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Abstract

This paper provides a framework for thinking about how the job search of workers affects

the market power of employers. We present a way of thinking about this which encapsulates

popular existing models in which employer market power is based on either frictions in

labor markets or imperfect substitutability among jobs. We show how this model can be

used to compute measures of the extent of employer market power and relates them to

popularly used measures of concentration ratios. We use data on the search behaviour of

Swiss unemployed to investigate the number of employers being considered by job-seekers

using ’clicks’ on vacancies to define consideration sets.

1 Introduction

Actual or threatened worker mobility plays an important role in limiting the ability of employers

to exploit their workers. But there is little focus in the job search literature on how it affects

the competitiveness of labor markets though there is a very large literature on how the job

search of the unemployed affects the duration of unemployment and the quality of the post-

unemployment job. The approach taken in the paper is to analyze how the job search decisions

of individual workers affects their consideration sets and how this affects the elasticity of the

labor supply curve facing firms, a natural measure of employer market power.

Existing models tend to make assumptions about the consideration sets of workers. In the

search model of Burdett and Mortensen (1998) (what Manning, 2020, calls modern monopsony)

jobs arrive only occasionally and one at a time so that a worker has at most two employment

possibilities at any time (their current job and the new possibility). Jobs are assumed to be

perfect substitutes in the eyes of workers. In contrast, the model based on idiosyncracies e.g.

Card et al. (2017)(what Manning, 2020, calls new classical monopsony) typically assume that

workers always have a choice of the full set of employers but that jobs are imperfect substitutes.

However, there is a growing recognition of the importance of consideration sets in a number

of areas of economics (e.g. see Goeree, 2008; Honka et al., 2019; Abaluck and Adams-Prassl,

2021; Dinerstein et al., 2018) The second section sets out a model of how the market power of

firms is related to the size of the choice (consideration) set of workers. The third section applies

this model of employer market power to a model of job search which encompasses the two

existing approaches described above. Our model assumes job opportunities arrive occasionally
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but the consideration set may contain more than one option though not include all jobs in the

market.

We start with a model where workers have idiosyncratic preferences over jobs, very simi-

lar to Card et al. (2017). The difference from these new classical monopsony models is that

the worker’s choice is not among the universe of available jobs but within their consideration

set, a subset of the available jobs. While the implications for wage elasticity in the labor

market remain fundamentally the same whether considering the universe of available jobs or

a job seeker’s consideration set, a smaller consideration set increases the market share of each

firm. Nonetheless, this distinction does not significantly alter the overall implications for wage

elasticity.

We then add a layer of job search to the model: As in the modern monopsony models,

workers get offers only occasionally and then have to choose whether to accept or not. In

contrast to the workhorse model by Burdett and Mortensen (1998), we allow for jobseekers to

receive not just one offer but a set of offers; this is again the consideration set. The worker now

chooses among the jobs in the consideration set and decides which offer to accept or whether to

stay in the current job (or unemployed, if the current status is unemployment). We show how

market power depends on the intensity of job search, both on the extensive margin (the arrival

rate of job opportunities) and the intensive margin (how many jobs they consider when they

do search i.e. the size of their consideration set). An important feature is that the total arrival

rate of job offers (i.e., all the consideration sets having arrived since the start of the job search)

is not sufficient to measure employers’ market power. For a given total number of offers, the

market is more competitive if more of the offers arrive at once, i.e., if the consideration sets are

larger.

We apply the findings of the model using job search data to obtain a novel measure of

employer market power. We do so by taking a simple version of our model and showing that one

can derive a statistic from the model that is very close to a Herfindahl Hirschman Index (HHI)

and measures employer competition at the vacancy level. We start from the simplest version of

this index where competition depends only on the sizes of consideration sets. We employ data

on the job search behavior of UI recipients in Switzerland where we use ‘clicks’ from their use of

the Swiss public employment service’s ‘job room’ to define the extent of workers’ consideration

sets. Under strong assumptions, the size of the consideration set equals the number of vacancies

a jobseeker views in a search session. We gradually build a more complex index, introducing

consideration over multiple search sessions and heterogeneity in preferences over jobs in the

consideration set. We show how different assumptions about the job search process affect our

statistics of market power.

We further relate our index to commonly used measures of concentration ratios (e.g. Azar

et al., 2020). These measures define a labor market as the combination of a location and an

occupation. If a jobseeker also considers jobs outside of the occupation or location, this definition

can underestimate the options a jobseeker has. Conversely, if jobseekers don’t consider all jobs

within the occupation-location cell, the measure can also overstate the number of options a

jobseeker has. The measures are positively correlated with our index, however there are some

notable differences. For instance, the agriculture, forestry, and fishing sector appears much less
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competitive when assessed using the HHI compared to our measure. This sector has fewer job

openings; however, those seeking jobs often also explore opportunities in other fields.

Finally, we discuss the policy implications of our investigation of the relationship between job

search and employer market power. One result of our model is that the competitiveness depends

on the consideration sets of the average jobseeker interested in a firm. Thus an individual

jobseeker does not have the incentive to search more to make the market more competitive since

her contribution will only marginally affect the competitiveness1. This finding has implications

for policies such as job search advice by the public employment services. If they can make

jobseekers consider more options, this will have a positive impact on market competitiveness.

However, this only holds true as long as those options are attractive enough to jobseekers.

We provide some suggestive evidence that there is some scope to increase job search without

lowering the quality of jobs considered.

We contribute to the strand of literature modeling monopsonistic labor markets (for an

overview see Manning, 2020). A second contribution is adding to the strand of papers empirically

measuring market power and outside options (Azar et al., 2020; Jäger et al., 2024; Caldwell

and Danieli, 2024). Thirdly, we add to the discussion about a worker’s relevant market when

measuring the effects of employer concentration on wages (e.g. Azar et al., 2022b,a; Rinz, 2022;

Schubert et al., 2024). Finally, we speak to the strand of literature designing interventions to

broaden the unemployed’s search scope with the aim to help them find employment (Altmann

et al., 2018; Belot et al., 2019, 2022; Dhia et al., 2022; Altmann et al., 2022). We discuss how

extending the search scope of jobseekers relates to labor market competition.

The plan of the paper is as follows. The next section outlines a model of employer choice

by workers in a relatively abstract setting. The third section then considers an application of

this framework to the modeling of job search. The fourth section shows how to apply this to

the flow of recruits from unemployment, our empirical application. The fifth section describes

our data. The sixth section uses this data to estimate measures of employer market power,

investigating sensitivity to different assumptions and comparing to traditional concentration

indices. Finally, we consider implications for whether job search is too little or too narrow to

sustain competition in the labor market.

2 Worker Choice and Employer Market Power

2.1 Utility

Assume that the utility of individual i from working for firm f is given by:

vif = βlogWf + ηif = βwf + ηif (1)

where Wf is the wage assumed to be posted by employer f (common to all workers)2 and

ηif is an idiosyncratic component. Assume the wage and idiosyncratic component are perma-

nent characteristics so that jobs that offer higher utility now will always do. As is usual in

1This result is a consequence of the assumption that a firm has to set one wage for a position, i.e. cannot
wage discriminate at the individual level.

2The ‘wage’ could also be interpreted more generally to be any form of permanent vertical differentiation
across firms as in Lamadon et al., 2022

3



discrete choice models, one can think of β as a measure of the extent of heterogeneity in the

idiosyncratic component across firms; a higher β can be interpreted as lower heterogeneity in

η. Assume η is independently identically distributed3 across firms on some (possibly infinite)

interval [ηmin, ηmax], with a continuous log-concave density function g (η) which implies the

distribution function G (η) is also log-concave (Bagnoli and Bergstrom, 2005). Log-concavity

is often used to derive results in search models (e.g.Burdett, 1981; Manning, 2003). The most

popular functional forms used for the distribution of the idiosyncratic component, e.g. extreme

value, satisfy the log-concavity condition. If a worker has a choice of a set of firms F of firms

(which we will refer to as the consideration set) the distribution function of the maximum utility,

v, can be written as:

H (v;F) = ΠjϵFG (v − βwj) (2)

Given the assumed log-concavity of G (η), H (v;F) will also be log-concave. Also assume there

is always the option of being unemployed that offers utility:

viu = βlogB + ηiu = βb+ ηiu (3)

where b is the log value of unemployment (in wage-equivalents). Assume ηu has a log-concave

distribution function Gu (ηu) independent of the idiosyncratic components in job utility. If the

maximum utility from the available set of firms is v, the probability of being in employment is

Gu (v − βb) .

2.2 The Supply of Labor to an Individual Firm

Consider workers who have a draw of idiosyncratic utility η from firm f so they have utility βwf+

η. These workers will acept this firm’s offer if they have no better offer and and the offer is better

than unemployment which happens with probability H (βwf + η;F\ {f})Gu (β (wf − b) + η)

where the notation F\ {f} denotes the set F excluding this firm f . As η has density g (η) the

probability of a worker choosing firm f from the set F can be written as:

n (wf ;F) =

∫ ηmax

ηmin

g (η)H (βwf + η;F\ {f})Gu (β (wf − b) + η) dη (4)

As long as β is finite (however large) labor supply will be a continuous function of the wage.

The case where jobs are perfect substitutes is, however, different. In this case the labor supply

will be the discontinuous max function. A number of properties of n (wf ;F) are useful for later.

