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ABSTRACT
Unobserved Bilateral Search on the Labor Market:
A Theory-Based Correction for a Common Flaw in
Empirical Matching Studies*
This paper develops a model of equilibrium unemployment with (unobservable) endogenous
on-the-job search and (partly unobservable) endogenous search behavior by firms. The
model allows to analyze crowding-out of unemployed job seekers by endogenous on-the job
search of employees, and the interaction of job search behavior and vacancy posting policies
of firms. Moreover, it is shown that the neglect of endogenous but not observable behavior in
the empirical literature on labor matching leads to systematically biased estimates of the
matching elasticities, posing a caveat on the results of previous studies testing for constant
returns of the matching function. The theoretical model presented allows to predict the
direction of the bias. We propose a correction for the estimates of empirical matching
functions that leads to unbiased estimates of the matching elasticities. The empirical
implications of the theoretical model are tested and confirmed using German administrative
data, and unbiased estimates of matching elasticities are presented.
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Introduction

Matching functions are at the heart of many macroeconomic models of the
labor market. While the theoretical literature is well developed, the empirical
literature on matching functions is still reasonably small (see Petrongolo and
Pissarides (2001) for a recent survey). Most of the existing empirical literature concentrates on the question whether the assumption of constant returns
in the matching function can be validated empirically. This assumption ensures that the equilibrium unemployment rate is unique along the steady
state growth path. Since the existence of multiple equilibria would provide
scope for policy interventions, reliable estimates of matching elasticities are
therefore of considerable importance.
Recently, some contributions expressed concerns about the correctness of
the conventional approach to estimating the structure of the matching technology. One branch of the literature, like Broersma and Ours (1999), argues
that empirical models might be mis-speciﬁed since new hires are regressed
on inappropriate stocks of job seekers and vacancies. Moreover, they emphasize the importance of accounting for job searchers not contained in the
stock of unemployed which is conventionally used as proxy for the stock of
job seekers.
Another caveat raised in the literature concerns the fact that endogenous
behavior which is partly unobserved might render the coeﬃcients estimated
hard to interpret. In particular, Burgess (1993) and Anderson and Burgess
(2000) argue that employed individuals condition their decision of whether
to search on-the-job for another employment opportunity on aggregate labor market conditions. This decision is not directly observable in the data.
However, such endogenous behavior aﬀects the coeﬃcients estimated using
only observables since it aﬀects the total number of new hires. Instead of
including only information on the matching technology and therefore on the
structure of labor markets, the coeﬃcients contain the matching technology
as well as the eﬀects of endogenous changes in the respective pool of job
seekers. This insight is extended in a paper by Fahr and Sunde (2001a) who
account also for similar strategic behavior on the side of vacancy-posting
ﬁrms which might be unobservable as well. However, the indicators used by
Anderson and Burgess (2000) and Fahr and Sunde (2001a) for testing for the
presence of endogenous and unobservable changes in the composition and/or
size of the relevant pools of searching market participants are invalid once
both sides are characterized by endogenous and unobservable behavior.
A third line of criticism addresses the assumption of random matching
and undirected search underlying the conventional matching approach. As
an alternative, authors like Coles and Smith (1998) and Coles and Petrongolo
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(2002) assert the so-called stock-ﬂow approach to matching according to
which ﬂows are determined by inﬂows into the relevant pools of searchers and
vacancies instead of the pools themselves. However, also this strand of the
literature is aﬀected by issues of unobserved endogenous search behavior and
the consequential neglect of relevant components of inﬂows into the stocks
of job seekers and vacancies.
To sum up, there is no empirical approach to date that can test for
simultaneous unobservable and endogenous shifts in both relevant pools of
job seekers and vacancies. Nor is there a coherent study that investigates
and quantiﬁes the biases obtained by previous empirical studies of matching
and job creation which neglect this issue.
This paper makes four contributions to the literature. First, we propose
a simple theoretical matching model of the labor market that includes endogenous and (potentially) unobservable on-the-job search as well as (partly)
unobservable search by ﬁrms. Unemployed job searchers, who are observed
in the data, diﬀer in their endogenous behavior from employed job searchers,
who usually cannot be identiﬁed in data. Firms have the possibility to choose
the channel through which they advertise their vacancies out of a multitude
of possible search channels. Some of the channels used by ﬁrms are not observable by the statistician. The novelty of the model is that endogenous
behavior on both sides aﬀects the structure of stocks of job searchers and vacancies, and changes the composition of the relevant pools. As a result, the
distributions of observable and unobservable components on either side are
determined endogenously, with implications for job competition and starting
wages of the diﬀerent groups of job applicants.
Secondly, we show that conventional empirical matching functions regressing the ﬂow of new hires on the observable stocks of unemployed searchers
and vacancies registered at employment oﬃces yield substantially biased estimates of the elasticities of the matching function. The reason is that important and inﬂuential explanatory variables are omitted in the estimation.
In particular, the endogenous changes in the composition of observable and
unobservable components of the search pools are neglected. We also show
that alternative models like the stock-ﬂow approach suﬀer from the same
problems as the conventional approach.
Thirdly, we devise a method to obtain unbiased estimates of the true
elasticities governing the matching process. This method simultaneously
allows to test some crucial implications of the theoretical model. Using German administrative data, we investigate the empirical relevance of both the
theoretical model and the correction for the bias due to omitted variables.
Moreover, we extend the literature on the wage eﬀects of job creation by
providing testable predictions for the premium of employed over unemployed
2

applicants in average starting wages. The predictions and implications of the
theoretical model are tested empirically and are shown to be in line with the
data.
Finally, this paper presents the ﬁrst coherent and thorough framework for
interpreting the results of previous empirical studies of the matching process
using diﬀerent concepts of ﬂow data for hirings and stocks of job seekers and
vacancies, and thereby extends the work of Broersma and Ours (1999).
The remainder of the paper is organized as follows. Section 2 presents
a simple matching model of the labor market with endogenous on-the-job
search and alternative search channels for ﬁrms. In particular, some empirically testable predictions of the model are worked out. Section 3 shows
that conventional empirical matching functions deliver biased estimates. The
direction of the bias can be predicted using the theoretical framework. In
Section 4 we present a way to isolate the bias and thus to compute unbiased
estimates of the true matching elasticities. Using German administrative
data we compute biases and unbiased estimates. Moreover, we test the empirical implications of the model presented in Section 2. Section 5 concludes.

2

A Simple Model of Endogenous Search

This section lays out a simple matching framework with endogenous on-thejob search and endogenous vacancy posting.

2.1

The Labor Market

Consider a labor market characterized by frictions like imperfect information, trading frictions etc., which are represented using a standard matching
function. The matching function describes the instantaneous ﬂow of new
employer-employee relationships m as a function of people actively searching
for a job, J, and of the total number of vacancies V ﬁrms try to ﬁll. The
more individuals search for a new job, and the more vacancies ﬁrms try to
ﬁll, the more new jobs are created. The matching function exhibits constant
returns to scale and is written as:
m = m(J, V ) ,

(1)

with ∂m
> 0, ∂m
> 0 and m(0, V ) = m(J, 0) = 0.
∂J
∂V
The pool of job searchers consists of unemployed and employed individuals searching on-the-job. Individuals are ex ante homogenous and diﬀer
only with respect to their labor market status. However, ex post individuals
are characterized by match heterogeneity, see Burdett and Coles (1999). In
3

