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Abstract

Recent studies suggest that the existence of a posted job vacancy provides a relatively
weak signal on firms’ actual hiring needs. For job seekers, this translates into substan-
tial uncertainty about their probability of being hired when they apply to a vacancy.
In this paper, I study how job seekers react to media news that a plant intends to
expand hiring in the near future—information that job seekers can potentially use to
distinguish real from “phantom” vacancies. I exploit data on job search activity on
from a large public online search platform in France, combined with administrative
data on actual hiring outcomes. I link 612 news with this data at the plant level
and estimate their impact on applications sent to the plants mentioned in news and
subsequent hiring. My empirical strategy exploits the quasi-random timing of news
in the short run. Consistent with the view that job seekers are trying to learn about
real job openings, I estimate that news of a plant expansion leads to 60% increase
in job applications over the next month. Job seekers who apply in reaction to the
news tend to live relatively far away, and appear to be good matches for the plant’s
needs. Job seekers as a whole benefit from news by being able to direct their search
towards plants that actually intend to hire, though I find some evidence of displace-
ment effects, concentrated among local job seekers. Overall, my findings suggest that
low-cost interventions providing information about hiring needs could improve the
job matching process and increase geographic mobility.
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1 Introduction

With the advent of online job search platforms it may be tempting to conclude that labor

market frictions have been substantially reduced, since job seekers can now learn about

many thousands of job vacancies at virtually no cost.1 Recent evidence, however, suggests

that the information contained in posted job vacancies (whether measured from online

search platforms, or collected directly from firms) is far more limited than economists

have assumed. On the one hand, Davis et al. (2013) show in the Job Openings and Labor

Turnover Survey (JOLTS) that plants put different levels of effort to fill their vacancies. On

the other hand, Cheron and Decreuse (2017) show that a large fraction of posted vacancies

refer to positions that have already been filled (i.e., “phantom” vacancies). Working with

a calibrated search model, Albrecht et al. (2017) show that the informational frictions

created by phantom vacancies can account for up to one-quarter of overall unemployment.

For job seekers, this translates into substantial uncertainty about their probability of

being hired when they apply to an existing vacancy. Sophisticated job seekers should try to

use other sources of information to distinguish real and phantom vacancies. In this paper

I show that job seekers in France do exactly that, reacting quickly to news that a firm is

intending to hire. Specifically, I use a commercial data base of media news stories collected

for local forecasting purposes (Galbiati et al. (2015)) to identify media news of intended

plant expansions. I link these news events to high frequency measures of search activity

for job seekers using the French Public Employment Service (PES) online search platform

and to administrative data on plants’ subsequent hiring activity. These data allow me to

track vacancies posted by plants mentioned in the news, the applications they receive,

and the hires they ultimately make at the week level. I observe that plants mentioned

in media news tend to post more vacancies in the year surrounding publication of the

news of an intended expansion. Importantly, I do not observe any change in recruiting

activity in a short window of several weeks around the publication date, suggesting that

the exact timing of news publication is as good as random. At the week-to-week level,

the news announcement therefore represents new information for job seekers about the

potential existence of “real” vacancies, with no change in a firm’s actual labor demand or

recruitment effort.

My identification strategy relies on this observation to estimate the short-term impact of

information about plants’ expansion on job search. In order to control for any simultaneous

shock in the economy, I construct a set of control plants, which have similar characteristics

regarding the number of hires and posted vacancies in the months prior to the news through

1Direct empirical studies on the impact of online search on the effectiveness of job search find contrasting
results. Kuhn and Skuterud (2004) find that the use of internet for job search seems to slower the access to
employment in 1998–2000 while Kuhn and Mansour (2014) observe a rather opposite effect in 2005–2008;
Kroft and Pope (2014) show that the expansion of the search platform Craigslist in the U.S. has not
reduced unemployment.
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a dynamic matching procedure. I then estimate the effect of the news in a differences-

in-differences design (similar to Azoulay et al. (2010) and Jäger (2016)) that compares

outcomes between treated plants and control plants in the weeks around the news coverage.

I find that media coverage of plants’ expansion strongly increases the number of appli-

cations sent to these plants. The number of applications increases by 75% in the week of

the news and by about 60% over the following month. This reaction is even stronger when

the reported hiring needs are large. At the same time, the number of posted vacancies

remains constant, which means that the number of applications per vacancy increases. I

also find that news of an intended plant expansion attracts applicants who live further

away from the plant. The average distance between the city of residence of an applicant

and the location of the plant increases by 30 km (about 18 miles) in the weeks following

the publication of the news. As most job seekers tend to search very locally in the absence

of news about expansion plans, this implies a 40% increase in the typical distance from

home to work for applicants, mostly driven by an increase in the number of applications

from outside the plant’s departement (there are 94 departements in France when excluding

Corsica and oversee territories). The rise in applications from job seekers who live further

away is consistent with the idea that job seekers may have some “local” information about

the quality of vacancies, while those who live further away are less informed, and therefore

react more to the news of an expansion.

Another key finding is that the release of news about an intended expansion ultimately

affects hiring at the plant. Using information on the observable characteristics of applicants

and vacancies I estimate that the new applicants that apply in response to a news event

(i.e., the “compliers”) are about as well-matched as those who would apply in the absence

of news. Not surprisingly, this inflow of additional well-matched applicants translates into

an increase in hiring at the plant by about 50%. This increase in hires goes together with

a change in the composition of newly hired applicants. Among newly hired applicants,

those who applied in the month following media are based much further away from the

plant’s location. On the flip side, I detect a large decrease in the hiring rate of job seekers

living in the same city as the plant itself. This result points toward some crowding-out for

locally-based job seekers. However, the overall increase in the number of hired applicants

suggests that, in order to meet their hiring target, growing plants need more applicants

than they typically attract. Providing tailored information to job seekers about the hiring

needs of plants looking for workers in their skill and education category—irrespective of

geographical location—could therefore contribute to both improve the matching process

and foster labor mobility.

My paper contributes to several important literatures on job search and the efficiency

of labor markets. My first contribution is to collect better data about job search activities

than previously used. The search platform of the French PES is the most popular search

platform in France, especially for low-skilled jobs. Since 2014, PES offers the possibility
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for job seekers to apply directly via its platform to specific job vacancies. I matched these

applications with rich administrative data at the individual level and with vacancies and

hiring data at the plant level. The combined data are extremely rich and complete in

comparison with previous sources. In contrast with survey data (Krueger and Mueller

(2010), Krueger and Mueller (2011)), this source allows to track individual search activities

over time at a high frequency for a very large set of job seekers. Recently, internet data—

such as social media indexes (Dolan Antenucci et al. (2014)), activities on online search

platforms (Marinescu (2017)), google trends (Baker and Fradkin (forthcoming))—have also

been used to document job search at the aggregate level. Articles using micro-data for online

applications are very rare. Kudlyak et al. (2014) and Faberman and Kudlyak (2016) have

exploited such micro-data from a small U.S. job search platform but they cannot be linked

with administrative data.

My second contribution is to highlight the impact of specific information about the

labor market on job search. A large set of policy and economic research is dedicated to

counseling programs for job seekers that aim at reducing information frictions. Their direct

effect on beneficiaries seems moderately positive (Card et al. (forthcoming)). However, it

is difficult to know which aspect of the program matters, and in particular to disentangle

the role of information provision from monitoring. In an attempt to pin down the role of

information provision, some recent articles have evaluated information policies directly in

experiments. Altmann et al. (forthcoming) have emphasized the impact of a brochure con-

taining general information about job search together with motivation-boosting messages

on the access to employment. Consistent with their findings, my results indicate that in-

formation interventions should be particularly effective on job seekers at risk of long-term

unemployment. But they cannot conclude whether a specific type of information is missing

because they provide very general information and their treatment mixes together several

interventions. In contrast, my analysis identifies the impact of information on the hiring

needs from specific plants. My results relate more closely to Belot et al. (2017) who find

that information about job prospects affects the direction of job search. In their experimen-

tal design, the authors expose job seekers to algorithm-based job suggestions in different

occupations while they are searching on an online platform. The authors find that this

intervention makes job seekers search for a broader set of occupations, especially if they

were initially searching narrowly. As in my paper, they conclude that job seekers would be

willing to look for a job beyond the initial scope of their search (occupational in their case

and geographic in mine) if they received additional information. However, my strategy re-

lies on exogenous information flows outside of the lab and my data contain a larger sample

of job seekers as well as more precise measures of hires which allow me to document impact

not only on job search but on matching too.

Third, my paper is related to the theoretical literature on inefficiencies in search equi-

librium. In particular, it speaks to the theoretical analysis of phantom vacancies from
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Albrecht et al. (2017). Here, the authors argue that job seekers are uncertain about the

pay-off from applying to a vacancy because vacancies remain posted on search platforms

once they are filled. They assume that job seekers direct their applications to newer va-

cancies in order to minimize the risk of applying to a phantom. My results complement

their analysis by providing an empirical validation for their two fundamental assumptions:

that job seekers direct their search according to the hiring needs associated with a vacancy,

and that they imperfectly observe these hiring needs. Additionally, another strand of theo-

retical contributions have explored possible negative externalities associated with a broad

access to applications. Decreuse (2008) shows in a search model that job seekers may apply

too broadly, which has a negative impact on the composition of applicants and therefore

on the value of posting vacancies.2 I find no evidence that additional information amplifies

such composition externalities.

Finally, my results shed new light on the local dimension of job search. Consistent

with recent evidence (Marinescu and Rathelot (2016), Manning and Petrongolo (forthcom-

ing)), I document that workers search for jobs very locally. Generally, this is interpreted

as a consequence of mobility costs. However, in a structural model estimated on French

employer-employee data, Schmutz and Sidibé (2016) show that information frictions also

have a very large impact on labor mobility. My results confirm that information frictions

are a key determinant of labor mobility while my setting offers a more transparent way to

isolate information frictions from mobility costs. These new insights on the determinants

of workers’ mobility decisions contribute to the literature on the incidence of local labor

demand shocks (Manning and Petrongolo (forthcoming), Notowidigdo (2013)), local-based

policies (Neumark and Kolko (2010), Busso and Kline (2013), Kline and Moretti (2014),

Briant et al. (2015)) and spatial mismatch (Sahin et al. (2014) and Marinescu and Rathelot

(2016)).

The rest of my paper proceeds as follows. Section 2 describes findings from the literature

and stylized facts from French data suggesting that vacancies do not reflect well plants’

hiring needs. In Section 3, I present the institutional background and my data. Section 4

turns to my identification strategy. In section 5, I present my estimation of the impact of

media news on both the quantity and the composition of applications received by plants

mentioned in media news. Section 6 explores how this translates into changes in hires.

Section 7 offers a conclusion.

2Previous similar normative analysis include Charlot and Decreuse (2005) and Uren (2006). More
recently, Seabright and Sen (2015) formalize that a fall in the cost of applications causes a rise in the
number of applications and has negative externalities on firms in the context of online search. Arnosti et al.
(2015) expose another type of negative externality arising if—because of a decreased cost of application—
firms have to do additional effort to find applicants who are actually willing to accept their offer. In this
model, reducing the visibility of applicants improves the welfare of agents on both sides of the market.
Empirically, using data about gender-specific job ads in China, Kuhn and Shen (2012) show that for low-
skilled jobs, firms prefer to advertise their job offers to a narrower population group with a higher expected
match value.
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2 Do vacancies reflect plants’ hiring needs?

Job seekers seem to lack basic information about plants’ hiring needs although a very large

number of vacancies is available at no cost on search platforms. I will refer to hiring needs

in this article to denote the value of the immediate hire of an additional worker for a plant.

In this section, I discuss recent articles documenting discrepancies between vacancies and

hiring at the plant level. This literature provides indirect evidence that the information

contained in vacancies might not be sufficient to direct search effort to the right plants.

I then present stylized facts from recruitment and search activities on the French PES

platform that confirm this idea.

2.1 Related literature

Recent evidence suggests that, in contrast with predictions from standard search and

matching models, the number of hires is not proportional to the number of vacancies

at the plant level, conditional on market tightness. Davis et al. (2013) highlight the gap

between plants’ declared vacancies in JOLTS and their effective hires. In the cross section,

the authors document the disparity in the job-filling rate across categories of plants. The

job-filling rate falls with employer size,3 rises with worker turnover rates, varies across in-

dustries, and more importantly rises steeply with employer growth rates. Moreover, the

job-filling rate exhibits a strong positive relationship to the gross hires rate—in the cross

section and over time at the plant level. One explanation highlighted by the authors is that

firms with greater hiring needs put more effort to fill their vacancies.

A second strand of the literature emphasizes flaws in the signal provided by the stock

of vacancies posted on search platforms. Cheron and Decreuse (2017) show that vacancies

remain posted after the jobs have been filled, creating “phantom vacancies”. Firms do not

internalize the costs of these phantom vacancies on other users of the platform and thereby

accentuate frictions in search. Albrecht et al. (2017) argue that phantoms can account for

85% of frictional unemployment and more than one fourth of overall unemployment. In fact,

the lack of information on the availability of supply or demand is a problem common to

other online markets as well. For instance, Fradkin (2017) shows that availability tracking

contributes very importantly to the efficiency of search on the platform Airbnb.

These different pieces of evidence suggest that French job seekers who want to apply

to vacancies on the PES search platform might face uncertainty about the probability of

being hired—conditional on being a good fit—for various reasons. First, some vacancies may

correspond to no current hiring need because the positions have already been filled. Second,

even for positions that have remained unfilled, vacancies may correspond to relatively low

hiring needs and plants may therefore put little effort in hiring candidates in this period.

3It actually slitghtly increases with size for small plants and decrease with size for plants above 50
employees.
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In contrast with standard theory, and following Davis et al. (2013), I consider that hiring

needs vary across vacancies and that they determine plants’ level of effort in filling their

vacancies. In this article, I therefore extend the concept of phantom vacancies from Cheron

and Decreuse (2017) to a continuum of situations, from no hiring need to intense hiring

needs.

2.2 Phantoms on the French PES search platform

In order to illustrate the difficulties in getting information about the employment prospects

associated with a vacancy that French job seekers may face, I document the dispersion in

hires-to-vacancy ratio across plants on the PES search platform. This dispersion points

towards the existence of different degrees of phantom vacancies. I also show that firms

which hire a large quantity of workers during the year have a higher hires-to-vacancy ratio.

Finally, I provide suggestive evidence that job seekers are not well informed about the

hiring needs associated with vacancies. I present some very simple stylized facts here, and

describe the data I use in more detail in the next section (i.e., section 3).

2.2.1 The dispersion in hires-to-vacancy

I document the dispersion of the hires-to-vacancy data for the vacancies on the French

PES search platform. I focus on the subsample of vacancies open to online applications,

for which I can track applications and identify who gets hired. For each of these vacancies,

I count the number of applicants hired in the plant during the 6 months following their

application. This measure does not include workers who might be hired in the plant for

advertised position who applied through other channels, but instead it gives a measure

of the probability of being hired in the plant for online applicants. Figure 1 plots the

distribution of plants’ hires-to-vacancy ratio. I observe that 65% of vacancies open to

online applications are posted by plants that hire none of their online applicants in 2015.

This corresponds to about 100,000 online vacancies. In contrast, plants that hire one online

applicant (or more) for each vacancy represent less than 4%.4 In appendix A, I show that

the dispersion in the hires-to-vacancy ratio remains when controlling for skill, occupation,

sector, location—suggesting that it is not driven by mismatch.

This dispersion may reflect heterogeneity in the importance of the search platform as

a recruitment channel for plants, but also heterogeneity in hiring needs associated with a

vacancy. In order to highlight this second determinant, I document the relationship between

plants’ hiring needs and the yearly hires-to-vacancy ratio in Figure 2. I build two proxies

for plants’ hiring needs: the number of hires over one year relative to the size of the plant,

and the number of vacancies over one year relative to the size of the plant. Panel (1) shows

4In this figure, I also present the share of online applications that are sent to these vacancies. I observe
that the distribution of applications mimics the distribution of vacancies very closely. I comment in more
details the allocation of applications in next paragraph.
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that plants with a large number of hires relative to their size are more likely to hire an

online applicant for each vacancy. Similarly, in Panel (2), I show that plants which post a

large number of vacancies on the search platform relative to their size are more likely to

hire applicants for their vacancies. I interpret these two figures as evidence that plants have

a higher hires-to-vacancy ratio when they need to hire many workers. Additionally, panels

(3) and (4) also present hires-to-vacancy ratio for plants of different size and from different

sectors. The hires-to-vacancy ratio seems to increase with plants’ size, except for very large

plants (more than 100 employees). For these very large plants, there is on average only 1

hire for every 12 vacancies. In panel (4), we see that the hires-to-vacancy ratio is largest

for clerical jobs, and in the health and teaching sectors. Overall, these descriptive statistics

suggest that there are important disparities in the employment prospect associated with a

vacancy for online applicants. When plants hire many workers, in particular, each of their

vacancies seem to offer better employment prospects to their applicants.

2.2.2 Search across plants

In order to maximize their probability of being hired, job seekers should apply primarily

to plants offering better employment prospects. In Figure 3, I present the number of ap-

plications per vacancy for plants with different hires-to-vacancy ratios. We see that there

is a positive relationship between the hires-to-vacancy ratio and the number of applicants

per vacancy. This is consistent with job seekers directing their search effort towards plants

with better employment prospects. However, this positive relation is not strong enough

to compensate the heterogeneity in hires per vacancy. To illustrate this, I also present in

light grey the hypothetical number of applications per vacancy that would equalize the

hiring rate across plants. It is clear that the actual allocation of applications across plants

is far from this benchmark. As a result, the hiring rate, i.e., the probability of an applicant

being hired, must be very heterogeneous across plants. Figure 4 presents the distribution of

plants hiring rate and confirms that the dispersion in hiring rate is very large. This suggests

that job seekers are imperfectly informed about the employment prospects associated with

vacancies and that the allocation of search is inefficient. The rest of the paper will bring

evidence supporting this mechanism.

