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Abstract

We explore how business groups use internal labor markets (ILMs) in response to changing

economic conditions. We show that following the exit of a large industry competitor, group-

affiliated firms expand and gain market share by increasing their reliance on the ILM to ensure

swift hiring, especially of technical managers and skilled blue collar workers. The ability to take

advantage of this shock to growth opportunities is greater in firms with closer access to their

affiliates’ human capital, as geographical proximity facilitates employee relocations across units.

Overall, our findings point to the ILM as a prominent mechanism making affiliation with a business

group valuable at times of change. For the ILM to perform its role in the face of industry shocks,

group sectoral diversification must be combined with geographical proximity between affiliates.
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1 Introduction

A long-standing question in economics is how firms adjust their business when conditions change.

The nature of organizations that are better able to adapt to such changing economic conditions is a

directly associated question. This paper addresses these issues by investigating the role of Internal

Labor Markets (ILMs, hereafter) in allowing widespread organizations, business groups (BGs), to

accommodate positive shocks likely to entail labor adjustments in their units. While hiring costs

and asymmetric information affect the hiring process on the external labor market, such frictions

should be less severe within an organization, i.e. when workers are reallocated across its units. By

adapting rapidly thanks to their ILM, these organizations should be in a better position to seize

growth opportunities. To assess the validity of this reasoning, we construct key variables and design

our empirical analysis guided by a model exploring how multi-firm entities (such as business groups)

use ILMs in response to positive shocks to their growth opportunities. By exploiting the institutional

hurdles to internal mobility, we measure firms’ access to their group’s ILM and investigate whether

better access facilitates firms’ expansion and performance. This allows us to identify which group

and firm characteristics increase the value of the ILM.

The data requirements to tackle our research questions are multiple. First, we need to iden-

tify positive idiosyncratic shocks that hit part of an organization. Second, we must measure the

subsequent employment flows towards the shocked units, distinguishing those that occur with the

organization from those that do not. For this purpose, we need to observe the structure of the

business organization, i.e. its constituting units. Finally, we must observe the economic outcomes of

the shocked entities, including employment and market shares, as well as the characteristics of the

entities from which worker flows originate. Unique data sources provided by the French statistical

institute (INSEE) are perfectly suited to our purposes: they allow us to merge detailed informa-

tion on the structure of business groups in France with a matched employer-employee data set and

administrative fiscal data on balance sheets and income statements for virtually all French firms.

To guide our empirical analysis, we build a simple model to study the internal vs external labor

adjustment in a multi-firm organization when one of its units is hit by a positive shock. The model

allows us to unveil the ILM Effect : when hiring internally is less frictional than hiring on the external

market, the shocked unit relies as much as possible on the group’s ILM to expand its workforce.

We also show that an efficient ILM reallocates workers from low to high MRPL (marginal revenue

productivity of labor) units in response to the shock. This worker redeployment contributes to a

reduction in within-group labor misallocation. The ability to use an ILM in response to a positive
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shock creates value in two ways. First, hiring on the external market is replaced by internal hiring,

thereby saving on adjustment costs. Second, the (positively) shocked unit is able to expand more in

response to the growth opportunity.

Then, we test our model predictions. We study whether groups rely on their ILM when a member

firm experiences an unexpected growth opportunity, as captured by the death of a large competitor.

To do so, we use a difference-in-differences approach that exploits variation in the timing of 100

closures of large competitors that occurred in 84 industries in France between 2002 and 2010. To the

best of our knowledge, no other paper has exploited large and unanticipated competitor exits as a

source of exogenous variation. This allows us to investigate how a group manages its human capital

in response to a favorable demand shock, and to which extent the growth of the shocked group’s

affiliate is facilitated by the group’s ILM.

For each group-affiliated firm active in the positively shocked industries, we identify the set of

labor market partners from which it actually or potentially hires workers. We then apportion the

observed flows of workers into those coming from ILM partners (firms that belong to the same group)

and those coming from external labor market partners. Finally, we compute the share of internal

hires as the fraction of total hiring that originates from ILM partners and we study how this share

evolves around the closure event. Our results show that BG firms use their ILM to adjust to the

shock: after a large competitor closure, their share of internal hires increases by 17% to 26% with

respect to the pre-event baseline. Interestingly, ILM use is mainly driven by the hiring of STEM-

skilled managers (engineers, scientists, and other professionals with technical skills) and skilled blue

collar workers, for whom search and training costs are large on external markets.1 Furthermore,

positively shocked BG firms draw human capital predominantly from group affiliates that display

low productivity and poor expansion opportunities in the years preceding the shock.

We then test the model prediction that easier access to the ILM helps group-affiliated firms

take better advantage of growth opportunities. We measure ILM Access of a shocked affiliated firm

as the workforce employed in affiliates of the same group (i) located within the same local labor

market as the (shocked) firm, but (ii) active in different (hence non-shocked) industries. By avoid-

ing regulatory barriers to worker transfers and by facilitating information exchange about workers’

quality, geographical proximity facilitates internal labor reallocation. BG firms with better ILM

Access are shown to expand more and gain more market share in the aftermath of a competitor’s

death.2 Whereas within-group industry-diversification (which creates scope for both internal labor

1See Abowd and Kramarz (2003), Kramarz and Michaud (2010), Blatter, Muehlemann, and Schenker (2012).
2This echoes multiple old and recent claims that firms’ growth may be constrained by human capital frictions (see

Penrose (1959) and Parham (2017)). The idea that a lack of skilled human capital may hamper growth is also supported
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market and capital market activity) helps BG firms’ expansion, it is geographical proximity within

the group’s workforce that plays a key role. These results show that ILMs are an important driver

of an organization’s growth, overlooked in the literature which focused on internal capital markets

as a gateway to investment opportunities (see e.g. Giroud and Mueller (2015)).

Finally, we rely on our model to quantify the extent of within-group labor misallocation due to a

shocked unit’s constrained access to the ILM. This exercise confirms a key take-away of our empirical

analysis: in our setting, where the shock has an industry dimension, diversification across indus-

tries (that exposes group units to idiosyncratic shocks) must be paired with geographical proximity

between group units to promote value creation through the ILM. Indeed, groups that are highly

diversified but where the vast majority of employees are distant from the shocked unit exhibit the

most important within-group misallocation after the shock: we calculate that consolidated profits

for such groups would increase by 0.2 to 0.3 percent if their ILM redeployed just one additional

average worker (i.e. not a top executive) to the shocked unit. This is an important effect, in the

ballpark of 1/5 to 1/9 of the estimated contribution of CEO’s continued employment to firm profits

(see Bennedsen, Perez Gonzalez, and Wolfenzon (2020)).

The paper builds a bridge across several strands of literature. Starting with the work of Doeringer

and Piore (1971), the labor/personnel literature has mostly studied the functioning of vertical mobil-

ity within firms. Focusing on promotion and wage dynamics, various authors have argued that ILMs

can provide effort incentives, wage insurance against fluctuations in workers’ ability, and incentives

to accumulate human capital.3 Our results suggest that these motives explain only in part why orga-

nizations operate ILMs. Indeed, we present evidence that horizontal ILMs are used to accommodate

economic shocks in the presence of labor market frictions.

Within the finance literature, some authors have claimed that business groups fill an institutional

void when external labor and financial markets display frictions (Khanna and Palepu (1997), Khanna

and Yafeh (2007), Belenzon and Tsolmon (2015)). Several papers have emphasized the role of internal

capital markets in groups, showing that access to a group’s internal finance makes affiliated firms more

resilient to adverse shocks with respect to stand-alone firms.4 Giroud and Mueller (2015) provide

evidence that, by alleviating financial constraints, internal capital markets also allow conglomerates

by a strand of literature emphasizing the important role of managers for firm performance (Bertrand and Schoar (2003),
Bloom, Sadun, Van Reenen, Lemos, and Scur (2014), Bender, Bloom, Card, Van Reenen, and Wolter (2016)), and by
evidence that frictions in the managerial labor market represent an important hurdle to firm expansion (Agrawal and
Ljungqvist 2014).

3See, among others, Harris and Holmstrom (1982), and the comprehensive surveys of Gibbons and Waldman (1999),
Lazear and Oyer (2012) and Waldman (2012). For more recent contributions to this literature, see Friebel and Raith
(2013), Ke, Li, and Powell (2018) and Kostol, Nimczik, and Weber (2019).

4See e.g. Almeida, Kim, and Kim (2015), Boutin, Cestone, Fumagalli, Pica, and Serrano-Velarde (2013), Maksimovic
and Phillips (2013), Manova, Wei, and Zhang (2015), Urzua and Visschers (2016)).
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to take better advantage of positive shocks to investment opportunities.5 Our paper adds to their

work, showing that in the presence of hiring frictions internal labor markets also help organizations

to take advantage of growth opportunities.6

In contrast with the internal capital market literature, research on internal labor markets is

limited.7 Focusing on adverse shocks, Tate and Yang (2015) provide evidence that multi-divisional

firms use ILMs when coping with plant closures, and Cestone, Fumagalli, Kramarz, and Pica (2021)

show that employment protection regulation is a major driver of ILM activity in response to adverse

shocks. We add to these contributions, showing that ILMs do not just have value in bad times, when

a workforce reduction is called for; indeed, by studying the hiring behavior and the performance of

different group units subject to a positive demand shock, we show that access to the ILM is also

critical to adjust in good times.

By setting up a simple model of the ILM and deriving testable empirical predictions, our paper

can provide a blueprint for research on internal labor markets. In a paper subsequent to ours,

Huneeus, Huneeus, Larrain, Larrain, and Prem (2021) confirm one of our predictions, i.e. that

ILM activity intensifies in business groups following shocks. Differently from them, we can rely on

balance sheet data to test other predictions from our model. We show for instance that workers are

reallocated from low to high productivity units within the ILM, in line with the result that intra-

group labor reallocation aims at reducing the wedge between marginal revenue productivity of labor

across units. We are also in a position to show that BG firms with better access to the ILM grow

more and build more market share. Finally, relying on our model and using data on Value Added

per Worker, we build a measure of intra-group labor misallocation that helps us understand what

group characteristics hinder or promote value creation through the ILM.

Our paper also speaks to recent work that investigates the costs and benefits of organizing pro-

duction within business groups as opposed to multi-divisional firms (Luciano and Nicodano (2014),

Belenzon, Lee, and Patacconi (2021)). Indeed, we establish that ILMs operate within networks of

firms that are separate legal entities, as is the case in business groups, where the benefits derived from

5Giroud and Mueller (2015) find that this internal capital market activity manifests itself in increased investment
and employment in the positively shocked units in the conglomerate. However, as they do not use employer-employee
data, they cannot study whether human capital is reallocated towards these units through the ILM or the external
labor market.

6Our paper is also related to Giroud and Mueller (2019), who study the transmission of cash flow shocks across units
of multi-establishment groups. In both their model and ours, non-shocked units partly absorb a shock hitting another
unit in their network. The key driver behind the results is difficult access to a scarce resource: external financing in
their case, human capital in our case.

7Faccio and O’Brien (2021) show that employment in group-affiliated firms (as opposed to stand-alone firms) is less
sensitive to business cycle fluctuations, which suggests that groups manage their workforce differently. They rely on a
cross-country firm level database and differently from us, they do not have employer-employee data, hence ILM activity
cannot be directly documented and analyzed.
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actively reallocating human resources across subsidiaries must be traded off against various hurdles,

such as minority shareholder protection, contractual costs, and the fear of “piercing the corporate

veil” between parent and subsidiary (which would make the parent liable vis-a-vis its subsidiaries’

debt holders).

Finally, the paper is related to a growing literature that explores how firms organize produc-

tion in hierarchies to optimize their use of knowledge workers (Garicano (2000)). Caliendo and

Rossi-Hansberg (2012) predict that firms which grow substantially do so by adding more layers of

management to the organization. Our findings suggest that when faced with expansion opportunities,

group-affiliated firms draw on the group’s ILM to reduce the costs and delays associated with hiring

employees in the top layers of the organization (STEM-skilled managers) and other high-knowledge

occupations.

The paper proceeds as follows. In Section 2 we describe the data; we then present descriptive

evidence on French business groups and on group firms’ propensity to hire on the ILM. In Section 3

we present the model and lay out testable predictions. The empirical strategy is described in Section

4, and empirical results are discussed in Section 5. Section 6 concludes.

2 Data, Descriptive Evidence, Measures of Workers Mobility

2.1 Data sources

We want to explore empirically whether the ability to draw on human capital via the ILM enables

group-affiliated firms to better respond to positive shocks to growth opportunities. This requires

detailed information on both workers and firms. First, we need to observe labor market transitions,

i.e. workers’ transitions from firm to firm. Second, for each firm, we need to identify the entire

structure of the group this firm is affiliated with, so as to distinguish transitions originating from

(landing into) the firm’s group versus transitions that do not originate from (land into) the group.