what follows, we normalize the labor force to 1, and denote the number of
unemployed (or equivalently the unemployment rate) as u, and the number
of employed job seekers as e. This number can more conveniently be expressed as a share φ of job seekers amongst the employed: e = (1 − u)φ,
where φ ∈ [0, 1].1 The fraction φ is determined endogenously by individually rational behavior, and depends positively on the arrival rate of job
oﬀers.2 Intuitively, employed individuals observe the labor market situation
and when many job oﬀers become available, e.g. during a boom of the economy, they ﬁnd it proﬁtable to search for a better job. The pool of job seekers
is composed of two distinct groups: J = u + (1 − u)φ. Note that in empirical
investigations, the number of persons searching on-the-job is unobservable.
Moreover, every individual can only apply once at a time for a new job.3
Also ﬁrms adjust their search behavior endogenously. During all phases
of the business cycle there is signiﬁcant job destruction and creation, see e.g.
Davis and Haltiwanger (1992). On the one hand, ﬁrms try to replace workers
who dropped out for various reasons, thereby creating a pool of vacancies,
most of them usually registered at employment agencies. On the other hand,
ﬁrms have plans how to develop over time, to expand, to shrink or to alter
their activities. While they more or less have to cope with the situation on
the labor market in the former case, they can take labor market conditions
into account more explicitly in the timing and planning of more fundamental
re-organizations. Denote vacancies registered at employment oﬃces by r
and vacancies which are advertised through alternative channels as n. The
latter type of vacancies captures vacancies related to such ventures that take
the labor market conditions explicitly into account. Again, in empirical work
one usually observes r while n is unobservable.4 Intuitively, the latter type of
vacancies represents e.g. newspaper adds, private contacts, alumni networks,
headhunters etc.5 The total number of vacancies is therefore given by the
1
In the data used for the empirical application below, on average 30 percent of all
matches are accessed by employed applicants. This illustrates the importance of taking
employed job search explicitly into account.
2
Endogeneity of on-the-job search behavior is discussed in more detail below.
3
For a microfoundation of a matching function allowing for multiple applications, see
Albrecht, Gautier, and Vroman (2002).
4
In the data used for the empirical application, new hires from registered vacancies account on average for 56.92 percent of all new hires, indicating that non-registered vacancies
play a signiﬁcant role.
5
For an example, see Calvo-Armengol and Zenou (2001). Lindeboom, Ours, and Renes
(1994) investigate empirically the relevance and eﬀectiveness of alternative recruitment
channels and ﬁnd that alternative channels are very eﬀective. Moreover, their results
indicate that the use of informal channels is more cyclical than the use of registered
vacancies, as is assumed in the model.
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sum of both types: V = r + n. There is no a priori restriction on the number
of vacancies, e.g. with respect to the size of the labor force, and ﬁrms can
advertise all jobs either through registration r or alternative channels n.
As a consequence of free entry, the numbers of vacancies of either type is
determined by ﬁrms’ optimizing behavior. The crucial diﬀerence between the
two sorts of advertising vacant positions lies in the respective costs. While
registration requires a constant ﬁxed cost cr , the costs for non-registered
vacancies vary with labor market conditions and the number non-registered
vacancies posted by other ﬁrms. This will be discussed in more detail below.
For notational simplicity, we deﬁne π as the proportion of non-registered to
registered vacancies, n = πr. This proportion π is determined endogenously.
We can therefore write V = (1 + π)r.
The matching function is assumed to characterize the entire labor market.
By assumption, there is no discrimination between searchers, so all applicants
whether employed or unemployed can take all sorts of jobs, and can apply
for registered and non-registered vacancies. Firms have no preferences for
searchers of a particular employment status.6 The matching function characterizing the entire labor market can therefore be written as:
m = m(J, V ) = m(u + e, r + n) = m(u + (1 − u)φ, (1 + π)r)

(2)

In order to investigate the behavior on the labor market, it is convenient
to deﬁne the labor market tightness as observed by ﬁrms as the ratio of all
vacancies posted over all searchers looking for new employment:
θ=

r+n
(1 + π)r
=
.
u+e
u + (1 − u)φ

(3)

∂θ
∂θ
From this, it is easy to see that ∂φ
< 0, and that ∂π
> 0.
Using this notation, and the fact that there is no ranking or discrimination, the ﬂow probability for a given job seeker to form a match instantaneously is
m(u + e, r + n)
= m(1, θ) ,
(4)
p(θ) =
u+e

using the constant returns to scale assumption. Note that
6

∂p
∂θ

> 0.

This is a weaker assumption than the ranking of job applicants referred to by Blanchard and Diamond (1994) and Gautier (2002), or adverse selection issues as investigated
by Kugler and Saint-Paul (2001). There is also evidence that registered vacancies are
preferably ﬁlled by unemployed seekers while ﬁrms use mostly alternative recruitment
channels for attracting employed applicants, see Lindeboom, Ours, and Renes (1994).
Making an assumption of ranking and heterogeneity of job creation reﬂecting this evidence would even reinforce the main results of the paper.

5

Analogously, noting that all individuals can do all sorts of jobs, the instantaneous ﬂow probability of a given vacancy to be ﬁlled is given by:
q(θ) =
with

2.2

∂q
∂θ

p(θ)
m(u + e, r + n)
=
,
r+n
θ

(5)

< 0.

On-the-job Search

Individuals only search on-the-job for alternative jobs which are “better”
than their current job, in present discounted value terms, e.g. because they
involve better match quality, a higher position in the hierarchy, a leap in
the career etc. Intuitively, the more jobs are available, the higher is the
probability of ﬁnding such an “upgrade” job since, by assumption, the driving
shocks aﬀect all hierarchical levels in ﬁrms identically.7 Since the expected
gains of such a job increase relative to the search costs as the probability of
ﬁnding a new job increases, more employed start searching on the job if more
jobs are available.
Assume for simplicity that all individuals are ex ante identical, in particular they have the same reservation utility, and the same costs for searching
on-the-job, κ. At the encounter of a new match, ﬁrm and worker realize the
quality of the match which determines the productivity of the match. This
match quality is irreversible.8 Let the productivity y be composed of a baseline productivity y plus a match speciﬁc mark-up : y = y +, where  ∈ [0, ]
is identically and independently distributed across individuals according to a
continuous cumulative distribution function F ().9 Wages are set according
to a ﬁxed exogenous sharing rule of the match surplus between ﬁrms and
workers, as obtained through Nash bargaining, so there is a non-degenerate
wage distribution in the economy. Wages depend on productivity, and thus
on the realized quality of the respective match. For simplicity, shocks affect the baseline productivity y, and therefore leave the ordering of match
qualities and hence wages unchanged across the population. However, such
a change in y alters ceteris paribus the total productivity of a match.
7

This is similar to the argument made by Pfann (2001) for downsizing periods: Not
entire layers of the hierarchical structure of a downsizing ﬁrm are removed, but all layers
are slimmed more or less proportionally.
8
See Pissarides (1994) for an alternative approach with on-the-job learning. Including
this possibility would leave the main results unchanged, and thus we neglect it in what
follows.
9
In equilibrium, this distribution of match qualities is stationary and characterizes
existent or available jobs in the economy at any point in time.
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The value of being employed from the individual viewpoint, E, increases
monotonically in the wage of a job, and thus indirectly in match quality .
On the other hand, individuals searching on-the-job accept alternative oﬀers
and quit their current job if and only if the alternative job oﬀers a higher
present discounted value of earnings than the current one. Thus, the higher
current match quality, the smaller the probability that such an ’upgrade’ job
can be encountered, or, in other words, the longer the search period needed
to ﬁnd a better job.10 An employed worker holding a job of quality ∗ is
therefore indiﬀerent between searching on-the-job and not searching if the
costs of searching equal the expected beneﬁts:



∗
∗
κ = (1 − ρ)p(θ)(1 − F ( )) Et+1 (w(
f ()d)) − Et+1 (w( )) ,
(6)
∗

where ρ is the discount factor, and w(·) denotes the wage earned in a job,
depending on the respective match quality. Note, however, that the beneﬁts
are strictly decreasing in match quality, as the smaller probability of ﬁnding
an even better match outweighs the higher expected match quality (and thus
wage).11
Hence, individuals with job matches below this endogenous threshold
quality ∗ search on-the-job for a job paying a higher wage than their current
job.12 The higher the wage a worker receives in his current job, that is
the higher the quality of the current match, the smaller his incentives to
10
Given the distribution of match qualities is F , the probability of a worker with a job
 ﬁnding a job better than the current one is 1 − F ( ), which is decreasing in the current
match quality.
11
Taking the partial derivative of the beneﬁts of on-the-job search, the right hand side
of Equation (6), with respect to ∗ gives:




(1 − ρ)p(θ) −f (∗ ) Et+1 (w( ∗ f ()d)) − Et+1 (w(∗ )) −



(·) ∂w(·) ∗
∗
(1 − ρ)p(θ)
(1 − F (∗ )) ∂Et+1
(
f
(
)
+
1)
<0,
∂w
∂

since E is strictly increasing in the wage w, and w is strictly increasing in match quality .
12
Since endogenous on-the-job search is the focus of this model, we assume κ > 0
has a value such that an interior solution exists. If κ = 0, everybody except for those
individuals with a perfect match  would search on the job. On the other hand, if the
search costs were prohibitively high, nobody would search on the job. In these cases, the
model would still be valid, but the most interesting results would not be obtained. A
similar microfoundation for endogenous on-the-job search can be found in the paper by
Boeri (1999). The presented modeling of employed search diﬀers from Pissarides (1994),
who assumes that ﬁrms decide ex ante whether to create high or low productivity jobs,
and where the quality of a match increases over time. Burgess (1993) does not explicitly
model on-the-job search, but assumes that there are always some employed that search,
while in the model presented here, search is an outcome of individual optimizing behavior.
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search on the job. In fact, if there is a nondegenerate wage distribution with
bounded support, the individual earning the highest wage possible has never
an incentive to search on-the-job as long as there are positive costs associated
with search. This ensures uniqueness of the equilibrium, see also Burdett and
Coles (1999).
As a consequence, the fraction φ of employed individuals that search for
alternative employment is endogenously determined by the threshold match
quality ∗ satisfying condition (6), with φ = F (∗ ). Consider again the
individual that is just indiﬀerent between searching and not searching with a
match quality ∗ . A slight increase in the probability of ﬁnding an alternative
’better’ job p(θ) would induce this individual to search actively, and also
other individuals with slightly lower match qualities who are inactive given
the initial ﬁnding probability. Thus, the share of employed searching, φ,
is implicitly determined by endogenous on-the-job search behavior and is a
positive function of labor market tightness θ:
∂φ
>0.
∂θ

