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1 Introduction

In the COVID-19 crisis, many European countries were able to limit layoffs. However,

employment was harmed by severe negative effects via the hiring channel (see Weber and

Neupert (2021) for an overview). Indeed, there is evidence that the containment measures

affected the labour market equally via the ins and outs of unemployment (Bauer and Weber

(2021)). Thereby, hires dropped far more strongly than vacancies. This suggests an impor-

tant role of often neglected factors behind the development of new hires: In the underlying

paper, we analyse the search intensities of job seekers, firms, and employment service.

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

instruments 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

and reflects the need for modeling time variation of the latent part usually called matching

efficiency.

Understanding the sources of this variation in matching efficiency is important since it is a

crucial driver of fluctuations of employment and unemployment. Beyond the stock variables,

mismatch (Sahin et al. (2014), Hutter and 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 (see

e.g. Hainmueller et al. (2016), Thomas (1997)). Logically, they may also contribute to the
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variation of hires. As a counterpart to search intensity, in the underlying paper 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 et al. (2014), Gomme and Lkhagvasuren (2015), Krueger and

Mueller (2011), Bloemen (2005)). With the digitalisation of labour markets, online data such

as the presence of individuals in online job search (Kuhn and Skuterud (2004), Faberman

and Kudlyak (2019)), job seekers’ search behaviour at search engines (Baker and Fradkin

(2017)), or applications to job postings (Davis and Samaniego de la Parra (2021)) 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 German Federal Employment Agency (FEA) has been accessed for search activities.

Thereby, we can discriminate between activities of firms and job seekers. Furthermore, our

approach enables – for the first time – measuring placement activity of employment agencies.

For that purpose, in our big data approach, we tap data from the FEA’s internal placement

platform.

We feed our new measures into a theoretical modelling approach. In detail, we enhance

a standard matching function by search and placement behaviour. This can provide essen-

tial flexibility in explaining the dynamics of empirical data (see Gomme and Lkhagvasuren

(2015)) and might also cure a missing-variables problem. We find that both search inten-

sities and placement activity significantly explain job findings. Together, they capture a

considerable part of hirings variation ignored by the standard matching function.

Based on the formal modelling in the matching approach, we can assess the role of search

intensities for labour market reactions in both normal times and the COVID-19 crisis. Indeed,

the intensities witnessed a substantial drop at the onset of the pandemic. We determine the

contribution of this drop to the surge in unemployment in the first months of the COVID-19

crisis. Together, the drop of all three search intensities is responsible for 150,000 lost hirings.
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This amounts to a third of the total labour-market related increase of unemployment in

Germany during the COVID-19 crisis.

The paper is structured as follows: The next section presents the data. Section 3 in-

troduces search intensity and placement activity in a formal modelling framework of the

matching process. In Section 4, we estimate an enhanced matching function and show the

results. Furthermore, we quantify the role of search and placement during the COVID-19

crisis. Section 5 discusses endogeneity issues. 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 become unemployed are obliged to report

the job-seeking status to the FEA immediately in order to be granted the full amount of

unemployment benefits later. All unemployed are provided with regular counselling services.

Hence, the FEA is the central intermediary for the unemployed. The employment agencies

also support firms in their search for suitable candidates.

The FEA runs a job exchange website1 where job seekers (JS) can apply for open posi-

tions or offer their workforce, and firms (F ) can find workers or place job offers. The usage of

this platform is cost-free for both firms and job seekers. Once the job exchange is accessed,

server log files are stored in anonymous form. It is possible (although not required) for the

job seeker to register and log in. The log files are stored irrespective of whether a visitor

is logged in on the job exchange website or not. The server log files are then processed in

Netmind, a software that allows accessing the data in aggregate form without publication

lag. Access is provided by the Federal Employment Agency.

