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Abstract

We generate measures for search intensity of employers and job seekers and - as a novel
feature - for placement intensity of employment agencies. For this purpose, we tap big data
on online activity from the job exchange of the German Federal Employment Agency and its
internal placement-software. We use these data to estimate an enhanced matching function
where the efficiency parameter varies with the search and placement intensities. The results
show that the intensity measures significantly contribute to the variation in job findings.

Zusammenfassung

Wir generieren Mal3e fiir die Suchintensitat von Arbeitgebern und Arbeitssuchenden und -
zum ersten Mal - fiir die Vermittlungsintensitat von Arbeitsagenturen. Zu diesem Zweck grei-
fen wir auf Big Data zu Online-Aktivitaten aus der Online Jobbdrse der Bundesagentur fur
Arbeit und ihrer internen Vermittlungssoftware zuriick. Wir verwenden diese Daten, um ei-
ne erweiterte Matchingfunktion zu schatzen, bei der der Effizienzparameter mit den Such-
und Vermittlungsintensitaten variiert. Die Ergebnisse zeigen, dass alle drei Intensitatsmalie
erheblich zur Erklarung der Job-findings-Variation beitragen.

JEL
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1 Introduction

The key task of a labour market is bringing together job seekers and open positions. This
matching naturally depends on the number of unemployed and the number of vacancies, as
formalized in matching theory (e.g. Pissarides, 2000). The matching function represents a key
ingredient of many macroeconomic models. In standard specifications, however, the sole in-
struments available to vary hirings are for firms to change the number of vacancies and for
workers to enter or leave unemployment. This neglects a substantial variation of hirings, re-
flecting the need for modeling time-varying matching efficiency. Understanding the sources
of thisvariation in matching efficiency isimportant since itis a crucial driver of fluctuations of
employment and unemployment. Beyond the stock variables, mismatch (Sahin et al. (2014),
Hutter/Weber (2017)), information and institutions, and the behaviour of the relevant agents
play a role. Whether people get into work, for example, depends crucially on how intensively
unemployed look for jobs and how much effort employers make when trying to fill an open
position. This behaviour can be described as search intensity (e.g. Pissarides (2000)).

Beyond job seekers and employers on the two market sides, a further agent is present in the
labour market: the employment service. The activities of the intermediary between the two
sides can have an impact on whether unemployed and vacancies come together. As a coun-
terpartto searchintensity, we introduce the notion of placement activity of the labour market
intermediary.

Conventional measures of search intensity are often based on survey data, e.g. from time-use
surveys (Mukoyama/Patterson/Sahin (2014), Gomme/Lkhagvasuren (2015), Krueger/Mueller
(2011)). With the digitalisation of labour markets, online data such as the presence of indi-
viduals in online job search (Kuhn/Skuterud (2004), Faberman/Kudlyak (2019)), job seekers’
search behaviour at search engines (Baker/Fradkin (2017)), or applications to job postings got
into the focus.

We contribute to the literature by measuring search intensity using a source of big data that
directly captures online activity: We evaluate how often the job exchange website of the Ger-
man Federal Employment Agency (FEA) and its placement platform have been accessed for
search or placement activities. Beyond search intensity of job seekers and firms, our ap-
proach enables - for the first time - measuring placement activity of employment agencies.

We enhance a standard matching function by search and placement behaviour. This can pro-
vide more flexibility in explaining the dynamics of empirical data (compare Gomme/Lkhag-
vasuren (2015)) and might also cure a missing-variables problem. We find that both search
intensities and placement activity significantly explain job findings. Together, they capture a
considerable part of hirings variation ignored by the standard matching function.
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The paperis structured as follows: The next section presents the data. Section 3 discusses the
role of search intensity and placement activity for the matching precess. In Section 4, we es-
timate an enhanced matching function and show the results. The final section concludes.

2 Data

Germany is a typical example of labour markets with a strongly institutionalised public em-
ployment agency. Workers who know that they will be unemployed are obliged to report the
job-seeking status to the FEAimmediately in order to be granted the fullamount of unemploy-
ment benefits later. Hence, the FEA is the central intermediary for the unemployed. It runs
a job exchange website! where job seekers (.J.S) can apply for open positions or offer their
workforce, and firms (F') can find workers or place job offers. Once the job exchange is ac-
cessed, server log files are stored in anonymous form. These server log files provide valuable
information, e.g. about which part of the job exchange website the user has visited. Thus,
they allow distinguishing whether the job seekers’ or employers’ area of the job exchange
was accessed and hence measuring the respective search intensities (I7°, I'"). For instance,
if the log file implies that the visitor wanted to look over her job openings or to find suitable
job candidates, the exchange website was most likely accessed by an employer. On the other
hand, if, for instance, the visitor searched for suitable job openings, it can be assumed that a
job seeker accessed the website.

Throughout the paper, we use “activated visits”, i.e. only online activities where a visitor was
active on the website beyond merely opening it are counted. Since activated visits involve
more than one page view, it can be assumed that the visitor is interested in the content and
took a closer look at it. Thus, activated visits represent the qualified traffic on the online job
exchange platform. Furthermore, this helps exclude unwanted online traffic, e.g. by bots,
from the data.