Third, we need information on firms’ characteristics. Fourth, we want to identify the death of large

competitors which we use as shocks to growth opportunities. All such information is available for

France, by putting together three data sources gathered by the French statistical institute, INSEE

(Institut National de la Statistique et des Études Économiques).

The identification of business group structures is based on the yearly survey run by INSEE called

LIFI (Enquête sur les Liaisons Financières entre sociétés, INSEE [producer] (2010b)). The LIFI

collects information on direct financial links between firms, but it also accounts for indirect stakes

and cross-ownerships. This is very important, as it allows INSEE to precisely identify the group
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structure even in the presence of pyramids. More precisely, LIFI defines a group as a set of firms

controlled, directly or indirectly, by the same entity (the head of the group). The survey relies on

a formal definition of direct control, requiring that a firm holds at least 50% of the voting rights in

another firm’s general assembly. This is in principle a tight threshold, as in the presence of dispersed

minority shareholders control can be exercised with smaller equity stakes. However, we do not expect

this to be a major source of bias, as in France most firms are private and even among listed firms

ownership concentration is very high (see Bloch and Kremp (1999)). To sum up, for each firm in

the French economy, LIFI enables us to assess whether the firm is group-affiliated or not and, for

BG-affiliated firms, to identify the head of the group and all the other firms affiliated with the same

group.

Our data source on firm-to-firm worker mobility is the BTS-Postes (Base Tous Salariés: ficher

Postes, INSEE [producer] (2010a)), a large-scale administrative database of matched employer-

employee information. The data are based upon mandatory employer reports of the earnings of each

employee subject to French payroll taxes (Déclarations Annuelles des Données Sociales, DADS).

These taxes essentially apply to all employed persons in the economy (including self-employed).

Each observation in BTS-Postes corresponds to a unique individual-plant combination in a given

year, with detailed information about the plant-individual relationship. The data set includes infor-

mation on the number of days during the calendar year that individual worked in that plant, the

type of occupation (classified according to the socio-professional categories described in the Online

Appendix, Table A1), the full time/part time status of the employee and the (gross and net) wage.

The data set also provides the fiscal identifier of the firm owning the plant, the geographical location

of both the employing plant and firm, as well as the industry classification of the activity undertaken

by the plant/firm (as obtained from the INSEE NAF rev. 1, 2003). The BTS Postes, the version

of the BTS we work with, is not a full-fledged panel of workers: in each annual wave the individual

identifiers are randomly re-assigned. Nevertheless, each wave includes not only information on the

individual-plant relationships observed in year t, but also in year t − 1: this allows us to identify

workers transiting from one firm to another across two consecutive years. The BTS data also allows

us to precisely identify firm closures, as we explain in Section 4.4.

The third data source is FICUS-FARE, which contains information on firms’ balance sheets and

income statements (INSEE and DGFiP (Ministère des Finances) [producers] (2007), INSEE and

DGFiP (Ministère des Finances) [producers] (2010)). It is constructed from administrative fiscal

data, based on mandatory reporting to tax authorities for all French tax schemes, and it covers

the universe of French firms, with about 2.2 million firms per year. FICUS provides accounting
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information, including firm’s assets, EBITDA, Value Added, sales, capital expenditures, cash flows

and interest payments.

The data span the period 2002-2010. We remove from our samples the occupations of the Public

Administration (33, 45 and 52 in Table A1, Online Appendix A.1) because the determinants of the

labor market dynamics in the public sector are likely to be different from those of the private sector.

We also remove temporary agencies and observations with missing wages. Finally, we remove from

the data set those employers classified as “employeur particulier” (individuals employing workers

providing services in support of the family, e.g. cleaners, nannies, caregivers) and employers classified

as “fictitious” because the code identifying the firm or plant communicated by the employer to the

French authority is incorrect.

2.2 Business groups in France

Business groups are networks of independent legal entities (“affiliates”) controlled by a common

owner. Groups account for a large fraction of the economic activity in both developed and developing

economies.8 Based on our comprehensive data on the population of listed and private group-affiliated

companies, we can provide a thorough picture of the prevalence and characteristics of groups in the

French economy.

The number of business groups with a French-based headquarter has increased from 31,990 in

2002 to 48,274 in 2010. Nevertheless, this increase hides a relative stability: firms affiliated to groups

represent a constant 5% of the total population of firms over our sample period, accounting for 40%

of total employment and (more than) 60% of value added, as shown in Figure 2, panel (a). Groups

are important players in all the sectors of the economy, with the exception of Agriculture, where

affiliated firms account for 2.5% of total employment. In the rest of the economy the presence of

groups is strong, as high as 57.8% in Manufacturing, 55.8% in Finance and 33.3% in Services other

than Finance. Groups can be pervasive in some industries, such as Energy and Automotive, where

almost all employment is accounted for by BG firms.

The average group in the French economy is mid-sized: it employs 250 (full-time equivalent)

workers and comprises 4.7 affiliates, each of them employing 48 workers. On average, groups dis-

play a limited degree of diversification, spanning over 2.7 different (four-digit) industries and 1.6

8Using ownership data on listed companies in 43 countries, Faccio, Mork, and Yavuz (2021) find that the percentage
of group affiliated firms ranges between 30 and 50 percent in several countries in Europe, Latin America and Asia (see
also Faccio, Lang, and Young (2001) and Masulis, Pham, and Zein (2015)). Prominent examples of groups include
Tata (India), Samsung (Korea), Siemens (Germany), Ericsson (Sweden), Fiat Chrysler (Italy), LVMH (France), GE
(US), Virgin (UK), News Corp (Australia) and Bradesco (Brasil). However, alongside large renowned groups, which
are often multinational enterprises, mid-sized business groups form the productive fabric of many economies.
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different regions: group concentration of employment across four-digit industries amounts to 0.82,

and concentration of employment across regions to 0.93 (we measure group concentration across

industries/regions using an HHI based on the share of total group employment in the different indus-

tries/regions). Business groups exhibit entry and exit of affiliates: in a given year both the average

percentage of affiliates that is new to a group and the average percentage of affiliates leaving a group

range between 15 and 20%.

The availability of data on the entire population of groups, not only large ones, allows us to

uncover interesting cross-group heterogeneity hidden by such average figures. Indeed, the group-size

distribution is very skewed. Ranking French groups in ten deciles based on their full-time equivalent

total employment reveals that groups in the top decile are very different from the others along many

dimensions: as shown in Figure 2, panel (b), groups belonging to the top decile employ 2,114 workers

on average, and are 50 times bigger than groups belonging to the rest of the population, which

employ only 43 workers on average. Additionally, Figure 3 shows that top-decile groups (in terms of

size) have on average 20 affiliates (panel (a)), each employing 245 workers (panel (b)); they operate

in 6.3 different four-digit industries (panel (c)) and in 3.4 different regions (panel (d)); industry

concentration is approximately 0.65 (panel (e)) and region concentration 0.7 (panel (f)). Instead,

groups in the rest of the population have, on average, 3 affiliates, employ 25 workers per-unit; they

operate in 2.3 different four-digit sectors and 1.4 regions; their industry concentration is 0.84 and

region concentration 0.95.

The overall picture that emerges is that (relatively) few diversified groups coexist with many

smaller, more focused groups.

2.3 Measuring business groups’ propensity to hire internally

Our data set comprises, on average, about 1,574,000 firm-to-firm workers transitions per year during

the sample period. Out of those, 800,000 workers each year make a transition to a group-affiliated

firm, and about 200,000 originate from a firm affiliated with the same group as the destination firm.

Thus, approximately, one worker out of 4 hired by a BG firm was previously employed in the same

group. This 25% is a sizeable figure if contrasted with the negligible probability of coming from a firm

of the same group, had the worker been randomly chosen (the average group employs a workforce

equal to 0.005% of the total number of employees in the economy).

However, documenting that a large proportion of the workers hired by a BG firm was previously

employed in the same group is not per se evidence that ILMs function more smoothly than external

labor markets: intra-group mobility may be high simply because groups are composed of firms that
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are intensive in occupations among which mobility is naturally high or geographically close to each

other. In other words, group structure is endogenous (for instance in terms of both occupations and

locations) and potentially affects within-group mobility patterns. Therefore, to provide meaningful,

yet descriptive, evidence that the ILM facilitates within-group mobility, we analyze workers’ mobility

patterns controlling for firm-specific (possibly time-varying) “natural” propensity to absorb workers

transiting between given occupations and locations. We do so first by looking at all job movers, and

then, progressively, by conditioning on the characteristics of the occupations and the locations of

origin and destination. We do not claim that this approach cleanly identifies the ILM effect, and

consider it as still descriptive, because other (unobservable) factors beyond occupations and locations

plausibly affect within-group mobility patterns. Section 4.1 discusses how it is instead possible to

overcome the challenges in the identification of the ILM effect when investigating groups’ response

to a positive shock.

We consider a set c of workers – that we sequentially narrow down from all job movers in the

economy to all those moving between two specific locations; all those moving between two specific

occupations; and, finally, all those moving between two specific pairs of occupations × locations –

and analyse the following linear model for the probability that worker i, belonging to the set c, finds

a job in group-affiliated firm j at time t:

Ei,c,k,j,t = βc,j,t + γc,j,tBGi,k,j,t + εi,k,j,t (1)

where Ei,c,k,j,t takes value one if job mover i in set c, moving from firm of origin k finds a job in

firm j at time t, and zero if she finds a job in any other firm. BGi,k,j,t takes value one if worker i’s

firm of origin k belongs to the same group as destination firm j, and zero otherwise. The term βc,j,t

is a firm/job-mover-set specific effect that captures the time-varying natural propensity of firm j to

absorb job movers in set c: as will be clear in the next paragraph, it accounts for the fact that at

time t firm j may be particularly prone to hire workers moving between given occupations or/and

locations. The parameter γc,j,t measures the excess probability that, conditional on belonging to the

set c, worker i finds a job in firm j if the firm of origin k is affiliated with the same group as j, as

compared to a similar worker originating from some firm k outside the group. By definition, there

is no variation in BGi,k,j,t for stand-alone firms, hence γc,j,t is identified only for BG-affiliated firms

of destination. The error term εi,k,j,t captures all other factors that affect the probability that such

a worker finds a job in firm j, and is assumed to have, conditional on observables, zero mean.

We estimate equation (1) using a formulation described in Online Appendix A.2 similar to Kra-
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marz and Thesmar (2013) and Kramarz and Nordström Skans (2014). We first allow c to be the set

of all job movers in the French economy and, thus, estimate one “unconditional” excess probability

for each BG firm at time t. The first row of Table 1 reports descriptive statistics of these excess

probabilities, showing an average of about 5 percentage points.9 The Table also reports the distri-

bution of the estimated excess probabilities, documenting a pronounced heterogeneity across firms:

the estimated γ̂j,t is positive only for firms belonging to the top quartile or decile of the distribution.

The same pattern emerges from the excess probabilities estimated by conditioning on the occupations

and the locations of origin and destination, that we present next. Clearly, not all group-affiliated

firms disproportionally hire from the internal market. We will explore later how much of this hetero-

geneity relates to the pronounced differences across French groups documented in Section 2.2, and

in particular to group diversification.

In the second row of Table 1, we estimate equation (1) re-defining c as the subset of job movers

transiting to local labor market l from local labor market m; in other words, we compute excess

probabilities γc,j,t controlling for a firm of destination×local labor market pair specific effect: this

accounts for the fact that group-affiliated firm j may be particularly prone to absorb workers moving

between two given locations.10 In this case for each BG firm j at time t we obtain as many estimated

γ̂c,j,t as local labor market pairs, that we then aggregate at the firm-level taking simple averages to

obtain the firm-level excess probabilities γ̂j,t. We find excess probabilities of a similar magnitude as

the “unconditional” ones. When we focus on transitions within the same local labor market (l = m),

excess probabilities are slightly higher (6.3 percentage points, see row 3 of Table 1), suggesting that

geographical proximity favors ILM hiring more than external hiring.

Next we condition on occupations and we compute excess probabilities γc,j,t defining c as the

subset of job movers transiting between occupation o and occupation z; hence, βc,j,t is a now a desti-

nation firm×occupation-pair effect. Aggregating at the firm level, we find that the excess probability

is about 9.5 percentage points (see row 4 of Table 1), thus higher than the “unconditional” proba-

bility estimated without controlling for occupation-pair effects. This is in line with the fact that the

propensity to hire internally is more limited for those occupations that experience the largest flows in

the economy, namely non-managerial occupations (as shown in Tables A5 and A6 in Online Appendix

9Tables A2 and A3 in Online Appendix A.2.2 report the estimated excess probabilities for each year in our sample
period, showing values that are pretty stable over time.

