeeper

92 domestic economy, housekeeping

93 cleaning industry related professions

302 Storage/ transport occupations 52 goods tester, consignment professions

70 merchant/ specialist in conveyance, tourism, other services

71 conductor, driver, motorist

72 navigator, ship engineer, water/air traffic professions

73 mail distributer

74 storekeeper, worker in storage and transport

303 Merchandise occupations 68 merchandise manager

continued on the next page
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Occupational segment Occupational group
Code Name Code Name

70 merchant/ specialist in conveyance, tourism, other services

77 accounting clerk, cashier, data processing expert

85 nurse, helper in nursing, receptionist and related

90 beauty culture

304 White collar worker 70 merchant/ specialist in conveyance, tourism, other services

73 mail distributer

75 manager, consultant, accountant.

76 member of parliament, association manager

77 accounting clerk, cashier, data processing expert

78 clerk, typist, secretary

81 law related professions

86 social worker, care taker

88 scientist

305 Security occupations 60 engineer, architect

62 technician

79 plant security, guard, gate keeper, servant

80 other security related professions, health caring professions

306 Social/care occupations 86 social worker, care taker

89 helper for cure of souls and cult

307 Medical occupations 85 nurse, helper in nursing, receptionist and related

308 Physicians 84 physician, dentist, apothecaries

309 Teaching professions 87 professor, teacher

310 Artists/Athlets 10 stone processor

83 artist and related professions

87 professor, teacher

311 Natural scientists 60 engineer, architect

61 chemist, physicist

84 physician, dentist, apothecaries

88 scientist

312 Humanists 82 publicist, translator, librarian

88 scientist

999 Unskilled worker 53 unskilled worker
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A.2 Real GDP and the shares of registered vacancies on all
vacancies
12 Only vacancies V could be observed that are registered by the Federal Em-
ployment Service. To estimate the matching function it would be better know
all vacancies VALL. RBA denotes the share of the registered vacancies V on all
vacancies VALL:

V = RBA · VALL (9)

Employers register their vacancies, when they expect, that searching via the Fe-
deral Employment Service would be successfull. In times of booms the number
of the registered job searchers decreases. That is noticed by the firms. There-
fore it could be assumed that firms have more negative expectations to find staff

by the services of the Employment Agencies in these times. In line with (vgl.
Franz, 2006, S. 107 f.) RBA decreases in phases of economic recoveries - it is an-
ticyclical. Therefore, the (logarithm of) RBA correlates negative with the cyclical
component of the real Gross Domestic Product (GDPcyc). The latter one could be
interpreted as the deviation of the GDP from its long-run trend. Therefore it is an
indicator for the economic situation at a certain point of time and consequently
the rate RBA could be seen in functional relationship with GDPcyc:

RBA = f (GDPcyc). (10)

That means
V = f (GDPcyc) · VALL (11)

and after some simple rearrangements

VALL =
V

f (GDPcyc)
. (12)

The matching function
M = AVβV

ALLUβU
(13)

after finding the logarithm is

log M = log A + βV log VALL + βU log U. (14)

Using equation (12) leads to

log M = log A + βV [log V − log f (GDPcyc)] + βU log U (15)

and the assumption log f (GDPcyc) � (−βgdpGDPcyc) leads to

log M = log A + βV log V + βgdpGDPcyc + βU log U (16)

with βGDP = (−βV ) · (−βgdp).
Finally the assumptions βV > 0 and βgdp > 0 lead to βgdp > 0.