Proposition 1. n (wf ;F) is:

1. n (wf ;F) is increasing in the offered wage wf

2. The elasticity of n (wf ;F) with respect to the wage wf is decreasing in wf

3. Adding an extra firm to the set F which is chosen with a probability that depends on wf

reduces the elasticity of n (wf ;F) with respect to the wage wf

3Though all results go through if the distributions are not identical, it just adds a lot of notation.
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Proof. See Appendix 8.1.

Proposition 1.1 simply says that as the wage rises, workers are more likely to choose it over

other firms and unemployment. Proposition 1.2 tells us that the market power of employers as

measured by the wage elasticity of employment increases as the wage increases. This will have

important implications later. Finally, Proposition 1.3 formalizes the notion that that the labor

market for an individual firm is more competitive if workers have a choice of more employers

(though only those where the probability of choosing the extra job depends on the wage offered

by this one); this is very intuitive. One situation in which an extra firm does not change the

competitiveness of the market is if the extra job is never chosen by the worker; adding irrelevant

jobs makes no difference to the labor supply elasticity as would be expected.

2.3 Employer Market Power as the Choice Set Becomes Large

We think of a competitive labor market as one in which a worker has lots of options. But

does employer market power go to zero as the number of choices goes to infinity? To address

this question in the context of a symmetric equilibrium we consider the case where a worker

has C options all of which pay the same wage in equilibrium (though the chosen wage has to

be optimal from an individual firm perspective). To keep things simple we also assume that

workers always prefer employment to unemployment so that Gu () = 1.

Proposition 2. In a symmetric equilibrium where employment is always prefered to unemploy-

ment:

1. the elasticity of labor supply to an individual firm can be written as:

ϵ = β

[
Cg (ηmax)−

g′ (ηmax)

g (ηmax)
+

∫ ηmax

ηmin

[
g′ (η)

g (η)

]′
G (η)C dη

]
(5)

2. The elasticity is an increasing, concave function of C if g (η) is log-concave.

3. A necessary and sufficient condition for the elasticity to become infinite as C → ∞ is that

g (ηmax) > 0

Proof. See Appendix 8.2.

The necessary and sufficient condition for the elasticity to be finite even as the choice set

becomes very large is that the density of the best possible value of the idiosyncratic component

of utility is zero (Berry and Pakes, 2007, make a similar point). Intuitively, with a non-zero

probability of the best draw of the idiosyncratic component the distribution of the gap between

the first- and second-best values of the idiosyncratic component collapses to zero as C →
∞ in which case the worker’s choice simply comes down to the wage. A model with the

property that g (ηmax) > 0 is Bhaskar and To (1999) who assume that workers and firms are

uniformly distributed on the edge of a circle. In this case the maximum value of the idiosyncratic

component corresponds to a ‘distance’ of zero. But the idiosyncratic component can be bounded

above and the limit of the elasticity still be finite. An example is if firms and workers lived
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on a uniform featureless plain so that the number of firms increases with the distance instead

of being uniform; the set of firms rises with the distance from the worker’s location. And

if, as seems plausible, the idiosyncratic component is really the sum of lots of small individual

components then one would expect that the probability of them all taking their maximum value

is vanishingly small. The popular MNL model has the feature that η is unbounded above with

a density which then has to go to zero. In this case the second term in (5) is 1 and the final

term is − 1
C

4 leading to the familiar expression for the elasticity β
[
1− 1

C

]
. C can be thought of

as infinite in the case where each firm is assumed infinitesimal in relation to the market (Card

et al., 2017; Lamadon et al., 2022) but finite when the number of firms is assumed finite (Berger

et al., 2022; Jarosch et al., 2019). The term 1/C is the first place where one can see a connection

to traditional concetration indices as this is the value of the HHI index when firms are of equal

size.

3 Job Search

The previous section was about labor supply of workers conditional on a choice set, and job

search is essentially a model for the determination of the consideration set and how it changes.

This section applies the set-up of the previous section to model job search in a way that allows a

wider range of possibilities than most of the literature. In the new classical monopsony tradition

(e.g. Card et al., 2017), the most common assumption is that all firms are in the choice set, F
but that the jobs are imperfect substitutes; these models are typically static but if all jobs are

always available any time dimension is irrelevant because workers can optimise period by period.

In contrast, search models (e.g. Burdett and Mortensen, 1998) assume the consideration set is

very restricted, that there is one alternative firm in addition to the current firm (if the worker

is currently employed). Often these models assume jobs are perfect substitutes (β = ∞ in our

notation). Our set-up aims to encompass both traditions.

Assume that both employed and unemployed workers receive opportunities to get or change

jobs at a rate λ; this means that the reservation utility level will be the utility from unemploy-

ment as accepting or refusing a job has no consequences for future job opportunities5. With one

eye on the empirical application we refer to an opportunity to change jobs as a ’session’. Assume

δ is the exogenous job destruction rate. With the assumption that the idiosycratic component

is fixed, no worker would ever want to quit to unemployment even if the unemployed sometimes

refuse jobs.

Also assume that when the worker has the opportunity to get or change jobs they have a

choice of a set of firms C other firms chosen at random (this is the size of their consideration

set). In terms of (4) this means that the set F has cardinality C if the worker is currently

unemployed and C + 1 if currently employed (i.e. the worker can choose to remain at the

existing firm6. The usual search model has C = 1.

4because
[
g′(η)
g(η)

]′

= − g
G
in this case

5This is just to keep things simple to clarify the key ideas; one can generalize to the case where job offer
arrival rates are different for the employment and unemployed

6One could treat the number of jobs in the consideration set as stochastic; this adds notation for little insight
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3.1 The Labor Supply to a Firm

To derive the extent of employer market power we need the wage elasticity of the labor supply

curve to a firm that pays a certain wage. This can be derived from (4) if we take account of

the endogeneity of the set F . A useful trick given our assumptions is the following. Whenever

workers become unemployed, all previous job opportunities become void; the worker is forced

to start the process of finding a good job again. Index by x the number of sessions the worker

has had to take or change jobs since last becoming unemployed. Denote by ϕ (x) the fraction

of workers at every point in time who have had x opportunities. Appendix 8.4 shows that this

is given by:

ϕ (x) =

(
λ

δ + λ

)x

ϕ (0) =

(
λ

δ + λ

)x δ

δ + λ
(6)

To keep things simple assume that the overall set of firms is so large that a firm is never sampled

twice. Then a worker who has had x sessions will have sampled Cx jobs; denote this set by

F (x). From these jobs, the worker will take the best option (which might be unemployment)

and the choice will be given by (4). The order that these jobs will have been received in does

not matter; the worker will currently have the best option.

An individual firm will hire a worker who has had x (> 0) sessions if they are one of the

firms being considered (this happens with probability equal to Cx/F ) and if they are the best

option. Using (4) this means that labor supply to a firm that pays wf will be given by:

Nf (wf , ..) = C
L

F

∞∑
x=1

ϕ (x)xE [n (wf ;F (x))] (7)

where the expectation is over the set of other job offers that the worker has received in x sessions.

We assume that the distribution of other job offers is independent of what this firm pays so

is treated as exogenous from the perspective of the individual firm. Nf (wf , ..) is log-concave

in the offered wages as it is a linear function of the log-concave functions n (wf ;F) (proved in

Proposition 1); this has the implication that the firm as a wage elasticity of labor supply curve

that is, ceteris paribus, decreasing in the own wage.

The firm will choose the wage to maximize profits π (wf ) = (P −Wf )Nf (wf , ..). As labor

supply is log-concave, the profit function will be strictly log-concave which implies a unique

choice of the wage however the distribution of wage offers is drawn. As usual, the first-order

condition is:

Wf

P −Wf
=

∂logNf (wf , ..)

∂wf
(8)

The left-hand side of (8) is increasing in the wage and the right-hand side decreasing, another

way of showing the optimal wage must be unique. One implication of the uniqueness of the

optimal wage is that if firms are homogeneous and the way that wage offers are drawn the same

for all of them, then the equilibrium must be a single wage. This shows that the equilibrium

wage dispersion result of Burdett and Mortensen (1998) is a knife-edge result deriving from the

assumption that all jobs are perfect substitutes. If jobs are perfect substitutes the choice model

(4) becomes a max function and labor supply discontinuous in the offered wage at any wage
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where there is a mass point of other wages. Intutively, if there is a mass point of wages at one

point, a firm can always increase proftis by offering an infinitesimally higher wage as profit per

worker hardly changes but the number of workers rises discontinuosuly. But as soon as β is

finite, however high, this argument for equilibrium wage dispersion breaks down though others

(based on employer heterogeneity) remain.

3.2 The determinants of employer market power

(8) says that wages will be lower the lower is the wage elasticity of labor supply to the employer.

From (7) this can be written as:

∂logNf (wf , ..)

∂wf
=

∑∞
x=1 ϕ (x)xE

[
n (wf ;F (x))

∂logn(wf ;F(x))
∂wf

]
∑∞

x=1 ϕ (x)xE [n (wf ;F (x))]
(9)

The following Proposition provides some results on how market power is affected by param-

eters of the model

Proposition 3. Employer market power is decreasing in:

1. λ/δ the arrival rate of job opportunities relative to the job destruction rate

2. C the number of alternatives considered at each opportunity;

Proof. See Appendix 8.3.

These results can be related to existing measures of the competitiveness of labor markets.

For example, λ/δ is used as a measure of monopsony power in Burdett and Mortensen (1998).