10 Based on commuting data, the INSEE partitions France into 348 local labor markets (“zones d’emploi” or ZEMP).
Due to the high number of ZEMPs, computational hurdles prevent us from estimating γc,j,t for each ZEMP pair ×
firm combination. Thus, for each destination firm j in ZEMP l we compute excess probabilities for the case where the
ZEMP of origin is the same as the ZEMP of destination (m = l) and for the case m 6= l. It is however possible to
estimate γc,j,t for each geographical department-pair × firm combination, as there are only 96 departments in France:
average excess probabilities have similar magnitudes.
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A.2.4).11 Average excess probabilities remain high (just above 7 percentage points, row 5 of Table

1) even when we focus on transitions between the same occupations of origin and destination, i.e.

ruling out all the transitions up or down the career ladder, suggesting that internal careers explain

only in part why groups operate ILMs.

Finally, substantial preference for internal hiring appears even when accounting for firms’ natural

propensity to hire workers transiting between specific occupation×locations pairs. Indeed, excess

probabilities are about 10 percentage points when we control for firm of destination×local labor

market pair × occupation pair specific effects (row 6); and about 8 percentage points (row 7) when we

focus on job movers transiting between the same occupations and locations of origin and destination.

Intra-group mobility and group diversification – In Table 2, we study in a regression framework

whether the heterogeneity in firm-level excess probabilities relates to group diversification. Con-

trolling for firm- and group-level time-varying confounders, time dummies and firm × group fixed

effects, we find that diversification both across industries and across geographical areas is associated

with more intense propensity to hire internally.12 Note that a priori diversification may affect the

the propensity to hire internally in two opposite ways. On the one hand, it allows group units to

be exposed to unrelated sectoral or geographical shocks, thus creating more scope for workforce re-

allocation across units. On the other hand, conditional on a shock hitting a group member, moving

workers across more distant industries/geographical areas is more difficult, due to industry-specific

skills, trade union resistance, or labor market regulation. Our descriptive evidence in this section

suggests that on average the former effect prevails. The analysis in Section 5.2 will allow us to go

beyond this average result and show that, when an affiliated firm is hit by an industry shock, its

ability to take advantage of the ILM and swiftly adjust its labor force is best served by a mix of

industry diversification and geographical concentration.

While our descriptive evidence suggest that French business groups operate ILMs, so far we

remained agnostic on whether ILMs are special, i.e. labor adjustments encounter less frictions when

performed within internal as opposed to external markets. In the rest of the paper, we aim to identify

11One can show that the “unconditional” excess probability is a weighted average of the γc,j,t estimated at the
occupation pair-firm level, with higher weights assigned to occupation pairs that experience relatively larger flows.
The excess probabilities estimated at the occupation pair-firm level γ̂c,j,t turn out to be lower for occupations that
experience relatively larger flows in the economy (e.g., non-managerial occupations, ), hence the “unconditional” excess
probability disproportionately reflects the limited propensity to hire internally for these occupations.

12The effect of diversification is sizeable: for example, in a group of average size, a one-standard deviation increase
in (4-digit) industry diversification (see Online Appendix Table A4) boosts the propensity to hire internally by 0.0081
(= 0.27 × 0.03, see column 4 of Table 2) percentage points, which represents a 8.9% increase in the average excess
probability. In a group which is one-standard deviation larger than the average, the increase in the propensity to hire
internally equals 0.0246 percentage points, which represents as much as 27% of the average excess probability.
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this ILM effect, guided by the model we set up next.

3 ILM Use in Response to Shocks: A Model

We lay out a model of optimal human capital allocation within a business group, where one affiliate

is subject to a positive idiosyncratic shock. The aim is to understand how labor adjustment takes

place following the shock, under the assumption that the ILM is less frictional than the external

labor market.

A business group consists of two affiliates, A and B. Each unit i (i = A,B) produces using

labor only, with production function Yi = θif(Li) satisfying f ′ > 0, f ′′ < 0, where θi is a parameter

capturing total factor productivity. Without loss of generality we also assume that limL→0 f
′(L)→

∞. Firms are price and wage takers; the price for affiliate i’s product is pi and the wage is w. We

denote affiliate i’s initial stock of labor as L0i. Suppose that affiliate A is hit by a positive shock

whereas affiliate B is not. Following the realization of the shock, the price of the good produced by

affiliate A is pA + ε, with ε ∈ (0,+∞). We model the shock as a demand shock; a productivity shock

would lead to the same results as long as it calls for labor adjustment. The price and productivity

of affiliate B are unchanged.

The group’s headquarters has control over labor adjustment decisions in the group’s units. Fol-

lowing the shock, it can expand the affiliate’s labor force by an amount ei using the external labor

market (ELM), and in doing so it faces hiring costs.13 We assume linear hiring costs C(ei) = Hei

but results generalize to the case of non-linear adjustment costs.

The headquarters can also adjust labor using the internal labor market (ILM), moving workers

across units. We denote with i the flow of workers reallocated from unit B to unit A. Not all the

workers employed in other group affiliates are suitable to fill the vacancies in the positively shocked

unit, for instance because of skill compatibility issues. Moreover, the suitable workers might reside

outside of the shocked unit’s commuting zone. We capture this idea assuming that only a fraction

µ ∈ [0, 1] of affiliate B’s existing stock of workers can be redeployed to A.

We assume that while hiring on the external market is costly, hiring workers from the available

13Labor market frictions in our model include, but are not limited to, direct hiring costs. Several papers have
estimated that in many economies hiring costs amount to a non negligible fraction of the wage bill. See Manning
(2006), Abowd and Kramarz (2003), Kramarz and Michaud (2010), Dube, Freeman, and Michael (2010), Blatter,
Muehlemann, and Schenker (2012) and Muehlemann and Pfeifer (2016) for studies using data from the UK, France,
California, Switzerland and Germany. These papers only focus on recruitment and training costs, while ignoring indirect
hiring costs that are more difficult to measure, i.e. costs borne because a vacancy is filled with an imperfect match due
to asymmetric information, or the the cost of having unused capital when there is an unfilled vacancy as highlighted
by Manning (2011).
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internal pool µL0B only entails an infinitesimally small cost.14 This assumption captures the fact that

search and training costs that arise in the external labor market can be mitigated within the ILM. For

example, the ILM is likely to suffer from lower information asymmetry concerning workers’ talents

(Greenwald (1986) and Jaeger (2016)), and may perform better than the external labor market in

swiftly matching a vacancy with the right worker. Furthermore, training costs are lower for workers

absorbed from the ILM whenever there is a group-specific human capital component. Internal and

external “labor market partners” are otherwise identical.

The headquarters choose eA ≥ 0, eB ≥ 0 and i so as to maximize the total group value, subject

to the ILM constraint. It thus solves:

max
eA,eB ,i

(pA + ε)θAf(L0A + eA + i)− w(L0A + eA + i)−HeA +

+pBθBf(L0B + eB − i)− w(L0B + eB − i)−HeB

s.t. i ≤ µL0B + eB

Defining λ as the Lagrange multiplier associated to the ILM constraint, the Kuhn-Tucker conditions

are:

∂V

∂eA
=


(pA + ε)θAf

′(L0A + e∗A + i∗) = w +H if e∗A > 0

(pA + ε)θAf
′(L0A + i∗) ≤ w +H if e∗A = 0

(2a)

∂V

∂i
= (pA + ε)θAf

′(L0A + e∗A + i∗)− pBθBf ′(L0B − i∗)− λ = 0 (2b)

∂V

∂λ
= µL0B − i∗ ≥ 0 (2c)

λ ≥ 0 λ[µL0B − i∗] = 0 (2d)

A formal solution of the model is provided in Online Appendix A.3. By equation (2b), the optimal

ILM response i∗ trades off the benefit enjoyed by the shocked unit A with the cost borne by unit B

providing the workers. The headquarters may also resort to the external market (e∗A ≥ 0), depending

on the thickness of the ILM (µ) and the size of the shock ε.

Result 1: There is a pecking order of labor sources: after a positive shock to growth opportunities,

unit A relies as much as possible on the ILM channel (i∗ > 0 , ∀ε > 0 and ∀µ > 0 ) and only as a

14The assumption that internal adjustments entail an infinitesimally small cost is an innocuous normalization: what
matters for the results is that internal adjustments are less costly than external ones. A non-null cost of internal
adjustments allows to rule out a multiplicity of equilibria in which unit B hires workers on the external market and
redeploys them to the positively shocked unit (this will be dominated by having A hire directly on the external market,
hence eB = 0 at the optimum).
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last resort it hires on the external labor market (e∗A > 0 iff ε is large enough).

In Online Appendix A.3 we also show that, depending on the size of the ILM access µ, the

following two regimes arise:

Thick ILM (µ large) – The constraint i ≤ µL0B is slack (λ = 0), regardless of the magnitude

of the shock. By equation (2b), the headquarters reallocate workers from B to A (i∗ > 0) up to the

point where the marginal revenue product of labor (MRPLi) is equalized across the two units. Only

when the shock ε is very large, the headquarters also resorts to external hiring: the marginal revenue

product of labor is equalized to w +H, and hence e∗A > 0.

Thin ILM (µ small) – Unless the shock ε is very small, the constraint i ≤ µL0B binds, hence

i∗ = µL0B. Again, if ε is large, e∗A > 0 is required to fully accommodate the shock. With the ILM

constraint binding, the marginal revenue product of labor cannot be equalized across the two units:

by equation (2b), there is a wedge λ > 0 between MRPLA and MRPLB, capturing the misallocation

of workers within the group due to the constraint on ILM activity. Differently from wedges in the

misallocation literature (see Hsieh and Klenow (2009)), λ does not measure misallocation of factors

across firms in the economy, but rather across firms within the same organization. The wedge λ

also measures the marginal value of the ILM, i.e. the increase in group profits when the constraint

is relaxed (i.e. µL0B increases) and one additional group worker can be redeployed to the shocked

unit.15 Figure 1 (left hand panel) illustrates this case, showing that ∂λ/∂µ < 0: the marginal value

of the ILM is larger when access to the ILM is more constrained.

In Figure 1 (right panel), the shaded green area shows the total value generated by the ILM, i.e.

the loss in group profits if access to the ILM was shut down in a group subject to a positive shock. In

the case represented in the figure, a firm that cannot access the ILM (i.e. with µ = 0) hires workers

on the external market: this adjustment corresponds to the MRPLA locus shifting down (dotted

line) until MRPLA = w + H at i = 0. By contrast, a firm enjoying ILM access relies on internal

hiring as much as possible, setting i∗ = µL0B. The figure shows that the availability of the internal

channel generates value in two ways. First, hiring from the external market is substituted by cheaper

internal hiring, thereby saving on adjustment costs. Second, if its ILM access is large enough the

shocked firm is also able to adjust more than the fully constrained firm, taking better advantage of

the growth opportunity.16 This is summarized in the following result.

15More precisely, λ equals the increase in profits in the shocked unit due to the additional worker absorbed internally
(MRPLA − w), net of the profit reduction in unit B due to the loss of one worker (MRPLB − w).

16In a dynamic model, Fajgelbaum (2020) shows how frictions to job-to-job mobility adversely affect firm growth
and the timing of export entry. While our model is static and all adjustment takes place when the shock occurs,
our empirical approach allows us to have an insight into how firms with high ILM access can react swiftly to growth
opportunities.
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Result 2: When unit A has more access to the ILM, unit A’s total employment and the net group

value increase more in response to the shock

To account for the heterogeneity of affiliates within the group, in the Online Appendix we also

extend the model to include three BG units (results can be generalized to n ≥ 3 units). Unit A is hit

by the shock, while units B and C are not. The bilateral ILM flows from unit B and C, respectively,

to unit A, cannot be larger than the workforce redeployable to A: iAB ≤ µBL0B and iAC ≤ µCL0C .

Subject to these two constraints, and similarly to the two-unit model, the optimal ILM allocation

aims to minimize the wedge between marginal revenue products of labor of shocked and non-shocked

units. This implies that ceteris paribus, unit A draws workers first from its least productive affiliate.

Result 3: Holding constant across affiliates the pool of redeployable workers (µBL0B = µCL0C), the

ILM flow to unit A from the less productive affiliate is larger: pBθB > pCθC implies i∗AC > i∗AB ≥ 0.

4 Empirical Design

Our model posits that ILMs are “special” in the sense that firms seeking to expand their labor force

encounter less frictions when drawing workers from their ILM – the group affiliates – rather than the

external labor market. This has two major implications. First, BG firms have a pecking order of

labor resources: when responding to positive shocks to growth opportunities, they disproportionately

rely on their group’s ILM rather than on the external labor market (Result 1 ). Second, BG firms

with better access to the ILM expand more in the face of positive shocks (Result 2 ). In subsections

4.1 and 4.2, we discuss the empirical challenges we face in testing these predictions, and in using our

empirical findings as evidence that ILMs are less frictional labor adjustment channels. Subsection 4.3

explains instead how we test Result 3 that shocked BG firms draw workers first from less productive

affiliates.