The data in Netmind contain valuable information, especially 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
1See https://jobboerse.arbeitsagentur.de.
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respective search intensities (IJS, IF ). For instance, if the specific URL visited 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 the number of page views from "activated visits", i.e.,

only online activities where a visitor was active on the website beyond merely opening it

are counted. Multiple visits of a specific URL per day by the same visitor are possible and

counted as such. 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.

In addition to search data of the FEA’s job exchange, Netmind also provides access to

data of VerBIS, the FEA’s internal placement software. With this software, employment

agents (EA) screen the labour supply and demand sides to identify potential positions for

job seekers or suggest candidates for an open position. It is important to know that VerBIS

and the FEA’s online job exchange are two different platforms, i.e. the placement procedure is

performed by the employment agents using VerBIS irrespective of how active the job seekers

or firms are at the online job exchange. The placement procedure can be broken down into

single tasks starting with the first contact with the unemployed person and ending with

postprocessing after the employment agent has issued a placement proposal. All of these

single steps must be documented in VerBIS and hence are comprised in the aggregate online

data at hand. Administrative tasks are also carried out in VerBIS. Therefore, we make

use of the information in Netmind to identify genuine placement activities (e.g. generating

a placement proposal) to measure the placement intensity IEA. To our knowledge, the

placement activities of employment services have not yet been investigated.

Beyond the search activities, the paper uses the standard ingredients of a labour market
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matching function: Hirings, unemployed, and vacancies. These variables are taken from

the statistics of the FEA, as e.g. in Hutter and Weber (2017). Using these official register

data has the advantage of a consistent measurement with respect to the counting days of

the FEA. Monthly labour market statistics are generated at the counting day that typically

is around the middle of a month.2 Furthermore, the vacancies registered at the FEA are

available on a monthly frequency, whereas the comprehensive German Job Vacancy Survey

would provide only quarterly data. Monthly hirings are measured as accumulated flow from

unemployment into employment between two counting days of the FEA’s statistics. To

ensure consistency, we apply the same counting days when generating monthly indicators

for the online activities.

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

placement 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

applications. Finally, they can be accessed without any publication lag.

In order to capture search and placement intensities instead of mere accumulated activ-

ities, the sum of activated visits between two counting days is divided by either the number

of unemployed (in case of IJS), the number of vacancies (in case of IF ), or by the sum3 of

unemployed and vacancies (in case of IEA). Note that throughout this paper, "search in-

tensity" is used synonymously to activated visits of job seekers per unemployed, or activated

visits of firms per vacancy.4

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
2The counting days of the FEA’s statistics are published here: https://statistik.arbeitsagentur.de/

Navigation/Statistik/Service/Veroeffentlichungskalender/Veroeffentlichungskalender-Nav.
html.

3In addition to job seekers, also firms are supported by employment agencies in their search for suitable
candidates. This is why the sum of unemployed and vacancies is taken for normalisation purposes. The
dynamics of IEA do not change substantially if the number of unemployed is used instead.

4See below for robustness checks on the timing of the denominators.
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changes in the considered platforms. In the estimations of Sections 4 and 5, they are neu-

tralised by impulse dummies, while shift dummies capture potential level shifts after the

breaks.

As can be seen by Figure 1, the economy was in the midst of a downturn even before the

corona crisis: Unemployment had stopped decreasing and vacancies had begun decreasing

after 2018. The monthly search and placement intensities are available since 2015:11. All

three intensity measures show relevant variation during the sample. Firms’ search intensity

and especially placement intensity show a procyclical behaviour, increasing during the up-

swing and decreasing in the downturn since 2018. By contrast, job seekers search intensity

tends to display a counter-cyclical pattern; its decreasing path came to an end during the

beginning of the downturn in 2018. A procyclical search effort on the firms’ side and counter-

cyclical search intensity on the job seekers’ side is in line with the compensation argument in

the literature: Both market sides can compensate for a tighter (firms) or worse (job seekers)

labour market via increased search efforts (see, e.g. Mortensen (1987), DeLoach and Kurt

(2013), Davis et al. (2013)).