(7)

Formally, the value of being employed E for a given individual is then
characterized by the following Bellman equation:
Et (w( )) = wt ( ) + (1 − ρ − δ)Et+1 ( ) + δU +
(8)






max 0, −κ + (1 − ρ)p(θ)(1 − F ( )) Et+1 (w(
f ()d)) − Et+1 (w( ))
,


where δ is the exogenous rate at which matches dissolve and separate13 , U
denotes the value of being unemployed,  is the match quality of the current
job that determines productivity on the current job, and κ are the individual
costs of on-the-job search.

2.3

Search Behavior of Firms

Firms can either search via posting vacancies registered at the employment
oﬃce, r, or through alternative channels, that is posting non-registered vacancies n. Note that if ﬁrms decide to create a vacancy, they have to choose
whether to register it or not. Once it is registered, they cannot use other
13

This separation probability is taken to be exogenous in what follows. Endogenizing
it along the lines of Mortensen and Pissarides (1994) would be possible. However in the
current context we are primarily interested in hiring activity and crowding out eﬀects on
this side rather than ﬁring or equilibrium unemployment.
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recruitment channels than the employment oﬃce to search for applicants.14
Denoting the value of a ﬁlled job for a ﬁrm as J , the value of a vacancy of
type i = r, n is described by:
i
.
ρVti = −ci + qi (θ) Jt+1 − Vt+1

(10)

Note that both types of vacancies create the same jobs. However, the vacancies diﬀer with respect to the costs they cause to the ﬁrm. Registered
vacancies exhibit a ﬁx cost cr . In contrast, non-registered vacancies exhibit
costs that on the one hand increase directly with the amount of non-registered
vacancies posted in the market, π, and that on the other hand decrease with
n
n
the intensity of on-the-job search φ: cn (π, φ) with ∂c
> 0 and ∂c
< 0. In∂π
∂φ
tuitively, newspaper adds, headhunters etc. become the more expensive the
more ﬁrms demand their services, so the costs increase in π. On the other
hand, the more ﬁrms can expect that some employed workers start thinking
about a switch, the lower the costs faced for vacancies posted on alternative
channels. Fewer newspaper adds are required as more people read them,
fewer headhunters need to be contacted, etc.
The productivity of a ﬁlled job is determined by the quality of a match,
so ﬁrms cannot ex ante decide upon the surplus of a job. The expected value
of a ﬁlled job for a ﬁrm is therefore given by the following Bellman equation:

Jt () =
(y() − w()) f ()d +
(11)
0

[1 − ρ − δ − φp(θ)P (φ)] Jt+1 () + (1 − ρ) [δ + φp(θ)P (φ)] Vt+1 ,
where y = y +  is the gross product that the job creates to the ﬁrm, and
w is the result of the wage bargaining, hence y − w is the net surplus of the
job accruing to the ﬁrm, which is strictly increasing
in . φ = F (∗) is the

 ∗
fraction of employed job seekers, and P (φ) = 1 − F 0 f ()d is the
expected probability that an average employed job seeker ﬁnds an acceptable
alternative job oﬀer. Intuitively, φp(θ)P (φ) is the joint probability that an
individual searches on the job, and obtains an alternative oﬀer, which is also
acceptable. For notational convencience, we write G(φ) = φP (φ).15
14
Relaxing this assumption would open the possibility that ﬁrms ﬁnd several applicants
for one vacancy at the same time, which would unnecessarily complicate the analysis.
See also Van Ours (1995) for an alternative view that employers use diﬀerent recruitment
channels for the same vacancy.
15
Note that G(φ) can be re-written in terms the threshold match quality ∗ as
 ∗


G(∗ ) = F (∗ ) 1 − F



0

f ()d

9

= F (∗ ) [1 − F (E(| < ∗ ))] ,

2.4

Steady State Equilibrium

In steady state, the value of a vacancy of either type for a ﬁrm must equal
zero, since otherwise it would be proﬁtable to open more vacancies or reduce
the number of vacancies, respectively. That is, as a consequence of free entry,
V i = 0 for i = r, n. This allows to combine Equations (10) and (11) to get:

cr = q(θ)

0

(y() − w()) f ()d
.
ρ + δ + p(θ)G(φ)

(12)

Moreover, the free entry condition implies that the costs for both types
of vacancies must be equal in steady state, as the beneﬁts q(θ)(J − Vi ) are
equal as well. Otherwise, due to the assumption that every applicant can do
every job, ﬁrms could gain by changing the structure of their vacancies. This
implies:
cr = cn (θ, π) .
(13)
In steady state, by deﬁnition, neither the level of unemployment nor the
level of total employment changes over time. With the exogenous rate of
destruction of employment relationships, δ, the former condition is satisﬁed
when inﬂows into unemployment exactly outweigh outﬂows from unemployment:
δ(1 − u) = uθq(θ) ,
(14)
The latter condition requires that the total outﬂow from employment
into unemployment (through exogenous separation) or directly into new employment (through on-the-job-search) exactly equals the new inﬂows into
employment through all types of vacancies:
(1 − u) [δ + p(θ)G(φ)] = (1 + π)rq(θ) .

(15)

The system of the four Equations (12), (13), (14), and (15) determines
the behavior of the four unknown variables of the model, u, e, r and n (or
alternatively u, φ, r and π) in steady state.
We are now prepared to state the main results of the model. The primary
aim of the remainder of this section is to develop implications that can be
tested empirically. Considering the data that will be available to verify the
empirical validity of these implications, it becomes apparent that correlations
of the key variables of the model during the transition from one steady state
where E(·) denotes the expectations operator. The behavior of G with respect to φ (or
that of G with respect to ∗ , respectively) depends on the steady state distribution of
match qualities F . From G ∈ [0, 1], G(0) = 0 and 1 > G(1) = 1 − F (E()) > 0, G must
be increasing at least within some range of the support for low φ.
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to another are of particular interest. The reason is that the data used for the
empirical analysis consist of observations for diﬀerent occupation-year cells.
These observations can be interpreted as realizations of (diﬀerent) steady
states. Therefore, correlations of variables can be obtained using variation
between the occupation-year cells, i. e. diﬀerent steady states. For simplicity,
assume in the following that the shock driving the transition from one steady
state to another aﬀects the baseline productivity y.16
The (ﬁrst block of) main results of the model is stated in the following
proposition:
Proposition 1. As consequence of an unexpected positive (negative) change
in the baseline productivity of a match, y,
(i) the number of registered vacancies r increases (decreases);
(ii) the intensity of on-the-job search φ increases (decreases);
(iii) the number of unregistered vacancies n increases (decreases);
(iv) and the number of unemployed job seekers u decreases (increases) in
equilibrium.
Proof. Ad (i): If y increases, the labor market becomes tighter, as ﬁrms
post more vacancies in total, since according to Equation (12) the expected
beneﬁts of a vacancy outweigh the costs. This is counteracted by a higher
labor market tightness θ. Note, that from Equation (11) a higher y raises
the value of a ﬁlled job invariably. Given Equation (10) and the assumption
that any applicant can ﬁll a vacancy, the value of a vacancy of either type
increases, so more vacancies are registered in order to keep the free entry
condition satisﬁed.
Ad (ii): Following an increase in y, labor market tightness increases, as
was shown in (i). However, as a result of Equation (7), this triggers more
on-the-job search.
Ad (iii): The third claim follows from condition (13) and the fact that
cn increases in π and decreases in φ: as on-the-job search φ increases, π has
to increase to guarantee equality of the costs for vacancies of either type.
Ad (iv): Consider the eﬀects of an increase in y on Equation (12): labor
market tightness θ increases. However, then for condition (14) to hold for a
higher value of θ, the steady state level of unemployed job seekers u has to
fall.
16
Strictly speaking, these shocks are unexpected in the sense that at any time t:
Et (y t+1 ) = y t , that is the expected future baseline productivity of a match is the same as
the current baseline productivity. Note also, that match qualities are irreversible, so once
realized, qualities (or their distribution) do not change over time.
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Note that these qualitative results do not hinge on the precise form of
the steady state distribution of match qualities F . With respect to the
empirical implementation, it is illustrative to summarize these results in form
of correlations between the main variables of the model:
Corollary 1. The main variables of the model have the following correlations
across diﬀerent steady states:
(a) π and r are positively correlated;
(b) φ and r are positively correlated;
(c) φ and u are negatively correlated;
(d) π and u are negatively correlated, and
(e) u and r are negatively correlated.
To see the economic intuition behind the positive correlation between
registered and alternative (non-registered) vacancies, think about the consequences of an exogenous positive shock to productivity y. Clearly, in order
for Equation (12) to hold, labor market tightness θ has to increase, so ﬁrms
will post more vacancies in steady state. A priori they are indiﬀerent between posting r or n vacancies. Note, that higher labor market tightness will
prompt more on-the-job search due to Equation (7), which in turn leads to
more n vacancies (higher π) as a result of condition (13). However, it is not
possible that the total number of non-registered vacancies is raised while the
number of registered vacancies is lowered. To see this, think about a ﬁrm considering which vacancy to post immediately after the shock. For n vacancies
to be preferable, it would be necessary that φ is higher. However, φ cannot
increase without more vacancies being posted. Thus, at least some ﬁrms
will register their additional vacancies after the shock, which prompts more
on-the-job search and makes non-registered vacancies more attractive. If the
additional vacancies would be posted through alternative channels instead
of registration at the employment oﬃce, the adjustment to the new steady
state would have to rely on some sort of self-fulﬁlling prophecy, as ﬁrms
would post more n vacancies hoping to create suﬃcient on-the-job search.
But even then, they would not decrease the number of registered vacancies
at the outset and create new n instead of the r vacancies, since the costs of
n vacancies increase in their number (i. e. in π).
Considering the correlation between the intensity of employed job search
and the level of registered vacancies, it becomes clear from this result that onthe-job search is actually initiated by more registered vacancies. Moreover,
12