3 Institutional setting and Data

In this paper, I use data about online applications and posted vacancies on the search

website administrated by the French Public Employment Service (PES) which have not

been used in research before. It is the most popular search platform in France as it gathers

information about one third of all existing vacancies. On the recruitment side, I can there-

fore observe a large share of overall vacancies, especially for low-skill jobs. Similar sources

in other countries have exploited by Berman (1997) or more recently Mueller et al. (2017).
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However, to my knowledge, the possibility to connect them with micro-level applications

is unique.

3.1 Institutional setting

The French PES is in charge of providing both financial support and job search assistance

to job seekers. Unemployed workers have to be registered at the PES in order to be eligible

for unemployment benefits.5 For their first registration, job seekers are required to give

information about their professional experience, education, family status and about the job

they look for. They receive personal assistance that can include meetings with a caseworker,

collective job search trainings, etc. In order to remain registered, job seekers have to update

their registration once a month.

The PES is also in contact with firms in order to publish their vacancies and provide

recruitment assistance services. Its website is the main source of vacancies in France: it

covers approximatively one third of the French labor market. In Table 1, I compare the

number of hires during a given year with the number of vacancies on the website in the same

sector and geographic zone, and find that the the ratio ranges from 18% to 41%. Services

and Retail sectors are by far the economic sector in which there are the most vacancies

posted on the PES website. Vacancies posted on the website are mostly for on low-skilled

positions but also tend to offer more permanent contracts and relatively better-paid jobs

than in the whole economy.

Since 2014, recruiters have the possibility to have their vacancies open to online appli-

cations on the website. In this case, job seekers are not given the contact information of the

recruiter. Therefore they cannot directly sent their application to the employer but have

to fill an application form online instead. For recruiters, this online standardized applica-

tion form can be combined with a pre-selection of applicants by caseworkers according to

criteria predefined upon request. In this case, this pre-selection is only the first stage of

the recruitment procedure and the firm has no obligation to hire one of the applicants.

3.2 Matched vacancies-applications-hires data base

I combine several administrative data sets of the French PES for this study. In this section,

I present my data sources and discuss their representativeness for the French labor market.

I then use the online applications data to describe the geographic dimension of job search.

3.2.1 Data sources

Job vacancies: I observe vacancies posted on the French PES search platform. The

data set includes many characteristics such as the date on which a vacancy is posted and

5Unemployment insurance can go up to 24 months for workers under 50 (with a minimum of 4 months)
and the replacement rate corresponds roughly to 57%.
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removed from the platform,6 a very precise category for the occupation, requirements in

terms of skills, education, professional experience and posted wages. A subsample of those

vacancies is open for online applications. I observe at least one online application for 12%

of all posted vacancies, which represents about 700,000 vacancies in 2014–2016. Descriptive

statistics are presented in Table 2.

Hires: I use employers’ administration declarations which are mandatory in the week

before the hire a new worker (“Déclarations préalables à l’embauche”). They cover almost

all contracts in the private sector. This data source can be linked with unemployment

register at the individual level and with vacancies at the plant level since 2012. It contains

a very small set of variables, essentially the date of start of the job and the planned duration

of the contract.

Plant-level matched data: For the purpose of this study, I match vacancies, online

applications and hires at the plant level. My analysis will focus on plants which have at

least one vacancy in the online platform and one hire in 2012–2016. I present descriptive

statistics for this sample in Table 3. Large plants are more likely to recruit through the

PES search platform. Plants which posted vacancies on the platform therefore represent

32% of all plants but account for about 65% of employees in the private sector. Similarly,

plants which received at least one online application account for 12% of plants and about

40% of employees in the private sector.

Unemployment register matched with online applications: I am the first to ex-

ploit data containing online applications made on the PES search platform. I match this

data set with unemployment register data in order to collect rich information about online

applicants. The matched data set offers highly valuable information when exploring the

determinants of the direction of search.

3.2.2 The geography of job search

The geographic dimension of job search is very relevant in this paper as I present evidence

that job seekers search less locally when they are provided additional information (results

discussed in section 5). I therefore present here some statistics describing the baseline

geographic dimension of job search using the online applications data linked with the

unemployment register.

The linked data contains zipcodes of plants’ location and of applicants’ residence. For

each application, I therefore compute the Euclidian distance between the city of residence

of the applicant and the city of the plant she applies to. I also build alternative measures

6The date when one vacancy is removed does not however correspond to the vacancy filling date in all
cases. One vacancy can be removed automatically if the employer is not responding to caseworkers from
the PES for a given period.
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using three types of geographic units of various size: city, commuting zone and departe-

ment. There are approximatively 30.000 cities in France, 380 commuting zones and 94

departements (when excluding oversee territories and Corsica). Cities and departements

are administrative units and they do not provide a consistent measure of local labor mar-

kets. However, on the PES search platform, they are suggested as search criteria for job

seekers who want to narrow down their search. They might therefore be a relevant unit

of analysis for search activities. Commuting zones in contrast are built by the ministry

of labor to capture the geographic dimensions of labor markets. In Figure 5, in panel

(1), I present the distribution of geographic distance in online applications. I separately

present applications made in the same city, which represent 15% of applications. 35% of

applications are sent to surrounding cities located a distance of less than 20 km. Overall,

job search appears to be very local as more than 80% of applications are sent to a city

located less than 100 km away. However, 10% of applications are also sent to very large

distances over 400 km, which suggest that these job seekers would be ready to move to a

different location. In panel (2), we see that more than 50% of applications are sent within

a commuting zone and more than 65% within a departement. Those geographic units are

therefore meaningful for job seekers but a sizeable portion of search also takes place outside

of them. In comparison, Marinescu and Rathelot (2016) observe that, on the U.S. search

platform CareerBuilder, the average share of applications sent to plants within a state is

89%, within a commuting zone 81%, and within a zipcode only 4%.

3.3 News announcement of plants’ expansions

In order to detect shocks in the information about plants, I use a data base comprising a

large set of media news about plants’ expansion and downsizing in France. In this section,

I present this data source. I then highlight the accuracy of the information reported in

media news using administrative data about hires and vacancies.

3.3.1 Data source

The data base on media news about plants’ expansion in France is collected for commercial

purposes by a private firm7 in order to help local economic forecasting. It is compiled from

about 4,000 Internet sources, in particular local newspapers websites, national newspapers

website, and firms’ websites.8 I contains information on the date and sources of the news,

number of jobs supposed to be created during the expansion, city where the plant is located,

name and the sector of the plant, plant identifiers.9 It is noteworthy that, the data collection

process is not designed to include exhaustively all sources that mention each event. When

7“Observatoire de l’Emploi et l’Investissement.”
8A web crawler is programmed to detect news about the growth of one plant and variables describing

the events are filled after additional manual investigation.
9I complemented plant identifiers from the original data base when missing with plant identifiers by

crawling the website societe.com and am able to identify 80% of plants.
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several articles in different media outlets report about the same plant in a short time period,

they are pooled together in one observation in the data set. This happens frequently,

consistent with the empirical evidence that newspapers tend to reproduce each other’s

content (Hervé et al. (2017)). The data set therefore includes the first sources detected and

up to four different sources for each event. However, the original source might not be the

one that the web crawler detects, which means that the date of publication from the data

base can be a few days posterior to the public disclosure of the information.

The period in which the expansion takes place can be very long, but my data only

contains one date. Most of the expansion dates are identical to news’ publication dates,

which indicates that the expansion is contemporaneous to the media coverage. I do not

include past or future expansion episodes because they represent a very small share of the

data set and because the precision of the timing is very limited. The news I include should

therefore be understood as articles about an expansion happening in the plant during a

large time period around the day of publication. I will document in the next section the

timing of the expansion relative to the date of media coverage.

Additionally, I make two restrictions. First, I only include news that are reported in a

general audience media because they have a larger diffusion. Second, I only include news

corresponding to one clearly identified plant (75% of articles of the period). Thanks to plant

identifiers, I am able match this data base with online applications, vacancies and hires.

Figure 6 gives example of typical news including in this sample and descriptive statistics

are presented in Table 4.

3.3.2 Fake news? Description of plants’ expansions reported in media news:

In order to check the accuracy of the information reported in media news, I compare the

number of hires and posted vacancies in plants mentioned in media news with all other

plants. Figure 7 shows that plants mentioned in media news have a much more intense

recruiting activity than other plants, even when controlling for plants’ size, sector, and

location. In Panel (1), I see that the average number of hires is around 55 in plants with

news while it is around 45 for similar plants with no news. Panel (2) shows that the average

number of vacancies is around 5 in plants with news while it is around 3 for similar plants

with no news.

Additionally, I analyze the evolution of posted vacancies within treated plants in Figure

8.10 The number of posted vacancies starts increasing from its baseline quarterly level

approximatively two quarters before media news, keeps increasing until three quarters after

media news, and seems to decrease then. The time window does not allow to observe all

of the plants’ expansion events as posted vacancies remain at a level higher than normal 4

quarters after media news. However, I infer from the observable pattern that the expansion

10I present a similar graph for the evolution of hiring in Figure G.1 for a shorter period of time. As data
for hires are not available before 2012, I can only present up to 8 quarters before the event.
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lasts on average more than 6 quarters, starts before media news and continues long after.

The vertical red lines delimit the time window in which I will conduct my empirical analysis

on the impact of media news. From this figure, it is clear that this time window is much

shorter than the expansion event covered in media news. In the section dedicated to my

empirical strategy, I document that recruiting activities are constant in this short interval.

The takeaway from this analysis is that media coverage of an expansion happens for

plants which have particularly high hiring activities. The news also happen during quarters

in which the hiring activities are particularly high within those plants. Job seekers may

therefore rightfully infer from the news that these plants have large hiring needs. However,

I will show in the identification strategy that media news do not correlate with specific

hiring activities within plants in the short run.

4 Empirical strategy

The primary objective of my empirical analysis is to estimate how job applications are

affected by the arrival of new information coming from media news. I consider such me-

dia news as a treatment affecting plants that are covered and study their impact on the

applications sent to these plants. The expansion goes along with an increase in recruit-

ing activity which is the most important potential cofounder. However, my identification

strategy makes use of the fact that at the week-level, the timing of news is as good as

random. I identify the effect of the news using a differences-in-differences (DiD) design in

which I compare the applications sent to treated plants with the applications sent to a set

of control plants. I select the set of control plants through a matching procedure with the

objective that they look similar to treated plants for potential job applicants, but that they

are not affected themselves by media news. This approach was previously used by Azoulay

et al. (2010) and Jäger (2016). In this section, I discuss my identification strategy, then

present my matched sampling procedure, and finally describe my estimation equations.

4.1 Identification strategy

My identification strategy relies on the assumption that the timing of news is as good as

random in the short run. In the absence of media coverage, outcomes in plants mentioned

in media news should have followed the same trend as in other plants in the weeks fol-

lowing media news. In this section, I first explain in more details the implications of this

assumption and then present the various tests I implement to establish its credibility.

4.1.1 Identifying assumption

My estimation strategy includes plant and time fixed effects in order to control for potential

plant selection, time trend and seasonality as in a standard DiD. Moreover, in my specific

setting, even within treated plants, recruiting and hiring activities are atypical during the
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quarters around media news. I therefore only exploit short-term variation at the week level

during a 15 weeks window centered around the news. In this narrow time window, plants’

expansions that are covered in the news are absorbed in plant fixed effects. This is why,

the hypothesis I need to identify the causal effect of media news is that the timing of news

are as good as random in the short run.

This identifying assumption implies in particular that the timing of the news is in-

dependent from plants’ recruiting activities in the short run. It means that firms should

not strategically use media coverage simultaneous to a hiring campaign. This hypothesis is

convincing as, although firms can seek media coverage, the delay between a press release

and the date of publication of news in large outlets can be long and uncertain. Additionally,

the objective of firms’ press releases is typically to advertise a brand among potential con-

sumers rather than a recruiting tool. However, to assess the credibility of this assumption,

I will show that media news do not correlate with any within plant variation in observable

recruiting activities in the short run.

4.1.2 Tests of the identifying assumption

Parallel trend during the pre-event period: As in Azoulay et al. (2010) and Jäger

(2016), I present the pre-event coefficients in order to provide a visual test of the plausibility

of the parallel trend assumption. I take one period just before the news as a reference

period and systematically present the coefficients associated with both the pre- and pos-

event period. Being able to observe the pre-event pattern of the outcome variables offers

a convenient visual test of the parallel trend assumption. But this test does not address

potential confounders that would happen exactly in the same time as media news.

Recruiting activities around media news: In this setting, the main concern is that

plants might change their recruiting activities simultaneously with media news. In order to

address this potential threat for identification, I will, on the one hand, show that my results

are not affected by the inclusion of these variable as controls in robustness checks, and, on

the other hand, show that observable recruiting activities does not change around media

news.11 These various tests show that observable recruiting activities do not represent a

confounding factor for the estimation of the impact of media news on job search. But there

could still remain changes in other recruiting activities that are unobservable to me in this

context but observable to job seekers. It does not seem likely that plants would exclusively

change their recruiting activities outside of the search platform simultaneous to media

news. However, if media news are simultaneous to information campaigns implemented by

the firm itself outside of the search platform, the conclusions about the role of information

on search activities of job seekers remain the same.

11Both methods offer very similar tests of my identifying assumption but Pei et al. (2017)) show that
the latter test is more powerful in the case that the potential confounder is imprecisely measured.
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In this paragraph, I present the evolution of the number and the characteristics of

vacancies posted in treated plants during 15 weeks around media news. Following the

presentation that I will use in the rest of the paper, the coefficients are presented in tables

and graphically in order to be able to carefully observe the timing of changes. The period

d− 2 is taken as a reference: all the coefficients corresponding to pre-treatment and post-

treatment periods represent the level of the outcome variable compared with its level in

d−2. I conduct this analysis for all media news, and for the subset of media news reporting

hiring needs above the median. In the result section, I expose that the effect of media news

on applications is the largest for this subset of media news, so if recruiting activity was

a confounder, I should detect the largest variation there. Overall, there is no change in

observable recruiting activities after media news.

First, I estimate the evolution in the number of posted vacancies. In Figure 9, on the

left panel, I present the evolution of the number of vacancies posted on the website, and,

on the right panel, the number of vacancies open to online applications.12 The evolution

of the number of vacancies of any type and for any duration of contract appears to be

very flat both for control and treated plants. In particular, I cannot detect any systematic

change right after media news. I present the coefficients representing the evolution in the

number of vacancies after the news, relative to d − 2 in Table 6 in Appendix. This table

shows that, if anything, the number of vacancies posted in the month following media news

is below its previous level (however not significantly different).

Moreover, firms could attract more applicants by changing the information contained in

job ads. Indeed, the literature suggests that firms might attract applicants by using other

margins than the quantity of posted vacancies, such as the posted wage (Kaas and Kircher

(2015)). Therefore, I present how characteristics of posted vacancies evolve around media

news in Figure B.1 and Figure B.2. I use different characteristics of job ads: the posted

wage and the required professional experience, qualification and education levels. Not all

vacancies contain a posted wage (about 75% of them) so the sample size is reduced when I

use this outcome variable. However, here again, there is no systematic pattern. I also test

whether coefficients corresponding to the month after the news are significantly different

from the level of outcome in d − 2 in Table B.3 and Table B.4 in Appendix. Overall, all

tests reject that the content of job ads is significantly different after media news.

Finally, firms may also signal higher hiring needs by indicating a large number of unfilled

jobs per vacancy. For most vacancies, this variable takes its default value of one, only few

plants signal that they want to hire several workers for the same position. Estimates in Table

B.4 indicate that there is no significant increase in the number of unfilled jobs signalled in

vacancies that are open to applications. In Table B.4, I observe that this variable is not

significantly higher in the week of the news, but that there is a significant increase over

12The coefficients are estimated exactly in the way I will estimate the impact of media news on applica-
tions in the results sections.
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the following month in the case of media news reporting large expansion plans (in column

(1)). It seems unlikely that the increase in the applications sent to vacancies open to online

applications could be driven by a change in the information contained in other vacancies.

However, in order to check that this is not a confounding factor, I will also include this

variable as a covariate in some robustness checks and the results are not affected.

In conclusion to these various tests, I cannot detect any sizeable change in the recruiting

activities of the plants on the search platform so the identifying assumption seems credible.

4.2 Matched sampling procedure

My identification strategy requires to estimate counterfactual outcomes in the post-news

periods. I use a matching procedure to identify a relevant control group among the sample of

never-treated plants. The objective of the matching procedure is to identify plants which

would be similarly affected in case of global shocks in job search, in order to make the

parallel trend assumption credible. There are several motivations for using a matching

procedure in my setting. Another common approach in the literature is to conduct an

event study, in which the control group consists in plants which are treated at a different

point in time or never treated. This is a very similar strategy but this method allows to

have a group control plants more similar to treated plants. Additionally, as I have 612

events, the matching procedure allows me to gain power by using a much larger group of

control.

Matching procedure: Media news occur at different points in time therefore I imple-

ment a matching procedure separately for each media news event. The relevant timing is

therefore the week relative to media news and not calendar dates. In the rest of the article,

will denote d the dates of the publication of media news and k the number of periods

relative to media news. In order to be able to test the parallel trend assumption, I only

match based on observations up to 7 weeks before media news. To be valid, the control

group should not include plants that could also be treated in the same period. As plants

located nearby could be indirectly treated through geographic spillovers, I exclude plants

located in a departement where there is a treated plant in the same period. For each event’s

date d, I therefore match the plants treated in d to plants which are never treated, and

which are located in a departement with no information shock in d. I implement an exact

matching on categorical variables representing the following characteristics:

- Size of the plant measured the year prior to k = −7

- The qualification that the plant is asking the most frequently in job ads in the period

2010–2016.

- Number of hires, number of posted vacancies, number of posted vacancies open for

online applications in the plant during the year prior to k = −7

From this procedure, I obtain a large set of control plants associated with each treated
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plant. The number of control plants associated with each treated unit varies, I chose to

keep a large set of matched control plants as I am focusing on highly volatile outcomes at

the week level.