In the COVID-19 crisis, all intensity measures experience a dramatic drop, reflecting the

firms’ reluctance to hire and difficulties for employment agents to pursue their placement

tasks under corona conditions and high priority attached to short-time work. Job seekers’

search intensity decreased, too. These findings are in line with Hensvik et al. (2021) who

investigate job search during the first three months of the corona pandemic in Sweden.

Similarly, Bauer et al. (2020) find a declining application behaviour using LinkedIn data. In

a sense, the discouragement effect (see e.g. DeLoach and Kurt (2013)) seems to dominate the

compensation effect on the job seekers’ side during the COVID-19 pandemic. In the crisis,

also the hirings and vacancies plummeted, whereas unemployment increased substantially

until 2020:6.

Table 1 provides summary statistics of hirings, the intensity variables, unemployment,

and vacancies. On average, there are about 9,000 transitions from unemployment into em-
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Figure 1: Hirings, search and placement intensities, unemployment, and vacancies
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Table 1: Summary statistics of the data

Variable Original Logarithm
mean std. dev. mean std. dev. obs.

H 9,177 536.82 9.1228 0.0586 53
IEA 0.8553 0.1303 -0.1680 0.1569 43
IF 0.1678 0.0248 -1.7954 0.1427 50
IJS 1.8274 0.2776 0.5917 0.1506 50
U 2.462 0.182 14.7140 0.0735 54
V 0.730 0.064 13.4966 0.0900 54

Notes: The table shows summary statistics of central labour market variables. H: Hirings defined as outflow
from unemployment into employment (per working day). IEA: Placement intensity of employment agents.
IF : Firms’ search intensity. IJS : Job seekers’ search intensity. U : Unemployment in millions. V : Vacancies
in millions. Seasonally adjusted data. The COVID-19 crisis months 2020:4 to 2020:6 are excluded from the
sample.

ployment per working day. An average unemployed person performs about 1.8 daily page

views on the FEA’s online job exchange platform. There are 0.17 daily page views per va-

cancy performed by firms. In case of employment agents, we measure 0.86 daily page views

(per sum of unemployed and vacancies) on the placement platform VerBIS. The standard

deviations of the logged search intensities are rather similar with values of approximately

0.15.

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.

Ht = M
(
Vt−1

)α(
Ut−1

)1−α
, (1)

where M denotes the efficiency parameter and α and (1 − α) are the elasticities of new

matches with respect to vacancies and unemployed, respectively, under the assumption of

constant returns to scale.
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In this standard version, the matching process is a function of the number of vacancies and

unemployed. However, as pointed out in Pissarides (2000), a more comprehensive version of

the matching function takes into account – in addition to the size – the efforts undertaken by

the two market sides. Since in our case, the search services of the job exchange are cost-free

for job seekers and firms, the relevant question for both market sides essentially boils down

to how much and not whether or not to search.

We treat search intensity s of the unemployed and the level of job advertising a of the

hiring firms as being V - and U -augmenting, i.e., matching is a function of aV and sU . We

explicitly allow search intensity and job advertising to be time-varying and assume that st

and at depend on IJSt and IFt as follows:

st =
(
IJSt

)βJS

(2)

at =
(
IFt

)βF
, (3)

where βJS and βF are weighting parameters introduced in a way that allows for a generalised,

i.e., potentially nonlinear, specification and that preserves the Cobb-Douglas form of the

matching function.

Beyond the activities of the agents on the two market sides, in the labour market, the

public employment service as the central intermediary plays an important role. It may influ-

ence in how far unemployed and vacancies come together. However, the efficiency parameter

is constant in the standard version of the labour market matching function although time

variation in matching efficiency can be substantial (e.g. Klinger and Weber (2016), Sedlacek

(2014)). Importantly, not accounting for these dynamics could lead to biased estimates of

the structural parameters of the matching function. This is why we explicitly allow M to

have (beyond a time-invariant part M∗) a time-varying part that captures the placement

intensity of the employment agencies (IEAt ).
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Mt = M∗
(
IEAt

)γEA

, (4)

where γEA is a weighting parameter introduced for the same reasons as described in the

cases of βJS and βF . In addition to mitigating the missing-variables-problem, this can pro-

vide more flexibility in explaining the dynamics of empirical data (see Gomme and Lkhag-

vasuren (2015)). The new specification extends Hornstein and Kudlyak (2017) and Davis

et al. (2013), who analyse explanatory power of job seekers’ search intensity and recruiting

intensity, respectively.