there are no restrictions for employed job seekers as to which vacancies they
can ﬁll. On the other hand, intensiﬁed search decreases labor market tightness and therefore leads ﬁrms to post more vacancies, including registered
ones, in order to maintain the equilibrium labor market tightness, hence the
positive correlation between φ and r.
Next, consider the eﬀects of a shock to productivity by examining Equation (12), and neglect for the moment that there is on-the-job search (that
is the term φp(θ) in the denominator). By applying the implicit function
theorem, it is easy to show that, in steady state, an increase in productivity
leads ceteris paribus to a higher level of market tightness θ. Noting that
θq(θ) = p(θ) by Equation (5), this leads to more inﬂows into employment,
so that for the steady state condition (14) to be satisﬁed, the level of unemployment has to decrease. Now make the same experiment taking on-the-job
search into account. Obviously, since the denominator is larger and increases
in θ, labor market tightness has to increase by less than in the previous case
without on-the-job search, and unemployment decreases by less. However,
it is clear that the fraction of employed job searchers increases while the
pool of unemployed job searchers decreases after a positive shock to productivity. Thus, we have a negative correlation between φ and u. The result
is interesting since it provides a prediction on crowding-out eﬀects: While
more on-the-job search undeniably increases competition for vacancies, the
net eﬀect is a ’crowding-in’ rather than crowding out, since in steady state
equilibrium more employed job search is associated with lower unemployment
levels.
The results presented so far illustrate the workings of the model, and
will be confronted with data below. However, endogenous on-the-job search
behavior has two further eﬀects: Job competition as a result of endogenous
search leads to a proportional crowding-out of unemployed job seekers in the
hiring process.17 As opposed to the ’crowding-in’ result of Proposition 1, according to which more on-the-job search is associated with fewer unemployed
job seekers, and, due to the constant search intensity, lower levels of unemployment, the fraction of job accessions won by unemployed decreases as
on-the-job search increases. Another result is even more interesting: Quite
intuitively, the average starting wage of previously employed newly hired
workers is higher than the average starting wage of unemployed applicants.
However, when the number of employed job seekers goes up, and thus their
total number of new matches as well as the share of new hires made up for
by employed applicants increase, this diﬀerential in average starting wages
increases. That is, contrary to what one would expect, a higher number of
17

This result has also been shown by Burgess (1993) and Anderson and Burgess (2000).
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employed applicants drives up their premium in starting wages. This increase
in the wage premium is entirely supply-side driven and not induced by any
sort of ranking or increase in the relative demand for employed applicants.
These two results are summarized in the following proposition:
Proposition 2. An increase (decrease) in on-the-job search intensity, φ,
following an unexpected positive (negative) productivity shock to y, decreases
(increases) the fraction of job accessions by unemployed applicants, and increases (decreases) the diﬀerential in average starting wages between formerly
employed and formerly unemployed recruits.
Proof. To proof the ﬁrst claim, write job accessions by employed applicants
as (1 − u)p(θ)G(φ). Likewise, job accessions by unemployed applicants are
up(θ), and total hirings are the sum of these two expressions. However,
careful observation reveals that an increase in θ following a rise in y, and the
resulting surge in on-the-job search φ increases the job accessions of employed
by more than those of unemployed, since both terms increase equally in θ,
but the former additionally increases in φ. The opposite is true for a negative
productivity shock.
The second claim follows from the search behavior of employed workers. As was seen in Equation (6), the threshold match quality below which
individuals search for alternative employment increases if labor market conditions become more favorable, that is if θ increases. However, this means that
those who start searching as a consequence of a shock to baseline productivity y forego a comparatively better job than those who already searched
before the shock. Of course, they are only prepared to accept a job oﬀering
a better match than their current one, so on average the quality of matches
won by employed job seekers has to increase as a consequence. Since higher
match quality directly translates into higher wages due to the ﬁx sharing rule
between workers and ﬁrms, average starting wages of previously employed
recruits increase as more ’picky’ applicants are in the pool of employed job
seekers. On the other hand, there is no change in the average starting wage
of previously unemployed hires following a shock to y. Hence, the diﬀerential
widens after a positive shock, and reduces after a negative shock.
The last claim is interesting on its own. It reﬂects not only a testable
implication of the basic motivation for on-the-job search in the model, but it
also highlights a novel insight the model can provide to the discussion about
the eﬀects of search frictions and job creation on wages. A growing body
of research is devoted on equilibrium wage dispersion in matching models
with endogenous on-the-job search, see Postel-Vinay and Robin (2002) for
a recent example. Another branch of the literature is concerned about the
14

eﬀect of (net) job creation on the level of wages, particularly entry wages
(see Belzil (2000)). However, there are no results to date investigating the
cyclicality (with respect to job creation) of the premium in starting wages
earned by formerly employed over formerly unemployed workers. The model
presented here provides a framework that allows to make testable predictions
about how this premium should be correlated with other important variables,
which complements the existing literature in this respect. These predictions
will be confronted with the data below.

3

The Empirical Relevance of Unobserved Endogenous Search Behavior

Below in section 3.2 it will be shown how the empirical content of the predictions of the model presented in the previous section can be tested. But
before that, we brieﬂy address the eﬀects of neglecting on-the-job search and
the use of alternative recruitment channels in empirical estimations of the
matching function.

3.1

A Common Problem With Empirical Matching Studies

As was mentioned earlier, the problem of empirical studies of the matching function is that endogenous search behavior, which lies at the heart of
the theoretical model presented in the previous section, is, at least partly,
unobservable by the researcher. This section presents the consequences of
neglecting unobservable endogenous determinants for empirical estimates of
the matching function in terms of biased and inconsistent results.
To be speciﬁc, we assume in the following that both the number of workers
searching on-the-job search, e, and the number of non-registered vacancies,
n, are not observable. On the other hand, the pools of unemployed job
seekers, u, registered vacancies r and the number of successful matches, m,
are observable. We introduce the following notation for the shares of the
respective groups of searchers and vacancies in the overall pools:
τ :=

u
e
, and hence (1 − τ ) =
,
u+e
u+e

(16)

σ :=

n
r
, and hence (1 − σ) =
.
r+n
r+n

(17)

and
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u
1
π
Note also the relations τ = u+(1−u)φ
, σ = 1+π
and (1 − σ) = 1+π
. Moreover,
denote the inverse of the shares of the observable stocks of job searchers and
vacancies by:
1
1
φ̃ := and π̃ :=
(18)
τ
σ

Note that since φ ∈ [0, 1], we have φ̃ ∈ [1, u1 ] which implies that for φ̃ = 1 ⇔
τ = 1 there is no on-the-job search (φ = 0), and that for φ̃ = u1 ⇔ τ = u
everybody in the labor force actively searches for a new job (φ = 1). Of
course, φ̃ and π̃ are also both determined endogenously. For example, from
Equation (7) it follows that if ∂φ
> 0 ⇔ ∂∂θφ̃ > 0.
∂θ
Using this notation, labor market tightness as given by Equation (3) can
(1+π)r
π̃r
= u+(1−u)φ
= φ̃u
. The matching
alternatively be expressed as θ = r+n
u+e
function introduced in Equation 2 can then be stated as:
m = m(u + e, r + n) = m(u + (1 − u)φ, (1 + π)r) = m(φ̃u, π̃r) .