Matched sample: As I can observe job applications in 2014–2016, I include in the set

of treated plants, plants that are mentioned in media news between February 2014 and

November 2016 (in order to be able to observe applications from 2 months before until 2

months after the news). I will focus for the rest of this analysis on a set of 614 of such events,

corresponding to 588 different treated plants. Through my exact matching procedure, I am

able to find controls for 612 events (corresponding to 587 different plants). I form a control

group made of observations from 182,968 plants. For plants that are covered in media news

at several dates during the study period, I keep all news events in my main specification. I

will also show that my estimates are robust to including only the first news event of each

plant and to excluding all news from plants with multiple coverage. In the notations in the

rest of the article, for simplicity, I will treat one plant around two different media news at

different times as different plants. Table 5 compares treated plants with matched control

plants and with all the plants from the sample.

4.3 Estimation equations

I create a panel with treated and control plants centered around the date of the ac-

tual/potential event. I consider 15 weeks around the news to be a relevant period for

the analysis, therefore I keep observations in the weeks relative to each event k ∈ [−7; +7].

Yj,k =
+7∑

k=−7
k 6=−2

βTreated
k 1{periodk} · Treatedj +

+7∑
k=−7
k 6=−2

βk1{periodk}+ γj + εj,k (1)

In this expression, Yj,k presents the number of online applications sent to plant j during

calendar week t. 1{periodk} is a dummy variable indicating that the period is k weeks

before/after the date at which there were news about plant j and γj controls for average

differences between plants. βTreated
k gives the impact of the news k periods after the news. I

take k = −2 as the reference period, as the week immediately before the newspapers article

might already be affected if information starts spreading before the date of publication

of the article. The estimated coefficients βTreated
k for k ∈ [−7;−2] allow to evaluate the

plausibility of the common trends assumption. I cluster standard errors at the plant level

in order to address potential concerns of serial correlation of outcomes across periods raised

in Bertrand et al. (2004).

βTreated
0 gives the immediate effect. I also present in every result table the effect over

the month following the news, given by: 1
4
·

+3∑
k=0

βTreated
k . In tables, symmetrically, I present
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a pre-event estimate corresponding to the average of coefficients in the month prior to the

reference period: 1
4
·
−3∑

k=−6
βTreated
k . Since the increase in the weekly number of applications

difficult to interpret in absolute terms, I systematically convert my results in the relative

effect of the news, by dividing the estimates of absolute effects by the baseline level of the

outcome in treated plants: 1
6

−2∑
k=−7

yTreated
j .

Poisson regression model: My baseline model is linear however non linear models seem

better suited for my data since my dependent variables are count variables and contain

many zeros. The Poisson regression is the best candidate among nonlinear models, as it

does not suffer from the incidental parameter problem, and allows for convenient inclusion

of fixed effects. I will therefore also systematically estimate my results in Poisson regressions

and present these results as robustness checks. In order to allow for misspecification of the

Poisson distribution, I will present coefficients estimated using a quasi-maximum likelihood

method (Wooldridge (2010)). In the Poisson model, the observed number of applications

in each period is considered as a realization of a Poisson random variable. The log of

the mean weekly number of applications that a plant receives is modelled as a function

of the covariates. The estimated coefficients from this model can be interpreted as semi-

elasticities.

Pooling weekly coefficients: In the second part of my empirical analysis, I estimate the

impact of media news on the composition of applications in terms or various dimensions.

These outcomes are not precisely measured in each period as I can only observe them in

periods in which there is at least application. Therefore, in order to gain power, instead

of estimating changes in the outcome variable for each week relative to k − 2, I pool

periods at the month level and compare the month just after the news with the month

just before. I keep observations in the two months surrounding the event and construct a

dummy indicating that an application is sent in the month following the news. I estimate

the following DiD model at the application level:

Xi,j,k = βTreatedj · Afterk + αTreatedj + µAfterk + δj + εi,j,k (2)

Xi,j,k is a characteristic of the job application i to plant j in period k. I will explore

several dimensions of heterogeneity, using dummies as well as continuous outcome variables.

In some specifications, I also include characteristics of vacancies to which job seekers apply

in the covariates.
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5 Impact of news on applications to growing plants

I analyze how information about hiring needs coming from media news affects job search. I

show that growing plants get considerably more applicants than usual after being covered

in media news. This effect indicates that more job seekers would choose to direct their

applications to growing plants if they were informed about their expansion. Additionally,

I find that the job seekers who react the most to this information are the ones living far

from the plants. This suggests that job seekers have a worse access to information about

hiring needs of plants located further away.

5.1 Impact of news on the number of applications

5.1.1 Main result

I estimate the increase in applications to growing plants mentioned in media news after

the publication of news using equation (1). Results are presented graphically in Figure 10

and summarized in Table 7. Figure 10 presents the evolution of the number of applications

sent to plants from the treated and control groups separately in the left panel and the DiD

coefficients on the right panel. In the simple before/after comparison for treated plants,

we observe a clear and large positive effect of the news. Applications sent to control plants

exhibit a flat pattern. The DiD estimates indicate a significant increase in the number of

applications in the week of the news. The number of applicants remains at a higher level

in the 3 following weeks. In Table 7, the DiD estimate in column (1) indicates that media

news cause an increase equivalent to 1 additional applicant over 3 weeks (0.33 additional

applicant per week). When compared with the baseline number of applications in treated

plants, this effect corresponds to a relative increase of approximatively 75%. Over one

month, I estimate an increase of about 60%. The absence of pre-period differences in

the outcome variable between the treated and control group shows the plausibility of the

parallel trend assumption.

In Figure 11, I decompose the average effect into the effect of news reporting large

hiring needs and small hiring needs. Some media news report a plant expansion associated

with a very low number of new jobs, and one would expect a smaller effect for these events.

I split the set of events into two equal groups based on the level of hiring needs reported

in media news. As expected, I observe the same temporal pattern for large news as for all

news together, but the magnitude of the effect is larger. News reporting large hiring needs

cause an increase of 0.65 applications in the week of the news, and a persistent increase of

approximatively 0.45 applications per week over the month. This represents a very large

relative increase by 100% in the week of the news and by 70% over the month. In contrast,

news reporting small hiring needs are followed by a small and insignificant increase in

the number of applications to mentioned plants. Additionally, I show that the pattern is

very similar if I choose other measures for the size of the expansion reported in news. As
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alternatives, I use the number of new jobs over the size of the plant or over the average

yearly number of hires in the departement (Figure C.1 in Appendix). Overall, these results

suggest that the information content of the news is what causes the observed reaction in

job search.

Poisson regression model: As a robustness check, I also estimate the same effect in

a Poisson regression model. Table 8 presents both the coefficients estimated in the linear

model and the coefficients estimated in the exponential model. The pattern looks very

similar: The largest increase happens in the week of the news but the effect persists for one

month; the effect is larger for news corresponding to large hiring needs; and coefficients

corresponding to the pre-event period are not significant. We cannot directly compare

the magnitude of the coefficients as they correspond to different measures: they represent

an absolute increase in the linear model and semi-elasticities in the exponential model.

Therefore, in the lower part of the table, I also present the corresponding relative increase

in each case. In the linear model, I compute the relative increase by taking the ratio of the

absolute increase to the baseline of the outcome; in the Poisson model, it is obtained by

calculating exp(β)− 1. I observe that the magnitude of the relative effect estimated in the

two models is the same. Additionally, I also present graphically the coefficients estimated in

a Poisson regression model in Figure C.1. The pattern is identical to the the linear model.

The conclusions I derived from the linear model are therefore confirmed in the Poisson

regression model.

5.1.2 Heterogeneity of the effect depending on the information shock

In order to look into the mechanisms of the effect, I examine how its magnitude depends

on the characteristics of the information shock. My data do not contain a very large set

of media news, so the objective of this analysis is not to quantify precisely the magnitude

of differences but rather to check that I obtain differences qualitatively consistent with

my interpretations. These different results confirm the interpretation that the increase in

applications is caused by an increase in the level of information about hiring needs among

job seekers.

News diffusion: Table 9 presents the relative effect estimated in a Poisson model for

various subsample of events. In columns (1) to (4), I emphasize the role of information

by using several proxy measures for how widely news are spread.13 Columns (1) and (2)

compare the effect of news when at least one media source is a national newspapers with

all other news. I observe that the estimated coefficient is about twice larger for national

news. In columns (3) and (4), I compare news for which my data set contains several media

sources to news for which I observe only one media source. The effect is driven by news

13These measures are proxies as my data base does not report exhaustively all media sources.
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for which I observe several sources. The relative increase in applications in the following

month corresponds to 80% for those news. Overall those two comparisons confirm the

interpretation that media news affects applications because they correspond to an inflow

of information.

Local labor market conditions: Columns (5) to (8) present the heterogeneity of news’

impact depending on the characteristics of the labor market of the mentioned plant. I build

two measures capturing the influence of the local labor market conditions on job search.

The first measure corresponds to local labor market tightness, and the second measure

to the average support that job seekers get from their caseworkers in a given local labor

market. I explain in more details how these measures are built in Appendix D. Comparing

columns (5) and (6), I observe that job seekers’ reaction to media news is larger when the

plant is located in a departement in which tightness is below the median. One possible

interpretation is that job seekers expect a lower level of hiring needs in plants in this labor

market, so the information from media news represents a larger shift in expectations. It

could also come from the fact that the baseline level of information concerning plants from

these labor markets is lower, because the support from PES is less intense. Indeed, because

hiring of new caseworkers has been insufficient to compensate the increase in the number

of unemployed workers in France in the last decades, there tend to be fewer caseworkers

per job seeker in slack labor markets. Consistent with this idea, columns (7) and (8) show

that the effect is larger in departements where the support from PES is low. As tightness

and PES support are highly correlated, I cannot disentangle between these two dimensions

with this small set of events, nor rule out that other correlated variables are driving the

effect. However, the heterogeneity of the effect I observe is consistent with the idea that

the reaction of job seekers is the larger when their baseline level of information is low.

5.1.3 Robustness checks

In this paragraph, I present several robustness checks for the estimation of the impact of

media news on the number of applications. In Table C.2, I estimate the effect of media

news in various models controlling for recruiting activities. I include different combinations

of covariates: the number of posted vacancies overall or open to online applications only,

the number of jobs needed per vacancy—both for all vacancies or among those open to

online applications only. The coefficients for the effect of media news over one week and

over one month are of identical magnitude and significant in all models.

As the pattern of the outcome in control plants is very flat, results from the DiD

estimation do not rely heavily on the selection of control plants. In order to illustrate

this, I compare results from a before/after estimation with result from DiD in Table C.3.

I compare the estimation of the immediate effect of information and the effect over one

month in the case of all news and then large and small news separately. I observe that
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using only observations from the treated plants in a before/after design yields very similar

results in all cases. This suggests that, in the very short run, there is no variation in the

average search nationwide around media news, and that controlling for time fixed effect

is not crucial in my setting. Consequently, the choice of the matching procedure cannot

importantly affect my results.

Last, I compare the estimates I obtain when I restrict the sample to various subsets

of media news events in Table C.4. In my main specification, I am using all events, even

when my data set contains several news corresponding to the same plant at several points

in time. I compare my baseline results with the estimates I get when I keep only the first

event for each plant in columns (2) and (6). The estimates of the effect of news exhibit

a comparable pattern but are of a slightly smaller magnitude. This is easily explained

as plants that are reported several time in the news must experience a particularly large

expansion. The results remain qualitatively identical. The same conclusions are reached

when I keep only plants which appear once in media news in my study period. Finally,

I present in column (4) and (8) the effect estimated without including plants located in

Paris in the sample. There are very few of them and results are not affected.

5.2 Impact of news on the composition of applicants

After showing that media news attract a substantial number of new applicants to growing

plants, I explore the characteristics of these additional applicants. I find that additional

applicants tend to live further away from growing plants than regular ones. This individual

heterogeneity in the response to media news is consistent with the idea that job seekers who

react the most are the ones who are the least informed in normal times. In order to estimate

directly changes in the composition of applicants, I turn to a DiD at the application level

and pool week coefficients into two periods corresponding to the pre- and post-treatment

(specification presented in equation (2)). I also estimate the heterogeneity in the reaction

to news in the first specification as a robustness check.

5.2.1 Geographic composition

Table 10 presents the effect of media news on the geographic composition of applications in

a DiD model at the application-level. Columns (1) and (2) present changes in the average

distance between applicants’ city of residence and plants’ location, using the control group

to control for potential trends.14 The first specification in column (1) suggests a very large

increase in mean distance by 30 km in absolute value (about 18 miles), which corresponds

to a relative increase of almost 40%. In column (2) I include controls for the characteristics

of job ads, in order to ensure that the change in the composition of applicants is not driven

by a change in the composition of job ads job seekers apply to. The additional controls

14The applicant-plant distance is missing for approximatively 10 % of my sample, which slightly reduces
my sample size.
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do not significantly affect the result but slightly increase the point estimate. In columns

(3) to (8), I present similar results using a different measure of geographic distance. I use

dummy variables indicating that applicants do not live in the geographic unit where the

plant is located. I first use geographic units based on administrative borders (departements

and city) which might represent more homogenous areas for information diffusion, as they

correspond to well-identified units for job seekers. In particular, these geographic units

are suggested as search criteria on PES search platform. Second I use commuting zones

which are built to represent local labor markets. The proportion of applicants from a

different geographic unit increases in all cases: The proportion of applicants from another

city increases by 0.5 ppt, form another CZ, by 4 ppt and from a different departement, by

9 ppt. In particular, the increase in applications from another departement is particularly

large and precisely estimated. Although the increase in the share of applicants from a

different city is not significant, I show in the next section (Table 12) that the magnitude

suggests that almost all compliers live in a different city.15 Overall, these results points

towards a very substantial increase in distance, driven especially by applications over large

distances.

These results provide an interesting new explanation for the local dimension of job

search. They suggest that job seekers might be less likely to apply to plants located far

away because they lack information about their hiring needs. Recent papers have estimated

how locally job seekers search for a job when controlling for the allocation of job seekers

and vacancies (Manning and Petrongolo (forthcoming), Marinescu and Rathelot (2016)).

There are several potential explanations for the decision of job seekers to focus their search

on nearby vacancies but Marinescu and Rathelot (2016) and Manning and Petrongolo

(forthcoming) emphasize a distaste for distance which encompasses the costs (in time or

money) for a job seeker to commute. In contrast, Schmutz and Sidibé (2016) argue that

low labor mobility also result from job seekers being less informed about vacancies posted

in distant cities.16 In order to isolate the impact of information frictions from the impact of

mobility costs, the authors estimate a structural search model in which wages after mobility

allow to estimate mobility costs while the frequency of job transitions is determined by

information frictions. My setting allows to disentangle the role of information from other

factors because preferences or the composition of job seekers should not change in the very

short time window in which I conduct my analysis. The only change between the period

just before and just after the news should come from the additional information. Therefore

I bring additional evidence that the local dimension of job search is also determined by

15It should be noted that, in a linear model, I detect more precisely the increase in the proportion of
applicants living in a different geographic unit if the unit is broader—such as applicants from a different
departement—because their baseline proportion is smaller.

16Other articles have also suggested that costs of getting information about plants located farther
away could explain the local dimension of job search. See for instance Patacchini and Zenou (2005),
Guglielminetti et al. (2017).
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information frictions in a reduced form analysis.

5.2.2 Composition of applicants in other dimensions

I also estimate the impact of media news on the composition of applicants in terms of

other dimensions in Table 11. This table indicates changes in other characteristics that

can be associated with a low access to information, while other characteristics remain

unchanged. I detect an increase in the share of applicants who have a low level of skill

or education, are younger, or have been unemployed for longer. In contrast, I observe no

change in the proportion of women, blue-collar workers, workers with little experience in

the occupation they are searching for, or workers searching for a job with a relatively high

wage. In particular, columns (7) and (8) indicate that the proportion of low educated job

seekers increases by 8 ppt. This increase amounts to 3 ppt for the proportion of long-term

unemployed (columns (15) and (16)).

Overall, this table is consistent with the idea that job seekers with fewer ties to the

labor market are more affected by the inflow of additional information. In particular, the

relatively strong reaction of long-term unemployed provides an interesting insight concern-

ing the determinants of the well-documented decrease in job search and the job finding rate

along the unemployment spell (Krueger and Mueller (2010), Krueger and Mueller (2011),

Faberman and Kudlyak (2016)). One channel could be a decreasing access to information

over the unemployment spell. Related to this idea, Guglielminetti et al. (2017) suggest

that job seekers could be unable to search in a broad geographic area after the exhaustion

of their unemployment benefits because the cost of searching increases with distance and

job seekers are liquidity constrained. Although I do not observe individual unemployment

benefit duration, my results are consistent with such a mechanism.

5.2.3 Characteristics of job seekers affected by information

Another way to analyze the heterogeneity of the reaction of job seekers is to describe the

characteristics of job seekers who reacted to media news. Media news can be considered as

an instrument that affects the probability to apply to the mentioned firms. They may not

affect everyone with the same intensity. Under the monotonicity assumption, I recover the

characteristics of individuals who apply in reaction to the news following Abadie (2003).

Using the randomized trial terminology, this group of job seekers are labelled the “com-

pliers”, while job seekers who would apply to the plant even in the absence of media news

are labelled “always-takers”. Table 12 presents the composition of compliers in terms of a

large set of individual characteristics, one by one. I see that the proportion of job seekers

with a low education level is much more important among compliers than among normal

applicants (i.e., always-takers): 54% versus 31%. Long-term unemployed represent 30% of

compliers but only 16% of always-takers. The distance between job seeker’s residence and

plant’s location is almost 3 times larger for compliers (216 km on average for compliers
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versus 76 km for always-takers). This pattern is confirmed when I compare the proportion

of job seekers from various geographic units. The proportion of job seekers coming from a

different departement is twice as large among compliers. I estimate that the proportion of

compliers coming from a different city amounts to 99.2%—this suggests that virtually all

compliers live in a different city.