Enhancing the matching function (1) by U - and V -augmenting s and a, and inserting

Equations (2), (3), and (4) yields

Ht = M∗
(
IEAt

)γEA
(

(IFt )
βFVt−1

)α(
(IJSt )

βJSUt−1

)1−α
, (5)

A note on the timing of the different variables is warranted: Vacancies V and unemployed

U are stock variables. Hence, they can be measured at a certain point in time. According

to the counting mechanism of the FEA, unemployment and vacancies are counted at the

counting day around the middle of a month. By contrast, hirings (H) is a flow variable, i.e.,

the flows from unemployment into employment are accumulated until this date, beginning

in the middle of the previous month. The three search intensities IEA, IF , and IJS are

flow variables, too, i.e., they are measured during a period of time. In order to measure the

intensity variables in a manner that is time-consistent with the other variables, we apply the

same counting days of the FEA also for them.

From a theoretical perspective, the concept of the matching function states that V and

U from the beginning of the counting period (i.e. t − 1) form matches during the counting

period. Thus, the stock variables enter the matching function with one lag, which accounts

for the expenditure of time that the whole search and recruiting process requires and is

consistent with the counting mechanism of the FEA. This means Ht denotes the hirings
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that were accumulated between t− 1 and t. Regarding monthly data, the time aggregation

bias is negligibly small (Nordmeier (2014)). Analogously to hirings, the search intensities

IEAt , IFt , and IJSt are measured during the same counting period, i.e. between t − 1 and t.

Nonetheless, it is conceivable that also earlier search activities may lead to matches in month

t. Therefore, also lagged search activities were investigated as a robustness check.

Furthermore, here we concentrated on modelling the role of search intensities for the

matching process. Of course, the intensities themselves are endogenously determined. We

discuss that in more detail in Section 5. There, we also demonstrate how potential endo-

geneity issues can be taken into account in the econometric approach.

4 Empirical results

4.1 The role of search and placement for matching

Log-linearisation of equations (1) and (5) and adding a normally-distributed error term εt

yields the estimation equations of the standard and enhanced matching function, respectively.

log(Ht) = µ+ αlog(Vt−1) + (1− α)log(Ut−1) + εt (6)

log(Ht) = µ∗ + γEAlog(IEAt ) + γF log(IFt ) + αlog(Vt−1)

+ γJSlog(IJSt ) + (1− α)log(Ut−1) + εt,

(7)

where µ = log(M), µ∗ = log(M∗), γF = αβF and γJS = (1 − α)βJS. Since all variables in

equation (7) appear in logs, γi for i ∈ (EA,F, JS) are the elasticities of hirings with respect

to the three search intensities. Both the standard and the enhanced model are estimated

via nonlinear least squares and with heteroscedasticity- and autocorrelation-robust standard

errors.
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Table 2 shows the regression 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 statistically significant with p-values between 0.011 and 0.086. In particular, we

find that the activities of the employment agency have a relevant effect beyond the search

intensities of the two standard market sides.

The regression coefficients γi in Table 2 show the overall effect (elasticity) of the search

intensities on hires. The structural parameters of equations (2) and (3) implied by this

estimation result are βF = γF/α = 0.3653 and βJS = γJS/(1 − α) = 0.2904. These reveal

clear nonlinearity: the effect of additional search activities for effective search intensity is

the lower the higher the current level already is.