(19)

Obviously, when one estimates a matching function of the sort of Equation (19) using only u and r as explanatory variables, variation in the unobserved parts of the pools of job searchers and vacancies leads to variation
in observed matches. To see the argument more formally, consider a fully
parameterized version of the matching function satisfying all assumptions
made in the previous section. In particular, consider a Cobb-Douglas type
matching function as is done in most of the empirical literature:18
mt = AJtα Vtβ ,

(20)

where mt is the number of new hires between period t and t + 1, A is total
matching eﬃciency, and J and V are the numbers of job seekers and vacancies
at period t, respectively. One is interested in estimates of the matching
elasticities α and β. Thus, the conventionally estimated empirical matching
function has the form:
ln mt = ln A + α ln Jt + β ln Vt + εt ,

(21)

with ε being a normally distributed error term: ε ∼ N (0, σε2 ). However,
instead of observing J and V , virtually all empirical studies have only data
about unemployed job seekers u and registered vacancies (or vacancies contained in a help-wanted index) r.
Remember that J = u + e = φ̃u and V = r + n = π̃r, and consider the
assumptions that all applicants can take on any job and that ﬁrms have no
18

See Warren (1996), Yashiv (2000), and Fahr and Sunde (2001b) for more general
speciﬁcations.
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preferences for applicants with a certain labor market status. This is reﬂected
in identical elasticities of the matching function with respect to unemployed
and employed job seekers (α) and registered and non-registered vacancies
(β). Hence, neglecting time indices, Equation (21) can be decomposed into
observable and unobservable components:
ln m = ln A + α ln φ̃ + α ln u + β ln π̃ + β ln r + ε .

(22)

Both, φ̃ and π̃ are unobservable. Consequently, estimating the matching
function conventionally, that is with only u and r as explanatory variables,
amounts to omit relevant variables in the regression leading to a bias in the
estimated elasticities. As is shown in more detail in Appendix A using OLS
one obtains the following estimates for the elasticities:19
α̂ = α +

αcov(ln u, ln φ̃) βcov(ln u, ln π̃)
+
,
var(ln u)
var(ln u)

(23)

β̂ = β +

αcov(ln r, ln φ̃) βcov(ln r, ln π̃)
+
.
var(ln r)
var(ln r)

(24)

and

Obviously, the estimates obtained by the standard procedure do not deliver
the coeﬃcients of interest. Moreover, it is not clear ex ante in which direction
the bias goes. However, the theoretical model presented before can give some
guidance as to whether one should expect the coeﬃcient estimates to suﬀer
from upward or downward bias. This is done next, before setting out a
strategy that allows to obtain unbiased estimates of the variables of interest.
One additional remark is in order. The result that empirical studies
neglecting endogenous unobservable on-the-job search and vacancy posting
deliver biased estimates is not limited to studies estimating conventional
U-V-type matching functions. Also studies exploiting micro data on unemployment duration (see Petrongolo (2001) for a recent example) and studies
emphasizing the stock ﬂow approach (like Coles and Smith (1998) and Coles
and Petrongolo (2002)) are aﬀected by the bias due to omitting unobservable
variables. These studies do not explicitly account and control for changes in
the composition of the pools of job searchers competing for a new job. Neither do these alternative approaches reﬂect changes in the composition of
vacancies actually available (but partly not observable) which aﬀect labor
market tightness and therefore individual hazard rates.20 While so far, these
19

Appendix A.1 contains a more general version taking indirect eﬀects into account.
As for the stock-ﬂow approach, new inﬂows into the pools of vacancies and active job
seekers are measured inaccurately by concentrating only on inﬂows into unemployment
20
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shortcomings might have been treated as measurement problems related to
the data, the model presented above gives a clear indication as to which
distortions are to be expected from disregarding systematic endogenous behavior in empirical work.

3.2

Testable Implications of the Model

From inspection of Equations (23) and (24) it becomes clear that there are
four correlations that have to be known before one can make statements
about the true parameters of the model. Before it is shown how these correlations can be obtained empirically, we brieﬂy consult the theoretical model
about indications of their direction. One has to keep in mind, however, that
the data used for the empirical evaluation of the model are obtained for certain reference dates only, whereas the model is in continuous time. In what
follows, the observations in the data are therefore interpreted as realizations
of steady state equilibria.
Consider ﬁrst the estimate of α̂ in Equation (23). From the assumptions
about the matching function, α and β should be positive, and the variance
of ln u is positive by deﬁnition. Therefore, one is primarily interested in the
covariances. The theoretical model would predict that ln u and ln φ should be
negatively correlated. This result can be obtained more indirectly by noting
dτ
that φ̃ = τ1 . Therefore, one would expect that dduφ̃ ∼ − du
. But from the
dτ
∂τ
∂τ ∂φ
deﬁnition of τ in Equation (16), du = ∂u + ∂φ ∂u . Taking derivatives, one can
∂τ
∂τ
is positive, while ∂φ
is negative. However, from the Corollary 1
see that ∂u
we know that φ and u are negatively correlated, so the entire second term is
positive. Thus, from the theoretical model one indeed expects cov(ln u, ln φ̃)
to be negative.
Analogously, according to the prediction of the model, cov(ln u, ln π̃)
should be negative as well. Following a similar argument as before, π̃ = σ1 ,
∂σ ∂π
∂r
and therefore dπ̃
∼ − dσ
. Again, dσ
= ∂π
+ ∂σ
. Taking derivatives redu
du
du
∂u
∂r ∂u
∂σ
∂σ
veals that ∂π < 0 and that ∂r = 0. Thus, from Corollary 1, one ﬁnds that
the ﬁrst term is negative, while the second term equals zero.
Consequently, the theoretical model predicts that the conventional estimation approach leads to downwardly biased estimates of the matching
and registered vacancies, as is done in the studies mentioned in the text. However, while
showing that the results obtained this way are biased is straightforward, correcting for
the bias in a stock-ﬂow framework requires more speciﬁc information and assumptions on
the quantitative eﬀects of unobserved endogenous behavior. Since the data used below do
not contain detailed ﬂow information, we proceed by presenting empirical results and a
correction strategy for the conventional matching approach.
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elasticity with respect to the pool of searchers:
α̂ < α .

(25)

The downward bias is a result of neglecting unobserved variation both in
the stock of job seekers and vacancies. Both, more on-the-job search and
more search of ﬁrms through non-registered vacancies are associated with
lower unemployment levels, whose coeﬃcient therefore underestimates the
true eﬀect of the pool of job seekers on employment ﬂows.
Next, turn to the estimate of β̂ from Equation (24). The correlation
between registered vacancies and the inverse of the share of unemployed job
seekers, cov(ln r, ln φ̃), should be positive according to the model. As before,
∂τ ∂φ
∂τ ∂u
this can be seen by noting that ddrφ̃ ∼ − dτ
and decomposing dτ
= ∂φ
+ ∂u
.
dr
dr
∂r
∂r
∂τ
The ﬁrst term is negative, since ∂φ < 0 and from Corollary 1. The second
∂τ
> 0 and by the negative correlation of u and r from
term is negative as ∂u
Corollary 1. Concluding from the theoretical model one would therefore
expect that the correlation between φ̃ and r is positive.
From the discussion about vacancy posting by ﬁrms, one would expect
cov(ln r, ln π̃) to be positive as well. More precisely, since dπ̃
∼ − dσ
, we
dr
dr
dσ
∂σ
∂σ ∂π
∂σ
∂σ
examine dr = ∂r + ∂π ∂r . As ∂r = 0 and ∂π < 0, and from the positive
correlation between π and r in Corollary 1, the model indeed predicts r and
π̃ to be correlated positively.
Therefore, the estimate of the elasticity of matches with respect to vacancies obtained in conventional empirical matching functions is expected to
be upward biased:
β̂ > β .
(26)
This bias reﬂects the fact that the unobserved variation in non-registered
vacancies is stronger than the variation in registered vacancies, while both
move into the same direction. Given these testable implications, we now turn
to their empirical evaluation.