5.2.4 Robustness checks

I finally estimate the impact of media news on the number of applications sent by a specific

group, using the same plant-level DiD specification that I used for the main results (i.e., the

specification presented in equation (1)). As the relevant coefficient for a comparison across

subgroups is the relative increase, I directly present coefficients estimated in a Poisson

count model in Table 13. The upper part of the table compares the relative increase in

applications according to the distance between applicants’ residence and the location of the

plant. I approximate the distance by comparing applicants living inside or outside of the

geographic unit of the plant. I replicate the exercise for 3 types of geographic units, from

small ones (city), to intermediary ones (commuting zone) and large ones (departement).

In each case, we observe that the relative increase in applications from job seekers outside

of the geographic unit is larger. Applications increase by 60% over one month for job

seekers from another city. Consistent with previous evidence, the estimate corresponding

to the impact of media news on the number of job seekers from the same city is small and

insignificant and standard errors are very large. We observe very similar pattern at the

commuting zone level. At the departement level, the difference is even more striking: the

number of applications from another departement doubles while the relative increase in

the number of applications from the same departement amounts only to approximatively

30%, and is imprecisely estimated. The lower part of the table compares the reaction of job

seekers with different education levels: I observe that the size of the reaction decreases with

the education level. The size of the reaction also increases with the unemployment spell

and in particular very long job seekers (job seekers who have been registered as unemployed

for more than 2 years) have a larger relative increases corresponding to more than 100%.

Additionally, I also present graphical evidence of the increase in the average applicant-

plant distance and in the number of applicants coming from a departement in Table 12.

This figures show that the average distance starts increasing in the week of the news and

remains at a high level for 4 weeks. The timing mirrors the timing of the increase in the

number of applicants very closely.

6 Impact of news on the matching process

In order to assess the value of the additional information from media news, I turn to

the investigation of additional applications on the subsequent matching. The effect on
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matching depends on the number and selection of applicants who react to the information

(“compliers”). I therefore investigate the selection of compliers and the potential match

quality of applicants. I predict match quality based on observable applicants’ characteristics

and find no evidence for a decline in the quality of applicants. On the contrary, compliers

appear to be slightly better selected than always-takers. Moreover, I find that the number

of hired applicants increases and that the composition of hired workers changes. I finally

discuss the consequences of more transparency on hiring needs for jobseekers and firms.

The additional information contributes to a better allocation of applications across plants

for job seekers. However, it has distributional effects on the access to employment. For

firms, I argue that news are beneficial because they allow them to make a larger number

of hires and potentially to also hire workers with a better match quality.

6.1 Impact of news on the match quality of applicants

If the probability to react to media news is positively correlated with the probability to be

a good match for the vacant job, information shocks might not only affect the number of

applicants but also increase the average quality of the applicant pool. However, if having

information at no cost about one firm induces workers who would be a bad match to apply,

news might cause an inflow of low quality applications (Decreuse (2008) and Seabright and

Sen (2015)). From a firm’s perspective, bad applications induce a processing cost without

increasing the expected productivity of hired workers. In order to evaluate the quality of

additional applications, I examine how the composition of applicants in terms of predicted

match quality changes after the news.

Composition of applicants in terms of predicted match quality: My data offer

a simple way to assess the determinants of application’s success. For vacancies open to

online applications, I can detect who is hired among the pool of applicants. I can therefore

study the importance of applicants’ characteristics and their interactions with vacancies’

characteristics. For each plant from the control group, I collect all online applications

sent between 2014 and 2016. I estimate the probability to be hired in a logit model. I

include a large set of covariates : adequacy of the applicant to the criteria of the job offer,

education and skill level of the applicant, labor market history and socio-demographic

characteristics. Table E.1 presents results from the logit estimation. I observe that the most

important predictors of a match are interaction terms between applicant characteristics and

vacancy requirements: As expected, the probability to be hired is higher for applicants who

meet or overpass requirements from job offers in terms of education, skill and professional

experience. Moreover, candidates who are looking for a job corresponding to the occupation

of the vacancy are more likely to be hired.17 Conditional on these variables, management

skills or a higher education is associated with a negative impact on the probability of

17Job seekers declare which occupation they search for to PES when they register as unemployed.
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a match. In contrast, professional experience has a positive impact even in a different

occupation than the position applied for. Finally, being over 45 has a negative impact on

chances of a match. More details are provided in Appendix. I use the coefficients from

the logit model to predict the probability of success of each application. The predicted

probability provides an empirical measure of applicants’ match quality. I distinguish 4

different levels of match quality based on the distribution of predicted success. Figure E.1

presents the distribution of this index.

Using this index, I investigate how media news affect applications’ match quality in

Table 14. In column (1), I present the impact of news on the average match quality. The

point estimate is positive, but corresponds to a very small magnitude when compared with

the baseline level of match quality (it corresponds to a 2% increase) and is insignificant.

Columns (2) to (5) present how the proportion of applications from different quality levels

is affected. I observe that the proportion of applications from the lowest quartile decreases

significantly after the news (by 15%). Applications from other quality levels slightly in-

crease. The table suggests that match quality of applications is not significantly affected

by news. If anything, plants receive a lower share of very bad applications. It should be

noted that this result is not in contradiction with changes in composition in terms of ed-

ucation and unemployment duration highlighted earlier. Indeed, as the vacancies posted

on the search platform correspond to low-skill jobs, one can be a good match (and meet

the skill and education requirement in particular) with a low level of education. Besides,

unemployment duration has only a small negative impact on the probability of a match.

And other changes in composition such as younger age contributes positively to match

quality.

Alternative measure of match quality: The fit between applicants’ and vacancies’

characteristics offers another intuitive measure of match quality and I observed that it is

a strong predictor of the probability of a match in Table E.1. I therefore also investigate

changes in match quality by estimating directly how well applicants meet the requirements

of the vacancies they apply to before and after the news. In Table 15, I observe that there

is no significant change in the proportion of applicants that meet or overpass skill require-

ments (columns (1) and (2)), education requirements (columns (3) and (4)), or professional

experience requirements (column (8)). Additionally, the proportion of applicants who were

looking for a job precisely in the same occupation as the vacancy they apply to does not

change significantly either. These results confirm the previous finding that the increase in

the number of applicants following media news does not go along with a significant change

in application quality. Overall, my results show that plants mentioned in media news do

not only receive more applications but also applications of a relatively good quality.

27



6.2 Impact of news on hires in mentioned plants

The inflow of additional applicants of good quality after media news should result in some

matches with the mentioned plants. First, I estimate that media news are associated with

an increase in the number of hires. Second, I show that the composition of hired applicants

changes importantly in several dimensions.

6.2.1 Impact of news on the number of hired applicants

In order to explore how media news affect hiring in mentioned firms, I first estimate the

effect of news on the number of successful applications. I consider that an application is

successful if the applicant is hired in the plant in the 6 months following her application. In

Table 16, I see that the number of successful applications increases, especially applications

sent the week of the news itself. The estimated increase in the number of successful applica-

tions sent during the month following the news is lower, which suggests that there are fewer

hires among applicants who react later to the news. Consistent with previous findings, the

increase in successful applications is larger following media news that report large hiring

needs: weekly hires increase by 0.05 applicants, corresponding to a number 2.7 times larger

than usual (increase by 170%). The average effect over 1 month corresponds to an increase

of about 47%. We observe no change in hiring for news corresponding to smaller hiring

needs. An important takeaway from is table is that the impact of media news on hiring is

positive, however the relative increase in successful applications is smaller than the relative

increase in the number of applications (around 60%). As a result, the rate of applications’

success should decline after media news. I will discuss this in the next subsection.

Alternative measure of hires: Another interesting question is the impact of media

news on the number of all hired workers, not just online applicants. If online application

constitutes a search channel representative of overall search, the relative increase in hired

applicants should be comparable to the relative increase in all hired workers. However, as

I do not observe the date of the application for applicants using other channels, it is more

difficult to detect hires that result from the inflow of applicants reacting to media news. I

discuss this limitation in more details in Appendix F and only briefly comment the results

here. I obtain significantly positive estimates of the impact of news on overall hires, which

suggests that there is a relative increase in hiring of about 35% over 3 months. Consistent

with the estimate of the increase in hired online applicants, this additional result suggests

that the increase in hiring is large but smaller than the relative increase in applications.

This confirms qualitatively the findings from the previous analysis.
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6.2.2 Impact of news on the composition of hired applicants

Additionally, I find sizeable changes in the composition of hired applicants around media

news. In order to estimate the impact of news on the composition of hired applicants, I

estimate a similar DiD at the application level on the restricted sample of applicants who

get hired in treated or control plants during the 6 months following their application. It

should be noted that the sample is therefore considerably smaller than when analysing the

composition of applicants, and I have less power to detect changes.

In Table 17, I present changes in the geographic composition of hired applicants. In

column (1), I observe that the applicant-plant distance is 50 km higher for hired workers

who applied after media news. The coefficient is significant at the 5% level. In columns (2)

to (4), I present the impact of news on the proportion of hired applicants coming from a

different geographic unit. The coefficients are all large and positive but the estimation is

imprecise. The effect is particularly large for job seekers who live in another departement.

The increase amounts to 12 ppt which corresponds to an increase of 90%. Overall, I conclude

from this table that there are sizeable changes in the geographic composition of hired

applicants which mirror the changes in the composition of applicants.

Finally, Table 18 reports estimates of the change in composition of hired applicants in

other dimensions. In contrast with the changes detected in the composition of applicants,

there is no increase in the prevalence of workers with low skills or a low education level

in the pool of hired applicants. However, the proportion of young hired workers (below

age 25) increases significantly by 18 ppt. The proportion of long-term unemployed also

increases but coefficients are imprecise. This table confirms that news are followed by both

an increase in hires and changes in the composition of hired workers.

6.3 Discussion: consequences for firms and for job seekers

Finally, I discuss the implications of these changes in hiring from the point of view of job

seekers and firms. Media news attract additional applicants to plants with large hiring

needs, and therefore contribute to improve the allocation of job search. The changes in

the number and composition of hired applicants suggest that firms hire from the pool of

compliers. In this section, I will provide some evidence that some compliers might even be

hired in place of always-takers. The existence of displacement effects indicates that addi-

tional information has distributional effects on the access to employment for job seekers.

It also suggests that firm might use the increase in their set of applicants to improve to

match quality of their hires.

6.3.1 Consequences for job seekers

Average effect: From the point of view of job seekers, news bring an additional informa-

tion that allow to improve the overall allocation of applications across plants. In order to
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illustrate this view, I estimate the impact of news on the hiring rate of applicants in Table

19. Column (1), shows that there is an important initial difference between the hiring rate

in treated and control plant of 2.3 ppt (given by the coefficient associated with “Treated”).

This is consistent with the idea that these plants have larger hiring needs and offer better

employment prospects to their applicants, although they have the same recruiting activ-

ities. I observe that media news cause a decrease in the hiring rate in mentioned plant

of 0.7 ppt, but the coefficient is not significant. This means that the probability of being

hired is lower for job seekers who apply after the news than before. In column (2), we

see that controlling for job seekers’ observable characteristics does not affect the result.

If anything, the decrease in the hiring rate is larger when adding those controls, which is

consistent which previous findings that job seekers have a good match quality. This results

points to the existence of congestion due to the inflow of additional applicants. When sep-

arating news in two categories in columns (3) to (6), we see that the decrease in hiring

rate is slightly more sizeable for news about large hiring needs. Overall, this table shows

that media news favor a decrease in pre-existing differences in hiring rates between treated

and placebo plants. These results suggest that media news contribute improve the overall

allocation of application and to equalize congestion across plants.

Distributional effect: I then explore how the hiring rate is affected by media news for

different subgroups of job seekers. In Table 20, from column (2) to (4), I compare the

changes in hiring rates for job seekers living in different geographic units. The general

pattern is that job seekers living in plants’ geographic unit experience a stronger decrease

in the hiring rate following media news than job seekers living outside this geographic unit.

In particular, in Table 20, columns (1) presents changes in the hiring rate for job seekers

living in the city where the plant is located. . The decrease in the hiring rare is significant

at the 5% level and amounts to 7 ppt—which represents a decrease of 65%. This finding

is interesting in light with the observed changes in the composition of applicants. I have

shown that the magnitude in the change of composition of job seekers from the same city

suggests that almost no compliers live in the city where the plant is located (in Table 12).

The decrease in the hiring rate of this subgroup therefore provides evidence that media

news have negative externalities on the hiring rate of job seekers who would have applied

even in the absence of media news.

This result suggests that providing additional information causes displacement effects.

Similar displacement effects associated with counseling programs for job seekers have been

detected in the literature (see Crépon et al. (2013), Gautier et al. (2017), Laun et al.

(2017)). In particular, in the context of France, Crépon et al. (2013) estimate a negative

effect of counseling programs on the probability of being hired for non-treated job seekers

in a large two stage randomized experiment. However, this is the first time that one can

document displacement effects at the plant level and lay the emphasis on their geographic
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dimension. As predicted by Manning and Petrongolo (forthcoming), my results suggest that

the effect of a local labor demand shock on local workers can be mitigated by the inflow of

workers from other labor markets, to the extent they are informed about it. The welfare

cost associated with this distributional effect on the access to employment depends on the

objective function. If geographic mobility is an objective per se for instance, additional

information could improve welfare.

6.3.2 Consequences for firms

Finally, I discuss the consequences of information about their hiring needs on firms. I argue

that media news have a positive impact on firms both because they increase the quantity

and also potentially the quality of their matches. First, the number of hires increases in

mentioned plants by approximatively 50%. In itself, this confirms that media news increase

the returns to recruiting activity for firms, as the benefit from finding additional matches

should offset the cost of screening from a larger pool of applicants.

Second, plants also benefit from media news by getting a larger set of applicants among

which they can chose their workers. In Table 20, the test comparing the coefficients from

columns (1) and (2) shows that the decrease in the hiring rate of local applicants is signifi-

cantly larger than the average decrease for all applicants. This means that local job seekers

are negatively affected by the inflow of additional applicants even beyond the average effect

of fiercer competition. One possible interpretation is that plants chose to hire compliers

instead of always-takers because these applicants are preferred. Through revealed prefer-

ences, this suggests that the compliers represent a better match. Consequently, on top of

the increase in hires, there could also be an increase in the match quality of new hired

workers.

7 Conclusion

This paper highlights that job seekers cannot perfectly observe plants’ hiring needs but

that they integrate this dimension in their application decisions when they are informed.

When media outlets cover plants’ expansion, plants receive 60% more applications. The

additional applications are not associated with a decrease in applicants’ match quality but

the reaction increase in the distance between job seekers’ residence and plants’ location.

The impact of information on application translates to changes in matching between plants

and workers. I estimate a substantial increase in the number of hires in the growing plants

mentioned in media news. Moreover, my results indicate that job seekers living further away

represent a larger proportion of newly hired workers after media news. To a certain extend,

job seekers seem to search locally because they lack of information about the pay-off of

applying to distant plants. More information could favor search in broader geographic area

and increase geographic mobility. The counterpart of this effect is that media news appear
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to have negative externalities on local job seekers. Beyond the potential positive impact

on aggregate unemployment and match quality, providing additional information has a

distributional effect on the access to employment. More research is needed on the long-run

impact of heterogeneity in the access to employment to assess the welfare consequences of

this displacement.

Providing information is cheap therefore these results point toward possibilities of cost-

effective interventions. First, these interventions could consist in giving more accurate in-

formation on hiring needs corresponding to vacancies posted on search platforms. Albrecht

et al. (2017) explore several possibilities to reduce the prevalence of phantom vacancies on

private search platforms: giving firms incentives to remove vacancies once the job is filled

such as pay-per-click pricing or adding information such as an application deadline. They

also suggest giving firms the possibility to re-list their vacancies before the age limit is

reached. Finding ways to improve a platform’s design is even more relevant in the case of a

public platform such as the one from the French PES. Firms have even fewer incentives to

remove their vacancies once the job is filled as they pay a fixed administrative cost to create

of the vacancy and no cost after. A challenge would be to find a scheme with an optimal

trade-off between creating incentives for firms to remove filled vacancies and keeping the

cost of posting a vacancy on the platform low.

Second, interventions could also aim at providing more information about hiring needs

of plants independent of posted vacancies. In France, PES are currently testing an online

platform suggesting plants to job seekers to which they should send unsolicited applications

based on their skills and the predicted hiring needs of plants.18 An evaluation of this

intervention could offer valuable information.

Finally, my findings suggest that job seekers are also interested in jobs beyond the

scope of their normal search. If collecting information takes time, it might be optimal

for job seekers to restrict the scope of search using certain criteria even if there remains

match opportunities outside this scope. Refining available criteria could therefore generate

important improvements. Ultimately, algorithms predicting potential matches offer the

most flexible way to narrow down search and could therefore be used as a complement

to classic search. David Autor noted already in 2001: “Job boards can also take an active

role in matching: rather than waiting on workers or firms to find one another, software

can parse posted job listings and resumes to identify plausible matches and notify both

parties. Some matching algorithms also learn from workers’ behavior, noting the jobs for

which a particular worker applies and adapting their recommendations accordingly” (Autor

(2001)). The potential of this type of algorithm-based recommendation to job seekers has

been highlighted by Belot et al. (2017), while Horton (Forthcoming) has explored the

gains from giving such algorithm-based recommendations to firms looking for workers with

technical skills. But there remains up to now large room for research on the design of search

18http://www.pole-emploi.fr/actualites/la-bonne-boite-@/article.jspz?id=352397
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engines to improve matching on the labor market.
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8 Tables

8.1 Descriptive statistics:

Table 1: Vacancies posted on the PES search platform and hires in France in 2013

Vacancies Hires Ratio
(Thousand) (Thousand) (%)

Agriculture 8.28 26.40 31.40
Retail 168.32 487.56 34.50
Industry 95.14 241.12 39.50
Services 357.52 1692.45 21.10
Construction 43.03 286.67 15.00

Notes: Data come from the administrative declaration of hires (DPAE) and vacancies posted on
PES search platform. Vacancies included are all vacancies for a permanent contract filled in 2013.
Hires included are permanent contract in 2013. Both are from plants based in France, excluding
Corse and oversee territories.