And the number of firms in the consideration set, C, affects market share in the popular MNL

model (e.g. see Card et al. (2017). It is also related to the concentration measure which, in the

case of identical employers is given by 1/C. One other parameter that might be expected to

reduce market power is β which measures the extent to which employers are close substitutes

for each other and importance of idiosyncracy; this is the classic measure of monopsony power

in the new classical literature. But there can be individual firms where an increase in β raises

market power; e.g. in the MNL model if this firm is a low-wage firm, then an increase in β

lowers market share which tends to off-set the direct effect. However, averaged across all firms,

one would expect that an increase in β reduces employer market power.

One feature of (9) is that the total arrival rate of job offers λC is not sufficient to measure

the market power of employers. To see this, consider a special case in which we have an MNL

structure and employment is always preferred to unemployment. In this case, in a symmetric

equilibrium (9) will become:

∂logNf (wf , ..)

∂wf
= β

[
1− δ

λC

∞∑
x=1

(
λ

δ + λ

)x 1

x

]
(10)

For a given level of λC (10) shows that the market power of employers will be increasing

in λ. An implication is that labor markets will be more competitive if workers are considering

many offers simultaneously rather fewer offers arriving more frequently. The intutition for this
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can understood by thinknig about a static model in which workers have a one-shot choice over

a set of employers. If all workers have a choice of 5 employers the extent of competition will be

given by the level associated with this choice set. Now imagine replacing this with a situation

in which half the workers have no offers and half have 10 so the expected number of offers is

the same. The workers with no offers are in a bad situation but they contribute nothing to the

level of competition. That will be determined by those who do have offers and because all of

these now have 10 offers the market will be more competitive.

4 The Elasticity of the Flow of Recruits from Unemployment

The discussion so far has been about the wage elasticity of the labor supply to the firm as a

whole. But our empirical application is about the flow of recruits from unemployment and the

elasticity formulae for market power will be different for this (or any other) group because their

labor supply elasticity may differ. The next section presents an application of a ‘bottom up’

approach to measuring employer market power which builds firm-level labor supply elasticities

from the individual level. We then use this approach to estimate the wage elasticity of an

individual unemployed worker to firms in their consideration set and then aggregate these

individual-level elasticities to estimate elasticities to the vacancy level.

4.1 A Bottom-Up Approach to Measuring Labor Supply Elasticities

We normally think of the labor supply elasticity at firm-level because this will determine the

mark-down of wages from marginal products. This section shows how one can construct a

‘bottom-up’ version from labor supply elasticities at individual level. This offers the advantage

that individual-level rather than firm-level elasticities may sometimes (as in this paper) be easier

to estimate. Suppose that the probability of individual i from working for firm f is given by

θif (Wf , .) i.e. depends on the offered wage, Wf ,but also on other stuff that we do not need to

specify. From this function we can derive the elasticity of labor supply of individual i to firm f

as:

εif (Wf , .) =
∂logθif (Wf , .)

∂logWf
(11)

If each firm could individualize the wage (i.e. act as a discriminating monopsonist separately

for every worker) εif (Wf , .) would be relevant for the mark-down that worker i would have;

this would be relevant if the firm individualized wages. Where wages cannot be individualized a

weighted average of the individual-level elasticities will be relevant. For example, in the simplest

case where the firm cannot wage discriminate (i.e. pays the same wage to all its workers) the

supply of labor to firm f is
∑

j θjf (Wf , .) so that the elasticity of labor supply to firm f can

be written as:

εf (Wf , .) =

∑
j θjf (Wf , .) εjf (Wf , .)∑

j θjf (Wf , .)
(12)
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i.e. a weighted average of the individual elasticities with the weights given by the probability of

the worker working for the firm7. (12) shows how measures of market power at the individual

level can be used to inform market power at the firm level. We can also derive the average

elasticity experienced by individual i; this will be given by:

∑
f

θif (Wf , .) εf (Wf , .) =
∑
i,j

θif (Wf , .) θjf (Wf , .) εjf (Wf , .) (13)

Note that the competitiveness of the labor market facing an individual depends on the elasticity

of labor supply not primarily of themselves but the elasticity of those workers with whom they

tend to work. A worker with very inelastic labor supply will be in a competitive labor market if

they tend to work with very mobile workers while a very mobile worker will find they are highly

exploited if they tend to work with very immobile workers. One implication of (13) is that

workers may have a weak incentive to maintain the competitiveness of labor markets through

their job search as the benefits of increased labor market competition largely flow to others;

the final section discusses the possible implications of this. In this paper we use the bottom-up

approach applied to the unemployed. The next section considers the elasticity of their labor

supply.

4.2 The wage elasticity of the labor supply of the unemployed

Consider an individual unemployed worker, i; they will have a particular, fixed value of unem-

ployment given by βb+ ηui. The probability of this worker choosing firm f from the set F can,

by analogy to (4), be written as:

θi (wf ;F) =

∫ ηmax

β(wf−b)+ηui

g (η)H (βwf + η;F\ {f}) dη (14)

For a given assumption about the distribution of the idiosyncratic shocks this formula can then

be used to derive the labor supply elasticity. We will use a common, simple functional form,

namely that the choice between the different options and unemployment has a MNL form in

which case (14) can be written as:

θi (wf ;F) =
eβwf

eβb+ηui +
∑

jϵFi
eβwj

=

∑
jϵFi

eβwj

eβb+ηui +
∑

jϵFi
eβwj

eβwf∑
jϵFi

eβwj
= ρi (wf ;F) si (wf ;F)

(15)

The last two terms write the probability of choosing an individual firm as the probability

of choosing any firm (i.e. leaving unemployment) times the probability of choosing this firm

conditional on leaving unemployment. Differentiating (15), the wage elasticity can then be

written as:

ϵif =
∂logθi (wf ;F)

∂wf
=

∂logρi (wf ;F)

∂wf
+

∂logsi (wf ;F)

∂wf
= β [(1− ρi) si + 1− si (wf ;F)] (16)

In what follows, we, for the moment, assume that workers always choose employment over

712 seems undefined if θif (Wf , .) = 0 but this does not matter as a worker that has no probability of
working at a firm is irrelevant to its market of power. An alternative way of writing the firm-level elasticity is

εf (Wf , .) =

∑
j

∂θjf (Wf ,.)
∂logWf∑

j θjf (Wf ,.)
which makes this clear.
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unemployment. Relaxing this is to come. The the elasticity at the firm level will be given by:

εf = β

∑
i θi (wf ;F) [1− θi (wf ;F)]∑

i θi (wf ;F)
= β

[
1−

∑
i θi (wf ;F)2∑
i θi (wf ;F)

]
(17)

where the summation is over individuals who have firm f in their consideration set. In

what follows we provide estimates of the second term in square brackets which is relevant to

employer market power. We do not estimate β though that is important for a full assessment

of employer market power (and may be the more important factor). The second term has

affinities to HHI indices because it involves sums of squared shares. For this reason we refer

to them as concentration indices. But the way in which the employment shares enter our

concentration indices is a bit different. A standard HHI measure uses the shares of the firm in

employment or vacancies. In contrast, ours starts from the individual level and then averages

over the individuals who have this firm in their choice set. We now turn to our empirical

implementation.

5 Data

Our main data source is the activities of unemployed job-searchers using the ‘job room’ of

the Swiss public employment service (https://job-room.ch/home/jobseeker), available in

German, French, Italian, and, conveniently for many of us, English. The vacancies in the job

room are both directly posted there and scraped from other locations; the claim is that it has

the universe of job vacancies in Switzerland though, in practice it is unlikely to have 100%

coverage. Even if all vacancies are in the job room, they will often also be posted elsewhere;

later we discuss how we deal with the fact that we only observe a fraction of the job search

activity of our sample.

When looking for vacancies in the job room the front screen looks like Figure 1, asking for

occupation/category, competencies/skills and canton/work location. After filling some or all of

these categories the jobseeker is presented with a range of available vacancies. For example,

after a search of occupation “Office managers” in “Zurich”, the jobseeker sees a set of vacancies

like those shown in Figure 2 . To find out more about these vacancies (and possibly to apply

for them through the portal) the jobseeker needs to ‘click’ on them and it is these clicks that

are the basic data we use as a measure of jobs that are being considered by the jobseeker.

There are few existing studies using click data - though probably more coming. Faberman and

Kudlyak, 2019 investigate how search intensity using clicks varies with search duration, Adrjan

and Lydon, 2019 show that clicks correlate with other measures of labor market tightness and

Hensvik et al., 2021 investigate how search behavior changed during the pandemic. Klaeui et al.

(2024) look at click data to explore the occupational scope of recruiters and jobseekers and to

test whether they adapt the scope to changing labor market circumstances. Klaeui (2024) uses

clicks as a measure of job consideration and analyzes jobseekers’ individual consideration scope

and its interplay with the jobseekers’ ability to benefit from job openings by finding employment.

Our use of clicks data to define the consideration set deserves some discussion. One can

think of it as representing some degree of interest between simple awareness of a job vacancy
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Figure 1: Screenshot from https://job-room.ch/home/jobseeker. Screenshot taken 10-02-
2023.

Figure 2: Screenshot of the result list when searching for ”Office managers” in Zurich on the
job room (https://job-room.ch/home/jobseeker). Screenshot taken 10-02-2023.
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and an application (which have been studied elsewhere e.g. Banfi and Villena-Roldán, 2019

Azar et al., 2022a). All of these measures are of some interest but none are perfect. ’Awareness’

has the obvious problem that it is hard to measure but awareness of a job that a searcher has

no interest in or no chance of getting does nothing to make the labor market more competitive

(as Proposition 1.3 showed). A click suggests some minimal level of interest in the job. At

the other end, an application represents more serious interest but perhaps goes too far in the

other direction; one might think that labor markets are more competitive if there are more jobs

of interest to a searcher even if they only apply for a few of them ex post. For example, if

information on the vacancy is sufficient to determine the optimal job, and all applications led

to a job offer, one would only ever see one job application (to the desired job) but this would

be misleading about the extent of labor market competition.