4

Empirical Application

The purpose of this section is twofold. On the one hand, it develops a way for
correcting the estimates of the elasticities of the empirical matching function,
which allows to impute the ”correct” unbiased coeﬃcients. Secondly, this
allows to test the predictions of the theoretical model for their empirical
content. The fundamental assumption underlying the following analysis is
that there is only one matching function on the labor market with the same
stable parameters for all types of searchers and vacancies.
19

4.1

True Matching Elasticities

The empirical strategy proposed here exploits the fact that the data allow
to identify several concepts of new matches, that is, several alternative measures for the ﬂows used as the dependent variable. In particular, in the data,
which are described in detail in Fahr and Sunde (2001b), we can distinguish all successful matches within a given period of time, m, from successful
matches of formerly unemployed persons, mu , and from successful matches
resulting from registered vacancies, mr . The basic idea is that matches from
unemployment mu or from registered vacancies mr as dependent variables
lead to diﬀerent biases in the parameter estimates than the bias obtained by
regressing m. In particular, consider a matching function for mu :
ln mu = ln Au + αu ln u + βu ln r + βu ln π̃ + ε1 .

(27)

By deﬁnition, only unemployed job seekers can explain ﬂows from unemployment into employment, employed job seekers do not have to be considered.
The respective estimates of the elasticities obtained by OLS are:
αu cov(ln u, ln π̃)
,
var(ln u)

(28)

βu cov(ln r, ln π̃)
βˆu = βu +
.
var(ln r)

(29)

αˆu = αu +
and

Analogously, a matching function for mr can be written as:
ln mr = ln Ar + αr ln u + αr ln φ̃ + βr ln r + ε2 .

(30)

Note that only registered vacancies, not non-registered vacancies, are to be
included as explanatory variable for the stock of vacancies. This leads to the
following OLS estimates of the matching elasticities:
αr cov(ln u, ln φ̃)
,
var(ln u)

(31)

βr cov(ln r, ln φ̃)
βˆr = βr +
.
var(ln r)

(32)

αˆr = αr +
and

By assumption, the true matching elasticities characterizing these alternative speciﬁcations of the matching function are the same as in the matching function for all new matches presented in Equation (22). Therefore,
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α = αu = αr and β = βu = βr .21 Estimates of all coeﬃcients α̂, αˆu , αˆr , β̂, βˆu ,
and βˆr can be obtained from the data, but all of these estimates are biased
estimates of the true parameters α and β. Taking a closer look at the structure of the biases reveals, however, that it is possible to impute the true
parameter from the biased estimates. For example, one can obtain the bias
stemming from neglecting employed job seekers in the estimation simply by
subtracting the respective coeﬃcient estimates:
α̂ − αˆu =

αcov(ln u, ln φ̃)
.
var(ln u)

(33)

Analogously, one can isolate the remaining elements of the bias:
αcov(ln u, ln π̃)
,
var(ln u)

(34)

βcov(ln r, ln φ̃)
β̂ − βˆu =
,
var(ln r)

(35)

βcov(ln r, ln π̃)
.
var(ln r)

(36)

α̂ − αˆr =

β̂ − βˆr =

Using these estimates of the biases from estimates of matching functions with
all hirings (m), hirings from unemployment (mu ), and hirings from registered
vacancies (mr ) as dependent variables, the correct elasticities of the matching
function can therefore be calculated. This is done below.

4.2

Empirical Relevance

The results so far not only imply that the true unemployment elasticity of
matching α is underestimated by α̂, but also that this bias is larger than the
bias obtained when using hirings from unemployment as dependent variable,
i. e. αˆu > α̂ when cov(ln u, ln π̃) as implied by the model. This is consistent
with previous ﬁndings in the literature: studies using all hires as dependent
variable invariably found systematically lower unemployment elasticities than
studies using outﬂows from unemployment, see Broersma and Ours (1999)
for an overview. However, instead of relying on such indirect evidence, we
now test the validity of the model implications directly.
21

Note that this is essentially the same as assuming that the fraction of new hires made
up by unemployed applicants, mmu is proportional to the fraction of job seekers who are
r
unemployed, τ . Likewise, the same holds for vacancies, i. e. m
m ∼ σ etc. Broersma and
Ours (1999) make the same assumption.
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Due to the fact that all estimates used for the calculations are available, it
is straightforward to use them to compute the desired estimates of the deep
parameters of the matching function. Moreover, the calculation of the different biases allows to test the predictions of the theoretical model presented
in the previous section.
Consider Table 1, which is based on German data described in detail in
Fahr and Sunde (2001a,b).22 The table contains the estimates of empirical
matching functions of all the speciﬁcations needed for the computation of
the true elasticities.23
Using the previous results, the imputed components of the empirical biases are:
α̂ − αˆu
α̂ − αˆr
β̂ − βˆu
β̂ − βˆr

=
=
=
=

−0.005,
−0.191,
0.153, and
0.133.

Consequently, the desired coeﬃcients of the matching function are:
α = 0.616, and β = 0.162 .
Equipped with these numbers, the correlations that allow to test the
22

The data for stocks of unemployed and registered vacancies contain yearly observations
from 1980 through 1995 for 40 occupational groups, and are taken from oﬃcial labor
market statistics. While the data on vacancies, unemployment levels and the like are
available on the occupational level, observations for matches (m, mu , mr , and matches
from non-employment mx which are included for robustness) are calculated from German
social security records on the individual level. For a detailed description of the data and
results for diﬀerent levels of disaggregation, see Fahr and Sunde (2001b).
23
Results for the constant term (total matching eﬃciency) are not discussed for brevity,
see Lindeboom, Ours, and Renes (1994) for an interpretation as the inverse of the speed of
matching. Note, however, that there is a potential problem of multicollinearity if u and r
are highly correlated. A (negative) correlation is predicted by the model, see Proposition
1. Indeed, controlling for systematic diﬀerences across diﬀerent occupations, u and r are
negatively correlated in the data. However, the symptoms of multicollinearity are weak,
in particular both explanatory variables have highly signiﬁcant coeﬃcients and plausible
values comparable to the existing literature, so we follow the literature and neglect the
issue of multicollinearity. See also Appendix A.1.
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implications from the theoretical model can be computed:
cov(ln u, ln φ̃)
= −0.008,
var(ln u)
cov(ln u, ln π̃)
= −0.310,
var(ln u)
cov(ln r, ln φ̃)
= 0.944, and
var(ln r)
cov(ln r, ln π̃)
= 0.821.
var(ln r)
For statistical inference, also the variance of the coeﬃcients has to be computed. However, this is not a straightforward matter, because the empirical
error variance obtained from the estimated model is also biased as a result
from omitting (unobservable) variables in the estimation. In Appendix A.2,
two alternative ways of imputing an unbiased estimate of the variance of the
errors are presented. The ﬁrst alternative is conservative in the sense that
it deliberately overestimates the error variance, thus leading to actual signiﬁcance levels that are higher than those indicated by conventional critical
values. The second alternative allows to compute the error variance accurately, however imposing more restrictive assumptions. Standard errors of
the coeﬃcient estimates using both methods are presented in Table 1.24
Taking ﬂows from non-employment mx instead of ﬂows from unemployment as dependent variable, which arguably contains less measurement error in the ﬂow data used for the estimation, one obtains for the biases:
α̂ − αˆu = 0.009, α̂ − αˆr = −0.191, β̂ − βˆu = 0.040, and β̂ − βˆr = 0.133.
The matching elasticities in this case are then calculated as α = 0.602 and
β = 0.303.25
Obviously, all empirical correlations and eﬀects are as predicted by the
theoretical model. The only exception is the positive correlation between
the stock of unemployed and on-the-job search with matches from nonemployment as dependent variable instead of matches from unemployment.
A possible explanation for this is that mx , unlike mu , depends also on other
seekers than the registered unemployed explicitly contained in the estimation. The variation in unemployed seekers might then be not suﬃcient to
explain the entire variation in mx , leading to a somewhat downward biased
estimate of the respective elasticity α̂u . Thus, the calculated bias α̂ − αˆu is
24

Including a linear time trend did not change the results qualitatively. Time trends
were found to be signiﬁcant and negative.
25
Again, adding time trends did not alter the results.
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0.854
640
0.158

2.766
(0.346)
0.621
640
0.371

2.857
(0.233)
0.821
640
0.191

1.358
(0.267)
0.614
640
0.619

OQXD





R2
N
e’e



X

[

P
0.611
(0.029)
U

$

%

Imputed Elasticities and
standard errors
using
(1),(2),(4)
(1),(3),(4)