Our empirical analysis exploits positive shocks to growth opportunities, generated by the collapse

of BG firms’ large product market competitors. In subsection 4.4 we describe how we identify 100

large closure events that occurred between 2002 and 2010 in 84 French industries; we then argue that

these opened up expansion opportunities for BG firms in the affected industries.

4.1 Is there a pecking order of labor sources in the face of positive shocks?

Consider a sample of BG firms j, each having a given number of labor market partners (i.e. firms

to potentially absorb workers from), some of which are part of the same group. Labor market
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Figure 1: Optimal ILM adjustment and the value of the ILM
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Note: in both panels, the horizontal axis measures the ILM flow from unit B to unit A, the vertical axis displays the

marginal revenue product of labor (MRPL). The blue curves represent the MRPL of the two units as a function of

internal hiring i, after the shock has hit unit A. The left hand panel illustrates the optimal ILM allocation when the

ILM constraint binds. The ILM allocation that satisfies i∗ = µL0B is such that MRPLA < w + H, implying e∗A = 0

by condition (2a). Condition (2b) defines the wedge λ between MRPLA and MRPLB at the optimum. A decrease in

ILM Access µL0B translates into a higher λ. In the right hand panel, the shaded green area represents the net group

value generated by ILM Access µL0B > 0, compared to no ILM Access (µL0B = 0). When µ = 0, external hiring takes

place, shifting MRPLA downward (dotted line) until (pA + ε)θAf
′
A(L0A + e∗A) = w +H, satisfying condition (2a). By

contrast, with ILM Access µL0B > 0, external hiring does not take place as (pA + ε)θAf
′
A(L0A + µL0B) < w+H. The

level of internal hiring is indicated in the figure satisfies MRPLA(is) = w +H. Hence, at i = is, unit A performs the

same labor adjustment as an otherwise identical firm with no ILM access, yet by resorting to cheaper internal hiring, it

saves on adjustment costs His: this is a first source of value. In addition, the availability of the internal channel allows

unit A to adjust its workforce by an additional µL0B − is, and thus expand more than a firm with no ILM access, a

second source of value.

partners affiliated with the same group as j are referred to as “internal partners”, whereas the others

are “external partners”. We aim to establish whether, in response to a positive shock, BG firm

j disproportionately increases its hiring from internal partners (as opposed to external partners)

because its ILM faces milder frictions.

In the ideal experiment for our analysis of positive shocks, for a given unit of observation (the

firm that is hit by a shock), the same-group status of firm j’s partners is randomly allocated. Hence,

internal and external partners are, on average, identical. As soon as all firms have reached a stationary

situation (in particular, the labor flows between the destination firm j and its partners are stationary,
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with all idiosyncratic shocks zeroed out over time), it becomes possible to examine the effects of a

positive idiosyncratic shock hitting firm j at time t0. In this setting, a pre/post shock comparison of

the (average) share of internal hires is enough to understand whether j disproportionately relies on

internal hires in response to the shock, and claim that this response is due to the ILM channel being

less frictional.17

However, affiliation to a group is obviously not randomly allocated. Hence, external and internal

partners are likely to differ in terms of observable as well as unobservable characteristics, which will

differentially affect the intensity of internal vs external labor market flows. For instance, internal

partners (but not external partners) may employ workers endowed with skills highly reusable in firm

j; if hiring from a firm employing workers with reusable skills is easier, the preference for internal

hiring would not be due to the ILM being less frictional.

In addition, the group’s structure may vary over time. For example, following the shock a group

may acquire an external partner from which it used to hire many workers. As a consequence, a

simple pre/post shock comparison of the (average) share of internal over total hires of firm j would

no longer identify the ILM effect, as it would be confounded by the changing composition of the set

of firms of origin.

To address these issues, we proceed as follows. We consider all BG-affiliated firms that operate

in the shocked industries. For each shocked firm j, we identify labor market partners as the set of

firms that, in at least one year, have been the origin of at least one employee hired by firm j. We

fix the group each firm (of origin and of destination) belongs to, using the affiliation status one year

before the shock. Hence, whether a labor market partner of firm j is internal or external is a fixed

characteristic. This implies that firm fixed effects control for all time-invariant characteristics, both

of the destination firm and of the group it belongs to, that may differentially affect the intensity of

internal vs. external hiring, including the characteristics of the set of firms of origin.

We exploit the staggered nature of our large closure events and implement a pooled event study.

We denote as 0 the year of the shock, i.e. the first year in which the large competitor is no longer

active in a given industry, and build a three-year window around the event. Following the design of

Cengiz, Dube, Lindner, and Zipperer (2019), we estimate the following equation:

yj(s)t = φj(s) + βt +
3∑

τ=−3
ατIτst + εj(s)t (3)

17If BG affiliation was randomly allocated, one could identify not only whether the ILM is activated in response to
shocks, as we study here, but also the ILM effect in a stationary situation. However, outside this ideal setting, the
presence of unobservable factors undermines identification of the ILM effect in “normal times”. We have discussed this
issue in Section 2.3, where we provide some descriptive evidence on ILM activity in “normal times”, accounting for
some observable factors.
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where yj(s)t denotes the share of internal hires (as well as other firm outcomes) observed for firm j

that operates in shocked sector s at time t. If there are multiple units in a group operating in the

same shocked industry, we consider them as one shocked firm j, adding up their hires, employment,

investment, market shares. The treatment indicator Iτst equals 1 if year t is τ years away from the

shock in industry s. The specification also includes calendar year indicators βt. The term φj(s) is a

firm-fixed effect. In this context, the ILM effect is identified out of the within-firm time variation. We

cluster standard errors by industry, which is the level at which the shock takes place, and (destination)

group, so as to account both for within-industry correlation of the error term across firms, and for

within-group correlation of the error term across industries.

The estimated coefficients α̂τ measure how much the average share of internal hires τ years away

from the event differs from the counterfactual, approximated in equation (3) by the outcome outside

the [−3; +3] event window. The difference-in-difference estimate between event date −1 and τ is

then calculated as α̂τ − α̂−1. As usual, the DiD approach identifies the causal effect of a large closure

event under the assumption that outcomes in treated and untreated units would move in parallel in

the absence of the shock. While this assumption cannot be tested directly, the leading terms will

provide us with a useful indication of its plausibility.

We acknowledge that the firm fixed effect in equation (3) is no cure-all. In particular, it cannot

account for firm-specific time-varying factors that differentially affect the response of internal and

external hires to the shock. For instance, the positive shock may change the hiring behavior of

firms, making them more inclined to hire workers with a specific characteristic which happens to be

abundant among same-group firms. In this case, one would observe an increase in internal hires due

not to the ILM effect but rather to the change in hiring policy.18 We refer to the pair-level analysis

presented in Section 5.3 to mitigate, at least partially, this concern. There, we look at the evolution

of internal flows in pairs of firms where both internal and external partners are all located in the

same local labor market as the shocked firm, to see if shocked firms still favor the internal channel

for hiring. We would not observe such preference if the shock had spurred a change in the hiring

policy of BG firms, making them more inclined to hire locally.

18This mechanism may generate a bias even if the underlying characteristic, upon which the change in the hiring
policy is based, is fixed. That is, even though abundance of redeployable workers in the rest of the group is a fixed firm
characteristic, if the shock alters how redeployability affects the propensity to hire from a specific partner and internal
partners are more redeployable, a bias arises even controlling for firm fixed effects.
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4.2 Does the ILM allow BG firms to better take advantage of positive shocks?

After investigating whether BG firms increase their use of ILMs after a positive shock to growth

opportunities, we want to test the prediction that the ILM favors growth in the aftermath of the

shock. To this aim, a comparison between the expansion of BG versus stand-alone firms would not

be appropriate, because any excess growth observed in BG firms might also be ascribed to their other

unique features, among which the ability to rely on the Internal Capital Market (ICM).

Our approach is thus to focus on BG firms, and compare the evolution of outcomes across those

that enjoy different levels of access to the ILM (µ in our model). The geographical distance between

group units is plausibly one key determinant of ILM Access. First, in most employment systems

including France, a relocation across different sites is more likely to be challenged/refused by a worker

when it falls beyond a reasonable commuting distance from the current site.19 Second, geographical

proximity between different subsidiaries may facilitate prior communication, which in turn reduces

information asymmetry on workers’ characteristics. Hence we build, for each group-affiliated firm j

subject to a positive shock, a measure of ILM Access equal to the employment (measured at τ = −1)

of all group subsidiaries affiliated with j and located within the same local labor market (Zone

d’Emploi), but not in the same 4-digit industry as j.20 Fixing ILM Access at τ = −1 makes sure

that it is not influenced by the shock. We study the evolution of outcomes in shocked BG firms with

different levels of ILM Access by estimating:

yj(s)t = ϕj(s) + βt +
+3∑

τ=−3
αHτ I

H
τj(s)t +

+3∑
τ=−3

αLτ I
L
τj(s)t + εj(s)t, (4)

where yj(s)t is an outcome observed for firm j at time t. The term IHτj(s)t is a treatment indicator

equal to 1 if in year t firm j is τ years away from the event and enjoys “high” ILM Access (that is,

ILM Access above median; in the top quartile; top decile; top 5 percent of the distribution in the

sample of shocked BG firms). The term ILτj(s)t does the same for firms enjoying ILM Access strictly

below median (i.e. no same-BG workers within the same local labor market). The specification

also includes calendar year indicators and firms fixed effects. Given that ILM Access (measured at

τ = −1) is a time-invariant firm characteristic, its effect at baseline is absorbed by the firm fixed

effect. Likewise, as the identity of the head of the group is fixed at τ = −1, firm fixed effects also

19French labor laws state that mobility between firms within a group cannot be imposed on an employee without her
approval. Only the signature of a three-party convention with the explicit approval of the worker (most often requesting
the transferability of the worker’s seniority across firms) makes the transfer possible without it being considered a
dismissal. See http://www.magazine-decideurs.com/news/la-mobilite-du-salarie-au-sein-d-un-groupe.

20France is partitioned into 348 local labor markets (“zones d’emploi” or ZEMP) based on commuting data collected
by the INSEE. French courts often rely on the ZEMP concept in labor litigations, to establish whether a relocation
falls beyond a reasonable distance from the original employment site.
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control for all time-invariant group characteristics, including size, at τ = −1. Standard errors are

again clustered both by industry and by group.

In an ideal experiment, BG firms with different levels of access to the ILM are identical in all other

respects. Of course, this is not necessarily the case. In particular, ILM Access might be correlated

with characteristics of the shocked firms, of their group and of their set of external partners that

affect the way firms react to shocks. We acknowledge that this could undermine our identification

strategy. While we cannot control for all these factors, we address two major concerns that arise in

this respect.

First, firms with higher ILM Access may also be located within a thicker local external labor

market: in this case, which channel allows firms to expand after the shock would be unclear. In

Section 5.2, we document that the share of internal hires increases with ILM Access, something that

we would not expect to see if ILM Access was simply capturing external labor market access. Second,

BG firms with high ILM Access may belong to groups that also have more scope for using the ICM in

response to a positive shock, e.g. due to industry diversification. In Section 5.2 we provide evidence

suggesting that the ICM is not driving the differential response to the shock documented in this

paper.

4.3 Do shocked BG firms draw more workers from less productive affiliates?

Our next step is to dig deeper into the ILM mechanism and test our model prediction that ILM

flows in response to a shock vary with the characteristics of the origin-firm. To this aim, we exploit

the granularity of our data and study employment flows between pairs of firms: in section 5.3, our

unit of observation is no longer a shocked firm j, but a pair of firms jk in a given year, in which

the destination j is a shocked BG-firm and the origin k is a labor market partner from which the

shocked firm may hire workers.

We compute the bilateral employment flows (either positive or equal to zero) within each pair jk

in each year, and adopt an event study approach to estimate the differential reaction of internal and

external flows to the shock:

fj(s)kt = φj(s)k + βIntt + βExtt +
3∑

τ=−3
αIntτ IIntτst +

+3∑
τ=−3

αExtτ IExtτst + εj(s)kt (5)

where fj(s)kt is the ratio of workers hired by BG-affiliated firm j (active in shocked industry s)

from firm k in year t, to the total number of firm-to-firm movers hired by firm j in year t. The

treatment indicators for internal and external flows, IIntτst and IExtτst , equal 1 if year t is τ years away
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from the shock in industry s. We allow for different aggregate cyclicality of internal and external

flows adding separate sets of calendar year dummies βIntt and βExtt . We cluster standard errors by

industry and (destination) group. The term φj(s)k is a pair fixed effect that controls for all time-

invariant unobservable pair characteristics (including the time-invariant unobservable characteristics

of the group) that may differentially affect the response of internal and external hires to the shock.21

The DiD estimates α̂Intτ − α̂Int−1 and α̂Extτ − α̂Ext−1 measure the change, with respect to −1, in the

fraction of hires from the typical internal and external partners τ years away from the event, relative

to the counterfactual.