While the job room can be used by anyone, our sample is of unemployed jobseekers who

are claiming UI. We have all the clicks from registered unemployed in the window 06-06-2020 -

30-06-2021. This is during the pandemic in which unemployment in Switzerland rose from 4%

to 5.6% and our findings may apply only to that period. A sample of the registered unemployed

has the advantage that we observe some characteristics about them, including their previous

jobs and the future job (if any). This is also a group of jobseekers who are encouraged to use

the job room although they are not required to. A condition of UI receipt is evidence of job

search and using the job room is an easy way to provide evidence of search so we would expect

many of the unemployed to use it. Nonetheless, there are other sources of information about

vacancies and we do not observe this; we are only observing a sub-set of job search. Later we

discuss how we deal with this issue.

318,114 unemployment spells start within the window in which we have the click data. A

small proportion of individuals have more than one spell overlapping the window, such that in

total the 318 114 spells correspond to 294 823 individuals. When we exclude jobseekers with

incomplete education, residence, or prior earnings information, the sample is 285,033 spells.

45% have created a login for the job room, and at least one click is made in 30% of spells.

We further exclude jobseekers who seem to be on temporary lay-offs, i.e. where the pre- and

post-unemployment job is the same (this being a feature, for example, of seasonal work in

construction (Liechti et al., 2020)). Our final sample is 81,006 unemployed job seekers with at

least one click on the platform; Table 1 presents some descriptive statistics and compares the

sample to the population of registered unemployed.

The main way in which our sample of unemployment spells differs from all spells is that it

is better-educated and, reflecting that, has a higher level of insured earnings.

We divide the way job seekers use the job room into sessions and the number of clicks per

session. We interpret a session as being an opportunity to consider a set of jobs (x in the

stylized model above) and the number of clicks per session to be the size of the consideration

set (C in the model above). We define a session to be a day in which there is at least one click.

Assuming sessions never last more than a day and there is never more than one session per day

seems reasonable due to the following. Figure 3 shows the distribution of the total number of

clicks by time of day; unsurprisingly, there are very few in the middle of the night. For this

reason, we assume ‘days’ start at 2:30am.
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Sample (N = 81 006) All spells (N = 285 033) Difference

Mean Min Max Mean Min Max Difference p-Value

Female 0.51 0.00 1.00 0.46 0.00 1.00 0.06 0
Age (at registration) 38.77 18.00 68.12 38.06 18.00 71.04 0.71 0
Primary education 0.20 0.00 1.00 0.30 0.00 1.00 -0.09 0
Secondary or vocational educ. 0.56 0.00 1.00 0.53 0.00 1.00 0.03 0
University education 0.24 0.00 1.00 0.17 0.00 1.00 0.07 0

Non-permanent resident 0.19 0.00 1.00 0.22 0.00 1.00 -0.03 0
> 3 years tenure in last job 0.66 0.00 1.00 0.63 0.00 1.00 0.03 0
Insured earnings (CHF) 4554.40 0.00 12350.00 3982.06 0.00 12350.00 572.34 0
Spell duration (months) 6.81 0.03 23.50 5.26 0.03 23.50 1.55 0

Table 1: Descriptive statistics on the characteristics of the jobseekers in our sample. The sample
is compared to the characteristics of the population of registered jobseekers whose spells start
within the period in which clicks on Job Room are recorded (06-06-2020 - 30-06-2021)
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Figure 3: Number of clicks by time of the day. Averages over jobseekers.

To justify assuming at most one session per day, define sessions on the same day as different

when the interval between clicks exceeds z hours. For example, if a jobseeker has one session in

the morning and another in the evening, this would show up as an interval of 6+ hours between

clicks. As we vary the time interval Figure 4 shows that the average number of sessions is not

much above 1 until we come to implausibly short intervals such as 15 minutes.

We disregard all clicks made before registration and after deregistration at the employment

agency (those clicks account for approximately 0.4% of total clicks). If an ad is clicked twice

during the same day, we consider this as one click8. Clicks on the same ad in two distinct sessions

are counted separately. Using this definition of a session Figure 5 shows the distribution of the

number of sessions per month.

The mean is 1.94 i.e. the average job seeker is using the job room every two weeks. Figure

6 shows the distribution of the number of clicks per session. The mean is 4.9 but the long

right tail means the median is 3. This is quite a low level of search activity, suggesting that

observed worker consideration sets are quite small; this will have implications for our measures

of employer market power. However, it should be borne in mind that we only observe part of

8Most of those clicks are from the same minute, suggesting that they are attributable to technical issues rather
than specific search behaviour.
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Figure 4: Number of sessions per day with different definitions of a session. Averages over
jobseekers.
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Figure 6: Distribution of the number of clicks per session.

job search. For context Krueger and Mueller (2011) report that their sample of the unemployed

in New Jersey spent an average of 98 minutes a day on job search, DellaVigna et al. (2022)

report 81 minutes per day.

There is, of course, systematic variation in the extent of search activity across individuals

and, for the same individual, over the course of an unemployment spell. This is not our main

focus of interest, so we do not discuss it in the main text. But Appendix C shows that search

activity tends to fall over the course of a spell, consistent with other studies e.g. Faberman and

Kudlyak, 2019 and Hensvik et al., 2021.

6 Estimates of Employer Market Power

6.1 Methods

We start our analysis assuming that all vacancies receiving clicks are equally attractive in the

eyes of workers; think of them as all having the same ’wage’, w, so the systematic part of utility

is the same in all jobs. In this case labor supply (15) can be written as:

θi (wf ;F) =

(
1

γi + Ci

)
(18)

where γi = eβ(b−w)+ηui is a measure of the attractiveness of unemployment relative to work and

Ci is the size of the consideration set. Further, assume that γi = 0 which corresponds to the

case where all jobs are more attractive than unemployment. These are simplifying assumptions

but they require little information beyond the number of clicks and, as we shall see, facilitates

comparison with concentration indices which have been widely used in the literature (Azar et al.,

2020, 2022b). With this assumption the elasticity at the vacancy level (16) can be written as:

εf = β

1−
∑

i

(
1
Ci

)2

∑
i

(
1
Ci

)
 (19)
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where the summation is over consideration sets containing firm f . 19 shows that β is

important for market power but we do not seek to estimate that here; our interest is in the

magnitude of the second term in the square brackets. We refer to this as a concentration index

because it has similarities to HHI measures of concentration that have been widely used in the

literature. An alternative way of writing (19) is:

εf = β

1− E

(
1

Ci

)
−

V ar
(

1
Ci

)
E
(

1
Ci

)
 (20)

where the expectations and variances are over the jobseekers who click on this firm. This

equation shows that the average number of the reciprocal of the number of clicks matters but

also the variance. For a given mean, higher variance implies more market power. In a further

special case where all workers have the same size of consideration set, (19) reduces to:

εf = β

[
1− 1

C

]
(21)

Note the second term in square brackets in 21 is the value of the concentration index for

equally-sized firms.

Our different measures of employer market power are based on different assumptions about

how we measure the size of the consideration sets.

6.2 Baseline Estimates

Our first estimate treats each session as a separate consideration set. This is the approach one

would take on a literal reading of the model presented above and with many theoretical models

in which all jobs in the current consideration set are available to the workers if they want, they

are available immediately and if not taken now, they are no longer available. In each session the

unemployed worker has a set of vacancies to consider. If any are better than unemployment the

spell ends and the individual disappears from our data set. If none are better then unemploy-

ment then the individual remains in our data set but the jobs from this and previous sessions

are irrelevant for future consideration because they are worse than unemployment. Each con-

sideration set has a ‘now or never’ feature. Figure 7 computes the index using this assumption.

We only compute this for vacancies with clicks from at least 10 jobseekers as the estimate of the

variance will be too low for vacancies clicked on by few workers (see 20). The measured market

concentration is very high, the average index value is 4195 which is equivalent to a market of

2.4 recruiting firms with equal market shares.

If every session is separate, the fact that we do not observe sessions outside the job room

does not matter under the assumption that, on average, they are the same.

6.3 A Comparison with Concentration Indices

Our measures of the extent of employer market power can be compared to measures of labor

market concentration (of vacancies or employment) that have become popular in recent years
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Figure 7: Distribution of the HHI based on Equation 19 over vacancy postings with clicks
from more than 10 jobseekers. To compute the HHI, each session is regarded as a separate
consideration set.

following the work of Azar et al. (2020) and have been shown for a number of countries to be

correlated with wages (e.g. Rinz, 2022). These studies typically define a labor market and then

compute HHI for them. Azar et al. (2020) define a labor market as a 6-digit SOC occupation in a

commuting zone for a particular period. We can compare these measures with ours. Compared

with HHI our measures suggest i) less competition because not all jobs in a labor market are

being clicked on, but ii) more competition because we do not impose restrictions that job search

is restricted to a specific occupation or area, so markets are wider. Table 2 shows that many

jobseekers click on a variety of occupations 9 and in a variety of commuting zones.

Share of clicks (%) in the mode of Mean p25 Median p75

ISCO-08 4-digit 48.1 26.9 43.8 66.7
ISCO-08 3-digit 49.8 28.6 45.7 69.2
ISCO-08 2-digit 53.0 32.9 50.0 72.0
ISCO-08 1-digit 63.0 44.9 61.3 81.8
Commuting zone 76.4 59.8 81.5 95.7

Table 2: Search across market boundaries. For every jobseeker the share of clicks inside the
cell with most clicks is computed. The table shows the distribution of the share over jobseekers
with 10 or more clicks.