Table 2: Selection of vacancies with applications

(1) (2)
All vacancies Vacancies with applications

Contract conditions
Hourly wage (euros) 11.959 11.876
Weekly hours (hours) 30.663 32.071
Contract longer than 6 months 53.955 58.496
Contract longer than 1-6 months 38.401 38.273
Contract shorter than 1 months 7.645 3.231

Required diploma
Superior education 14.607 18.548
High school level 6.449 12.201
Less than high school level 15.105 23.314

Required professional experience
Require some professional experience 63.361 68.264

Required skill
Blue collar, low skill 8.051 6.183
Blue collar, high skill 11.412 11.106
White collar, low skill 22.417 18.349
White collar, high skill 41.409 51.131
Management position 0.038 0.026

Nb observations 5,242,248 706,700
Proportion 88.121 11.879

Notes: This table presents the characteristics of vacancies posted on the French PES platform in 2014–2016
in plants from the study sample. Column (1) presents characteristics of all vacancies and column (2) presents
characteristics of vacancies for which we observe at least one online application.
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Table 3: Study sample of plants

Plants sample: All With vacancies With online applications

Weight by plant size: No weight Weight No weight Weight No weight Weight

(1) (2) (3) (4) (5) (6)
Size establishiment:
0-5 78.3 7.1 63.7 3.8 54.1 2.1
5-20 16.8 17.0 25.4 13.5 28.9 9.7
20-50 4.2 22.3 9.2 24.6 13.9 23.2
More than 50 2.0 65.4 4.8 71.6 8.1 78.3
Nb hires per year:
Less than 0.25 22.0 5.0 7.2 1.3 4.4 1.1
0.25–1 26.8 10.8 17.6 6.1 12.1 2.5
1–3 26.2 12.1 30.1 8.7 25.8 5.7
3–10 15.3 23.7 24.8 19.3 27.8 17.4
More than 10 9.7 48.4 20.2 64.6 30.0 73.3
Sector or activity:
Agriculture 1.5 0.4 1.2 0.3 1.1 0.3
Extractive ind 0.1 0.1 0.1 0.1 0.1 0.0
Manufacturing ind 6.9 13.5 9.3 15.1 9.9 14.8
Energy 0.1 0.5 0.1 0.5 0.1 0.5
Water 0.4 0.9 0.5 0.7 0.5 0.7
Construction 14.4 12.8 10.9 7.3 8.6 7.5
Car retail 21.5 14.2 20.5 11.7 20.4 10.6
Transport 3.3 4.4 3.1 4.3 3.2 4.0
Hostel 11.2 5.5 13.2 6.3 13.9 2.9
Information 2.6 3.5 2.1 3.7 1.5 3.4
Finance 3.1 3.8 1.9 3.6 1.8 3.4
House 2.2 0.9 1.7 0.9 1.6 0.9
Sciences 8.5 5.9 7.2 5.4 6.1 4.6
Administration 6.0 8.3 5.7 9.9 6.4 10.3
Public 1.6 7.6 2.9 10.3 3.4 12.7
Teaching 2.1 4.3 3.2 4.5 3.9 4.9
Health 4.7 10.0 6.3 12.7 9.3 16.0
Art 3.4 1.5 2.8 1.0 2.0 0.9
Services 6.1 1.8 7.2 1.7 6.3 1.4

Nb observations 2,047,169 20,788,280 666,088 13,632,913 242,622 8,196,692
Proportion 100.0 100.0 32.5 65.5 11.9 39.4

Notes: This table describes the characteristics of plants selected in my study sample, i.e., that have at least one vacancy
posted in 2014–2016. Comparing columns (1) and (2) with (3) and (4) allows to document the representativeness my study
sample. Columns (5) and (6) presents characteristics of plants for which I can detect online applications in 2014–2016 and
which will therefore be driving the results on the effect of media news on applications to mentioned plants.
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Table 4: Descriptive statistics about media news

Mean Standard deviation

Nb of jobs to be created 32.4 50.0
Size of plant 159.1 255.2
Nb of jobs relative to size of plant 3.0 14.6
Nb of media sources 1.5 0.6

Proportion (%)

National media 39.1
Events concerning the same plant

First event 94.6
Second event 4.4
Third event 0.8
Fourth event 0.2

Size plant
0-4 employees 12.5
5-19 employees 15.3
20-49 employees 20.4
50-99 employees 14.7
More 100 employees 37.1

Sector of plant
Transport 3.4
Scientific 9.2
Manufacturing 46.5
Information, communication 7.2
Hostel, restaurants 2.5
Health 5.1
Bank, insurance 2.5
Car retail 13.1
Clerical 4.3

Nb observations 612

Notes: This table presents the characteristics of the media news from my study sample. They were selected from the data
base collected by the private firm “Observatoire de l’Emploi et de l’investissement” based on the possibility to link them
at the plant level with administrative data bases of the French PES.
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Table 5: Descriptive statistics for 2010–2016

(1) (2) (3)
All plants Treated plants Matched control plants

Nb of hires per month 3.41 16.51 11.64
Nb of posted vacancies per month 0.26 2.44 1.16

Size: 0 employee 30.63 4.86 3.71
Size: 1 employees 15.59 3.13 3.62
Size: 1-5 employees 20.04 4.23 5.69
Size: 5-10 employees 16.04 11.44 11.16
Size: 10-20 employees 7.71 13.95 15.56
Size: 20-50 employees 5.58 16.61 16.93
Size: 50-100 employees 2.19 12.54 11.60
Size: >100 employees 2.21 33.23 31.73

Sector: administration 5.82 4.23 7.03
Sector: agriculture 3.76 0.63 1.22
Sector: art 2.91 1.72 1.29
Sector: car retail 19.98 13.32 14.79
Sector: construction 11.09 0.94 6.58
Sector: energy 0.09 0.31 0.30
Sector: extractive ind 0.05 0.00 0.07
Sector: finance 1.86 2.35 1.63
Sector: health 5.71 5.17 13.22
Sector: hostel 12.56 2.66 6.04
Sector: house 1.77 0.31 1.05
Sector: information 2.07 7.21 3.36
Sector: manufacturing ind 8.89 46.55 18.38
Sector: personal service 0.00 0.00 0.00
Sector: public 2.63 0.31 5.79
Sector: science 7.05 9.25 6.04
Sector: services 7.21 0.78 3.27
Sector: teaching 3.12 0.31 4.32
Sector: transport 2.98 3.13 4.69
Sector: water 0.45 0.78 0.95

Qualification: Blue collar, low skill 9.19 9.72 9.21
Qualification: Blue collar, high skill 13.92 14.73 13.98
Qualification: White collar, low skill 19.85 12.70 12.83
Qualification: White collar, high skill 47.35 34.01 35.03
Qualification: Managing position 9.69 28.84 28.95
NbObs (Thousands) 666.09 0.61 90.19

Notes: This table compares the characteristics of plants mentioned in media news with plants (column (1)) and from the
matched sample (column (3)). It should be noted that the statistics are computed in the period 2010–2016, and therefore
not only on the period used for the matching of treated and control plants.
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Table 6: Evolution of the number of vacancies around media news

Dep variable: Nb of posted vacancies Nb of posted vacancies
open for online applications

All Short-term Long-term All Short-term Long-term
contract contract contract contract

(1) (2) (3) (4) (5) (6)
Pre period -0.010 -0.017 0.007 -0.013 -0.008 -0.005

(0.052) (0.029) (0.041) (0.018) (0.012) (0.012)
Over 1 week -0.045 -0.027 -0.018 -0.023 -0.018 -0.005

(0.064) (0.032) (0.047) (0.026) (0.017) (0.014)
Over 1 month -0.044 -0.038 -0.006 -0.007 -0.017 0.010

(0.045) (0.028) (0.034) (0.019) (0.011) (0.015)
Time to event fixed effets Yes Yes Yes Yes Yes Yes
Plant fixed effects Yes Yes Yes Yes Yes Yes
No. of Obs. 4113750 4113750 4113750 4113750 4113750 4113750

Baseline 0.307 0.102 0.205 0.072 0.034 0.038
Relative effect: Over 1 week -14.685 -26.727 -8.720 -32.807 -53.670 -13.909
Relative effect: Over 1 month -14.403 -37.899 -2.765 -9.335 -49.023 26.615

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The data base is a panel at the
plant and week-to-news level. The sample corresponds to 15 weeks centered around the date of the news for treated and
control plants. The table displays the effect of media coverage on the number of vacancies posted by the mentioned plant
based on DiD regressions.
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8.2 Impact of media news on applications to mentioned firms

Table 7: Plant-level estimation of the effect of news on applications sent to mentioned firms

Dependent variable: Nb of applications sent to firms
Sample: All News about News about

News large hiring needs small hiring needs
(1) (2) (3)

Newsj,t−7 0.051 0.079 0.023
(0.110) (0.206) (0.080)

Newsj,t−6 -0.086 -0.100 -0.074
(0.075) (0.109) (0.103)

Newsj,t−5 -0.029 -0.095 0.034
(0.115) (0.202) (0.108)

Newsj,t−4 0.146 0.064 0.225
(0.134) (0.220) (0.152)

Newsj,t−3 -0.050 -0.158 0.057
(0.093) (0.173) (0.067)

Newsj,t−1 0.076 0.228 -0.075
(0.157) (0.306) (0.066)

Newsj,t 0.336* 0.650* 0.025
(0.180) (0.346) (0.098)

Newsj,t+1 0.224* 0.348* 0.108
(0.118) (0.192) (0.137)

Newsj,t+2 0.148 0.214 0.090
(0.123) (0.190) (0.156)

Newsj,t+3 0.350* 0.591 0.113
(0.194) (0.366) (0.127)

Newsj,t+4 0.127 0.229 0.031
(0.147) (0.275) (0.105)

Newsj,t+5 0.042 0.016 0.076
(0.139) (0.248) (0.126)

Newsj,t+6 0.098 0.151 0.053
(0.147) (0.266) (0.127)

Newsj,t+7 -0.030 -0.050 -0.001
(0.136) (0.246) (0.116)

Nb observations 4113750 1527075 2586675
Nb events 612 306 306
Pre period 0.001 -0.038 0.037

(0.087) (0.154) (0.079)
Over 1 week 0.336* 0.646* 0.027

(0.180) (0.345) (0.099)
Over 1 month 0.264** 0.457** 0.076

(0.114) (0.203) (0.101)
Baseline level of outcome 0.453 0.632 0.272
Relative effect: Over 1 week 0.742* 1.022* 0.098
Relative effect: Over 1 month 0.584** 0.723** 0.280

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The data base is a panel at the
plant and week-to-news level. The sample corresponds to 15 weeks centered around the date of the news for treated and
control plants. The table displays the effect of media coverage on the number of applications sent to the mentioned plant
based on DiD regressions. The pre-event presents the average of coefficients corresponding to the months prior to k − 2
and should not be significant if the parallel trend assumption is verified. I present separately the immediate effect the week
of the news, β0, and the effect in the following month corresponding to the average of coefficients β0 to β3. The bottom
part of the table presents the relative effect when comparing absolute effects to the baseline level of the outcome. I take
as a baseline the average of the outcome variable during the periods prior to k − 2 in the treated group.
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8.2.1 Robustness

Table 8: Plant-level estimation of the effect of news on applications sent to mentioned firms

Model: Linear model Exponential model

Sample: All News about News about All News about News about
News large hiring small hiring News large hiring small hiring

needs needs needs needs

(1) (2) (3) (4) (5) (6)
Pre period 0.001 -0.038 0.037 -0.013 -0.083 0.107

(0.087) (0.154) (0.079) (0.187) (0.235) (0.352)
Over 1 week 0.336* 0.646* 0.027 0.542*** 0.706*** 0.062

(0.180) (0.345) (0.099) (0.193) (0.204) (0.371)
Over 1 month 0.264** 0.457** 0.076 0.427*** 0.562*** 0.182

(0.114) (0.203) (0.101) (0.148) (0.148) (0.357)
Time to event FE Yes Yes Yes Yes Yes Yes
Plant FE Yes Yes Yes Yes Yes Yes

Nb observations 4113750 1527075 2586675 4113750 1527075 2586675
Nb events 612 306 306 612 306 306

Baseline level of outcome 0.453 0.632 0.272 0.453 0.632 0.272
Relative effect: Over 1 week 0.742* 1.022* 0.098 0.719** 1.025** 0.064
Relative effect: Over 1 month 0.584** 0.723** 0.280 0.544** 0.774*** 0.204

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The data base is a panel at
the plant and week-to-news level. The sample corresponds to 15 weeks centered around the date of the news for
treated and control plants. The table displays the effect of media coverage on the number of applications sent to
the mentioned plant based on DiD regressions. The pre-event presents the average of coefficients corresponding
to the months prior to k − 2 and should not be significant if the parallel trend assumption is verified. I present
separately the immediate effect the week of the news and the effect in the following month (from k to k + 3).
In columns (1) to (3), I present the coefficients estimated in a linear model. In the upper part, I present the
standard coefficients which represent an absolute increase in the outcome. The bottom part of the table presents
the ratio of the absolute effects to the baseline level of the outcome, corresponding to the relative effect. In
columns (4) to (6), I present the coefficients estimated in the Poisson model. In the upper part, I present
the standard coefficients assimilable to semi-elasticities. In the bottom part, I present the transformation of
coefficients exp(β) − 1 in order to interpret the point estimates as the relative effect on the outcome. SEs are
computed using the delta method and the confidence intervals correspond to the transformed endpoints of the
confidence intervals in the natural parameter space.
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Table 9: Heterogeneity of the impact of media news on the number of applications, estimated in
a Poisson model

Heterogeneity in terms of news’ diffusions

Sample of events: Diffusion Number of sources

National Local Several One
(1) (2) (3) (4)

Pre event 0.338 -0.034 0.264* -0.138
(0.076) (0.005) (0.035) (0.033)

Effect over 1 week 1.308*** 0.545** 0.975*** 0.415
(0.421) (0.108) (0.221) (0.133)

Effect over 1 month 0.908*** 0.442** 0.790*** 0.312
(0.219) (0.073) (0.132) (0.082)

No. of Observations 1854435 2259315 2157510 1956240
No. of News events 240 372 290 322

Heterogeneity in terms of LM conditions

Sample of events: LM tightness Support from PES

Low High High Low
(5) (6) (7) (8)

Pre event -0.027 0.144 0.013 0.145
(0.004) (0.031) (0.002) (0.037)

Effect over 1 week 0.953*** 0.286* 1.063*** 0.240
(0.235) (0.043) (0.246) (0.059)

Effect over 1 month 0.652*** 0.382 0.707*** 0.449
(0.120) (0.088) (0.127) (0.118)

No. of Observations 1611450 2502300 1723710 2390040
No. of News events 291 321 318 294

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The data
base is a panel at the plant and week-to-news level. The sample corresponds to 15 weeks centered
around the date of the news for treated and control plants. I estimate a Poisson model, and
present in the table exp(β)− 1 in order to interpret the coefficients as the relative impact on the
outcome. For example, column (1) indicates national news cause an increase in the number of
applications by 90.8% in the following month. SEs are computed using the delta method and the
confidence intervals correspond to the transformed endpoints of the confidence intervals in the
natural parameter space.
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8.3 The impact of news on the composition of applicants

8.3.1 The geographic dimension

Table 10: Application-level estimation of the impact of news on the composition of applicants

Dep variable: Applicant-plant Applicants lives in a different (dummy):
Distance

City Commuting zone Departement

(1) (2) (3) (4) (5) (6) (7) (8)
After∗Treated 29.271*** 32.749*** 0.005 0.008 0.036 0.046* 0.086** 0.098***

(11.348) (11.126) (0.014) (0.015) (0.027) (0.028) (0.035) (0.034)
After 0.350 0.615 -0.005 -0.005 -0.003 -0.003 -0.009* -0.009*

(1.725) (1.727) (0.003) (0.003) (0.005) (0.005) (0.005) (0.005)
Treated 9.308 0.668 0.039 0.028 0.112* 0.085 0.060 0.034

(7.371) (6.341) (0.028) (0.025) (0.057) (0.052) (0.043) (0.037)
Job offer X No Yes No Yes No Yes No Yes
Event FE Yes Yes Yes Yes Yes Yes Yes Yes
No. of Obs. 274773 274773 306915 306915 306915 306915 306915 306915

Baseline level 76.435 76.435 0.885 0.885 0.583 0.583 0.377 0.377
Relative effect 0.383*** 0.428*** 0.005 0.009 0.061 0.080* 0.228** 0.261***

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. This table gives the
coefficient estimated in a DiD at the application-level. The sample corresponds to applications sent to treated
and control plants in the 15 weeks around the news. Each observation corresponds to one application and is
characterized by the period in which it was sent (before/after the news) and the plant to which it was sent
(treated/control plant). The model includes event fixed effect. The outcome variable is a variable describing the
characteristics of applicants. When it is a dummy variable, the coefficients corresponding to AfterNews∗Treated
can be interpreted as the effect of the news on the probability that an applicant has this characteristic; it
when is a continuous variable, the coefficients can be interpreted as the effect of the news on the level of this
characteristic among applicant. These coefficient therefore correspond to the estimated impact of news on the
composition of applicants to the mentioned plant.
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8.3.2 Other dimensions

Table 11: Application-level estimation of the impact of news on the composition of applicants

Dep variable: Applicant has a specific characteristic
Female Low skill Blue collar Low education

(1) (2) (3) (4) (5) (6) (7) (8)
Effect -0.009 -0.006 0.048** 0.035* 0.009 0.000 0.076*** 0.054***

(0.021) (0.020) (0.019) (0.018) (0.024) (0.006) (0.024) (0.018)
Job offer X No Yes No Yes No Yes No Yes
No. of Obs. 306915 306915 306915 306915 306915 274773 306915 306915

Baseline level 0.541 0.541 0.204 0.204 0.209 0.209 0.311 0.311
Relative effect -0.016 -0.011 0.233** 0.172* 0.045 0.001 0.244*** 0.173***

Low Age < 25 High desired U spell > 2 years
experience wage

(9) (10) (11) (12) (13) (14) (15) (16)
Effect -0.021 -0.023 0.043** 0.041** -0.019 0.000 0.037*** 0.031***