12compare also Stops and Mazzoni (2010)
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A.3 Further empirical results

A.3.1 Pooled OLS Model
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Table 6: Results of the Pooled OLS estimations for log M as the dependend variable
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A.3.2 Fixed Effects Model
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Table 7: Results of the Fixed Effects estimations for log M as the dependend variable
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A.3.3 Pooled Mean-Group Model

(1) (2) (3) (4) (5) (6)
PMG 1 PMG 2 PMG 3 PMG 4 PMG 5 PMG 6

Long-run coefficients

βU 0.373*** 0.413*** 0.469*** 0.493*** 0.346*** 0.376***
(0.046) (0.046) (0.038) (0.038) (0.031) (0.054)

βV 0.182*** 0.246*** 0.168*** 0.255*** 0.266*** -0.095**
(0.027) (0.021) (0.025) (0.019) (0.016) (0.038)

γU 0.250*** 0.246*** 0.004 0.301***
(0.062) (0.060) (0.036) (0.081)

γV 0.166*** 0.162*** 0.096*** 0.072
(0.036) (0.033) (0.022) (0.049)

Trend -0.036*** -0.034*** -0.033*** -0.032*** -0.026***
(0.002) (0.002) (0.002) (0.002) (0.001)

GDPcyc 11.491*** 12.389*** 9.747*** 9.757*** 19.448***
(1.329) (1.391) (1.119) (1.139) (2.287)

φ -0.253*** -0.247*** -0.266*** -0.263*** -0.342*** -0.166***
(0.020) (0.020) (0.023) (0.023) (0.035) (0.014)

Short-run coefficients

ς
∆M−1
1 -0.104*** -0.099*** -0.094*** -0.088*** -0.031 -0.088***

(0.021) (0.022) (0.022) (0.023) (0.025) (0.023)
δ∆U

0 -0.161*** -0.175*** -0.160*** -0.180*** -0.206*** -0.046
(0.029) (0.029) (0.030) (0.030) (0.033) (0.029)

δ∆U
−1 -0.058*** -0.064*** -0.050** -0.058** -0.053** 0.014

(0.022) (0.023) (0.022) (0.023) (0.022) (0.023)
delta∆V

0 0.051*** 0.050*** 0.051*** 0.046*** 0.025 0.126***
(0.014) (0.014) (0.014) (0.014) (0.017) (0.016)

δ∆V
−1 0.045*** 0.046*** 0.046*** 0.044*** 0.041*** 0.109***

(0.014) (0.014) (0.014) (0.014) (0.016) (0.012)
Constant 0.554*** 0.648*** 1.008*** 1.096*** 1.583*** 0.626***

(0.036) (0.043) (0.076) (0.087) (0.159) (0.045)

Observations 1,944 1,944 1,944 1,944 1,944 1,944
Number of groups 81 81 81 81 81 81
ll 1877 1870 1872 1865 1829 1789
AIC -3727 -3716 -3719 -3708 -3634 -3554
BIC -3655 -3649 -3653 -3647 -3568 -3487
Wald test (Prob > F) 0.632 0.116 0.000 0.000 0.000 0.000
H(0): constant returns to scale

Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Constant = average of fixed effects

Table 8: Results of the PMG estimations for ∆ log M as the dependent variable
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A.3.4 Hadri’s LM test

Table 9: Results of the LM test by Hadri (2000) for the levels and the first-order
differences of the logarithm of time series

Characteristics of Model I (without trend) Modell II (with trend)

Variable Residuals t-stat P-value t-stat P-value

log M Homoscedasticity 93.390 0.000 30.515 0.000

Heteroscedasticity 66.107 0.000 34.453 0.000

log U Homoscedasticity 46.723 0.000 44.480 0.000

Heteroscedasticity 45.825 0.000 38.670 0.000

log V Homoscedasticity 63.112 0.000 47.491 0.000

Heteroscedasticity 52.905 0.000 42.465 0.000

∆ log M Homoscedasticity -4.507 1.000 -6.010 1.000

Heteroscedasticity -1.303 0.904 -3.182 0.999

∆ log U Homoscedasticity -0.919 0.821 -4.150 1.000

Heteroscedasticity 7.357 0,000 3.490 0.000

∆ log V Homoscedasticity -2.200 0.986 -1.759 0.9607

Heteroscedasticity 0.483 0.315 1.699 0.045

H(0): Stationarity
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