Figure 8 shows that concentration indices are much higher when computed using our mea-

sures than when computed using all vacancies in a labor market. However they have a positive

correlation of 0.26 (cells weighted by the number of vacancies).

Figure 9 shows how our measure and the HHI varies over broad occupation categories and

regional characteristics.

In general, the patterns of variation are similar but there are some differences. The intercept

for our measure is much higher reflecting the generally lower level of competition we find. Labor

markets in major cities are more competitive but the extent is smaller in our measure; there are

9though Hensvik et al., 2021 find for Sweden that job search was wider in the pandemic so it is possible our
findings are not normal.
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Figure 8: Distribution of the HHI based on Equation 19 over vacancy postings. To compute
the HHI, each session is regarded as a separate consideration set.

many more vacancies in these areas so the HHI is lower but the number of clicks rises less than

proportionally to the number of vacancies. And the labor market for workers in agriculture,

forestry and fishing is estimated to be much less competitive using the HHI as compared to our

measure; there are few vacancies in this sector but the jobseekers clicking on them are often

clicking on vacancies in other occupations.

Our concentration measure is at vacancy level so we also have within-market dispersion.

Figure 10 shows how concentration varies across vacancies within the traditional definition of

a market. On our measure, jobs with a permanent position, an immediate start and part-time

generally have higher levels of concentration.

Our estimates of competition in this section have been based on the assumption that sessions

can be treated separately. We next investigate the sensitivity of our conclusions to making a

number of different assumptions. We consider what happens if we use broader considerations

sets, if we adjust for the fact that we only observe part of search activity and if we adjust for

the fact that not all applications will be successful.

6.3.1 Broader Consideration Sets

If it takes time for applications to be resolved, the size of the consideration set in a single session

will be too small as consideration sets in the past may still be ‘in play’ and future consideration

set may be relevant to whether current jobs are taken. A too narrow definition of consideration
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Figure 9: OLS regression of the HHI based on Equation 19 on vacancy characteristics. Major
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Figure 10: OLS regression of the HHI based on Equation 19 on vacancy characteristics condi-
tional on the occupation (ISCO-08 4-digit) x commuting zone cell.
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sets will lead to an over-statement of labor market concentration.

We consider two broader measures of consideration sets. First, we go to the extreme and

use as the consideration set all vacancies clicked on by the jobseeker whenever this occurred.

Each jobseeker then has one, much larger, consideration set. This may go too far as jobs that

were clicked on in the past may no longer be available (the median duration of a vacancy is

60 days). We have data on the time of the click on the vacancy and the date the vacancy was

taken off the portal. So, as an alternative, for each vacancy a job seeker considers, we construct

a consideration set that features all jobs that the jobseeker has already clicked on and which are

still online and all jobs that the jobseeker will click on before the considered vacancy is taken

off the portal. This measure can be seen as assuming that vacancies are open as long as they

are on the platform and not longer available when they are removed from the platform.

6.3.2 Correcting the Estimate of λ

To construct the measure of competition based on treating sessions separately, it does not

matter that we do not observe job search on other platforms as long as the sessions we observe

are representative of all sessions. But, for the measures that group sessions it does matter. If

the consideration set is all vacancies ever clicked on, unobserved search activity will lead to

an under-statement of the size of the consideration set10. One can think of this problem as

being that there are more sessions than those we observe i.e. λ, the frequency of sessions being

under-estimated.

Suppose that the arrival rate of sessions on the platform is λ and the arrival rate of sessions

on other platforms λo (λ) which we allow to depend on λ as searchers may differ in the extent to

which they use the job room. The overall arrival rate of sessions is then [λ+ λo (λ)]. If we assume

that sessions in the job room are equally effective as sessions elsewhere (a reasonable baseline

assumption) the probability a job is obtained through the job room is given by ρ = λ
λ+λo(λ)

. If

we knew ρ we would want to use λ/ρ as the ‘true’ frequency of job sessions.

To obtain an estimate of ρ we use the fact that we observe the re-employment job and can

see whether this is at a firm where we have observed a click. On average the probability that

the firm of the re-emplyoment job is among the clicked vacancies on the job room is 4.6% but

there is a lot of variation across individuals. Figure 11 shows how the probability varies with

activity on the job room.

The baseline probability - for jobseekers in the bottom quintiles of the session rate and the

number of clicks per session - is 0.9%; these are probably jobseekers who use the job room very

little. Jobseekers with more activity in the job room are more likely to obtain a job they clicked

on in the job room. The predicted probabilities is around 24.5% for the jobseekers in the highest

quintiles of the session rate and the number of clicks per session. The strongest predictor is the

frequency of job room sessions rather than the average number of clicks per session. For every

individual in our sample, we predict this probability ρ̂ and scale up their clicks by 1
ρ̂ . Thus,

for a person with a predicted probability of 24.5% we would scale up their number of clicks by

1/0.245=4.1 and for a person with a predicted probability of 4.6% the scaling factor is 21.7.

10The problem that only a sub-set of search is observed is common to many other studies e.g. those of
applications
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Figure 11: Marginal effects (at means) from a logistic regression. The outcome is a binary
variable whether a jobseekers’ new firm (after the unemployment spell) is among the firms in
the clicked vacancy postings.

6.3.3 Correcting the Estimate of C

As is common in many models of monopsony, the framework developed above assumes that

workers can freely choose every employer in their consideration set. In reality, we know that

many job applications are rejected so the number of clicks represents an over-estimate of the

number of jobs the searcher actually has to choose from 11.

A simple correction to allow for this is to weight clicks by their probability of being successful,

which will be related to the total number of clicks on the vacancy. Define Cij = 1 if individual i

clicks on vacancy j and pij to be the probability of success. From the perspective of firm f the

jobseeker considering firm f have consideration sets consisting of f and a probability weighted

sum of all other firms considered so that the size is given by:

Ca
ik = Cik +

∑
j ̸=k

pijCij (22)

The intutition is the following. If jobseekers interested in this firm are also interested in

10 others but have a 10% chance of being offered those jobs, effectively there is only 1 other

job being considered. In this formulation clicks on the vacancy being considered are not down-

weighted by the probability of success because what is relevant for them is the number of

applicants who do not have a better offer it is up to them to decide who to accept.

The ‘HHI’ for vacancy f would then be given by:

HHIf =

∑
i

(
1

Ca
if

)2

∑
i

(
1

Ca
if

) (23)

where the sum is over all individuals who click on vacancy f . To implement this we estimate

11The directed search literature - see Wright et al., 2021 - explicitly takes account of this
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pij in the following way. The total number of clicks for vacancy j is Aj =
∑

iCij . If a vacancy

with Aj clicks in total (something we observe) leads to R (Aj) recruits then the probability of

an individual click being successful is R (Aj) /Aj . In the case where all vacancies lead to one

hire the probability of an individual applicant getting a job is pj = 1/Aj . This probability can

be computed using all observed clicks not just from our sample of the unemployed. One might

want to make a further adjustment for the fact that some clicks on a vacancy will be from other

platforms; we do not do that for the moment.

6.3.4 Adjust for usage of job-room.ch

In our measures, a jobseeker with very few clicks on the portal will heavily influence the vacancy-

level HHI. This is because of the double role of 1/C, as i) the weight a jobseeker receives in

the computation of the vacancy’s average, and ii) as an indicator for the ‘market share’ of the

vacancy in the jobseeker’s choice (see eq. 17). However, one could argue that jobseekers with

very few clicks are not ‘seriously’ searching for work on the job-room.

A further correction, therefore, weighs down jobseekers who have a low probability of finding

employment from their search on the job-room. The weight is an estimate of the probability

of finding employment from a click on the portal. In any given month, it is modeled as the

probability of finding employment the next month, given the click history on job-room.ch,

multiplied by the probability that the firm of the re-employment job is among the clicked

vacancies on the job room, ρ from Section 6.3.2. This correction might be simplistic as it

assumes that the usage of job-room is uncorrelated with the options available to the jobseeker.

If jobseekers click on fewer jobs because there are fewer options available, this will make the

correction underestimate the true extent of concentration.

The probability of finding a job within the next month, given the number of clicks, is

obtained from a monthly hazard model. The outcome is the hazard of finding employment the

next month, t + 1, modeled using a complementary log–log specification, 1 − h(xβ) = e−exβ .

The explaining variables are the lags of the number of clicks on job-room in t− 1, t− 2, ..

Figure 12 shows the result of the hazard model. We find that more clicks are associated

with a higher unemployment probability and that only clicks two to three months ago have an

effect. 10 clicks in month t lead to a 1.2% increase in the exit probability three months later.

6.4 Corrected Measures of Labor Market Concentration

As outlined in the previous subsections, our measure could be biased upwards or downwards.

Table 3 presents the adjusted measures using different assumptions. It shows the average over

all vacancies for a range of adjustments.

The level of concentration is affected by the assumptions made. As expected, broader

definition of the consideration set, and adjusting for unobserved job search has the effect of

reducing measured concentration, often by a large amount. But correcting for the probability

of success moves things in the opposite direction, partially offsetting the influence of the previous

corrections on the average.

To give some idea of the impact of different corrections, Figure 13 compares the unad-

justed version of our measure, based on equation 19 to two other measures based on broader
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Figure 12: Coefficients from a monthly complementary log-log hazard model. The outcome is
whether the jobseeker finds employment in the next month.