The analysis of bilateral flows allows to investigate whether the effect of the shock is heterogeneous

across pairs, in line with Result 3 of the model: we expect shocked firms to disproportionately hire

from less productive firms within the group. We test this prediction by allowing for the effect of

the shock in equation (5) to differ as a function of observable characteristics of the pair j(s)k (in

particular, of the firm of origin k).

The introduction of the pair-fixed effect implies that we do not exploit the cross-sectional variation

between internal and external pairs. This would be a valuable source of variation in a world in which

BG firms hire more on the internal market only because of lower frictions. In this context, the

presence of pair fixed effects would not be desirable, as it would kill variation informative of the

effect of the differential frictions on the internal vs. external labor markets, even in the absence

of the shock (i.e. in normal times). However, BG firms are likely to hire more on the internal

market (also) because of the (self-)sorting process of firms into groups. This makes internal partners

different from external ones along various dimensions that will affect the propensity to hire internally

vs externally. Therefore, the difference between the levels of internal and external flows in normal

times cannot be attributed only to differential frictions. Summing up, adding pair fixed effects has

the cost of preventing us from identifying the (uninformative) difference between the levels of internal

and external flows, but has the advantage of allowing us to identify the (dynamic) reaction of internal

and external flows to the shock controlling for systematic pair characteristics.

4.4 Large closures as positive shocks to growth opportunities

To conduct our empirical analysis in Section 5, we exploit the closures of large competitors, which

we regard as positive shocks to growth opportunities for the remaining firms in the industry.

21In a context in which the composition of the set of firms of origin is constant over time, firm fixed effects in equation
(3) fully control for the characteristics of the firms of origin. Pair fixed effects are, instead, a valuable addition with
respect to firms fixed effects whenever the composition of the set of firms of origin is time-varying. In our case where
we fix the BG status of firms just before the shock, the composition of the set of firms of origin may still vary due to
firms of origin entering and exiting the market. This is an advantage of the pair-level approach.
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First, we identify closures that occurred across various industries in France between 2002 and

2010: a “closure” is any episode in which a firm experiences an employment drop of 90% or more

over one year during our sample period. In order to eliminate false closures, i.e. situations in which

firms simply change identifier relabelling a continuing activity (such as in the case of an acquisition),

we exploit the matched employer-employee nature of our data and remove all the cases in which more

than 70% of the lost employment ends up in a single other firm. The closure rates that we find (see

Table A7 in Online Appendix A.4), their evolution over time and their heterogeneity across firms of

different size are consistent with an extensive study from INSEE on closures in the French economy

(Royer (2011)).

Second, we focus on the closures of large firms, which we define as firms with more than 500

workers – on average – in normal times, i.e. at least 4 years prior to the closure event. We conduct

our analysis on the 84 industries that experience either a single large closure or multiple closures

occurring in the same year, accounting for 100 large closure events in total. Table A8 in Online

Appendix A.4.2 lists these shocked industries, reporting the closure year and the size of the closing

firm in normal times.

A priori, the closure of a large competitor is not necessarily a positive shock for the surviving

firms in the industry. On the positive side, a closure event creates a growth opportunity for other

firms by increasing demand for their products. On the negative side, those operating in the same

geographical area as the exiting competitor may be harmed by negative local spillovers as documented

by Gathmann, Helm, and Schönberg (2020); however, this channel is unlikely to play a role here,

as only 3% of the shocked BG firms in our sample have a closing competitor that was active in

their local labor market. The evidence we present in Section 5.1 on the evolution of firms’ outcomes

suggests that the positive effect dominates for the shocked BG firms included in our sample.

An important concern is that large competitors may be driven out of the market because of

expanding BG firms operating in the same industry. If this was the case, one would observe an

expansion of BG firms in the years preceding the closure event, translating into substantial pre-

trends in the empirical analysis. The absence of such pre-trends in the results we present below

alleviates this concern.

5 BG Firms’ Response to Positive Shocks

We now test the predictions of our model, relying on the methodology detailed in Section 4.
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5.1 Reliance on the ILM in response to the shock

We observe 97,836 firms active in our shocked industries, out of which 90,973 are stand-alone firms

and 6,863 are BG firms, affiliated with 6,187 different groups (shocked firms active in different

industries may belong to the same group). Hence, BG firms represent 7% of all firms active in

shocked industries, but account for 48.9% of total employment in their industry and 52.34% of total

sales, in line with the figures reported in Section 2.2 on the presence of business groups in France.

As explained in Section 4, our analysis focuses on the 6,863 BG-affiliated shocked firms, which

give rise to 51,632 firm-year observations. Table A9 reports descriptive statistics of the shocked firms

and the groups they are affiliated with. The Table confirms that the distribution of groups is very

skewed, with few large and diversified groups coexisting with many smaller, more focused groups.

We estimate equation (3) on this regression sample. As a first step we look at employment, hiring,

investment and market share, to confirm whether BG firms expand following the closure of a large

competitor. Figures 4 report the estimated α̂τ − α̂−1 together with 95% confidence bands. Panel (a)

shows that after the shock, employment increases on average by 10 units with respect to event date

−1, an evolution mirrored by the evolution of hiring in Panel (b). Although estimates are somewhat

imprecise, Panel (c) suggests that the average investment in shocked BG firms also increases at

τ = +1 and +2. Consistently with the expansion in employment and capital, panel (d) shows that

BG firms take advantage of the collapse of a large competitor and increase their market share by

about 0.06 percentage points, an 8.5% increase with respect to an average pre-event market share

of 0.7%. The evolution of these outcomes suggests that the closure of a large competitor represents

a positive shock to growth opportunity for BG firms. The absence of pre-trends suggests that the

growth of BG firms is unlikely to be the cause of competitor closures.

We then turn to the central issue: do BG firms have a pecking order of labor sources, turning first

to the ILM as a channel to adjust? To answer this question, we study the evolution of the share of

internal hiring over total hiring (Figure 5): this increases by 0.01 at τ = +1 and by 0.015 at τ = +2,

a 17% and 26% rise relative to the share of internal hires the year before the shock (which equals

0.057). This result suggests that affiliated firms prefer to rely on ILM hiring when responding to a

positive shock, in line with Result 1 in the model.

In light of the recent literature on TWFE estimators, in Online Appendix A.5 we assess the

robustness of our main results using the “interaction-weighted” estimator proposed by Sun and

Abraham (2021), that is specifically devised for event study designs like ours with binary treatment

and different treatment timing across cohorts. de Chaisemartin and D’Haultfœuille (2020) propose
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an alternative estimator designed for a staggered binary rollout setting, ruling out dynamic effects.

We present additional robustness based on a recent adaptation of their estimator that allows for

dynamic effects (see de Chaisemartin and D’Haultfœuille (2021)). Online Appendix A.5 discusses

these estimators in greater detail. With the Sun and Abraham (2021) estimator, we obtain very

similar results for all outcomes, in terms of direction of the effects, significance and magnitude. With

the de Chaisemartin and D’Haultfœuille (2020) estimator, the robustness is less clear-cut. Results

are confirmed for the share of internal hires; for employment, the point estimates at τ = 0 and

τ = +1 are positive but not significant; for market share, we only see a significant increase at τ = 0.

5.2 Firms with better ILM access take more advantage of positive shocks

We now turn to our second research question: do BG firms with better access to their group’s ILM

expand more in the aftermath of a shock?. To test this prediction, we estimate equation (4) and

compare the evolution of outcomes in shocked BG firms that enjoy different levels of access to their

group’s human capital, using our exogenous measure of ILM Access.

As median ILM Access for shocked BG firms is equal to 1 worker, BG firms with below-median

ILM Access are constrained in their ability to draw on their group’s human capital in response to the

positive shock. Hence, from an ILM perspective only, they are very similar to stand-alone firms. As

expected, ILM Access translates into ILM usage: firms with access to the ILM increase their share

of internal hires in the aftermath of the shock by 0.019 (a 21% increase w.r.t the pre-event baseline)

at τ = +1 and 0.024 (a 26% increase w.r.t the pre-event baseline) at τ = +2, while firms with no

access to the ILM do not (Figure 6(a)). We also explore the extensive margin of ILM use: Figure

6(b) shows that in response to the shock, BG firms with above-median ILM Access increase the

number of active ILM partners (i.e. they expand the set of affiliates from which they actually hire

workers) by 12.5% relative to the baseline. Table A11 in Online Appendix A.4 reports average pre-

event outcomes by ILM Access. (See Online Appendix A.5 for a robustness assessment of the results

presented in this section to the use of the alternative estimators proposed by Sun and Abraham

(2021) and de Chaisemartin and D’Haultfœuille (2021).)

In Figure 7, we study the evolution of employment. Panel (a) shows that firms with strictly

below-median ILM Access do not adjust their workforce in response to the shock, whereas firms with

above-median ILM Access do expand employment after the event. The other panels suggest that the

expansion of employment is more pronounced the larger the ILM Access. In a similar way, Figure

8 shows that while firms with below-median ILM Access do not increase their capital expenditures

after the shock, firms with high ILM Access do so one year after the shock, with the effect mostly
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visible among firms in the top decile of the distribution.

Figure 9 suggests that there is a strong positive relationship between ILM Access and BG firms’

market share growth after the shock: the shock has no effect on the market shares of firms with

no (i.e., below-median) ILM Access, while it has a positive effect on the market shares of high-ILM

access firms (statistically different from the effect on below-median ILM Access firms). The effect

increases with the intensity of ILM Access when moving from panel (a) to panel (d) of Figure 9 and

is sizeable. For instance, firms in the top quartile of the ILM Access distribution (panel b) experience

an increase in market share of almost 0.3 percentage points, a 21.7% increase with respect to their

(pre event) 1.38% share of market sales. Firms in the top decile of the ILM Access distribution (panel

c) experience an even larger increase in market share of 0.57 percentage points, a 26% increase with

respect to their (pre event) 2.2% share of the market. The effect is even more important for firms in

the top 5 percent of the ILM Access distribution (panel d).

The results in this Section suggest that geographical proximity to the group’s workforce (the key

component of our ILM Access measure) is central to BG firms’ expansion and performance. However,

to the extent that BG firms can rely on both the group’s ILM and its Internal Capital Market, we

also ask whether their post-shock expansion is driven by a combination of ILM and ICM factors.

Therefore, we study whether growth in employment and market share is more pronounced when

shocked firms are affiliated with groups that are more diversified across industries. This is because

industry diversification exposes group units to idiosyncratic shocks and creates room for redeploying

both workers and capital towards units in the shocked industry. Figure 10 indicates that shocked

units’ growth is not significantly larger in more diversified groups. In sum, affiliation with a sectorally

diversified group does not appear to drive BG firms’ growth unless paired with geographical proximity

to the group’s human capital.

We also explore whether the ICM is a necessary complement to the ILM, by asking whether

shocked BG units with above median ILM Access expand more when they can also draw on a “deep

pocketed” ICM (which we proxy with rest-of-the-group cash holdings). The results in Figure 10

suggest that this is not the case, at least when group cash is used as a measure of ICM access.22

22While we can use worker flows to measure ILM activity, we do not have data on internal capital flows between
group subsidiaries, to track ICM activity. Instead, we use as a proxy for ICM access the total cash holdings held by all
subsidiaries affiliated with a BG firm: in previous work, these has been shown to affect BG firms’ outcomes (Boutin,
Cestone, Fumagalli, Pica, and Serrano-Velarde (2013)).
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5.2.1 Value of the ILM and group characteristics

We have just shown that in the years following the shock, BG firms with below-median ILM Access

do not increase reliance on the ILM, and do not expand their workforce, investment, market shares.

Differently to their high-ILM Access counterparts, they fail to exploit a growth opportunity. How

much value would be created if the ILM constraint was relaxed for these firms, allowing them to draw

workers from their non-shocked affiliates? We attempt a model-based quantification to complement

our empirical analysis and further our understanding of how the structure of groups affects their

potential to benefit from the ILM.

In our static model, the ability to redeploy one additional worker from the non-shocked to the

shocked unit generates a marginal increase in group profits equal to the wedge λ, which in fact

measures within-group labor misallocation due to constrained ILM Access. We focus on shocked BG

firms with below-median ILM Access and, using equation (2b), we calculate λ as the difference at

τ = +1 (the first year after the shock) between the marginal revenue productivity of labor (MRPL) of

the shocked unit and the MRPL of the least productive affiliate active in non-shocked industries. We

assume a Cobb-Douglas production function, with MRPL proportional to Value Added per Worker

and a proportionality factor equal to the labor share.