(0.016) (0.015) (0.019) (0.020) (0.031) (0.034) (0.010) (0.009)
Job offer X No Yes No Yes No Yes No Yes
No. of Obs. 306915 306915 306915 306915 306915 306915 306915 306915

Baseline level 0.375 0.375 0.283 0.283 0.595 0.595 0.166 0.166
Relative effect -0.057 -0.062 0.152** 0.144** -0.031 0.001 0.223*** 0.190***

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. This table gives the
coefficient estimated in a DiD at the application-level. The sample corresponds to applications sent to treated
and control plants in the 15 weeks around the news. Each observation corresponds to one application and is
characterized by the period in which it was sent (before/after the news) and the plant to which it was sent
(treated/control plant). The model includes event fixed effect. The outcome variable is a variable describing the
characteristics of applicants. When it is a dummy variable, the coefficients corresponding to AfterNews∗Treated
can be interpreted as the effect of the news on the probability that an applicant has this characteristic; it
when is a continuous variable, the coefficients can be interpreted as the effect of the news on the level of this
characteristic among applicant. These coefficient therefore correspond to the estimated impact of news on the
composition of applicants to the mentioned plant.
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8.3.3 Characteristics of compliers

Table 12: Characteristics of compliers

Characteristics of applications Mean composition Estimated composition Ratio
to treated plant Before news After news for compliers 100∗AT/compliers

(Always Takers) (AT + compliers)
(1) (2) (3) (4)

Education level
Low diploma 0.311 0.392 0.542 174.428

(0.013) (0.010) (0.096)
Bac level 0.287 0.280 0.281 98.012

(0.013) (0.009) (0.045)
Higher Bac 0.392 0.321 0.172 43.886

(0.014) (0.010) (0.094)
Unemployment history
U spell : Less 6months 0.447 0.433 0.430 96.249

(0.014) (0.010) (0.062)
U spell : 6-24 months 0.388 0.357 0.271 69.908

(0.014) (0.010) (0.064)
U spell : more 24 months 0.166 0.209 0.299 180.465

(0.010) (0.008) (0.051)
Distance
Distance 76.435 112.066 216.132 282.764

(4.010) (4.045) (68.890)
Different city 0.885 0.902 0.992 112.111

(0.009) (0.006) (0.042)
Different commuting zone 0.583 0.630 0.835 143.332

(0.014) (0.010) (0.117)
Different departement 0.377 0.478 0.773 205.137

(0.014) (0.010) (0.164)
Demographic
Male 0.459 0.486 0.567 123.516

(0.014) (0.010) (0.060)
Age : 25–35 0.283 0.325 0.441 155.625

(0.013) (0.010) (0.081)
Age : 35–45 0.362 0.354 0.332 91.682

(0.013) (0.010) (0.044)
Age : 45–55 0.207 0.184 0.131 63.089

(0.011) (0.008) (0.042)
Age : over 55 0.148 0.137 0.097 65.466

(0.010) (0.007) (0.041)
Estimated match quality
Low quality 0.480 0.472 0.453 94.396

(0.014) (0.010) (0.076)
High quality 0.520 0.528 0.547 105.176

(0.014) (0.010) (0.076)

Notes: This table presents descriptive statistics for applications to treated plants in column (1) and (2).
Column (3) presents the characteristics of compliers recovered via the IV method from Abadie (2003): I use the
period after the news (After) as an instrument for directing the applications to the mentioned firm (Treated).
This method relies on the hypothesis that the number of defiers is negligible, which means that there should
not be job seekers who react to the news by applying less to the mentioned firm.

48



8.3.4 Robustness

Table 13: Plant-level estimation of the heterogeneous effect of news on applications sent to mentioned firms
using a Poisson count model

Dependent variable: Nb of applications of job seekers living ... relatively to the plant
= city 6= city = commut. z. 6= commut. z. = departement 6= departement

Pre period -0.168 0.093 -0.027 0.132 0.012 0.141
(0.034) (0.012) (0.004) (0.017) (0.002) (0.026)

Over 1 week 0.311 0.785*** 0.524** 0.904*** 0.508** 1.135***
(0.064) (0.162) (0.102) (0.221) (0.105) (0.268)

Over 1 month 0.129 0.613*** 0.310* 0.761*** 0.297 1.034***
(0.020) (0.094) (0.048) (0.121) (0.049) (0.220)

No. of Obs. 4113750 4113750 4113750 4113750 4113750 4113750

Dependent variable: Nb of applications of job seekers
with education level: with unemployment spell:

< Bac Bac > Bac <6 months 6–24 months >24 months

Pre period 0.023 0.104 0.041 -0.049 0.077 0.382*
(0.003) (0.020) (0.006) (0.007) (0.013) (0.074)

Over 1 week 0.932*** 0.798*** 0.451 0.563** 0.594** 1.647***
(0.218) (0.151) (0.104) (0.115) (0.129) (0.538)

Over 1 month 0.858*** 0.490** 0.301 0.326* 0.486** 1.502***
(0.147) (0.085) (0.056) (0.055) (0.085) (0.345)

No. of Obs. 4113750 4113750 4113750 4113750 4113750 4113750

Notes: SE clustered at the departement level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The data base
is a panel at the plant and week-to-news level. The sample corresponds to 15 weeks centered around the date
of the news for treated and control plants. I estimate a Poisson model, and present in the table exp(β) − 1 in
order to interpret the coefficients as the relative impact on the outcome. SEs are computed using the delta
method and the confidence intervals correspond to the transformed endpoints of the confidence intervals in the
natural parameter space.

49



8.4 Impact of news on hiring in mentioned plants

8.4.1 Impact of news on the predicted match quality of applicants

Table 14: Impact of news on the predicted match quality of applicants

Dep variable: Predicted Application’s predicted quality is (dummy)
match quality Very low Low High Very high

(1) (2) (3) (4) (5)
AfterNews∗Treated 0.370 -0.041** 0.023 0.008 0.010

(0.349) (0.020) (0.021) (0.018) (0.020)
AfterNews 0.044 -0.002 -0.002 0.002 0.002

(0.059) (0.003) (0.002) (0.002) (0.004)
TreatedPlant -0.241 0.007 -0.009 0.010 -0.008

(0.307) (0.023) (0.016) (0.017) (0.016)

Event FE Yes Yes Yes Yes Yes
No. of Obs. 306915 306915 306915 306915 306915

Baseline level 17.772 0.254 0.226 0.259 0.261
Relative effect 2.079 -15.989** 10.023 3.153 3.718

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. This table gives the
coefficient estimated in a DiD at the application-level. The sample corresponds to applications sent to treated
and control plants in the 15 weeks around the news. Each observation corresponds to one application and is
characterized by the period in which it was sent (before/after the news) and the plant to which it was sent
(treated/control plant). The model includes event fixed effect. The outcome variable is a variable describing the
characteristics of applicants. When it is a dummy variable, the coefficients corresponding to AfterNews∗Treated
can be interpreted as the effect of the news on the probability that an applicant has this characteristic; it
when is a continuous variable, the coefficients can be interpreted as the effect of the news on the level of this
characteristic among applicant. These coefficient therefore correspond to the estimated impact of news on the
composition of applicants to the mentioned plant.
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8.4.2 Alternative measure

Table 15: Application-level estimation of the impact of news on the adequacy between applicants and
job ads

Dep variable: Applicant corresponds to the job ad in a specific dimension (dummy)
Occupation type

Skill level Education level (1 digit) (3 digits) (5 digits) Experience
Equal Superior Equal Superior Equal Equal Equal Equal

(1) (2) (3) (4) (5) (6) (7) (8)
After News∗Treated 0.002 -0.012 -0.039 0.027 -0.003 -0.014 -0.004 0.012

(0.026) (0.026) (0.029) (0.020) (0.026) (0.030) (0.022) (0.037)
AfterNews -0.003 -0.002 -0.000 -0.000 0.005 0.004 0.004 0.004

(0.004) (0.004) (0.005) (0.004) (0.004) (0.004) (0.003) (0.007)
TreatedPlant 0.051** -0.005 0.078*** -0.060*** 0.018 0.003 0.020 0.133***

(0.024) (0.021) (0.027) (0.013) (0.020) (0.024) (0.020) (0.044)

Event FE Yes Yes Yes Yes Yes Yes Yes Yes
No. of Obs. 306915 306915 306915 306915 306915 306915 306915 306915

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. This table gives the
coefficient estimated in a DiD at the application-level. The sample corresponds to applications sent to treated
and control plants in the 15 weeks around the news. Each observation corresponds to one application and is
characterized by the period in which it was sent (before/after the news) and the plant to which it was sent
(treated/control plant). The model includes event fixed effect. The outcome variable is a variable describing the
characteristics of applicants. When it is a dummy variable, the coefficients corresponding to AfterNews∗Treated
can be interpreted as the effect of the news on the probability that an applicant has this characteristic; it
when is a continuous variable, the coefficients can be interpreted as the effect of the news on the level of this
characteristic among applicant. These coefficient therefore correspond to the estimated impact of news on the
composition of applicants to the mentioned plant.
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8.4.3 Impact of media news on the number of hires

Table 16: Impact of news on the number of successful applications

Dependent variable: Number of successful applications
Model: Linear model Exponential model

Sample: All News about News about All News about News about
News large hiring small hiring News large hiring small hiring

needs needs needs needs

(1) (2) (3) (4) (5) (6)
Pre period -0.000 -0.002 0.002 0.286 0.273 0.422

(0.006) (0.008) (0.008) (0.229) (0.189) (0.822)
Over 1 week 0.025* 0.054** -0.005 0.808** 0.999*** -0.915

(0.014) (0.027) (0.007) (0.374) (0.368) (1.296)
Over 1 month 0.010* 0.022* -0.001 0.236 0.408** -0.462

(0.006) (0.011) (0.002) (0.185) (0.192) (0.682)
Nb of observations 4113750 1529085 2584665 4113750 1529085 2584665
Nb of events 612 306 306 612 306 306

Baseline level of outcome 0.022 0.032 0.011 0.022 0.032 0.011
Rel. effect: Over 1 week 1.125* 1.677** -0.428 1.243** 1.717*** -0.599
Rel. effect: Over 1 month 0.472* 0.671* -0.078 0.266 0.505** -0.370

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The data base is a panel at
the plant and week-to-news level. The sample corresponds to 15 weeks centered around the date of the news for
treated and control plants. The table displays the effect of media coverage on the number of applications sent to
the mentioned plant based on DiD regressions. The pre-event presents the average of coefficients corresponding
to the months prior to k − 2 and should not be significant if the parallel trend assumption is verified. I present
separately the immediate effect the week of the news and the effect in the following month (from k to k + 3).
In columns (1) to (3), I present the coefficients estimated in a linear model. In the upper part, I present the
standard coefficients which represent an absolute increase in the outcome. The bottom part of the table presents
the ratio of the absolute effects to the baseline level of the outcome, corresponding to the relative effect. In
columns (4) to (6), I present the coefficients estimated in the Poisson model. In the upper part, I present
the standard coefficients assimilable to semi-elasticities. In the bottom part, I present the transformation of
coefficients exp(β) − 1 in order to interpret the point estimates as the relative effect on the outcome. SEs are
computed using the delta method and the confidence intervals correspond to the transformed endpoints of the
confidence intervals in the natural parameter space.
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8.5 Evolution of the composition of hired applicants

8.5.1 The geographic dimension

Table 17: Application-level estimation of the impact of news on the composition of hired applicants

Dependent variable: Applicant-plant Applicant does not live in plant’s geographic unit:
distance Departement CZ City

(1) (2) (3) (4)
AfterNews∗TreatedPlant 50.286** 0.126 0.083 0.118

(20.841) (0.078) (0.079) (0.073)
AfterNews 5.949* 0.013 0.008 0.004

(3.382) (0.012) (0.016) (0.011)
TreatedPlant -6.220 -0.019 -0.050 -0.027

(13.865) (0.048) (0.068) (0.073)
Event FE Yes Yes Yes Yes
No. of Obs. 6592 7306 7306 7306

Baseline level 36.125 0.141 0.281 0.750
Relative effect 139.201** 89.716 29.443 15.762

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. This table gives the
coefficient estimated in a DiD at the application-level. The sample corresponds to successful applications—
applications of workers who will get hired in the plant—sent to treated and control plants in the 15 weeks
around the news. Each observation corresponds to one application and is characterized by the period in which
it was sent (before/after the news) and the plant to which it was sent (treated/control plant). The model
includes event fixed effect. The outcome variable is a variable describing the characteristics of applicants.
When it is a dummy variable, the coefficients corresponding to AfterNews∗Treated can be interpreted as the
effect of the news on the probability that an applicant has this characteristic; it when is a continuous variable,
the coefficients can be interpreted as the effect of the news on the level of this characteristic among applicant.
These coefficient therefore correspond to the estimated impact of news on the composition of applicants to the
mentioned plant.
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8.5.2 Other dimensions

Table 18: Application-level estimation of the impact of news on the composition of hired applicants

Dep variable: Hired applicant has a specific characteristic:
Female Low Low Low Age U spell

skill diploma experience <25 >2 years

(1) (2) (3) (4) (5) (6)
After∗Treated 0.087 -0.047 -0.008 0.071 0.186** 0.044

(0.073) (0.075) (0.069) (0.051) (0.073) (0.053)
Event FE Yes Yes Yes Yes Yes Yes
No. of Obs. 7306 7306 7306 7306 7306 7306

Baseline level 0.656 0.297 0.344 0.516 0.312 0.125
Relative effect 13.297 -15.848 -2.236 13.853 59.501** 35.516

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. This table gives the
coefficient estimated in a DiD at the application-level. The sample corresponds to successful applications—
applications of workers who will get hired in the plant—sent to treated and control plants in the 15 weeks
around the news. Each observation corresponds to one application and is characterized by the period in which
it was sent (before/after the news) and the plant to which it was sent (treated/control plant). The model
includes event fixed effect. The outcome variable is a variable describing the characteristics of applicants.
When it is a dummy variable, the coefficients corresponding to AfterNews∗Treated can be interpreted as the
effect of the news on the probability that an applicant has this characteristic; it when is a continuous variable,
the coefficients can be interpreted as the effect of the news on the level of this characteristic among applicant.
These coefficient therefore correspond to the estimated impact of news on the composition of applicants to the
mentioned plant.
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8.6 Evolution of the hiring rate in mentioned plants

Table 19: Impact of news on hiring rate for different subgroup of job seekers

Dependent variable: Applicant is hired (dummy)

Sample: All news News about News about
large hiring needs small hiring needs

(1) (2) (3) (4) (5) (6)
After∗Treated -0.007 -0.008 -0.009 -0.009 -0.007 -0.008

(0.007) (0.007) (0.009) (0.009) (0.013) (0.013)
AfterNews -0.001 -0.001 -0.000 -0.000 -0.001 -0.001

(0.001) (0.001) (0.001) (0.001) (0.001) (0.001)
TreatedPlant 0.023*** 0.024*** 0.026*** 0.027*** 0.015 0.015

(0.007) (0.008) (0.008) (0.009) (0.017) (0.018)
Job seekers characteristics No Yes No Yes No Yes
No. of Obs. 306915 306915 159145 159145 147770 147770

Baseline level 0.050 0.050 0.050 0.050 0.050 0.050
Relative effect -14.840 -15.748 -17.415 -18.443 -14.976 -15.293

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. This
table gives the coefficient estimated in a DiD at the application-level. The sample corresponds
to applications sent to treated and control plants in the 15 weeks around the news. Each
observation corresponds to one application and is characterized by the period in which it
was sent (before/after the news) and the plant to which it was sent (treated/control plant).
The model includes event fixed effect. The outcome variable is an indicator of application’s
success—applications of workers who will get hired in the plant. The coefficients After∗Treated
therefore correspond to the estimated impact of news on the probability of being hired for
applicants.
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Table 20: Impact of news on hiring rate for different subgroups of job seekers

Dependent variable: Applicant is hired (dummy)

Sample: All Applicants living relatively to the plant:
Applicants same city same CZ same departement

(1) (2) (3) (4)
AfterNews∗TreatedPlant -0.007 -0.072** -0.021 -0.013

(0.007) (0.034) (0.016) (0.011)
AfterNews -0.001 -0.002 -0.002 -0.002*

(0.001) (0.002) (0.001) (0.001)
TreatedPlant 0.023*** 0.096*** 0.060*** 0.039***

(0.007) (0.032) (0.014) (0.010)
Job seeker X Yes Yes Yes Yes
Event FE Yes Yes Yes Yes
No. of Obs. 306915 41511 155975 198424

P-value test: = (1) 0.033 0.149 0.131

Baseline level 0.050 0.108 0.086 0.069
Relative effect -14.840 -66.537** -24.437 -18.425

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.This
table gives the coefficient estimated in a DiD at the application-level. The sample corresponds
to applications sent to treated and control plants in the 15 weeks around the news. Each
observation corresponds to one application and is characterized by the period in which it
was sent (before/after the news) and the plant to which it was sent (treated/control plant).
The model includes event fixed effect. The outcome variable is an indicator of application’s
success—applications of workers who will get hired in the plant. The coefficients After∗Treated
therefore correspond to the estimated impact of news on the probability of being hired for
applicants.
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9 Figures

9.1 Descriptive statistics about plants’ recruiting activities on
French PES search platform

Figure 1: Distribution of hires-to-vacancy
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Notes: This figure presents the proportion of posted vacancies open to online applications, and the number of
online applications for different categories of plants in 2015. I include all plants that have made at least one
hire (tracked in the DPAE data base) in 2012–2016 and which have posted at least one active vacancy open
to online applications in 2015. I include all vacancies corresponding to contract of more than 6 months in all
sectors except agriculture. The hires-to-vacancy ratio is measured by counting, for each vacancy that have been
active in 2015, the number of individuals who have applied to the vacancy and have been hired in the plant in
the 6 following months. This gives a measure of how much the plant needs to hire online applicants for each
vacancy. However, it might be a downward biased measure of the overall hiring needs as it does not include
individuals who might be hired for the same position without applying on this search platform.
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Figure 2: Hires-to-vacancy ratio and plants’ characteristics
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Notes: These figures present the average hires-to-vacancy ratio for plants with different characteristics a given
year. Hires and vacancies are the number of all hires and all vacancies made by the plant over one year. The
hires-to-vacancy ratio is measured by counting, for each vacancy, the number of individuals who have applied
to the vacancy and have been hired in the plant in the 6 following months. See Table 1 for details concerning
the data sample.
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9.2 Descriptive statistics about the allocation of search across
plants with various hiring needs

Figure 3: Applicants per vacancy for plants with various hires-to-vacancy
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Notes: This figure shows the average number of applicants per vacancy in plants with different hires-to-vacancy
levels. The dark bars represent the actual number of applicants per vacancy. The light grey bars represent the
benchmark number of applicants per vacancy that would equalize the hiring rate of applicants across plants.
See Table 1 for details concerning the data sample.