(1) (2) (3) (4)

Separate consideration sets by session 4195 4195 8700 8700
One consideration set by spell 1034 28 5074 569
All clicked and online vacancies in consideration set 1375 67 6156 859
Adjusted for other search channels (λ) X X
Adjusted for rejection (C) X X

Table 3: Mean vacancy-level HHI for different measures and corrections

consideration sets and adjusted for unobserved search and the job finding probability.

The baseline measure has a mean of 4195 suggesting that jobseekers are only considering

about 2.4 firms. When adjusting for a broader consideration set, when all clicks are included

the mean is 1034 (equivalent to about 10 firms) and when looking at the set of clicked and

online vacancies it is 1375 (equivalent to about 7 firms).

Figure 14 looks at the effect of down-weighting sessions of jobseekers not very actively

using the job-room. The graph shows that this adjustment reduces the bi-modality of the HHI

distribution. The mean concentration index after this adjustment is slightly lower than the

unadjusted measure, at 3751, equal to 2.7 firms competing for a worker.

A limitation of our approach is that the levels of the measurement differ vastly depending

on the assumptions made. While the levels of the measures differ, the patterns over vacancy

characteristics remain largely consistent, as shown by Appendix Figure 20. The graph plots

the coefficients of regressions of the index on vacancy characteristics as in Figure 9, but also

adding the measures using the set of clicked and still online vacancies and applying the two

adjustments.

A further concern is that the scaling using the actual jobs found is limited since a lot

of factors affect the job found, and there is just one job found per spell, naturally limiting

the number of observations. A future version of this study will leverage data on the universe

of applications made by some of the jobseekers in our sample to refine the assumptions and
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Figure 13: Distribution of the HHI with different corrections

corrections.12

6.5 Recurring vacancies and firms in the consideration set

12% of clicked vacancies are clicked by a jobseeker in more than one session. Our baseline

measure assumes that these vacancies are fully considered again in the subsequent sessions and

includes them as separate observations in the index computation. However, one might argue

that this overestimates the choice a jobseeker has. Figure 15 compares the baseline measure to

a version, where only the first click on a vacancy is counted towards the consideration sets, all

subsequent clicks are ignored. The figure also shows a version of the HHI where each firm is

only considered once and clicks on already-seen firms are not counted to the consideration set.

These adjustments yield slightly higher estimates of employer market power. The correlation

between the baseline and the adjusted measures is 0.84 and 0.62, respectively.

12This data will be made available to us in the near future.
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Figure 14: Distribution of the HHI with a downweighting for sessions by jobseekers not very
actively using the job portal.

6.6 Varying Click ‘Quality’

So far we have assumed that all clicks were equally effective in sustaining labor market compe-

tition; implicitly the formulae used were based on the assumption of a symmetric equilibrium in

which all firms were identical. In reality, not all firms are equally attractive to workers and this

section investigates whether taking account of that matters for the measures of market power.

Continue to maintain the assumption that unemployment is always unattractive but now

allow for job vacancies to differ in their attractiveness to workers. In this case (15) can be

written as:

θi (wf ;F) =
eβwf∑
jϵFi

eβwj
(24)

This can then be aggregated to the vacancy level using (19) to give

εf = β

∑
i θi (wf ;F) [1− θi (wf ;F)]∑

i θi (wf ;F)
= β

[
1−

∑
i θi (wf ;F)2∑
i θi (wf ;F)

]
(25)

This has similarities to earlier formula but now jobs that workers are more interested in

attract a greater weight i.e. they loom larger in the worker’s consideration set though they may

not necessarily be larger employers. To implement this we use the following method. We take
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Figure 15: Distribution of the HHI with different treatment of re-occurring vacancies and firms.

the sample of 5173 jobseekers who end up in employment at a firm we observe they have clicked

on. We then estimate a multinomial logit model for the successful click relative to the others.

The explanatory variables are the geographical distance to the job, the occupational distance to

the job (Klaeui et al., 2024) as well as whether the hours worked correspond to the jobseeker’s

stated preference in hours worked13. We allow for a flexible functional form for the continuous

variables.

The estimates imply that a better match in location, occupation and hours worked increases

the probability of taking up employment at a particular job. To give a flavour of the model

imagine a hypothetical consideration set of 5 firms where 4 jobs have the median match in

occupation, location and desired hours but one job is in the first distance quintile. The closer

job would have a match probability of 23% and the other 4 jobs a probability of 19% each. The

same exercise for occupational distance and desired working hours leads a very similar pattern

of market shares.

13In the first meeting with a caseworker, at the start of the unemployment spell, a jobseeker’s desired hours
worked per week are recorded among other information.
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Figure 16: Coefficients from an multinomial logit regression. The dependent variable is whether
the jobseeker finds a job at a firm or not and the choice set are all clicked vacancy postings.
The sample consists of the 5106 jobseekers who find a job at one of the clicked firms and don’t
have missing information on the distance to the job found. If multiple vacancy postings in a
choice set belong to the firm where a jobseeker finds a job, the dependent variable is set to 1
for all those jobs.

We will refer to the predicted value of the utility of a vacancy to an individual as job quality.

We then use these estimates to compute (24) and this can then be used in the formula (19)

to provide an alternative measure of employer market power over unemployed workers. Figure

17 compares the distribution of the index allowing for vacancy heterogeneity with our baseline

index. Both are computed regarding each session as a separate consideration set.

The results show that allowing for vacancy heterogeneity has little impact on the concen-

tration measure. The average concentration is almost the same as for the baseline measure and

the correlation coefficient between the two measures is 0.99. The similarity between the two

versions also holds for the indices computed with different consideration set definition. These

results suggest that the quantity of jobs considered by a jobseeker is the main driver of market

power and that variation in quality relatively unimportant.

7 Job Search to Sustain Labor Market Competition; Too Little

or Too Narrow?

Jobseekers have an incentive to search to find more attractive work faster. But, if wage determi-

nation is not individualized, individuals do not have a strong incentive to search to make labor

markets more competitive as most of the benefits would flow to others (though there would also

be costs for employers). In recent years there have been a number of evaluations of policies
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Figure 17: Distribution of the HHI based on Equation 19 over vacancy postings. To compute
the HHI, each session is regarded as a separate consideration set.

designed to increase the job search of the unemployed and make it broader (e.g Belot et al.,

2019; Klaauw and Vethaak, 2022; Dhia et al., 2022). These report mixed outcomes.

Increasing the quantity of job search is likely to increase competition on labor markets. But

increasing the breadth of job search may not have positive effects if it means workers considering

more jobs in which they have little interest or low prospects of getting them. In terms of the

framework laid out above, competition is maximized for a given number of clicks if those clicks

have the same probability of resulting in a job. A key question is whether it is feasible for

jobseekers to increase the quantity of job search without sacrificing quality.

To shed some light on this we use the estimated coefficients from the model of the previous

section to compute the predicted job quality for all individuals in all vacancies, whether or not

they have been clicked. There is strong evidence that the jobs that are clicked on are directed

towards those with higher job quality. We compare the actual distribution of job quality in

clicks with what would be found using the same number of clicks but choosing the vacancies at

random14. Comparing Figure 18 (1) and (2) shows that this does much worse than the observed

clicks implying that job search is directed towards jobs the searcher finds more appealing; this

is not surprising.15

14We sample the random vacancies from the distribution of vacancies with at least one click and we sample at
the jobseeker-month level. This ensures that the vacancies were available to the jobseeker at the time of their
search.

15Analogous to the computation of the inclusive value in a nested logit model, the average value is computed
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But could search be better-directed? To answer this question, we take random sets of

vacancies of a certain size and choose the ‘best’ set of jobs equal to the actual number of clicks,

this is shown in specification (3) in Figure 18. What is perhaps surprising is that there does

not seem to be much gain from doing this. This is even more striking when one considers that

the jobs that are clicked are likely to have some component of utility observable to the searcher

but not the researcher.
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(1) Clicked set (size=C)
(2) C random draws
(3) Best C vacancies out of 2xC random draws
(3) Best C vacancies out of 5xC random draws
(3) Best C vacancies out of 10xC random draws
(3) Best C vacancies out of 100xC random draws

Figure 18: Average job value of different sets of vacancies. Averages by jobseeker. The value
is computed analogous to the inclusive value from a logit model, v̄i = log(1/N ∗

∑
j exp(vij)),

using the estimates from Section 6.6.

The direction of search does not seem sub-optimal. But can the quantity of job search be

increased without any clear loss in quality? I.e. are the unemployed not clicking on all the

available jobs that we think they might be interested in? Figure 19 shows the same exercise

as above but increases the number of jobs in the sets. The results suggest that increasing the

number of jobs in the set does not lead to a loss in quality. The average values from sets

that are 1.5 times or twice as big as the actually clicked set are not lower than the average

value from the clicked set, they are actually slightly higher. This holds true even though our

‘best sets’ are not chosen from the entire population but only from a random sample of 100

other jobs per clicked job16. However, when we push the exercise and increase the size of the

set by larger factors, such as 5 or 10, the average quality starts to deteriorate. This suggests

that job search activity can likely be increased without a clear loss in quality, but increasing

it too much can have negative effects. Interventions with the aim to increase the quantity of

jobseekers search may, hence, be beneficial in terms of reducing labor market competition, even

creating externalities on other jobseekers17. However, this is only the case if the job-search

advice, such as occupations or locations to target, is able to keep the quality of the jobs added

to the consideration sets constant. Our back-of-the-envelope results suggest that this is possible

for moderate interventions but might be more difficult for more disruptive interventions.

the following way v̄i = log(1/N ∗
∑

j exp(vij))
16This is due to computational constraints.
17When firms can not wage-discriminate on the individual level, an increase in the average C per jobseeker

leads to lower employer market power, even for the jobseekers that don’t increase their own search.
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Figure 19: Average job value of sets of vacancies. The sets of vacancies which jobseekers click
on, (1), are compared to counterfactual sets. (2) shows a set of randomly chosen jobs with
the same size, C, as the clicked set. (3) samples 100 times C vacancies and chooses the X
best of them, it compares different sizes of sets: 1.5C, 2C,5C and 10C. The graph reports
the distribution of average values of the sets over jobseekers. The value of a set is computed
analogous to the inclusive value from a logit model, v̄i = log(1/N ∗

∑
j exp(vij)), using the

estimates from Section 6.6
.