In Table 3 we report the average value of the ILM wedge λ, alongside group/firm characteristics.

We do so for shocked firms with above- vs below-median group industry diversification: λ is larger in

more diversified groups, that are more exposed to idiosyncratic shocks and thus have more potential

for labor reallocation across low-MRPL and high-MRPL firms. The net increase in one-year group

profits that would be generated by the reallocation of one extra worker ranges from 124,000 euros

(assuming a labor share = 1/2) to 165, 000 euros (assuming a labor share = 2/3), much larger than

the wedge in less diversified groups.23

We compare these figures to the consolidated group profits one year before the shock.24 The

ratio of λ to average group profits ranges between 0.002 and 0.003. In other words, our calculations

indicate that the ability to redeploy one worker via the ILM towards the shocked BG firm would boost

consolidated group profits by 0.2 − 0.3 percent. To put things in perspective, we compare this effect

to the contribution of top employees to firm performance, which has been estimated exploiting data

on CEO deaths and hospitalizations. Bennedsen, Perez Gonzalez, and Wolfenzon (2020) show that

23While the macro-level labor share is around 2/3, firm-level shares are likely lower due to the presence of intermediate
inputs. As there is no consensus in the literature on how to measure the labor share at the firm level (see e.g. Saumik
and Hironobu (2019)), we took the conservative approach to use 1/2 as a lower bound (in line with Saumik and Hironobu
(2019) recent evidence for medium/large firms in advanced economies).

24In a non-negligible number of cases, consolidated group profits are close to zero, driving up remarkably the ratio
between λ and group profits. Therefore, we prefer to be conservative and compare the average value of λ to the average
consolidated group profits reported for the firms in columns 1 and 2 of Table 3.
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operating profits over assets decline by 1.7% following a CEO’s death, while lengthy hospitalizations

cause a 0.9% decline. The effect of hospitalizations of non-CEO top executives is half this size,

suggesting that the contribution to firm performance is substantially larger for CEOs than for other

top executives.25 Bertrand and Schoar (2003) find similar magnitudes when looking at the role of

manager fixed effects in explaining firm performance. Unsurprisingly, the internal reallocation of one

single average employee (i.e. not a top executive) has a smaller yet sizeable impact on consolidated

group profits: our calculations suggest this ranges between 1/5 and 1/9 of the estimated impact on

profits of a CEO’s continued employment.

Why do sectorally diversified groups fail to exploit the ILM? What prevents them from efficiently

reallocating workers from non-shocked to shocked units, failing to absorb such a large wedge be-

tween MRPLs? Our data indicates that these groups are also geographically dispersed : 91% of the

employment in non-shocked affiliates is located in a different department (75% in a different region)

than the shocked firm (Table 3).26 This geographical dispersion seems to generate intra-group labor

misallocation. This is in line with our model, where a smaller ILM Access (µ), due for instance to

distance between shocked and non-shocked units, translates into a larger λ.

Our model-based quantification thus confirms the lesson we drew from this section’s empirical

findings: group structure is key to exploiting the benefits of the ILM. Groups that are hit by industry

shocks are better served by a combination of industry diversification (that makes the group more

exposed to idiosyncratic industry shocks) and geographical focus (that facilitates the reallocation of

workers across units).

5.3 ILM worker flows between pairs of firms

We now turn to study the bilateral flows of workers between pairs of firms, as discussed in Section

4.3. We estimate equation (5) where the unit of observation is now a pair (firm of origin–destination

firm) in a given year, in which the firm of destination is a BG firm that operates in one of the shocked

industries. Our baseline sample consists of 2,978,549 pair-year observations, out of which 60,754 are

same-group pairs and 2,917,795 are external pairs (see Table A18 in Online Appendix A.4).

Figure 11, panel (a), reports the estimated normalized coefficients for internal flows (α̂Intτ − α̂Int−1 ),

together with 95% confidence bands. Starting from τ = 0, internal flows significantly increase relative

25Nguyen and Nielsen (2014) find an average negative (−1.22%) stock price reaction to the sudden death of a CEO.
Salas (2010) reports a positive stock market reaction to the death of “entrenched” CEOs, i.e. those with long tenure
and poor past performance, but a negative (−1.8%) stock price reaction to the death of non-entrenched CEOs.

26By contrast, Table 3 shows that groups that are less diversified across industries and thus less exposed to idiosyn-
cratic shocks, have smaller gains to grasp from a relaxation of ILM constraints. While less geographically dispersed,
they still face some hurdles reallocating workers internally, preventing them to completely absorb the internal wedge
between MRPLs.
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to the year before the event. Given that average internal flows in the pre-event window amount to

7.4% (Table A19, Online Appendix A.4), on average the shock raises internal flows by about 6.8%

at τ = 0, about 15% at τ = +1, and 20% at τ = +2 and τ = +3.27 These results are robust to

using the alternative estimators proposed by Sun and Abraham (2021) and de Chaisemartin and

D’Haultfœuille (2021) (Online Appendix A.5), and confirm what we learn in our firm-level analysis:

group-affiliated firms increase their reliance on the ILM when responding to positive shocks to growth

opportunities.

If groups are concentrated in one geographical area whereas external partners are more dispersed,

the increase in the ILM flows that we observe might simply be due to the shocked firms hiring locally.

To address this concern, we compare the evolution of flows within pair of firms where both internal

and external partners are all located in the same local labor market as the shocked unit. Figure

11, panel (b), shows that even when labor market partners are all geographically close, affiliated

firms still favor the internal channel for their hiring. This confirms that same-group affiliation is per

se a factor facilitating labor mobility across firms. The result also mitigates the concern that the

estimated increase in internal hiring may be due to the shock spurring a change in hiring policy,

making the firm more inclined to hire locally.28

5.3.1 ILM response and the firm-of-origin characteristics

Which group member firms are likely to “provide” more employees to the ones benefiting from a

positive shock? Our model predicts that a positively shocked unit should absorb more workers

from less productive units (Result 3 ). We test this prediction within our event study methodology,

comparing internal flows originating from firms with different characteristics. We are able to measure

firm-level characteristics such as capital expenditures (Capex) and Value Added Per Worker because

we investigate the activity of ILMs within groups of affiliated firms, for which separate financial

statements are available.

We first ask whether shocked group units absorb more workers from low-productivity units,

27While the share of internal hires does not increase at τ = +3 (see Figure 5), the average bilateral ILM flow does.
In our sample, all pairs of firms are observed both before and after the shock. However, in some pairs the firm of
origin may exit from the sample because it shuts down, which may reduce the number of labor market partners in
periods more distant from the shock. This may lead to an increase in the average bilateral flow at τ = +3, as the total
ILM inflow is distributed over a smaller number of ILM partners. This discrepancy suggests that groups may react to
positive shocks hitting part of the organization by closing down some of their (arguably less productive) units. This is
an interesting phenomenon that we believe is best left to future research.

28Given the industry nature of our shock, group sectoral concentration cannot be a driver of internal hiring in
our empirical analysis. Indeed, our model predicts that shocked BG firms should not hire from same-group affiliates
operating in their same industry (and therefore subject to the same shock). Table A21 in the Online Appendix (columns
7 and 8) provides evidence supporting this prediction. Instead, when we consider (internal and external) labor market
partners all operating in a different 4-digit industry than the shocked firm, and thus not experiencing the same shock,
we do observe an ILM response (but not an ELM response). See Table A21 (columns 5 and 6).
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proxying productivity with Value Added Per Worker. Figure 12(a) shows that less productive group

members contribute more workers to the group ILM after the shock. We then use pre-event capital

expenditures (Capex) as a proxy for growth opportunities. Figure 12(b) shows that ILM flows

from group units with (pre-event) Capex above the median do not react to the shock, while the

contribution to the ILM of units with (pre-event) Capex below the median displays a significant and

sizeable increase after shock.

These results suggest that ILMs, by redeploying workers from less to more productive and promis-

ing units, may affect the amount of labor misallocation across industries. They also suggest that

shocked BG firms may grow more or less in response to the shock depending on the productivity of

their affiliates, to the extent that this determines the scope for intra-group labor reallocation and thus

the intensity of ILM flows. In Figure 13, we expand on the results on firm-level outcomes presented

in Section 5.1 and look again at employment and market share expansion in shocked BG firms: we

find that this is larger when other firms in the same group and the same local labor market have

lower productivity.

5.3.2 ILM response and workers’ occupation

We then ask whether a positive shock has heterogeneous effects across occupations, as these may

be affected differently by hiring frictions that make the ILM valuable. We expand equation (5)

measuring flows for different categories of workers and estimate:

fj(s)kot = φj(s)ko + βIntt + βExtt +
4∑
o=1

+3∑
τ=−3

αIntτ,o I
Int
τst +

4∑
o=1

+3∑
τ=−3

αExtτ,o I
Ext
τst + εj(s)kot, (6)

where the dependent variable fj(s)kot is the proportion of employees of occupational category o hired

by a group affiliated firm j in year t and originating from firm k, relative to the total number of

workers hired by firm j in year t. Note that this specification includes fixed effects that are specific

to each firm pair and occupation category. This allows us to control for all the unobservable (time-

invariant) characteristics that affect bilateral workers flows within a specific occupation category.

In Figure 14 (Table A24), we compare the ILM response across the four main occupational cat-

egories in the BTS (see Table A.1): managers/high skilled (managers, engineers, and professionals);

intermediate professions; clerical support, services, and sales workers; blue collars (both skilled and

unskilled). We observe a strong ILM response for managerial/high-skill occupations and blue collars

and a slightly weaker response for clerical workers, while we do not observe a clear response for

intermediate professions.
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Relative to the year before the event, ILM hires for managers, engineers and professionals signif-

icantly increase by 0.34 percentage points at τ = +1 and by 0.44 percentage points at τ = +2 and

τ = +3. Given that average internal flows for managers in the pre-event window amount to 2.1%

(see Table A19 in Online Appendix A.4), these increases represent a 16% and 21% boost to ILM

flows for this occupational category. ILM hiring of blue collars also registers a similar increase (0.39

percentage points at τ = 0, and 0.49 and 0.43 percentage points respectively at τ = 1, 2), hence

approximately a 20% increase with respect to the pre-event levels.29

To better understand what drives ILM flows, we analyze results based on a finer classification

of occupations, using the technical skill content alongside the position in the firm hierarchy. In

Table A25 we report the results for different types of managers and blue-collars. We observe a sig-

nificant ILM response to competitors’ closures for STEM-skilled managers/professionals and skilled

blue-collar workers. Conversely, group firms do not increase the ILM hiring of administrative man-

agers/professionals and unskilled blue-collar workers. This suggests that among the different compo-

nents of human capital that the ILM helps reallocate, technical knowledge is more prominent than

managerial practices.

Our findings suggest that group firms rely on the ILM primarily when hiring frictions on external

markets are severe, as is the case for skilled workers (Abowd and Kramarz (2003), Kramarz and

Michaud (2010), Blatter, Muehlemann, and Schenker (2012)). Because skilled/technical workers in

both managerial and blue collar positions are likely to condition firm’s growth, access to such workers

through the ILM should represent a competitive edge in the face of positive shocks.30

6 Conclusion

Why are some organizations better able than others to exploit growth opportunities? Is access to

skilled human capital central to growth? In this paper we address these questions by studying how

some widespread organizations, namely business groups, respond to positive shocks to their growth

opportunities using their Internal Labor Markets. To do so, we exploit measures of individual mobility

(through a matched employer-employee data set), together with information on the organization’s

29Since we split the total flow of workers within each pair into four occupation categories, the numerator of the
dependent variable in equation (6) is smaller than in the baseline specification, hence both average flows and changes
in flows are smaller.

30The idea that lack of skilled workers is a major hurdle for firm growth is supported not only by the literature
emphasizing the role of managers for firm performance and expansion (see footnote 2) but also by growing anecdotal
evidence suggesting that firms are struggling to hire and train skilled blue-collar workers as much as STEM-skilled
professionals. See “Hunt for Skilled Labour: ‘New Collar’ jobs prove hard to fill,” Financial Times, 30 July 2018, but
also: “American Factories Could Prosper if They Find Enough Skilled Workers,” The Economist, 12 October 2017;
“Companies Struggle to Fill Quarter of Skilled Job Vacancies,” Financial Times, 28 January 2016; “Smaller companies
feel the lack of STEM skills most keenly” (Financial Times, 16 February 2014).
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structure (i.e., the firms affiliated with a group), and the economic outcomes of the affiliated firms.