In order to assess beyond statistical significance whether the estimated elasticities are

large or small, we start with a back-of-the-envelope calculation. The standard deviation of

(the log of) job seekers’ search intensity as one of the explaining variables amounts to 0.1506

during the estimation period (see Table 1). Thus, a standard change in job seekers’ search

intensity is connected to a change in hirings by 0.1937 × 0.1506 = 0.0292. The standard

deviation of (log of) hirings itself amounts to 0.0586. Logically, the influence of a single

search intensity already has a relevant dimension.

The explained part of the variation in log(Ht) is 37 percent in the standard matching

function, whereas it rises by 22.6 percentage points (or 60 percent) to just under 60 percent in

the enhanced version. This increase is due to all three search intensities. Existing literature

(e.g. Hornstein and Kudlyak (2017) and Davis et al. (2013)) has analysed the explanatory

power of either job seekers’ search intensity or firms’ recruiting intensity. In our approach,

adding only job seekers’ search intensity (R2 = 0.5474) or firms’ search intensity (R2 =

0.5001) does not exploit the full potential in explaining the variation in hirings.

In order to assess economic relevance in a more systematic way, we can infer a "Solow

residual" (εt in equation (6) from the standard matching function. Then, these residuals can
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Table 2: 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

µ, µ∗ -5.2593 0.0764 0.0000 -5.0768 0.1004 0.0000
α 0.2705 0.0574 0.0000 0.3329 0.0942 0.0012
γEA 0.1173 0.0438 0.0114
γF 0.1216 0.0570 0.0405
γJS 0.1937 0.1093 0.0857
R2 0.3737 0.5993

Notes: Estimation of equations (6) and (7). Sample: 2015:12 to 2020:3.

be compared to the part of the fitted value of log(Ht) driven by the three intensities in the

enhanced matching function (γEAlog(IEAt ) + γF log(IFt ) + γJSlog(IJSt ) in equation (7)); see

also Davis et al. (2013). Figure 2 reveals a substantial correlation between the two measures

(r=0.59). This emphasizes that the three search intensities are able to explain an important

part of the otherwise neglected variation of hirings.

Regarding the dynamic properties of the enhanced matching function, also earlier search

activities could lead to matches in month t. Therefore, in a robustness check, we include

lagged search and placement intensities (i.e. IJSt−1, IFt−1, and IEAt−1) to equation (7). However,

the lagged terms turn out to be insignificant, and the estimated elasticities of the competing

contemporaneous search variables do not change substantially.
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Figure 2: Part of hirings explained by search intensities and residuals from standard matching
function
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4.2 The role of search and placement in the COVID-19 crisis

Until now we excluded the COVID-19 crisis months due to their extreme values (see Figure

1). In April and May 2020, hirings fell by 48 percent, while vacancies only fell by 16 percent.

According to a standard labour market matching function (e.g. equation (6)), this should

not be the case: The elasticity of matches with respect to vacancies is usually around 0.3

(not 3) so that matches should actually react much less strongly than vacancies.

By measuring the search activities, our study provides a crucial piece to explaining this

puzzle: The search and placement intensities have decreased significantly throughout the

COVID-19-pandemic. Table 3 shows the results when estimating equations (6) and (7)

including the COVID-19 crisis months 2020:4 to 2020:6. Although only a few observations

are added, the sheer extent of the crisis adds a lot of additional variance, with potentially

big impacts on point estimates and standard deviations of the estimations. The drop in

vacancies can by far not explain the collapse of hires. Logically, the explanatory power of

the standard matching function decreases (R2 = 0.3107) when the COVID-19 crisis months

are included. In addition, the point estimate for α increases to around 0.5, which points to

a substantial omitted variable bias. Indeed, if we estimate the enhanced matching function

(equation (7)), the explained part of the variation in log(Ht) increases to approximately 74

percent. At the same time, α stays in normal territory with a value of just over 0.24.