8 Conclusion

We have argued that job search is likely to be important in sustaining competition in labor

markets. The larger the set of firms being considered by jobseekers, the more competitive the

market is likely to be. Most theoretical models of employer market power make assumptions

about the consideration sets of jobseekers, either that they are the universe of firms in a labor

market (in the new classical models) or that opportunities arrive one at a time (in the modern

monopsony models based on frictions). This paper has tried to assess how large consideration

sets actually are. We present a framework to develop indices of labor market concentration akin

to, but different from, the commonly used HHI indices. We then compute these indices using

data on Swiss UI recipients search activity on a platform, using clicks on vacancies to define

their consideration sets. We discuss how these indices are affected by different assumptions that

could be made about the search process.
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David Liechti, Mirjam Suri, Thomas Möhr, Patrick Arni, and Michael Siegenthaler. Metho-

den der Stellensuche und Stellensucherfolg. Grundlagen für die Wirtschaftspolitik Nr. 33.

Staatssekretariat für Wirtschaft SECO, Bern, Schweiz, 2020.

Alan Manning. The real thin theory: monopsony in modern labour markets. Labour Economics,

10:105–131, 4 2003. ISSN 0927-5371. doi: 10.1016/S0927-5371(03)00018-6.

Alan Manning. Monopsony in labor markets: A review. ILR Review, 74:3–26, 6 2020.

ISSN 0019-7939. doi: 10.1177/0019793920922499. URL https://doi.org/10.1177/

0019793920922499. doi: 10.1177/0019793920922499.

Kevin Rinz. Labor market concentration, earnings, and inequality. Journal of Human Resources,

57:S251, 4 2022. doi: 10.3368/jhr.monopsony.0219-10025R1. URL http://jhr.uwpress.

org/content/57/S/S251.abstract.

Gregor Schubert, Anna Stansbury, and Bledi Taska. Employer concentration and outside op-

tions. Available at SSRN 3599454, 2024.
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Appendix A

8.1 Proof of Proposition 1

8.1.1 Proof of Proposition 1.1

Both H () and Gu () are increasing in wf so (4) shows n (wf ;F) is.

8.1.2 Proof of Proposition 1.2

H () and Gu () are log-concave implies H ()Gu () is log-concave. And n (wf ;F) is then a linear

combination of log-concave functions which is known to also be log-concave. Log-concavity of

n (wf ;F) implies that the elasticity of n (wf ;F) with respect to wf
∂logn(wf ;F)

∂wf
is a decreasing

function of wf .

8.1.3 Proof of Proposition 1.3

Suppose we have a set F and add an extra firm j to it. Using (4) and (2) Labor supply to the

firm can now be written as:

n (wf ;F ∪ {j}) =
∫ ηmax

ηmin

g (η)H (βwf + η;F\ {f})G (β (wf − wj) + η)Gu (β (wf − b) + η) dη

(26)

To minimize notation define Z (βwf + η) = H (βwf + η;F\ {f})Gu (β (wf − b) + η). Z (βwf + η)

will be an increasing log-concave function. Then (26) can be written as:

n (wf ;F ∪ {j}) =
∫ ηmax

ηmin

g (η)Z (βwf + η)G (β (wf − wj) + η) dη (27)

Define a variable y as:

y (η, wf ) =

∫ η
ηmin

g (x)Z (βwf + x) dx∫ ηmax

ηmin
g (x)Z (βwf + x) dx

=

∫ η
ηmin

g (x)Z (βwf + x) dx

n (wf ;F)
(28)

For future use denote the inverse of this function as η (y, wf ). Differentiating (28) we have

that:

n (wf ;F) dy = g (η)Z (βwf + η) dη (29)

Using (29) to changing the variable of integration in (27) from η to y we have that:

n (wf ;F ∪ {j}) = n (wf ;F)

∫ 1

0
G [β (wf − wj) + η (y, wf )] dy (30)

Differentiating (30) with respect to wfwe have that:

35



∂logn (wf ;F ∪ {j})
∂wf

=
∂logn (wf ;F)

∂wf
+

∫ 1
0 G′ ()

[
β +

∂η(y,wf)
∂wf

]
dy∫ 1

0 G [β (wf − wj) + η (y, wf )] dy
(31)

Inspection of (31) shows the labor supply elasticity will be higher with the extra firm if the

final term is positive for which a sufficient condition is that:

[
β +

∂η (y, wf )

∂wf

]
> 0 (32)

for all y. Taking logs of (28) and differentiating we have that:

0 =

∫ η
ηmin

g (x)Z ′ (βwf + x) dx∫ η
ηmin

g (x)Z (βwf + x) dx
−
∫ ηmax

ηmin
g (x)Z ′ (βwf + x) dx∫ ηmax

ηmin
g (x)Z (βwf + x) dx

+
g (η)Z (βwf + η)∫ η

ηmin
g (x)Z (βwf + x) dx

∂η (y, wf )

∂wf

(33)

The condition (32) can then be written as:

g (η)Z (βwf + η)−
∫ η

ηmin

g (x)Z ′ (βwf + x) dx+

∫ η

ηmin

g (x)Z (βwf + x) dx

∫ ηmax

ηmin
g (x)Z ′ (βwf + x) dx∫ ηmax

ηmin
g (x)Z (βwf + x) dx

> 0

(34)

Integrating the second term by parts this condition can be written as:

∫ η

ηmin

g′ (x)Z (βwf + x) dx+

∫ η

ηmin

g (x)Z (βwf + x) dx

∫ ηmax

ηmin
g (x)Z ′ (βwf + x) dx∫ ηmax

ηmin
g (x)Z (βwf + x) dx

> 0 (35)

Integrating the numerator of the final term by parts and dividing by the first part of the

final term, this can be written as:

∫ η
ηmin

g′(x)
g(x) g (x)Z (βwf + x) dx∫ η

ηmin
g (x)Z (βwf + x) dx

−

∫ ηmax

ηmin

g′(x)
g(x) g (x)Z

′ (βwf + x) dx∫ ηmax

ηmin
g (x)Z (βwf + x) dx

+
g (ηmax)Z

′ (βwf + ηmax)∫ ηmax

ηmin
g (x)Z (βwf + x) dx

> 0

(36)

This can be written as:

E

[
g′ (x)

g (x)
|x ≤ η

]
− E

[
g′ (x)

g (x)
|x ≤ ηmax

]
+

g (ηmax)Z
′ (βwf + ηmax)∫ ηmax

ηmin
g (x)Z (βwf + x) dx

> 0 (37)

From log concavity of g, g′(x)
g(x) is decreasing in x so that the first term is bigger than the

second term. As the final term is also positive this proves the Proposition.
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8.2 Proof of Proposition 2

8.2.1 Proof of Proposition 2.1

Consider the case where there are C firms all but one paying the same wage w and employment

is always preferred to unemployment. We will consider a single firm that possibly deviates by

pying a wage wf (though it won’t in equilibrium). Labor supply 14 then becomes:

n (wf ;C) =

∫ ηmax

ηmin

g (η)G (β (wf − w) + η)C−1 dη (38)

and the elasticity of labor supply can be written as:

ϵ = (C − 1)

∫ ηmax

ηmin
g (η) g (β (wf − w) + η)G (β (wf − w) + η)C−2 dη∫ ηmax

ηmin
g (η)G (β (wf − w) + η)C−1 dη

(39)

Evaluating at a symmetric equilibrium wf = w we have that:

ϵ = C (C − 1)

∫ ηmax

ηmin

g (η)2G (η)C−2 dη (40)

as the numerator of (39) will be 1/C. Integrating by parts we have that:

ϵ = C
[
g (η)G (η)C−1

]ηmax

ηmin

−C

∫ ηmax

ηmin

g′ (η)G (η)C−1 dη = Cg (ηmax)−C

∫ ηmax

ηmin

g′ (η)

g (η)
g (η)G (η)C−1 dη

(41)

and integrating the final term by parts leads to:

ϵ = Cg (ηmax)−
[
g′ (η)

g (η)
G (η)C

]ηmax

ηmin

+

∫ ηmax

ηmin

[
g′ (η)

g (η)

]′
G (η)C dη (42)

which becomes (5).

8.2.2 Proof of Proposition 2.2

Differentiating (5) with respect to C leads to:

∂ϵ

∂C
= g (ηmax) +

∫ ηmax

ηmin

[
g′ (η)

g (η)

]′
[logG (η)]G (η)C dη (43)

The first term is obviously non-negative positive. The second term is also positive because

log concavity of g (η) implies that
[
g′(η)
g(η)

]′
≤ 0 and logG (η) ≤ 0. Now differentiate again to

give:

∂2ϵ

∂C2
=

∫ ηmax

ηmin

[
g′ (η)

g (η)

]′
[logG (η)]2G (η)C dη (44)
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This must be non-positive proving concavity.