To the best of our knowledge, this paper is the first to show that organizations grow, build market

share, and improve their performance using their ILM to accommodate positive shocks to the growth

opportunities they face. This is compatible with a model where hiring frictions are eased when labor

adjustment takes place within the ILM rather than using the external market. We also explore how

group characteristics affect the value of the ILM: we show that when one of its business units is

hit by an industry shock, a group is best served by a combination of industry diversification and

geographical focus. Diversification across industries creates scope to reallocate workers from low to

high marginal-revenue-productivity-of-labor units, whereas geographical proximity facilitates worker

transfers.

Our findings are consistent with the role of business network in ironing out information frictions

and boosting firm performance (see Cai and Szeidl (2018)). This raises several issues regarding the

wider role of business group organizations in economic systems. The evidence provided here suggests

that, in the presence of frictions, groups display a larger ability to adapt to changing business

conditions with respect to stand-alone firms: thanks to the ILM, groups can overcome human capital

bottlenecks that bind when growth opportunities emerge. Hence, ILMs, alongside internal capital

markets, can provide groups with a competitive advantage with respect to their stand-alone rivals,

an imbalance that labor market frictions are bound to magnify.31

An important question we intend to analyze in future research is whether group ILMs can facilitate

the allocation of labor to more productive uses in the economy by reducing labor distortions. Using

a general equilibrium framework where firing and hiring costs affect both business groups and stand-

alone firms, a set up à la Hsieh and Klenow (2009) as revisited by Sraer and Thesmar (2018) will

allow us to quantify the impact of groups’ ILMs on misallocation.

Our results are likely to extend beyond the group-type organizational form. Indeed, ILMs are

even more likely to operate within other types of diversified organizations such as multi-establishment

firms, where coordination across units is arguably stronger than across subsidiaries of a business

group. Focusing on groups is a useful benchmark because it allows us to establish that ILMs operate

even across units that are separate legal entities, as is the case for business group subsidiaries.

However, taking the structure of complex organizations as given is far from fully satisfactory,

and we also aim at understanding how such entities come to life, the constraints that arise to locate

31Our data show that groups enjoy strong positions in their product markets: 89 percent of the ten largest incumbents
in French manufacturing industries are affiliated with business groups. In a previous paper, three of the four co-
authors studied how reliance on internal capital markets can explain groups’ ability to withstand competition, especially
in environments where financial constraints are pronounced (Boutin, Cestone, Fumagalli, Pica, and Serrano-Velarde
(2013)).
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them in space, and why they take different forms. In particular, why are some units added to

organizations as separate legal entities under the parent control rather than as establishments? In

order to understand the full nature of the benefits and costs associated to groups’ existence, in future

research we plan to investigate how shocks lead to the addition of new firms within groups versus

new establishments in multi-establishment firms.

7 Data Availability Statement

7.1 LIFI

• 2010 : https://doi.org/10.34724/CASD.272.164.V1

• 2009 : https://doi.org/10.34724/CASD.272.150.V1

• 2008 : https://doi.org/10.34724/CASD.272.149.V1

• 2007 : https://doi.org/10.34724/CASD.272.148.V1

• 2006 : https://doi.org/10.34724/CASD.272.147.V1

• 2005 : https://doi.org/10.34724/CASD.272.146.V1

• 2004 : https://doi.org/10.34724/CASD.272.145.V1

• 2003 : https://doi.org/10.34724/CASD.272.144.V1

• 2002 : https://doi.org/10.34724/CASD.272.143.V1

7.2 BTS Postes

• 2010 : https://doi.org/10.34724/CASD.21.97.V1

• 2009 : https://doi.org/10.34724/CASD.21.54.V1

• 2008 : https://doi.org/10.34724/CASD.21.53.V1

• 2007 : https://doi.org/10.34724/CASD.21.52.V1

• 2006 : https://doi.org/10.34724/CASD.21.51.V1

• 2005 : https://doi.org/10.34724/CASD.21.50.V1

• 2004 : https://doi.org/10.34724/CASD.21.49.V1
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• 2003 : https://doi.org/10.34724/CASD.21.48.V1

• 2002 : https://doi.org/10.34724/CASD.21.47.V1

7.3 FARE

• 2010 : https://doi.org/10.34724/CASD.42.124.V1

• 2009 : https://doi.org/10.34724/CASD.42.552.V1

• 2008 : https://doi.org/10.34724/CASD.42.551.V1

7.4 FICUS

• 2007 : https://doi.org/10.34724/CASD.68.557.V1

• 2006 : https://doi.org/10.34724/CASD.68.556.V1

• 2005 : https://doi.org/10.34724/CASD.68.555.V1

• 2004 : https://doi.org/10.34724/CASD.68.554.V1

• 2003 : https://doi.org/10.34724/CASD.68.553.V1

• 2002 : https://doi.org/10.34724/CASD.68.779.V1

The codes underlying this research and the instructions to have access to the data are available on

Zenodo at https://dx.doi.org/10.5281/zenodo.8228670.
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Figure 2: Business Groups in France

(a) Importance of group-affiliated firms in the French economy

(b) Distribution of group size

Note: In panel (b), in each year French groups are ranked in ten deciles, based on size. Group size is measured as

the group total number of (full-time equivalent) employees. For each year, the figure shows the average size of groups

belonging to each decile.
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Figure 3: Characteristics of the population of groups by decile of group size

(a) Number of affiliates (b) Average size of affiliates

(c) Number of 4-digit industries (d) Group concentration across 4-digit industries

(e) Number of regions (f) Group concentration across regions

Note: In each year French groups are ranked in ten deciles, based on size. Group size is measured as the group

total number of (full-time equivalent) employees. Each panel shows, for each year, the average value of a given group

characteristic by decile of group size. Affiliates’ size, in panel (b), is measured as the total number of (full-time

equivalent) employees. Four-digit industries, in panel (c), are obtained from the INSEE classification NAF rev. 1, 2003.

Group concentration across 4-digit industries/regions is measured as the group-level HHI, i.e. an HHI based on group

employment shares in the different four-digit industries (panel (d)) and regions (panel (f)).
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Figure 4: Impact of competitors’ closures on shocked firms’ outcomes

(a) Employment (b) Hiring

(c) Investment (d) Market shares

Note: In each panel, we plot the coefficients α̂τ− α̂−1 estimated from equation (3). The plotted coefficients measure the

change in each of the firm-level outcomes from event date −1 to event dates τ ∈ [−3,+3] (relative to the counterfactual

flows). Event date 0 is the year of the shock, i.e. the first year in which the large competitor is no longer active in

a given industry. The error bars show the 95% confidence intervals calculated using standard errors clustered at the

industry and group level. Employment measures the total number of (full-time equivalent) employees of (shocked) firm

j. Hiring measures the change in employment (of shocked firm j). Investment equals CapEx in 1000 EUR. Market

share is the ratio of firm j’s sales over total sales in its four-digit shocked industry s. Table A10 in the Online Appendix

reports the estimated coefficients, s.e., and sample size.
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Figure 5: Impact of competitors’ closures on share of internal hires

Note: The figure plots the coefficients α̂τ − α̂−1 estimated from equation (3). The plotted coefficients measure the

change in the share of internal hires from event date −1 to event dates τ ∈ [−3,+3] (relative to the counterfactual

flows). Event date 0 is the year of the shock, i.e. the first year in which the large competitor is no longer active in

a given industry. The error bars show the 95% confidence intervals calculated using standard errors clustered at the

industry and group level. Share of internal hires is the ratio of new hires originating from same-group firms over total

hiring of firm j. Table A10 in the Online Appendix reports the estimated coefficients, s.e., and sample size.
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Figure 6: Share of internal hires and Number of active internal partners, by ILM Access

(a) Share of internal hires (b) NAIPs

Note: The figure shows the effect of a large competitor closure on shocked BG firms’ Share of internal hires and number

of active internal labor market partners (NAIPs), depending on the level of ILM Access, estimating equation (4). Active

internal labor market partners are the internal partners from which the shocked BG firm j actually hires workers. ILM

Access is the sum of employment (measured at τ = −1) of all group units that are (i) affiliated with firm j; (ii) located

in the same local labor market (Zone d’Emploi) as j; (iii) in a different 4-digit industry than j. The median value of

ILM Acces is equal to 1 worker. Event date 0 is the year of the positive shock, i.e. the first year in which the large

competitor is no longer active in a given industry. The blue diamonds plot the change in the outcome from event date

−1 to event dates τ ∈ [−3,+3] (relative to the counterfactual) for firms with ILM Access above the median. The green

triangles represent the change in the outcome for firms with below median ILM Access. Panel (a) shows that the change

in Share of internal hires in above-median ILM Access firms is significantly higher than in below-median ILM Access

firms: the difference is significant at 1% at τ = 1 (p = 0.0086), and at 5% at τ = 2 (p = 0.0572). Panel (b) shows that

the change in NAIPs in above-median ILM Access firms is significantly higher than in below-median ILM access firms:

the difference is significant at 5% at τ = 0 (p = 0.011) and at 1% at τ = 1 (p = 0.008). The error bars show the 95%

confidence intervals calculated using standard errors that are clustered at the industry and group level. Table A12 in

the Online Appendix reports the estimated coefficients, s.e., sample size.
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Figure 7: Impact of competitors’ closures on BG firms’ employment, by ILM Access

(a) ILM Access above median vs. below median (b) ILM Access in top quartile vs. below median

(c) ILM Access in top decile vs. below median (d) ILM Access in top 5 percent vs. below median

Note: The figure shows the effect of a large competitor closure on shocked BG firms’ employment, depending on the

level of ILM Access (estimated using equation (4)). ILM Access is the sum of employment (measured at τ = −1) of

all group units that are (i) affiliated with j; (ii) located in the same local labor market (Zone d’Emploi) as firm j; (iii)

in a different 4-digit industry than j. Event date 0 is the year of the positive shock, i.e. the first year in which the

large competitor is no longer active in a given industry. The blue diamonds plot the change in employment from event

date −1 to event dates τ ∈ [−3,+3] (relative to the counterfactual) for firms with ILM Access above the median (panel

a); in the top quartile (panel b); top decile (panel c); top 5 percent (panel d) of the distribution. The green triangles

represent the change in employment for firms with below median ILM Access. The median value of ILM Acces is equal

to 1 worker, the 75th percentile is equal to 35 workers; the 90th percentile is equal to 207 workers, the 95th percentile

to 919 workers. The error bars show the 95% confidence intervals calculated using standard errors that are clustered

at the industry and group level. Table A13 in the Online Appendix reports the estimated coefficients, s.e., sample size.
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Figure 8: Impact of competitors’ closures on BG firms’ investment, by ILM Access

(a) ILM Access above median vs. below median (b) ILM Access in top quartile vs. below median

(c) ILM Access in top decile vs. below median (d) ILM Access in top 5 percent vs. below median

Note: The figure shows the effect of a large competitor closure on shocked BG firms’ investment (CapEx), depending

on the level of ILM Access (estimated using equation (4)). ILM Access is the sum of employment (measured at τ = −1)

of all group units that are (i) affiliated with firm j; (ii) located in the same local labor market (Zone d’Emploi) as j;

(iii) in a different 4-digit industry than j. Event date 0 is the year of the positive shock, i.e. the first year in which

the large competitor is no longer active in a given industry. The blue diamonds plot the change in investment from

event date −1 to event dates τ ∈ [−3,+3] (relative to the counterfactual) for firms with ILM Access above the median

(panel a); in the top quartile (panel b); top decile (panel c); top 5 percent (panel d) of the distribution. The green

triangles represent the change in investment for firms with below median ILM Access. Panel (c) shows that investment

in high ILM access firms is significantly higher than in low ILM access firms: the difference is significant at 1% at τ = 1

(p = 0.0067) and at 5% at τ = 2 (p = 0.035). Panel (d) shows that investment in high ILM access firms is significantly

higher than in low ILM access firms: the difference is significant at 5% at τ = 1 (p = 0.0209). The median value of ILM

Acces is equal to 1 worker, the 75th percentile is equal to 35 workers; the 90th percentile is equal to 207 workers, the

95th percentile to 919 workers. The error bars show the 95% confidence intervals calculated using standard errors that

are clustered at the industry and group level. Table A14 in the Online Appendix reports the estimated coefficients,

s.e., sample size.
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Figure 9: Impact of competitors’ closures on BG firms’ market shares, by ILM Access

(a) ILM Access above median vs. below median (b) ILM Access in top quartile vs. below median

(c) ILM Access in top decile vs. below median (d) ILM Access in top 5 percent vs. below median