Figure 4: Distribution of hiring rate of applicants
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Notes: This figure presents the proportion of posted vacancies open to online applications, and the number of
online applications for plants with different hiring rate of applicants. See Table 1 for details concerning the data
sample.
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9.3 Descriptive statistics about the geography of job search

Figure 5: Distribution of distance in online applications
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Notes: This figure presents the distribution of distance between applicant’s city of residence and the city of the
plant where they apply. The sample contains all online applications made during 2014 and contains 3 millions
observations. Panel (1) shows the distribution of distance between the cities centers as the crow flies. In panel
(2), I present the proportion of applications taking place within various geographic units.

9.4 Media news reporting plants’ expansion plans

Figure 6: Example of news

Notes: These are examples of news included in my data base.
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9.5 Descriptive statistics about the events reported in the news

Figure 7: Differences in recruiting activities across plants
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Notes: These figures present the average number of hires (panel (1)) and posted vacancies (panel (2)) in all
plants and in plants mentioned in media news during the year of the news, controlling for the plants’ size, sector,
location and for year fixed effect. The vertical lines denote 95% confidence intervals.

Figure 8: Within plant evolution of posted vacancies around the news

Notes: The figures present the long-term evolution of posted vacancies in plants mentioned by news outlets.
The time dimension correspond to quarter relative to the quarter of media news. The first period is taken as a
reference, it corresponds to 12 quarters before media news. The vertical dashed line denote the 15 weeks time
window in which I focus to estimate the impact of media news. I include all news from 2014–2015 (and therefore
leave out news from 2016) in order to observe the year posterior to media news. The vertical lines denote 90%
confidence intervals based on standard errors clustered at the plant level.
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9.6 Test of the identifying assumption

Figure 9: Evolution of the number of posted vacancies around media news
ALL VACANCIES VACANCIES FOR ONLINE APPLICATIONS

All contracts

Short-term contracts

Long-term contracts

Notes: These figures display time-to-event fixed effects for treated and control plants separately. The model
includes plant fixed effects, is fully saturated and period k = −2 is normalized to 0. Each coefficient represents
the difference between the level of the outcome variable each week around the event and in the reference period
k = −2 within the treated or the control group. The vertical lines denote 90% confidence intervals based on
standard errors clustered at the plant level.
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9.7 Impact of media news on applications to mentioned plants

Figure 10: Impact of media news on the number of applications sent to mentioned plants
(1) (2)

Notes: On the left hand-side, igures display time-to-event fixed effects for treated and control plants separately. The
model includes plant fixed effects, is fully saturated and period k = −2 is normalized to 0. Each coefficient represents the
difference between the level of the outcome variable each week around the event and in the reference period k = −2 within
the treated or the control group. On the right hand-side, figures show the difference in the coefficients of time relative to
the event Dk

t for the treated and the control group. Each coefficient of the graph represents the gap between the outcome
in treated and control plants in each period relative the outcome in the reference period k − 2. The vertical lines denote
90% confidence intervals based on standard errors clustered at the plant level.

Figure 11: Impact of media news on the number of applications sent to mentioned plants, for news
reporting large and small hiring needs

News reporting large hiring needs: News reporting small hiring needs:

Notes: These figures display time-to-event fixed effects for treated and control plants separately. The model includes plant
fixed effects, is fully saturated and period k = −2 is normalized to 0. Each coefficient represents the difference between
the level of the outcome variable each week around the event and in the reference period k = −2 within the treated or the
control group. The vertical lines denote 90% confidence intervals based on standard errors clustered at the plant level.
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Figure 12: Impact on news on the geographic composition of applicants

Mean distance between applicants and plants (km)

50
10

0
15

0
20

0

-7
-6

-5
-4

-3
-2

-1
0

+1
+2

+3
+4

+5
+6

+7

Weeks around event

Treated firms Placebo firms

Notes: This figure represent the evolution of the geographic composition of applicants around media news in
treated and control plants. Each coefficients corresponds to the average outcome k weeks before/after the week
of the news. The vertical line denotes the period of media news. The outcome variable is the distance between
applicants and plants.
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Appendices

A Dispersion in hires-to-vacancy ratio when control-

ling for mismatch

Plants might be unable to hire because no job seeker meets the requirements for a job. This

could be an important driver in the dispersion in hires-per-vacancy, as the literature has

shown that mismatch between job seekers and vacancies is sizeable. Sahin et al. (2014) show

that sectoral mismatch is responsible for up to one third of the rise of the unemployment

rate in the U.S. during the Great Recession. Following Sahin et al. (2014), I investigate

the role of education, occupations, sector and geography. Table A.1 analyzes how much

of the variance in hire-per-vacancy is explained by characteristics of vacancies in these

dimensions. Each observation corresponds to one vacancy and the outcome variable is the

number of associated hires. In column (1), I present coefficients obtained in the regression

of the number of hires on variables measuring skills required in vacancies (in 6 categories).

As expected in a mismatch framework, vacancies corresponding to higher skills have a lower

hire-per-applicant ratio. It seems that it is more difficult for employers to fill vacancies for

jobs that are more skill-intensive. In Column (2), I also control for requirements in terms of

education level. Estimates suggests that jobs requiring a diploma from superior education

are also more difficult to fill than jobs with no education requirement. In columns (3) to (8),

I successively add controls capturing other dimensions of vacancies’ heterogeneity: sector,

occupation at 1 digit, occupation at 3 digit, the departement in which the plant is located

(equivalent to county) and the city. Finally, I also include the remaining observable char-

acteristics corresponding to the posted wage, the professional experience and the type of

contract. Overall, this table suggests that some degree of sectoral and geographic mismatch

might affect the job filling rate for firms in France. Skills, sectors and location contribute to

explain a larger share of the variance in hires-to-vacancy than other dimensions. However,

all of these controls together explain 5% of variation in hires-per-vacancy ratio. Naturally,

mismatch is imperfectly captured by controlling on observables, and it might be necessary

to test more flexible specifications with interactions of various dimensions. However, the

results suggest that mismatch does not explain a large part of the dispersion we observe

in the hires-per-applicant ratio.
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Table A.1: Dispersion in hires-to-vacancy ratio when controlling for mismatch

Dep. variable Number of hires

Controlling for mismatch in terms of
Skill Skill Skill Skill Skill Skill Skill Skill

Educ. Educ. Educ. Educ. Educ. Educ. Educ.
Sector Sector Sector Sector Sector Sector

Occup. Occup. Occup. Occup. Occup.
Location Location Location

(1) (2) (3) (4) (5) (6) (7 ) (8)

Skill required (default: blue collar, low skill)
Blue col, high skill -0.033*** -0.032*** -0.028*** -0.026*** -0.021*** -0.021*** -0.019*** -0.012**

(0.006) (0.004) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
White col, low skill 0.064*** 0.063*** 0.047*** 0.034*** 0.026*** 0.025*** 0.027*** 0.023***

(0.007) (0.004) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
White col, high skill 0.014** 0.022*** 0.006 -0.006 -0.008* -0.005 -0.003 0.004

(0.006) (0.004) (0.004) (0.004) (0.004) (0.004) (0.005) (0.004)
Intermediary -0.084*** -0.053*** -0.064*** -0.066*** -0.056*** -0.055*** -0.053*** -0.043***

(0.006) (0.004) (0.005) (0.005) (0.005) (0.005) (0.005) (0.005)
Management -0.147*** -0.106*** -0.126*** -0.139*** -0.111*** -0.101*** -0.100*** -0.091***

(0.006) (0.005) (0.006) (0.006) (0.007) (0.007) (0.007) (0.007)
Diploma required (default: Less HS)
Technical HS 0.005** 0.010*** 0.014*** 0.022*** 0.018*** 0.017*** 0.022***

(0.002) (0.002) (0.002) (0.002) (0.002) (0.003) (0.002)
General HS 0.001 -0.004 -0.003 -0.001 -0.005* -0.006** -0.003

(0.002) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
Higher education -0.047*** -0.053*** -0.056*** -0.043*** -0.046*** -0.046*** -0.041***

(0.002) (0.003) (0.003) (0.003) (0.003) (0.003) (0.003)
Other characteristics of job ad
Nb unfilled positions 0.057***

(0.001)
Requires experience 0.002

(0.002)
Permanent contract -0.038***

(0.002)
Wage> min w -0.008***

(0.002)

Calendar month Yes Yes Yes Yes Yes Yes Yes Yes
Sector No No Yes Yes Yes Yes Yes Yes
Occupation 1digit No No No Yes Yes Yes Yes Yes
Occupation 3 digit No No No No Yes Yes Yes Yes
Departement No No No No No Yes Yes Yes
City No No No No No No Yes Yes
Nb. of Obs. 472043 472043 430229 430229 430228 430228 426469 430228

Adj. R-Square 0.014 0.014 0.028 0.029 0.033 0.038 0.050 0.054

Notes: This table presents coefficients estimated in the regression of the number of hire associated with each vacancy on
characteristics of vacancies. The unit of observation is the vacancy. SE are clustered at the plant level.
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B Additional tests of the identification assumption:

B.1 Evolution of the number of vacancies

Table B.2: Evolution of the number of vacancies around media news reporting LARGE hiring needs

Dependent variable: Nb of posted vacancies Nb of posted vacancies
open for online applications

All Short-term Long-term All Short-term Long-term
contract contract contract contract

(1) (2) (3) (4) (5) (6)
Pre period -0.073 -0.035 -0.038 -0.033 -0.026 -0.007

(0.080) (0.053) (0.055) (0.031) (0.022) (0.019)
Over 1 week -0.030 -0.035 0.005 -0.024 -0.032 0.008

(0.118) (0.061) (0.085) (0.047) (0.032) (0.023)
Over 1 month -0.042 -0.054 0.012 -0.020 -0.035* 0.014

(0.076) (0.054) (0.053) (0.029) (0.019) (0.020)
Time to event fixed effets Yes Yes Yes Yes Yes Yes
Plant fixed effects Yes Yes Yes Yes Yes Yes
No. of Obs. 1527075 1527075 1527075 1527075 1527075 1527075

Baseline 0.333 0.147 0.186 0.090 0.045 0.045
Relative effect: Over 1 week -9.519 -21.479 -0.078 -17.658 -50.690 15.373
Relative effect: Over 1 month -9.974 -32.709 7.974 -3.260 -56.378 49.858

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The data base is a panel at the
plant and week-to-news level. The sample corresponds to 15 weeks centered around the date of the news for treated and
control plants. The table displays the effect of media coverage on the number of vacancies posted by the mentioned plant
based on DiD regressions.
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B.2 Evolution of the composition of vacancies

Table B.3: Evolution of the characteristics of vacancies posted around media news

AMONG ALL VACANCIES

Dependent variable: Mean nb of Mean Proportion of posted vacancies with the following characteristics:
unfilled jobs hourly wage Hours: Experience: Type of qualification: Required diploma:

Full time Required Blue White Management Lower high school higher
collar collar position level level level

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Pre period 0.015 -0.095 -1.798 -6.057 -2.306 2.364 -11.415 15.541*** -4.704 -10.836**

(0.272) (0.351) (3.321) (5.977) (3.292) (5.994) (8.223) (5.955) (4.962) (4.936)
Over 1 week -0.097 0.082 -0.732 -4.120 -2.137 -0.789 -5.772 8.185 -0.333 -7.852

(0.291) (0.342) (3.506) (6.774) (4.148) (6.607) (10.302) (7.468) (5.391) (6.169)
Over 1 month 0.288 0.140 -2.969 -7.341 -2.579 3.377 -10.917 11.446* -2.592 -8.855*
No. of Obs. 3850987 3735855 3850987 3850987 3850987 3850987 3850987 3850987 3850987 3850987

Baseline 1.861 12.170 88.245 59.001 17.147 54.739 53.388 47.850 21.869 30.281

Dependent variable: AMONG VACANCIES OPEN FOR ONLINE APPLICATIONS

(11) (12) (13) (14) (15) (16) (17) (18) (19) (20)
Pre period -0.289 0.194 3.370 -4.355 -5.232 -1.159 2.533 -3.454 5.056 -1.602

(0.434) (0.496) (10.531) (9.099) (7.536) (10.731) (16.455) (11.732) (9.441) (9.941)
Over 1 week -1.106 0.647 -2.223 -6.152 -15.130 -1.518 22.141 -9.071 -5.572 14.643

(1.104) (0.772) (10.088) (14.221) (12.205) (15.259) (18.128) (16.251) (14.434) (11.562)
Over 1 month -0.607 0.162 0.071 -6.032 -10.061 1.098 3.465 3.499 -3.374 -0.125

(0.702) (0.389) (9.267) (8.428) (8.165) (10.745) (14.558) (12.041) (11.448) (8.261)
No. of Obs. 3668162 3250793 3668162 3668162 3668162 3668162 3668162 3668162 3668162 3668162

Baseline 1.958 11.987 85.471 62.468 24.598 53.946 46.791 43.266 26.801 29.933

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The data base is a panel at the plant and week-to-news level. The sample
corresponds to 15 weeks centered around the date of the news for treated and control plants. The table displays the effect of media coverage on the characteristics
of vacancies posted by the mentioned plant based on DiD regressions.
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Table B.4: Evolution of the characteristics of vacancies posted around media news reporting LARGE hiring needs

Dependent variable: AMONG ALL VACANCIES

Mean nb of Mean Proportion of posted vacancies with the following characteristics:
unfilled jobs hourly wage Hours: Experience: Type of qualification: Required diploma:

Full time Required Blue White Management Lower high school higher
collar collar position level level level

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)
Pre period 0.379 -0.329 -5.205 -6.561 -0.236 2.563 -7.254 19.131** -9.975 -9.156*

(0.384) (0.413) (3.952) (7.286) (3.056) (6.497) (9.299) (7.821) (6.942) (5.421)
Over 1 week -0.019 0.102 -2.707 0.574 0.995 -7.449 -1.466 8.322 -0.760 -7.562

(0.372) (0.439) (4.315) (8.508) (3.840) (7.723) (13.119) (9.533) (7.339) (7.423)
Over 1 month 0.806** 0.063 -4.296 -6.489 -0.496 0.012 -8.458 14.454* -5.630 -8.824

(0.396) (0.404) (4.061) (6.541) (3.253) (6.700) (10.068) (8.047) (6.328) (5.566)
No. of Obs. 1403455 1351862 1403455 1403455 1403455 1403455 1403455 1403455 1403455 1403455

Baseline 2.235 12.113 91.337 57.712 18.582 53.222 56.564 46.356 21.902 31.742
Relative effect: Over 1 week -11.499 -0.012 -1.144 -0.167 -11.930 -5.680 -4.956 21.824 -18.209 -20.884
Relative effect: Over 1 month 39.973** 1.059 -3.377 -12.747 -9.596 3.265 -13.981 32.778* -42.018 -21.487

Dependent variable: AMONG VACANCIES OPEN FOR ONLINE APPLICATIONS

(11) (12) (13) (14) (15) (16) (17) (18) (19) (20)
Pre period 0.023 0.650 -3.729 -4.840 -7.219 11.167 -3.260 -7.161 6.251 0.910

(0.557) (0.531) (15.246) (11.355) (8.553) (7.804) (16.743) (18.453) (14.024) (13.779)
Over 1 week -1.505 0.460 -4.398 -5.504 -17.254 3.063 20.212 -22.779 7.990 14.789

(1.175) (1.069) (13.761) (14.432) (12.609) (15.875) (18.514) (18.415) (17.092) (13.224)
Over 1 month 0.315 -0.051 -2.011 0.898 -11.764 9.309 -3.105 -3.414 4.574 -1.160

(0.769) (0.460) (13.307) (9.847) (9.613) (10.767) (12.022) (17.698) (15.641) (8.383)
No. of Obs. 1311323 1143223 1311323 1311323 1311323 1311323 1311323 1311323 1311323 1311323

Baseline 2.403 11.888 85.229 59.979 28.333 51.736 43.559 44.358 29.514 26.128
Relative effect: Over 1 week -62.640 3.871 -5.160 -9.176 -60.896 5.920 46.402 -51.354 27.072 56.603
Relative effect: Over 1 month 13.104 -0.433 -2.360 1.497 -41.520 17.994 -7.127 -7.696 15.498 -4.441

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The data base is a panel at the plant and week-to-news level. The sample
corresponds to 15 weeks centered around the date of the news for treated and control plants. The table displays the effect of media coverage on the characteristics
of vacancies posted by the mentioned plant based on DiD regressions.
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Figure B.1: Evolution of the characteristics of posted vacancies around media news (1/2)

ALL VACANCIES VACANCIES FOR ONLINE APPLICATIONS
Mean number of unfilled jobs per posted vacancy

Mean posted wage among posted vacancies (e)

Proportion of full time jobs among posted vacancies (%)

Proportion of vacancies requiring some professional experience (%)

Notes: These figures display time-to-event fixed effects for treated and control plants separately. The model includes plant
fixed effects, is fully saturated and period k = −2 is normalized to 0. Each coefficient represents the difference between
the level of the outcome variable each week around the event and in the reference period k = −2 within the treated or the
control group. The vertical lines denote 90% confidence intervals based on standard errors clustered at the plant level.70