While the elasticity of hirings with respect to the job seekers’ search intensity remains

rather stable (γJS = 0.1850), the other two elasticities increase substantially (γF = 0.31,

γEA = 0.29). Again, the effects are statistically significant with p-values between 0.006 and

0.066. With these results, we can quantify the contribution of the three search intensities to

"lost hirings", and ultimately also to the unemployment increase (see Figure 1). We measure

lost hirings as compared to the last pre-crisis month 2020:3 (where data are seasonally

adjusted). Between 2020:3 and 2020:6, unemployment increased by 660,000 persons before

slowly decreasing again from 2020:7 onwards. Of these, about 460,000 were labour-market

related (Bauer and Weber (2021)): At the same time, active labour market policy measures
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Table 3: Estimation results of standard and enhanced matching function, including COVID-
19 crisis months

Parameter coef. std. dev. p-value coef. std. dev. p-value
Standard matching function Enhanced matching function

µ, µ∗ -4.9451 0.1248 0.0000 -4.8251 0.2438 0.0000
α 0.5077 0.0934 0.0000 0.2407 0.1141 0.0419
γEA 0.2908 0.1003 0.0063
γF 0.3142 0.1490 0.0420
γJS 0.1850 0.0976 0.0661
R2 0.3107 0.7440

Notes: Estimation of equations (6) and (7). Sample: 2015:12 to 2020:6.

had to be reduced, whose participants do not count as unemployed.

Using the estimated parameters of Table 3, the decreasing placement intensity con-

tributed substantially, with an accumulated effect of 67,000 lost hirings during these three

crisis months alone. Decreasing search intensity of firms ranks second, with an accumulated

effect of 61,000 persons. The lower search intensity of job seekers still accounts for an accu-

mulated effect of 22,000 persons. Together, the three search intensities are responsible for

150,000 persons or one third of the total labour-market related increase of unemployment

during the COVID-19 crisis. To put these figures into context: At the same time, the drop

in vacancies accounts for 15,000 persons, which is only one tenth of the contribution of the

three intensity measures combined. Evidently, rather than a reduced number of vacancies,

a general decrease of search activities affected the labour market.

5 Dealing with endogeneity

So far, we have analysed the effects of search intensity in the matching process. To guarantee

an adequate interpretation of the empirical results, it is important to account for endogeneity

and heterogeneity in the matching function. We deal with these issues in the following. All

robustness checks were conducted using the sample of "normal times" (2015:12 to 2020:3),
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i.e. excluding the corona crisis months.

Endogeneity could stem from various reasons. First, 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 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 IJSt as accumulated activated visits divided

by the average of Ut−1 and Ut, and analogously for IFt and IEAt . In this case, the estimated

elasticities do not change substantially, though. They slightly increase to 0.1954 (γJS), 0.1235

(γF ), and 0.1182 (γEA).

Second, a further source of endogeneity in the matching function stems from the fact

that shocks to the matching efficiency alter matching probabilities (Borowczyk-Martins et al.

(2013)). This affects vacancy creation and therefore can lead to correlation of residuals and

regressors in the matching function. Particularly, under the standard free-entry assumption,

vacancies are posted until expected profits equal the vacancy cost C:

C =
H

V
Π (8)

where Π is the net present value of a filled job. I.e., the cost of posting a vacancy equals the

value of a filled job times the probability of filling the vacancy. Evidently, vacancy creation

depends on H, so that V would be endogenous to the shock to the matching function. In

equations (6) and (7), even if unemployment and vacancies are lagged, this could happen if

εt is serially correlated. Then, the regressor Vt−1 would correlate (via εt−1 and Ht−1) with the

error term εt. Therefore, following Borowczyk-Martins et al. (2013), we consider an ARMA-

specification for the residuals in equations (6) and (7). It turns out that one autoregressive
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term is sufficient to capture the residual autocorrelation, inspecting standard specification

criteria and autocorrelation tests.