0.616
(0.055)*
(0.038)**
0.162
(0.045)*
(0.031)**

0.602
(0.029)*
(0.029)**
0.303
(0.024)*
(0.024)**

Note: Source and data description: Fahr and Sunde (2001a). Data are of yearly frequency for 1980-1995,
the level of aggregation is occupation (40 groups). Robust standard errors are in parentheses.
* Standard errors computed using Alternative I (conservative approach) presented in Appendix A2.
** Standard errors computed using Alternative II (exact approach) presented in Appendix A2.
a
Var (ln u) = 1.187.
b
Var (ln r) = 1.744.

too large when mx are used as dependent variable.26 However, using either
mx or mu , the estimates of the elasticity of matches with respect to job seekers are downward biased, while the true elasticity with respect to vacancies
is lower than the estimate suggests, precisely as was predicted by the model.
Finally, it remains to empirically verify the predictions of Proposition
2. We check the ﬁrst claim by regressing the log of the fraction of new
hirings accounted for by previously unemployed applicants on some proxy
for baseline productivity. Since y is unobserved, we resort to using registered
vacancies as an instrument: from Proposition 1 and Corollary 1 registered
vacancies are (positively) correlated with y, and, by assumption, there is no
ranking or any other restriction to job accessions by unemployed or employed
job seekers. Hence, rank and order conditions for an instrument are satisﬁed
by registered vacancies. According to the claim, the elasticity of the fraction
of unemployed job accessions with respect to registered vacancies should be
negative. The regression results are contained in Table 2. It is obvious
that there is evidence for relative crowding out as predicted by Proposition
26

An alternative explanation is that in times of high unemployment more employed
workers start searching for a new job as a consequence of more intensive use of advance
notice of layoﬀs, c. f. Garibaldi (1998). This eﬀect, while present in the estimation for
matches from unemployment, might be even stronger for matches from non-employment.
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7$%/((9,'(1&()255(/$7,9(&52:',1*2872)81(03/2<('-2%
6((.(56%<217+(-2%6($5&+(56
'HSHQGHQW9DULDEOH)UDFWLRQRI+LULQJV SHURFFXSDWLRQDQG\HDU IURP
8QHPSOR\PHQW
OQ P8P 
-0.151
-0.154
-0.154
-0.156
-0.149
OQU
(0.014)
(0.014)
(0.018)
(0.019)
(0.013)
0.005
0.003
OQX
(0.025)
(0.025)
Const.
-0.228
-0.753
-0.258
-0.770
(0.114)
(0.324)
(0.201)
(0.363)
Linear time trend
0.006
0.006
-2.638
(0.004)
(0.004)
(0.303)
Occupation Dummies
no
no
no
no
yes
R2
0.179
0.183
0.179
0.183
0.895
N
640
640
640
640
640


Note: Source and data description: Fahr and Sunde (2001a). Data are of yearly frequency for 1980-1995, the
level of aggregation is occupation (40 groups). Robust standard errors are in parentheses.

2, and that this ﬁnding is robust against diﬀerent speciﬁcations. Adding
a time trend does not aﬀect the results at all, while adding the number of
unemployed seekers is insigniﬁcant, suggesting that variation in the share of
matches won by unemployed applicants is mainly driven by the endogenous
job competition mechanism described in the model.27
Next, we test the claim that the premium in terms of average starting
wages on a new job, which previously employed recruits receive as compared
to unemployed recruits, increases in the number of employed job searchers.
In order to do so, we regress the logged ratio of average starting wages of
employed over unemployed hirings on the logarithm of the share of matches
won by employed job seekers. This estimation setting appears to be the most
direct test of the hypothesis: as was shown in the ﬁrst part of Proposition 2,
the share of job accessions of employed applicants increases as the number
of on-the-job searchers increases, while the share of matches of unemployed
seekers decreases. If the claim is true, the wage premium of employed hires
over unemployed hires should increase as on-the-job search intensity, and
thus the share of employed job matches increases. The results of diﬀerent
speciﬁcations of this setting are presented in Table 3. The data strongly
support the claim made in the proposition. Note that evidence in favor of
27

The results provide evidence that hiring ﬁrms rank employed applicants before unemployed applicants, in the sense that if a vacancy is applied for simultaneously by an
unemployed and an employed applicant, the job is oﬀered to the latter. Intuitively, if ﬁrms
rank applicants, the fraction of matches of unemployed seekers entirely depends on the
behavior of the employed, since they directly aﬀect the probability of ﬁnding a new job.
See also Anderson and Burgess (2000).
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'HSHQGHQW9DULDEOH$YHUDJH6WDUWLQJ:DJH0DUNXSRI(PSOR\HG6HDUFKHUV
OQ Z Z 
0.075
0.068
0.079
0.074
OQ P P 
(0.029)
(0.028)
(0.029)
(0.028)
-0.005
0.008
OQX
(0.005)
(0.005)
Const.
0.198
-0.338
0.252
-0.267
(0.029)
(0.103)
(0.063)
(0.105)
Linear time trend
0.006
0.006
(0.001)
(0.001)
R2
0.073
0.121
0.075
0.125
N
640
640
640
640
(

8

(

Note: Source and data description: Fahr and Sunde (2001a). Data are of yearly frequency for 1980-1995, the
level of aggregation is occupation (40 groups). Wage data are deflated daily wages collected at individual
levels from social security records, aggregated to cell means of occupation-year cells. Robust standard
errors are in parentheses.

the proposition also indirectly supports the microfoundation for employed
job search: if more employed workers search, more of them will ﬁnd a job
increasing the share of hirings from the pool of the employed. On the other
hand, the more employed search, the higher the average quality of their
current match as a consequence of the non-degenerate distribution of job
match quality. Hence, they require, on average, a higher starting wage to
accept a job oﬀer, leading to a supply-induced increase in the wage premium
of formerly employed recruits.
To conclude, the main results of the empirical evaluation of the implications of the theoretical model are strongly supportive of the model. All
empirical correlations, with the one exception mentioned, exhibit the sign
predicted by the theoretical model, indicating that the theoretical model presented in section 2 indeed describes empirically relevant mechanisms. This
conclusion is corroborated by the ﬁndings of empirical tests of Proposition
2: Substantive endogenous job competition seems to shape the structure of
job accessions, and the wage premium earned by employed applicants when
entering a new job increases in the number of employed job seekers.

5

Conclusion

This paper has shown that previous empirical studies of matching models of
job creation do not deliver the correct elasticities of the matching function.
In particular, empirical estimations of conventional matching functions regressing employment ﬂows on stocks of unemployed searchers and registered
26

vacancies, as well as estimations of stock-ﬂow matching functions, all suﬀer
from the problem that important determinants of the matching process, like
employed job seekers or alternative search channels, are unobservable and
thus not included as regressors.
In order to investigate this issue, we have developed a simple model of
equilibrium unemployment and vacancy posting that takes unobservable endogenous behavior on both sides of the labor market explicitly into account.
The implications of the model with respect to the eﬀects of endogenous onthe-job search and vacancy posting on the composition of the pools of seekers
and job vacancies can predict the direction of the bias pervading previous
empirical studies. Moreover, the theory makes predictions about the structure of job accessions with respect to the employment status of applicants,
and about the cyclicality of starting wages and wage premia for employed
applicants.
In the second part of the paper, it was shown how the bias can be removed and estimates of the true parameters of the matching function can be
retrieved. In an empirical application using German administrative data, it
is shown that, in line with the predictions of the theoretical model, conventional empirical studies tend to underestimate the searcher-elasticity of new
hirings and to overestimate the vacancy-elasticity. Also other implications of
the theoretical model are supported by the data: various correlations implied
by the model are validated empirically, job competition seems to play an important role, and the supply-induced cyclicality of the premium in average
starting wages of employed job accessions over unemployed job accessions
provides strong evidence for the theoretical motivation for on-the-job search
based on match quality.
The paper poses a strong caveat on the use of conventional empirical
matching functions, as well as alternative approaches based on hazard functions or stock-ﬂow notions, investigating the job creation process. The model
allows to put the interpretation of previous results obtained by using such
conventional or alternative approaches into perspective. This applies particularly for studies trying to test for constant returns in the matching process
while neglecting important but unobservable endogenous behavior like onthe-job search or search of ﬁrms through several recruitment channels.
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A

Econometric Issues

A.1

A.1 Estimation Bias

This appendix works out the consequences of regressing the matching function only
on the observable stocks of unemployed job seekers u and registered vacancies r
instead of also including employed job seekers e and non-registered vacancies n as
explanatory variables in some detail. In order to do that, pose the problem in a
somewhat more abstract form. In particular, consider the model:
y = X 1 β1 + X 2 β2 + X 3 β3 + X 4 β4 + ε ,

(38)

where y is a vector of the dimension N × 1 reﬂecting the observed matches. N
is the number of observations. The Xi are N × 1 vectors with X1 being (the log
of) the stock of unemployed (u), X2 being (the log of) the stock of registered
vacancies, X3 being (the log of) φ̃, and X4 (the log of) π̃. Since neither φ̃ nor π̃
can be observed, rewrite the econometric model in terms of observables X = (X1
X2 ) = (u r), which is a (N × 2) matrix consisting of the N × 1 components
u and


β1
and
r, and unobservables Z = (X3 X4 ) = (φ̃ π̃). Accordingly, denote β =
β2


β3
γ=
and write Equation (38) as:
β4
y = Xβ + Zγ + ε ,

(39)

Regressing y only on X, as is standard in estimations of empirical matching functions, delivers the following OLS estimator:
β̂ = (X  X)−1 X  y


= (X X)

−1


(40)





X Xβ + (X X)

E(β̂) = β + (X X)

−1

−1





X Zγ + (X X)

−1



X Zγ.