Figure B.2: Evolution of the characteristics of posted vacancies around media news (2/2)

ALL VACANCIES VACANCIES FOR ONLINE APPLICATIONS
Proportion of blue collar jobs among posted vacancies (%)

Proportion of white collar jobs among posted vacancies (%)

Proportion of vacancies with no required diploma or below high school level (%)

Proportion of vacancies not requiring a diploma superior to high school level (%)

Notes: These figures display time-to-event fixed effects for treated and control plants separately. The model includes plant
fixed effects, is fully saturated and period k = −2 is normalized to 0. Each coefficient represents the difference between
the level of the outcome variable each week around the event and in the reference period k = −2 within the treated or the
control group. The vertical lines denote 90% confidence intervals based on standard errors clustered at the plant level.71



C Robustness checks

Table C.1: Heterogeneity of the impact media news on the number of applications depending on
the content of the news

Sample of events: Number of jobs Number of jobs Number of jobs
relative to hires in dpt relative to plant’s size

High Low High Low High Low
(1) (2) (3) (4) (5) (6)

Pre event 0.021 0.126 0.002 0.181 0.237* -0.119
(0.003) (0.033) (0.000) (0.049) (0.030) (0.026)

Effect over 1 week 1.025*** 0.064 1.032*** 0.053 1.311*** 0.110
(0.209) (0.024) (0.210) (0.020) (0.280) (0.026)

Effect over 1 month 0.780*** 0.205 0.759*** 0.239 0.806*** 0.271
(0.117) (0.074) (0.114) (0.089) (0.111) (0.070)

No. of Observations 1527075 2586675 1493610 2620140 2841675 1272075
No. of News events 306 306 308 304 319 293

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The data
base is a panel at the plant and week-to-news level. The sample corresponds to 15 weeks centered
around the date of the news for treated and control plants. I estimate a Poisson model, and
present in the table exp(β)− 1 in order to interpret the coefficients as the relative impact on the
outcome. SEs are computed using the delta method and the confidence intervals correspond to
the transformed endpoints of the confidence intervals in the natural parameter space.
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Figure C.1: Impact of media news on applications to firms estimated in a Poisson model

All media news:
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Notes: These figures display time-to-event fixed effects for treated and control plants separately. The model includes plant
fixed effects, is fully saturated and period k = −2 is normalized to 0. Each coefficient represents the difference between
the level of the outcome variable each week around the event and in the reference period k = −2 within the treated or the
control group. The vertical lines denote 90% confidence intervals based on standard errors clustered at the plant level.
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Table C.2: Robustness : Estimation of the impact of media news on applications, controlling for vacancies

Dependant variable: Number of online applications

(1) (2) (3) (4) (5) (6) (7)
Pre period 0.011 0.039 0.025 0.039 0.055 0.048 0.049

(0.080) (0.086) (0.073) (0.077) (0.083) (0.079) (0.074)
Over 1 week 0.336* 0.389*** 0.373** 0.395*** 0.396*** 0.351** 0.402***

(0.180) (0.148) (0.170) (0.150) (0.144) (0.159) (0.151)
Over 1 month 0.264** 0.289*** 0.307** 0.303*** 0.297*** 0.292** 0.320***

(0.114) (0.106) (0.120) (0.111) (0.103) (0.117) (0.115)
Nb ST and LT vacancies for online applications No Yes No Yes Yes No Yes
Nb ST and LT vacancies (all type) No No Yes Yes No Yes Yes
Nb unfilled jobs in vacancies for online applications No No No No Yes No Yes
Nb unfilled jobs in vacancies (all type) No No No No No Yes Yes

Time FE Yes Yes Yes Yes Yes Yes Yes
Plant FE Yes Yes Yes Yes Yes Yes Yes

No. of Obs. 4113750 4113750 4113750 4113750 4113750 4113750 4113750

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The data base is a panel at the plant and week-to-news level.
The sample corresponds to 15 weeks centered around the date of the news for treated and control plants. The table displays the effect of media
coverage on the number of applications sent to the mentioned plant based on DiD regressions. The pre-event presents the average of coefficients
corresponding to the months prior to k−2 and should not be significant if the parallel trend assumption is verified. I present separately the immediate
effect the week of the news and the effect in the following month (from k to k+ 3). In the upper part of the table, I present the standard coefficients
which represent an absolute increase in the outcome. The bottom part of the table presents the ratio of the absolute effects to the baseline level of
the outcome, corresponding to the relative effect.
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Table C.3: Robustness : Comparison of before/after and DiD estimators

Sample All news News about large hiring needs News about small hiring needs
Estimator before/after DiD before/after DiD before/after DiD

(1) (2) (3) (4) (5) (6)
Pre period 0.008 0.011 -0.026 -0.029 0.043 0.048

(0.080) (0.080) (0.142) (0.142) (0.073) (0.073)
Over 1 week 0.338* 0.336* 0.644* 0.650* 0.033 0.025

(0.181) (0.180) (0.347) (0.346) (0.098) (0.098)
Over 1 month 0.268** 0.264** 0.440** 0.451** 0.096 0.084

(0.114) (0.114) (0.204) (0.204) (0.100) (0.100)
Time FE No Yes No Yes No Yes
Plant FE Yes Yes Yes Yes Yes Yes
No. of Obs. 9180 4113750 4590 1491735 4590 2622015

Baseline 0.453 0.453 0.637 0.637 0.269 0.269
Relative difference (%) : Over 1 week 74.729* 74.217* 101.112* 102.108* 12.170 9.475
Relative difference (%) : Over 1 month 59.296** 58.379** 69.162** 70.791** 35.903 31.284

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The data base is a panel at the plant and week-to-news level.
The sample corresponds to 15 weeks centered around the date of the news for treated and control plants. The table displays the effect of media
coverage on the number of applications sent to the mentioned plant based on DiD regressions. The pre-event presents the average of coefficients
corresponding to the months prior to k−2 and should not be significant if the parallel trend assumption is verified. I present separately the immediate
effect the week of the news and the effect in the following month (from k to k+ 3). In the upper part of the table, I present the standard coefficients
which represent an absolute increase in the outcome. The bottom part of the table presents the ratio of the absolute effects to the baseline level of
the outcome, corresponding to the relative effect.
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Table C.4: Heterogeneity of the impact on the number of applications depending on the set of events

Sample of events: All news News about large hiring needs

All First Without Without All First Without Without
events events plants with Paris events events plants with Paris

multiple multiple
events events

(1) (2) (3) (4) (5) (6) (7) (8)
Pre event 0.057 -0.011 0.094 0.044 0.021 -0.075 -0.047 0.011

(0.007) (0.002) (0.014) (0.006) (0.003) (0.014) (0.009) (0.002)
Following week 0.719*** 0.562** 0.693*** 0.717*** 1.025*** 0.887*** 0.887*** 1.039***

(0.139) (0.112) (0.134) (0.138) (0.209) (0.193) (0.211) (0.212)
Following month 0.544*** 0.373* 0.531*** 0.540*** 0.780*** 0.520** 0.573*** 0.795***

(0.080) (0.062) (0.086) (0.080) (0.117) (0.085) (0.101) (0.119)

No. of Obs. 4113750 3873900 3762810 3822990 1527075 1498920 1447980 1403850
No. of events 612 581 559 590 306 291 279 294

Notes:SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The data
base is a panel at the plant and week-to-news level. The sample corresponds to 15 weeks centered
around the date of the news for treated and control plants. I estimate a Poisson model, and
present in the table exp(β)− 1 in order to interpret the coefficients as the relative impact on the
outcome. SEs are computed using the delta method and the confidence intervals correspond to
the transformed endpoints of the confidence intervals in the natural parameter space.
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D Local labor market’s conditions
I examine several dimension of local labor market’s conditions. The first dimension of

heterogeneity I analyze is local labor market tightness, measured by the average ratio of

the stock of vacancies over the stock of unemployed workers in 2014. For the access to

information, another important factor might be the support that job seekers can get from

the PES. The average support that each job seeker can get in one local agency is inversely

proportional to the number of job seekers each caseworker has in charge, i.e., the size of

caseworkers’ “portfolio”. The large geographic disparity in the size of portfolio has been

pointed out in the public debate in France. Based on the size of portfolio per local agency in

September 2014, I compute an average size of portfolio per departement. Average support

by the the PES is correlated with labor market tightness, as hiring of new caseworkers has

been too slow to catch up the evolution of the needs in certain areas. The correlation in

the number of caseworkers per job seeker and tightness is illustrated below.

Figure D.1: Geographic disparity in number of caseworkers per job seeker and in tightness in France

Average number of caseworkers per job seeker

Average tightness

Source: Variables at the departement level are created based on data for 2014 from the French PES.
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E Prediction of match:

I keep all applications sent to control plants in 2014–2016. I exclude applications from job

seekers who have made several applications to the same plant in the period. For each plant,

I therefore identify a pool of unique applicants. Among them, I finally detect who is hired

in the plant in the 6 months following the application. In Table E.1, column (1) I only

include covariates representing the adequacy between one candidate and one match. From

column (2) to (4), I broaden the set of covariates by including successively different types

of applicants’ characteristics. I will use the most complete specification from column (4) to

predict the probability of success of applications made to treated and control plants and

build the match quality index.

Table E.1: Logit model of probability of success of an application depending on applicants’ characteristics

(1) (2) (3) (4)
Adequacy between applicants and job offer
> required education level 0.597*** 0.692*** 0.700*** 0.735***

(0.026) (0.030) (0.030) (0.030)
= required education level 0.410*** 0.449*** 0.456*** 0.489***

(0.024) (0.026) (0.026) (0.026)
> skill level 0.152*** 0.272*** 0.282*** 0.250***

(0.022) (0.032) (0.031) (0.032)
= skill level 0.095*** 0.106*** 0.108*** 0.081***

(0.014) (0.018) (0.018) (0.018)
Searching in vacancy’s specific occupation 0.207*** 0.224*** 0.212*** 0.228***

(0.020) (0.020) (0.020) (0.020)
≥ Required prof experience in specific occupation 0.354*** 0.329*** 0.321*** 0.326***

(0.023) (0.022) (0.023) (0.023)
Education level (reference : Inferior to high school)
HS Technical track 0.166*** 0.156*** 0.145***

(0.023) (0.023) (0.023)
HS general track 0.107*** 0.102*** 0.057**

(0.024) (0.025) (0.025)
Superior education -0.060** -0.068** -0.138***

(0.028) (0.028) (0.028)
Skills level (reference : blue collar, low skill)
White collar, low skill 0.098*** 0.101*** 0.016

(0.028) (0.028) (0.028)
Blue collar, high skill 0.115*** 0.077** 0.118***

(0.031) (0.031) (0.031)
White collar, high skill 0.105*** 0.067** -0.000

(0.030) (0.030) (0.030)
Management level -0.109*** -0.160*** -0.161***

(0.041) (0.041) (0.042)
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(1) (2) (3) (4)
Labor market history
Professional experience : above 1-2 years 0.139*** 0.122***

(0.020) (0.021)
Professional experience : above 2-3 years 0.154*** 0.135***

(0.020) (0.020)
Professional experience : above 3-5 years 0.195*** 0.172***

(0.018) (0.018)
Professional experience : above 5 years 0.157*** 0.165***

(0.017) (0.018)
Unemployed since 6 months to 1 year 0.008 0.009

(0.014) (0.014)
Unemployed since 1 to 2 years 0.015 0.021

(0.015) (0.014)
Unemployed since more than 2 years -0.096*** -0.072***

(0.017) (0.017)
Number of previous unemployment episodes 0.000 0.000

(0.003) (0.003)
Characteristics of job looked for
Permanent duration contract -0.138*** -0.150***

(0.022) (0.022)
Full time position -0.088*** -0.023

(0.023) (0.023)
Hourly wage > 9.67 e/h (≈ minimum wage) 0.069*** 0.101***

(0.012) (0.012)
Socio-demographic characteristics
Male -0.268***

(0.017)
Nb of children 0.013**

(0.005)
Single -0.135***

(0.012)
Age : 25-35 0.041***

(0.016)
Age : 35-45 -0.030

(0.019)
Age : above 45 -0.143***

(0.021)
Constant -4.758*** -4.951*** -4.858*** -4.657***

(0.027) (0.038) (0.049) (0.051)
No. of Obs. 2275970 2275970 2275970 2275970

Deviance 402850 402220 401902 400987
Degrees of freedom of dev 2275962 2275956 2275945 2275939
Wald X2 3282 3912 4229 5144
Degrees of freedom of X2 7 13 24 30
Prob > Wald X2 0.000 0.000 0.000 0.000
McFadden R2 0.008 0.010 0.010 0.013

Notes: SE clustered at the plant level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Firms characteristics
include firms’ size and sector of activity. 79



Figure E.1: Density of job applications’ estimated probability of success
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Notes: This graph presents the distribution of the probability of success of applications in the
sample of applications used for the logit model. Dashed lines indicates limits between quartiles.
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F Evolution in the number of hires following media

news

I estimate a plant-level DiD model with the number of hires as dependent variable. When

estimating the impact of the news on the number of successful applicants, I use the date of

the application in order to attribute a hire to an application made after the news. However,

as I only observe this variable for online applicants, I can only use the date of the hire.

However, as there should be a delay between the application and the hire, the impact

of media news on hire should happen with a lag. I therefore have to study the number

of hires around the news during a larger time window. I therefore present the evolution

in hiring in the same model as for applications but with a longer time period. However,

over a longer time period, the identification strategy is less convincing as it is difficult to

disentangle a potential impact of media news from the general upward trend the hiring of

plants. Therefore, the estimates of the impact of media news on all hire are likely to be

upward biased.

In Table F.1, column (1) presents the evolution of the number of hires around media

news. It suggests that news are associated with approximatively 0.7 additional hires per

week in the two following months. The increase is more visible as I broaden the time

window: over 3 months, the increase amounts to 1 additional hire per week. This represents

a relative increase of 35% in the number of hires. Comparing columns (2) and (3), I can

see that this increase is driven by hiring in plants for which media news mentioned large

hiring needs. This hiring data source does not include wages, but it includes the planned

duration of contracts at the moment they are signed. I can therefore examine whether

contracts offered to applicants have a long duration (from more than 6 months to no

planned end of contract) or a short duration (planned term within less than 6 months).

Comparing columns (4) to (6) with columns (7) to (9), I can see that the increase in hires

is mainly driven by short-term contracts. Results are presented graphically in Figure F.1. I

observe in panel (1), (3) and (5) that the evolution of hiring previous to the news is similar

in treated and control plants for all types of news. After the news, I see clearly that the

number of hires per week increases even if estimates are noisy at such a high frequency.

Coefficients associated with the difference between treated and control group relative to

the reference period d− 2 are all positive after the news and many of them are significant.
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Table F.1: Plant-level estimation of changes in hires following news

Dependent variable Number of hires Number of hires Number of hires
all contract durations long-term contract short-term contract

Sample All News News All News News All News News
news about about news about about news about about

large job small job large job small job large job small job
creation creation creation creation creation creation

(1) (2) (3) (4) (5) (6) (7) (8) (9)
Pre period -0.043 -0.102 0.015 -0.194 -0.351 -0.034 0.151 0.249 0.049

(0.497) (0.984) (0.142) (0.158) (0.307) (0.079) (0.471) (0.935) (0.118)
Following month 0.532** 0.696 0.380** 0.011 -0.060 0.090 0.521*** 0.757** 0.289**

(0.240) (0.455) (0.158) (0.226) (0.447) (0.072) (0.165) (0.301) (0.138)
Following 2months 0.494*** 0.768** 0.225 -0.096 -0.233 0.049 0.590** 1.001* 0.176

(0.169) (0.303) (0.152) (0.206) (0.405) (0.070) (0.289) (0.563) (0.130)
Following 3months 0.817** 1.503** 0.129 -0.133 -0.281 0.023 0.949** 1.784** 0.106

(0.356) (0.693) (0.155) (0.214) (0.423) (0.069) (0.457) (0.901) (0.133)
Time to event FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
Plant FE Yes Yes Yes Yes Yes Yes Yes Yes Yes
No. of Obs. 6307750 2287327 4020423 6307750 2287327 4020423 6307750 2287327 4020423

Baseline 2.877 4.868 0.886 0.789 1.278 0.300 2.087 3.589 0.586
Rel. diff. (%): 1 month 18.509** 14.307 42.841** 1.427 -4.702 30.057 24.969*** 21.077** 49.397**
Rel. diff. (%): 2 months 17.172*** 15.777** 25.416 -12.131 -18.253 16.435 28.253** 27.898* 30.021
Rel. diff. (%): 3 months 28.382** 30.879** 14.535 -16.808 -21.997 7.694 45.471** 49.712** 18.043

Notes: SE clustered at the departement level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. The sample corresponds to treated plants and the
average of control plants for each news. The data base is a panel at the plant, week-to-news level. The panel is centered around the date of the news
and goes from d− 11 to d+ 11. The table displays the evolution of hires in plants mentioned in media news based on DiD regressions.
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Figure F.1: Number of hires around the news

(1) All media news:

(2) News about large hiring needs: (3) News about small hiring needs:

Notes: Figures show the coefficient for fixed effects of time relative to the event Dk
t for treated plants and control plants

separately. The model includes plant fixed effects and is fully saturated. Period k = −2 is normalized to 0. Each coefficient
represents the difference between the number of persons hired each week around the event and in the reference period
k = −2 in the treated or control group. The vertical lines denote 90% confidence intervals based on standard errors
clustered at the plant level.
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G Other figures :

Figure G.1: Plant-level evolution of hires around the news

Notes: The figures present the long-term evolution of hires in the plants mentioned by news
outlets. The time dimension correspond to quarter relative to the quarter of media news. The
first period is taken as a reference, it corresponds to 8 periods before media news. The vertical
dashed line denote the 15 weeks time window in which I focus to estimate the impact of media
news. I include all news from 2014–2015 (and therefore leave out news from 2016) in order to
observe the year prior and posterior in my data sets. In contrast with Figure 8, I can only observe
hires for 8 quarters before news because hires data are only available from 2012.
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