With the FEA’s placement software VerBIS, employment agents (E A) screen the labour sup-
ply and demand sides to identify potential positions for job seekers or suggest candidates for
an open position. Since administrative tasks are also carried out in VerBIS, the information in
the log files serve to identify genuine placement activities (e.g. generating a placement pro-
posal) to measure the placement intensity 774, To our knowledge, the placement activities
of employment services have not yet been investigated.

1 See https://jobboerse.arbeitsagentur.de.
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Monthly hirings are measured as accumulated flow from unemployment into employment
between two counting days of the FEA’s statistics.? To ensure consistency, the same count-
ing days apply for the online activities. In order to capture search and placement intensities
instead of mere accumulated activities, we divide the accumulated activities by either the
stock of unemployed (in case of I/9), the stock of vacancies (in case of IF), or by the sum of
unemployed and vacancies (in case of I74), at the end of the previous counting period, re-
spectively.® Also the data on the number of unemployed and vacancies stem from the FEA.

All variables are calendar-adjusted, i.e. divided by the number of working days between two
counting days, and seasonally adjusted. Occasionally, there are missing data due to changes
in the platforms. In the estimations of Section 4, they are neutralised by impulse dummies,
while shift dummies capture potential level shifts after the breaks.

Figure 1 depicts the monthly intensities that show relevant variation during the sample. In
the COVID-19 crisis, they experience a dramatic drop, reflecting the firms’ reluctance to hire
and difficulties for employment agents to pursue their placement tasks under corona condi-
tions. Job seekers’ search intensity decreased, too, due to a strongly increasing denominator
(unemployment). Also the hirings plummeted.

From a data quality perspective, our intensity measures have several advantages. They are
particularly well suited for disentangling the search activities of job seekers, firms and place-
ment agents. They are based on big data directly capturing online activity. Thus, they can
build on large samples and do not have to rely on survey data or on counting actual applica-
tions. Finally, they can be accessed without any publication lag.

3 Enhancing the matching function

Search and matching theory states that vacancies (V') and unemployed (U) form matches (H
for hirings) through a Cobb-Douglas production function. After log-linearisation, the match-
ing function reads

In(H,) = p+aln(V,y) + (1 = a)ln(U,;_4), (3.1)

2 Acounting day typically is around the middle of a month.
% See below for robustness checks on the timing of the denominators.
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Figure 1: Hirings and search and placement intensities
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Notes: hirings: outflow from unemployment into employment (in thousand). Source: FEA statistics.
Intensities: activated visits by job seekers / employers / employment agency per working day normalised by
unemployed / vacancies / unemployed+vacancies. Structural breaks after periods of missing data are
eliminated by level shift dummies in ARMA models. Seasonally adjusted data.

Source: Netmind, own calculations.

where 11 denotes the efficiency parameter and « and (1 — «) are the elasticities of new
matches with respect to vacancies and unemployed, respectively, under the assumption of
constant returns to scale. While the efficiency parameter is constant in the standard version,
time variation in matching efficiency can be substantial (e.g. Klinger/Weber (2016), Sedlacek
(2014)).

This is why we explicitly allow x4 to have (beyond a time-invariant part p*) a time-varying
part that depends on the search intensity of job seekers and firms (I, I['), the placement
intensity of the employment agencies (I74), and a normally-distributed error term e,.

py = w4 Byn(I]%) + Boln(If) + Bln(IF4) + ¢, (3.2)

In addition to mitigating the missing-variables-problem, this can provide more flexibility in
explaining the dynamics of empirical data (compare Gomme/Lkhagvasuren (2015)). The new
specification extends Hornstein/Kudlyak (2017) and Davis/Faberman/Haltiwanger (2013),
who analyse explanatory power of job seekers’ search intensity and recruiting intensity,
respectively.
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Using search activity from the current month adheres to the concept of the matching function
that unemployed and vacancies present at the beginning of the counting period (i.e. t — 1)
form matches during the counting period. Nonetheless, it is conceivable that also earlier
search activities may lead to matches in month ¢. Therefore, also lagged search activities
were investigated as robustness check below.

4 Results

Inserting (3.2) into (3.1) yields

In(Hy) = p* + aln(Vy_y) + (1 = a)in(U,; )

4.1
+ Blln<I£]S> + ﬁ2l”(ItF> + le”(ItEA> + €. 4y

Since all variables appear in logs, 3, to 35 are the elasticities of hirings with respect to the
three search intensities. We measure these intensities by using the online data described in
Section 2 as proxies. Both the standard and the enhanced model are estimated via nonlinear
least squares and with heteroscedasticity- and autocorrelation-robust standard errors.

Table 1 shows the results. All three intensities contribute positively to the hirings variable.
The elasticity of hirings with respect to the job seekers’ search intensity is highest with about
0.19, while the other two elasticities amount to approximately 0.12. The effects are statisti-
cally significant with p-values between 0.011 and 0.086.