Table 4 shows the results for both the standard and the enhanced matching function

including autoregressive errors, estimated by GLS. The standard matching function is hardly

changed, which is due to the low autocorrelation in the residuals reflected in the small and

insignificant AR(1)-term. In the enhanced matching function, the AR(1)-term becomes more

relevant. However, the coefficients of the search intensities turn out to be robust. Indeed,

the effects are even a bit stronger than in the baseline results.

Table 4: Accounting for serially correlated residuals

Parameter coef. std. dev. p-value coef. std. dev. p-value
Standard matching function Enhanced matching function

µ, µ∗ -5.2687 0.0744 0.0000 -5.0173 0.1533 0.0000
α 0.2643 0.0563 0.0000 0.3547 0.0975 0.0010
γEA 0.1260 0.0579 0.0369
γF 0.1570 0.0733 0.0399
γJS 0.2459 0.0903 0.0104

AR(1) -0.1782 0.1220 0.1530 0.3518 0.1683 0.0446

Notes: Sample: 2015:12 to 2020:3.

Third, besides vacancy creation, also search intensities are endogenously determined.

This can be seen when following the same logic underlying the free-entry condition (8):

Agents would invest in more intensive search until the cost of doing so equal the expected

marginal gain. For this decision, the same factors are likely to play a role: search cost,

matching probability and the value of a successful search. For example, Davis et al. (2013)

find procyclical recruitment intensity of firms. Employers increase their hiring efforts in

stronger labour markets in order to fill their positions. In contrast, search intensity of the

unemployed is often found to be countercyclical (DeLoach and Kurt (2013), Mukoyama et al.

(2014)). While lower chance to receive a job offer in times of labour market slackness should

discourage search, the fact that search must be intensified in downturns to compensate for
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lower job arrival rates works in the opposite direction (Mortensen (1987)). In sum, the search

intensities, too, may be endogenous to εt.

In order to account for such potential endogeneity, we employ an instrumental variables

approach. Evidently, Π would be a relevant instrument. While it is unobserved, we use the

first lag of the ifo business climate indicator as a proxy (compare Gehrke and Weber (2018)).

Additionally, own lags of the search intensities serve as further instruments. Then, equation

(7) is re-estimated by two-stage least squares. We find the first estimation to be robust

against modelling potential endogeneity: The coefficients result as 0.2505 (γJS), 0.1413 (γF ),

and 0.1306 (γEA).

Finally, biases could also be caused by unconsidered heterogeneity. Beyond the number

of unemployed and vacancies, and also beyond search and placement intensities, also com-

positional effects could play a role in the matching function (see e.g. Barnichon and Figura

(2015) and Ravenna and Walsh (2012)). Therefore, we allowed for a more general setting

including control variables. A typical set of variables capturing relevant characteristics of

job seekers is given by the shares of long term (>1 year unemployment duration), older (>55

years of age), younger (<25 years of age), female and foreign unemployed among total unem-

ployment. 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 unemployed has a clear negative

effect on matches with an elasticity of -0.6838 (see also Barnichon and 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 (γJS), 0.0987

(γF ), and 0.1412 (γEA).
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6 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 activ-

ity. This models the role of public institutions for labour market matching. We use these

data to estimate an enhanced matching function where the efficiency parameter varies with

the placement intensity of the employment agencies and the job seekers’ and firms’ search

intensities are included as additional factors which augment unemployment and vacancies,

respectively. The results show that all intensity measures significantly explain the variation

in job findings.

A key insight for macro-labour models is that the standard matching function neglects

substantial variation of hirings and hence employment that can be explained by search in-

tensity. 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, the novel data reveal that all three search intensities dropped

substantially. Our results demonstrate that this had adverse impacts beyond the decline in

vacancies. Together, the three search intensities are responsible for 150,000 persons or a third

of the total labour-market related increase of unemployment during the COVID-19 crisis.

Hence, the most critical labor market effects of the crisis occurred not via the separation but

via the hiring margin (Merkl and Weber (2020)). Strengthening the activities of all three

agents in the market matters in this respect.
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