X ε and
(41)

where E is the expectations operator. Note that:
 

X1 X1 X1 X2
X X =
X2 X1 X2 X2
Using standard results on the inverse of partitioned matrices, one can show that:28


b31 −b21 s23
b21 s21 b41 −b21 s24
b31 + b21 ss21
b
+
41
s22 −s21 b21
22 −s21 b21
E β̂ = β +
γ,
(42)
−s13 b21 +s23
−s14 b21 +s14
s22 −s21 b21

28

s22 −s21 b21

The inverse of a partitioned matrix can be written as follows, cf. Rao (1973), p. 33:
  −1


A + F E −1 F  −F E −1
A B
=
,
−E −1 F 
E −1
B D

where E = D − B  A−1 B, and F = A−1 B.
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where E is the expectations operator, s12 = X1 X2 , b12 = (X1 X1 )−1 X1 X2 , etc.
In the regression of y on X it is implicitly assumed that the observables X1 and
X2 (ie. u and r) are not perfectly correlated.29 For illustration purposes, it is
assumed in the text that s21 = 0, which simpliﬁes the estimator considerably.
However, this assumption is inconsequential, since the strategy to reveal biases
and unbiased estimates of the coeﬃcients of interest is valid also in the general
case. Calculating the estimates gives:



  b13 +b21 s21 b13 −b21 s23


b21 s21 b14 −b21 s24
b
+
β1
β3
β̂1
14
s
−s
b
s
−s
b
22
21
21
22
21
21
=
+
β̂ =
−b21 s13 +s23
−b21 s14 +s24
β2
β4
β̂2
s22 −s21 b21
s22 −s21 b21


βu
.
(43)
=
βr
Analogously, one obtains for matching functions estimated only for new matches
of formerly unemployed mu (Equation 27):


 
b14 −b21 s24
b14 + b21 ss21
β1
u
22 −s21 b21
(44)
+
β4 ,
β̂ =
−b21 s14 +s24
β2
s22 −s21 b21
and likewise for the matching function for mr (Equation 30):

  b13 +b21 s21 b13 −b21 s23 
β
1
s22 −s21 b21
+
β3 .
β̂ r =
−b21 s13 +s23
β2
s22 −s21 b21

(45)

In terms of notation in the text, xu ≡ x1 , xr ≡ x2 , xe ≡ x3 , and xn ≡ x4 ,
etc. Note also that the assumption of a unique and stable maching technology for
all participants in the labor market means that βu = βφ̃ , and βr = βπ̃ . After a
view manipulations, it is possible to reveal all relevant coeﬃcients using Equations
(43) to (45). In particular, estimates of the unbiased coeﬃcients of interest can be
obtained by:




β1
(46)
= β̂ u − β̂ − β̂ r .
β2
Using these coeﬃcients and estimation results from Equations (43) to (45), there
are four equations in the four unknown correlations s13 , s14 , s23 , and s24 , allowing
to solve for the correlations predicted by the theoretical model.

A.2

Error Variance

In order to pursue statistical tests about the imputed coeﬃcients, one needs an
estimate of the variance of the residuals σ 2 . A standard candidate for this would
be:30
e ex
,
(47)
σ̂ 2 = x
N −2
29
30

This assumption was already discussed in footnote 23.
See Greene (1997), p. 403.
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where ex is the (N × 1) vector of residuals obtained by estimating y only on X.
Note that
ex = Mx y = Mx (Xβ + Zγ + ε) = Mx Zγ + M1 ε,
with MX = I − X  (X  X)−1 X  . One can show that (with E being the expectations
operator):
(48)
E(ex ex ) = γ  Z  Mx Zγ + (N − 2)σ 2 .
Due to the fact that Z is unobservable (remember, it contains employed job
seekers e and non-registered vacancies n), it is not possible to obtain a direct
estimate of this error variance.
Nevertheless, there are ways to construct an estimate of the error variance
that allow for inference. We next present two alternative approaches. The ﬁrst
approach gives a conservative measure of the variance that overestimates the true
value. The second alternative allows to compute the value accurately under some
more assumptions.
Consider γ  Z  Mx Zγ and substitute for the deﬁnition of Mx :
γ  Z  (I − X  (X  X)−1 X  )Zγ
= γ  Z  Zγ − γ  Z  X(X  X)−1 X  Zγ

−1 

s13 s14
b13 b14
 

γ.
= γ Z Zγ − γ
s23 s24
b23 b24

(49)

Hence, an estimate of the variance according to Equation (48) would be
2

(N − 2)σ̂ =

E(ex ex )

+γ





s13 s14
s23 s24

−1 

b13 b14
b23 b24



γ − γ  Z  Zγ .

(50)

Taking a closer look at this estimate, one realizes that the ﬁrst term on the RHS
is available from the estimation of the conventional matching function (y on X).
Moreover, it has been shown before, that the components of γ, as well as all
covariances and partial regression coeﬃcients contained in the second term on the
RHS can be imputed. The last term contains the variances and covariances of the
unobservables combined with the respective parameters:






s
s
βφ̃
s
s
β
33
34
3
 
φ̃φ̃
φ̃π̃
= (βφ̃ βπ̃ )
γ Z Zγ = (β3 β4 )
s43 s44
β4
sπ̃φ̃ sπ̃π̃
βπ̃
However, the parameters βφ̃ and βπ̃ are positive (they have already shown to be
imputable). Moreover, from the theoretical model it can be expected that the
covariances contained are positive (cf. Equation (13)), so that from this and the
quadratic form, it is clear that the last term subtracts a positive number from the
RHS. Hence, even though this number cannot be computed because Z is unobservable, one can calculate an estimate of the variance that overestimates the true
variance by simply neglecting the last term on the RHS. The results will be robust
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in the sense that such a procedure delivers signiﬁcance levels for the tests that
are lower than the true size of the test (i.e. t-values obtained would be downward
biased).
An alternative approach involves estimation results for the matching functions
using ﬂows from unemployment and ﬂows from registered vacancies, Equations
(27) and (30). Assume that all three processes can be described by the same
variance of errors. This assumption can be justiﬁed by the fact that the two
speciﬁcations of matching functions with mu and mr as dependent variables are
nested in the speciﬁcation with m as regressand. Then, analogous estimates of the
error variance in Equation (50) from the alternative speciﬁcations of the matching
function deliver:



b13
2


(N − 1) σ̂ = E (ex ex ) mu + β3 (s13 s23 )
(51)
β3 − β32 s33 ,
b23
for ﬂows from unemployment, and
2

(N − 1) σ̂ = E



(ex ex )mr


+ β4 (s14 s24 )

b14
b24



β4 − β42 s44 ,

(52)

respectively. Furthermore, assume that unobservable stocks are uncorrelated, that
is s34 = N cov(φ̃, π̃) = 0. Under this assumption, subtracting Equation (50) from
the sum of Equations (51) and (52) and rearranging gives:


N σ̂ 2 = E (ex ex )mu + E (ex ex )mr − E(ex ex )
− β3 β4 (s13 b14 + s23 b24 + s14 b23 + s24 b23 )


= E (ex ex ) + E (ex ex ) − E(ex ex )
mu

mr

− βφ̃ βπ̃ suφ̃ buπ̃ + srφ̃ brπ̃ + suπ̃ buφ̃ + srπ̃ brφ̃

.

(53)

All elements of this expression are either known or can be imputed, allowing to
explicitly calculate an estimate of the error variance of the model.
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