Table 1: Estimation results of standard and enhanced matching function
Parameter coef. std. dev.  p-value coef. std. dev.  p-value

Standard matching function Enhanced matching function

1y o -5.2593  0.0764  0.0000 -5.0768  0.1004  0.0000
o 0.2705  0.0574  0.0000 0.3329  0.0942  0.0012
B4 0.1937  0.1093  0.0857
Bs 0.1216  0.0570  0.0405
Bs 0.1173  0.0438  0.0114
R? 0.3737 0.5993

Notes: Estimation of Equation (4.1). Sample: 2015:12 to 2020:3.
Source: Own calculations.

Beyond significance, the effects are also economically relevant: From the standard matching
function, we can infer a “Solow residual”, which then can be compared to the part of the fitted
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value of In(H,) driven by the three intensities in the enhanced matching function (compare
also Davis/Faberman/Haltiwanger (2013)). Figure 2 reveals a substantial correlation between
the two measures (r=0.59). This emphasizes that the intensities are able to explain an impor-
tant part of the otherwise neglected variation of matching efficiency and hence hirings.

Figure 2: Part of hirings explained by search intensities and residuals from standard matching func-
tion
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Notes: The graph shows the part of in(H, ) that is explained by the three intensities in the enhanced matching
function and the residual backed out from a standard matching function.

Source: Own calculations.

This finding is supported by the fact that the explained part of the variation in in(H,) is only
37 percent in the standard matching function, whereas it increases by 22.6 percentage points
(or 60%) to just under 60 percent in the enhanced version. Including the intensities increases
the point estimate for a by 23 percent from 0.27 to 0.33, which points to a moderately-sized
under-estimation of the matching parameter in case of the standard matching function.

Until now we excluded the COVID-19 crisis months 2020:4 and 2020:5 due to their extreme
values. If we include them into the sample, the estimated elasticities become even more sig-
nificant. The drop in vacancies by 10 percent can by far not explain the collapse of hires by 42
percent, but the drop in the search intensities captures the collapse quite well. Logically, the
explanatory power of the enhanced compared to the standard matching function increases
even more. Therefore, the estimation results presented above can be considered conserva-
tive.

Some endogeneity of the search intensity measures could result from the fact that search
activity of unemployed and vacancies that already formed a match will disappear during
the month. Ceteris paribus that would lead to less intensive search in months with many
matches. In this sense, our positive elasticities of matches with regard to search intensity
would be conservative, i.e. represent lower bounds. Still, the search effort that disappears
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during the month would be replaced by search effort of new unemployed and vacancies. In
order to take this into account in a robustness check,* we relate search efforts to the mean
of the stocks from the beginning and the end of the counting period, i.e. we define I/* as
accumulated activated visits divided by the average of U, ; and U,, and analogously for I}
and IF4. In this case, the estimated elasticities do not change substantially, though. They
slightly increase to 0.1954 (/3;), 0.1235 (3,), and 0.1182 (/3;).

Beyond the number of unemployed and vacancies, and also beyond search and placement
intensities, also compositional effects could play a role in the matching function (see e.g.
Barnichon/Figura (2015) and Ravenna/Walsh (2012)). Therefore, as a robustness check, we
allowed for a more general setting including control variables. A typical set of variables cap-
turing relevant characteristics of job seekers is given by the shares of long term (>1 year un-
employment duration), older (>55 years of age), younger (<25 years of age), female and for-
eign unemployed among total unemployment. The unemployment shares are taken from the
FEA’s statistics. Since aggregate unemployment itself enters the matching function with the
first lag, we use the same lag for the control variables. Especially the share of long-term un-
employed has a clear negative effect on matches with an elasticity of -0.6838 (compare also
Barnichon/Figura (2015) who find a substantial role of the rate of long-term unemployed for
matching efficiency). However, this does not impair the role of the search intensities: They
amount to 0.2540 (,), 0.0987 (85), and 0.1412 (55).

Regarding the dynamic properties of the enhanced matching function, also earlier search ac-
tivities could lead to matches in month ¢. Therefore, in a further robustness check, we include
lagged search and placement intensities (i.e. I3, I |, and I4) to Equation (4.1). However,
the lagged terms turn out to be insignificant, and the estimated elasticities of the competing
contemporaneous search variables do not change substantially.

5 Conclusion

This article introduces innovative big data allowing the instantaneous measurement of
search and - for the first time - placement intensity in the labour market in form of online
activity. We use these data to estimate an enhanced matching function where the efficiency
parameter varies with the job seekers’ and firms’ search intensities and the placement inten-
sity of the employment agencies. The results show that all intensity measures significantly
explain the variation in job findings.

4 Tables of the robustness checks are not included due to limited space. They are available upon request.
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A key insight for macro-labour models is that the standard matching function neglects sub-
stantial variation of hirings and hence employment that can be explained by search inten-
sity. The underlying study shows how the matching function can be enhanced by suitable
measures and contributes pioneering work especially with respect to placement intensity.

In the COVID-19 crisis so far, the novel data reveal that all three search intensities dropped
substantially. Our results demonstrate that this will have adverse impacts beyond the de-
cline in vacancies. The most critical labor market effects of the crisis may arise not via the
separation but via the hiring margin (Merkl/Weber (2020)).
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