8.2.3 Proof of Proposition 2.3

Because G (η) ≤ 1 the final two terms in (5) must be less than or equal to
[
g′(ηmin)
g(ηmin)

]
for all C. So

the limit of these terms must be finite. The limit of the elasticity is then finite if g (ηmax) = 0,

infinite if g (ηmax) > 0.

8.3 Proof of Proposition 3

8.3.1 Proof of Proposition 3.1

An increase in λ
δ leads to a shift in the distribution of x in the sense of first-order stochastic

dominance. This causes weighted average to shift towards the case where more opportunities

which by Proposition 1.3 leads to lower market power

8.3.2 Proof of Proposition 3.2

An increase in C leads to an increase in the number of opportunities for a given x in the sense

of first-order stochastic dominance. By Proposition 1.3 this leads to lower market power for

every x

8.4 The distribution of x

The rate at which workers move from having had 0 opportunities to having 1 offer is λ so total

outflows from the state are λϕ (0) ; the inflows into this state are δ (1− ϕ (0)). Equating inflows

and outflows gives us:

ϕ (0) =
δ

δ + λ
(45)

The rate at which workers move from having had x − 1 opportunities to having x offers

is λ. The rate at which workers exit having had x opportunities is δ to unemployment and λ

to having (x+ 1) . Hence the fraction of workers having had x opportunities, ϕ (x) follows the

recursion:

ϕ (x) =
λ

δ + λ
ϕ (x− 1) (46)

Combining (45) and (46) leads to (6)
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9 Elementary occupations

8 Plant and machine operators and assemblers

7 Craft and related trades workers

6 Skilled agricultural, forestry and fishery workers

5 Service and sales workers

4 Clerical support workers

3 Technicians and associate professionals

2 Professionals

1 Managers

Region includes a major city

−0
.5 0.

0
0.

5
1.

0
1.

5
2.

0

Coefficient
(95% CI)

a) Baseline
measure
b) HHI based on
occupation x
commuting zone x
quarter
c) All clicked and online vacancies
adj. for other channels
d) All clicked and online vacancies
adj. for rejection

N Baseline = 84304. N other = 82210

Figure 20: OLS regression of the log(HHI) based on Equation 19 on vacancy characteristics.
Major city = 5 biggest cities of Switzerland. Occupations are ISCO-08 definition, 1-digit level.

Appendix B
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Figure 21: Usage of the job room over time by the registered jobseekers in our sample.
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Measurement Mean SD Min p25 p50 p75 Max

c 15.83 49.84 1.00 4.00 8.00 15.00 1647.00
c corrected 1.41 2.39 1.00 1.03 1.09 1.25 81.82
total clicks 243.74 373.30 1.00 57.00 132.00 277.00 4524.00
total c lambda corrected 1234.17 1528.14 56.59 463.77 782.79 1406.58 18444.48
total clicks c corrected 6.62 15.08 1.00 1.83 3.12 6.11 281.91

total clicks both corrected 36.22 62.47 4.82 15.52 22.35 35.46 1149.35
n overlap 98.48 177.04 1.00 25.00 53.00 108.00 3761.00
overlap lambda cor 516.98 747.75 4.08 204.86 331.42 559.96 15333.71
overlap c corrected 3.63 8.67 0.96 1.35 1.89 3.18 237.94
overlap both cor 21.85 37.51 4.07 10.02 14.14 21.66 970.09

c new firms 8.42 13.89 1.00 3.00 5.00 10.00 373.00
c new ads 14.75 47.59 1.00 4.00 7.00 14.00 1463.00

Table 4: The input quantities for the different HHI measures. Summary statistics over jobseeker-
ad pairs.

Measurement Mean SD Min p25 p50 p75 Max

share by session 0.21 0.24 0 0.06 0.13 0.25 1
share by spell 0.02 0.06 0 0.00 0.01 0.02 1

Table 5: The input quantities for the HHI measures taking into account vacancy heterogeneity.
Summary statistics over jobseeker-ad pairs.

Appendix C: How Search Activity Varies Over a Spell of Unem-

ployment

While Figures 5 and 6 show the number of sessions and clicks per session on average, there may

be considerable heterogeneity. Figures 26 and 27 present some simple regressions on how the

number of sessions and the number of clicks per session vary. We are particularly interested in

how search intensity varies over the duration of the unemployment spell. The first specification

shows how the two dimensions of search activity vary with duration when only controls for

time-effects are included (by adding dummies for the four quarters for which we have data

to the regression18). The duration dependence can be the result of true duration dependence

or unobserved heterogeneity if (as is the case) those with greater search intensity have shorter

durations. The second specification shows how results change when we control for the individual

characteristics of the unemployed and the final specification when we control for individual fixed

effects.

Figure 26 shows that, on average, a jobseeker has 2.13 sessions in the first month of spell

and this number declines by around 10% in the second month and goes down to a constant

level 40% below the initial level after around 8 months. This pattern also holds conditional

on last occupation, commuting zone, age, education, residence permit, insured earnings and

tenure at the last job prior to unemployment. Once we control for unobserved heterogeneity

18The four quarters are 2020Q3, 2020Q4, 2021Q1, 2022Q2.
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Previous earnings > Median

3+ years tenure in last job

Non−permanent resident

University education

Secondary or vocational educ.

Age 50+

Age 35−49

Female
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Coefficient
(95% CI)

(1) No controls (2) Last occupation x
commuting zone FE

N = 59031. Intercept:4527

Figure 22: OLS regression of the jobseeker-level HHI on jobseeker characteristics. The jobseeker
average HHI is computed as follows: HHIi =

∑
f∈F

sif∑
sif

HHIf . sij is the share of vacancy f

in jobseekers i’s portfolio, over the whole spell, where every session gets equal weights, e.g. if a
jobseeker has 5 sessions and vacancy f gets clicked in one of the sessions together with 9 other

vacancies, then sif = 1/50. HHIf is defined following equation 19, HHIf =

∑
i

(
1
Ci

)2

∑
i

(
1
Ci

)
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Figure 23: Distribution of number of clicks per session. Comparison between our sample of
registered (and logged-in) jobseekers and all users of the platform. For the non logged-in users
we define a search session by day (as in the other parts of the paper) and IP address. We
exclude the IP addresses with a number of clicks higher than the 99.9 percentile (929 clicks)
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Figure 24: Distribution of the HHI calculated using the number of clicks per session as in
Figure 7. Comparison between the HHI computed in our sample of registered (and logged-in)
jobseekers and all users of the platform. For the non logged-in users we define a search session
by day (as in the other parts of the paper) and IP address. We exclude the IP addresses with
a number of clicks higher than the 99.9 percentile (929 clicks)
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Figure 25: Distribution of the HHI calculated using the number of clicks per session as in Figure
7. This figure excludes sessions with 1 click only. Comparison between the HHI computed in
our sample of registered (and logged-in) jobseekers and all users of the platform. For the non
logged-in users we define a search session by day (as in the other parts of the paper) and IP
address. We exclude the IP addresses with a number of clicks higher than the 99.9 percentile
(929 clicks)

(specification (3)), the decline is less steep. Figure 27 shows that, conditional on having at least

one session, the average number of clicks in the first month of the unemployment spell is 4.83.

The number declines by around 8% to around 4.6 clicks in the subsequent months. Once we

control for unobserved heterogeneity, the number of clicks per session declines steadily over the

search spell. This difference suggests that actually, jobseekers with longer spell durations tend

to click on more vacancy postings per session. Appendix B Figure ?? looks at the number of
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Figure 26: Poisson regressions of the number of session per elapsed month of unemployment
spell. Marginal effects are shown. The regressions exclude jobseekers with an unemployment
spell shorter than 60 days.

clicks not over spell duration but over the order of sessions and shows very similar patterns.

Figure 28 shows the product of the clicks per session and the number of sessions; the cumu-

lative number of clicks over the spell.

We also present some results where the outcome is the number of new clicks defined as the

particular vacancy or the particular firm. Figure 29 shows how those two outcomes compare

to all new clicks. The regressions are conditional on jobseeker-spell fixed effects, as in spec-

ification (3) above. Comparing spcification (1) and (2) of Figure 29 suggests that most new

clicks are on vacancy postings that haven’t been clicked on before and excluding the clicks on

previously seen vacancies doesn’t significantly change the path of clicks over time. However,

specification (3) shows that the decline is sharper when we only consider clicks on firms that

haven’t been considered before. The slope of the decrease is around twice as steep as for the

baseline specification. Overall, the results indicate that opportunities become more limited.
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Figure 27: Poisson regressions of the average clicks per session on the elapsed month of un-
employment spell. The regressions are conditional on having at least one session in a month.
Marginal effects are shown. The regressions exclude jobseekers with an unemployment spell
shorter than 60 days.
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Figure 28: Predicted number of total clicks accumulated over the spell by jobseeker. Prediction
from a Poisson regressions of the cumulated number of clicks on the elapsed month of unem-
ployment spell. The regressions exclude jobseekers with an unemployment spell shorter than
60 days.
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Figure 29: Poisson regressions of the average clicks per session on the elapsed month of un-
employment spell. The regressions are conditional on having at least one session in a month.
All regressions include jobseeker-spell fixed effects. Marginal effects are shown. The regressions
exclude jobseekers with an unemployment spell shorter than 60 days.
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