Note: The figure shows the effect of a large competitor closure on shocked BG firms’ market share, depending on the

level of ILM Access (estimated using equation (4) ). ILM Access is the sum of employment (measured at τ = −1) of

all group units that are (i) affiliated with firm j; (ii) located in the same local labor market (Zone d’Emploi) as j; (iii)

in a different 4-digit industry than j. Event date 0 is the year of the positive shock, i.e. the first year in which the

large competitor is no longer active in a given industry. The blue diamonds plot the change in market share from event

date −1 to event dates τ ∈ [−3,+3] (relative to the counterfactual) for firms with ILM Access above the median (panel

a); in the top quartile (panel b); top decile (panel c); top 5 percent (panel d) of the distribution. The green triangles

represent the change in market share for firms with below median ILM Access. The median value of ILM Acces is equal

to 1 worker, the 75th percentile is equal to 35 workers; the 90th percentile is equal to 207 workers, the 95th percentile

to 919 workers. The error bars show the 95% confidence intervals calculated using standard errors that are clustered

at the industry and group level. Table A15 in the Online Appendix reports the estimated coefficients, s.e., sample size.
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Figure 10: Impact of competitors’ closures on BG firms’ Employment and Market Share, by group
industry diversification and group cash

(a) Employment, by group Diversification (b) Market Share, by group Diversification

(c) Employment (high-ILM access firms), by group
Cash

(d) Market Share (high-ILM access firms), by group
Cash

Note: Panels (a) and (b) show the effect of a large competitor closure on shocked BG firms’ Employment and Market

Share, depending on the group’s industry diversification. We measure (pre-shock) group industry diversification as the

opposite of the group-level HHI, i.e. an HHI based on the employment shares in the different four-digit industries in

which group affiliates operate at τ = −1. Panels (c) and (d) show the effect of a large competitor closure on shocked

BG firms’ Employment and Market Share (for firms with ILM Access above median), depending on group cash. Group

cash equals total cash over total assets of all subsidiaries affiliated with shocked BG firm j. Event date 0 is the year

of the positive shock, i.e. the first year in which the large competitor is no longer active in a given industry. The blue

diamond (green triangles) plot the change in employment/market share from event date −1 to event dates τ ∈ [−3,+3]

(relative to the counterfactual) for firms affiliated with groups with a diversification index/cash above (below) median.

The error bars show the 95% confidence intervals calculated using standard errors that are clustered at the industry

and group level. We include firm fixed effects and year dummies in our specification. Tables A16 and A17 in the Online

Appendix report the estimated coefficients, s.e., sample size.
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Figure 11: Impact of competitors’ closures on bilateral worker flows from ILM partners

(a) Impact of competitors’ closures on bilateral worker flows from ILM
partners

(b) Impact of competitors’ closures on bilateral worker flows from ILM
partners operating in same local labor market

Note: Panel (a) plots the coefficients α̂Intτ − α̂Int−1 estimated from equation (5). Panel (b) plots the coefficients estimated

in a specification in which flows occur within pairs where the firm of origin operates in the same local labor market as

firm j. The coefficients measure the change in Internal flows from event date −1 to event dates τ ∈ [−3,+3] (relative to

the counterfactual flows). Event date 0 is the year of the positive shock, i.e. the first year in which the large competitor

is no longer active in a given industry. The error bars show the 95% confidence intervals calculated using standard

errors clustered at the industry and group level. The flows are measured as the ratio of workers hired by a BG-affiliated

firm j (active in a shocked industry) from firm k in year t, to the total number of workers hired by firm j in year t.

Table A20, column 2, in the Online Appendix reports the estimated coefficients, s.e., and sample size for panel (a) and

Table A21, column 2, for panel (b). Both Tables also report the estimated coefficients α̂Extτ − α̂Ext−1 regarding external

flows.
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Figure 12: Impact of competitors’ closures on ILM flows, by firm of origin characteristics

(a) Flows from firms with high vs low pre-event Value
Added Per Worker

(b) Flows from firms with high vs low pre-event Capex

Note: The figure shows the effect of a large competitor closure on bilateral worker flows from ILM partners to shocked

BG firms. All firm of origin characteristics are measured as pre-event averages, taking the average over the pre-treatment

period within the event window, i.e. over years τ ∈ [−3, 0). In panel (a), we compare flows from same-group firms with

(average pre-event) Value Added Per Worker above versus below the median (computed in the overall sample of firms

of origin affiliated with shocked BG firms). At τ = 0 and τ = 1 ILM flows from firms with low VA per Worker are

significantly higher than ILM flows from firms with high VA per Worker; the difference being 1% significant at τ = 0

(p = 0.0075) and 5% significant at τ = 1 (p = 0.03). In panel (b), we compare flows from same-group firms that have

average pre-event Capex above versus below the median of the Capex distribution (in the overall sample of firms of

origin affiliated with shocked BG firms). ILM flows from low Capex firms are significantly higher than ILM flows from

high Capex firms: the difference is significant at 5% at τ = 1 (p = 0.017), τ = 2 (p = 0.044), and τ = 3 (p = 0.025).

The flows are measured as the ratio of workers hired by a BG-affiliated firm j (active in a shocked industry) from firm

k in year t, to the total number of workers hired by firm j in year t. Event date 0 is the year of the positive shock, i.e.

the first year in which the large competitor is no longer active in a given industry. The plotted coefficients measure the

change in bilateral worker flows from event date −1 to event dates τ ∈ [−3,+3], relative to the counterfactual flows.

The error bars show the 95% confidence intervals calculated using standard errors that are clustered at the industry

and group level. We include firm-pair fixed effects and year dummies in our specification. Table A22 in the Online

Appendix reports the estimated coefficients, s.e., sample size.
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Figure 13: Impact of competitors’ closures on employment and market shares, by Value Added per
Worker of the least productive group-affiliate within the local labor market

(a) Employment (b) Market shares

Note: The figure shows the effect of a large competitor closure on shocked BG firms’ employment (panel (a)) and market

shares (panel (b)) depending on the (pre-shock) VA per Worker of the least productive affiliate of the rest of the group.

For each shocked BG firm, we focus on the subset of group affiliates located within the same local labor market as the

shocked firm and active in non-shocked sectors, and we identify the affiliate with the lowest VA per Worker. We then

separate shocked firms depending on the level of VA per Worker of the least productive affiliate, i.e. whether they are

above or below the median of the distribution of VA per Worker of the least productive affiliate. The reason for focusing

on rest-of-the-group affiliates located in the same local labor market as the shocked firm is that reallocations beyond

the so called Zone d’Emploi are likely to encounter substantial hurdles in France, as discussed in Section 5.2. Hence,

affiliates active in non-shocked sectors but outside the local labor market are unlikely to contribute to within-group

efficiency enhancing reallocations. Panel (a) shows that employment in shocked firms whose least productive affiliate

is below the median is significantly higher than in shocked firms above the median: the difference is significant at 5%

at τ = 0 (p = 0.033), at 1% at τ = 1 (p = 0.0057), τ = 2 (p = 0.0029) and τ = 3 (p = 0.0025). Panel (b) shows that

market shares in shocked firms below the median are higher than in shocked firms above the median: the difference

is marginally significant at 10% at τ = 0 (p = 0.11) and τ = 1 (p = 0.09). The error bars show the 95% confidence

intervals calculated using standard errors that are clustered at the industry and group level. We include firm fixed

effects and year dummies in our specification. Table A23 in the Online Appendix reports the estimated coefficients,

standard errors and sample size.
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Figure 14: Impact of competitors’ closures on ILM flows, by occupation

(a) Blue Collars (b) Clerical Workers

(c) Intermediate Professions (d) Managers/High-skill

Note: The figure plots the coefficients α̂Intτ − α̂Int−1 (blue dots) estimated from equation 6. We consider four occupational

categories: blue collars, clerical workers, intermediate professions, managers/high-skill workers. Event date 0 is the

year of the positive shock, i.e. the first year in which the large competitor is no longer active in a given industry. The

flows are measured as the ratio of workers in a given occupational category hired by a BG-affiliated firm j (active in a

shocked industry) from firm k in year t, to the total number of workers hired by firm j in year t. The plotted coefficient

measure the change in Internal flows from event date −1 to event dates τ ∈ [−3,+3] (relative to the counterfactual

flows). The error bars show the 95% confidence intervals calculated using standard errors that are clustered at the

industry and group level. We include firm-pair×occupation fixed effects and year dummies in our specification. Table

A24 in the Online Appendix reports the estimated coefficients, s.e., sample size. The Tables also report the estimated

coefficients α̂Extτ − α̂Ext−1 regarding external flows.
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Table 1. Excess probabilities of within-group firm-to-firm transitions

mean sd p10 p25 p50 p75 p90 N

Unconditional excess probabilities 0.052 0.156 -0.000 -0.000 -0.000 0.010 0.143 318,452

Controlling for propensity to hire workers moving:

Between any local labor markets 0.052 0.157 -0.000 -0.000 -0.000 0.010 0.140 318,452
Within same local labor market 0.063 0.188 -0.000 -0.000 -0.000 0.002 0.200 306,452
Between any occupations 0.096 0.240 -0.000 -0.000 0.000 0.014 0.334 318,447
Within same occupation 0.072 0.211 -0.000 -0.000 0.000 0.001 0.236 298,987
Between any occupations × local labor market 0.101 0.249 -0.000 -0.000 0.000 0.018 0.400 318,435
Within same occupation×local labor market 0.081 0.234 -0.000 -0.000 0.000 0.000 0.263 264,644

Note: Row 1 displays descriptive statistics on the unconditional excess probabilities γ̂j,t estimated from equation (1)

when the set c is the set of all job movers in the French economy. In row 2 we define c as the subset of job movers

transiting between local labor markets l and local labor market m. The estimated γ̂c,j,t are aggregated at the firm-level

taking simple averages to obtain excess probabilities γ̂j,t. In row 3 the set c includes job movers transiting within the

same local labor market (l = m). In row 4 we define c as the subset of job movers transiting between occupation o and

occupation z. In row 5 we define c as the subset of job movers transiting between the same occupations (o = z). In

row 6 we define c as the subset of job movers transiting between two specific occupations and local labor markets. In

row 7 we define the set c as the subset of job movers transiting between the same occupations and the same local labor

markets.
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Table 3. Quantifying the value of ILM: value created by relaxing the constraint

Below median HHI Above median HHI

Group HHI across industries 0.46 0.89
(0.13) (0.10)
N = 501 N = 501

λ (in thousands of euros)
- labor share=2/3 165.31 39.51

(1027.87) (178.68)

- labor share=1/2 123.98 29.63
(770.90) (134)

N = 501 N = 501

Group EBITDA 59,539.7 32,194.64
(441,355.9) (474,730.6)
N = 501 N = 500

Internal hiring pre-shock 1.27 0.350
(14.41) (1.99)
N = 362 N = 358

Number of affiliates outside shocked industries
(pre-shock)

17.27 3.25

(57.97) (8.88)
N = 501 N = 501

Number of non-shocked industries (pre-shock) 6.02 1.95
(9.36) (3.33)
N = 501 N = 495

Employment of shocked firm (pre-shock) 100.16 102.76
(238.13) (281.52)
N = 501 N = 501

Share of group employment in non- shocked indus-
tries located in a different department (pre-shock)

0.91 0.74

(0.26) (0.43)
N = 485 N = 371

Share of group employment in non-shocked indus-
tries that located in a different region (pre-shock)

0.70 0.56

(0.41) (0.48)
N = 485 N = 371

Notes: The table reports the calculated value of the wedge λ measuring within-group labor misallocation after the
shock. Out of the 3,466 shocked BG firms with below-median ILM Access, we focus on those that have at least one
affiliate in a non-shocked sector. For shocked BG firms whose group only operates in the shocked industry at τ = −1,
this exercise is not feasible: given the sectoral nature of the shock in our paper, the ability to use the ILM is intrinsically
linked to the group being active across the shocked and non-shocked sectors. The table also reports a series of pre-shock
firm/group characteristics, for firms affiliated with groups with high/low industry diversification (below/above median
HHI). The number of observations drops to 1007 due to 594 missing values in λ and to 1002 due to missing values in
the HHI. It can further vary due to missing values in the remaining variables.

54


	1 Introduction
	2 Data, Descriptive Evidence, Measures of Workers Mobility
	2.1 Data sources
	2.2 Business groups in France 
	2.3 Measuring business groups' propensity to hire internally

	3 ILM Use in Response to Shocks: A Model
	4 Empirical Design
	4.1 Is there a pecking order of labor sources in the face of positive shocks?
	4.2 Does the ILM allow BG firms to better take advantage of positive shocks?
	4.3 Do shocked BG firms draw more workers from less productive affiliates?
	4.4 Large closures as positive shocks to growth opportunities

	5 BG Firms' Response to Positive Shocks
	5.1 Reliance on the ILM in response to the shock
	5.2 Firms with better ILM access take more advantage of positive shocks
	5.2.1 Value of the ILM and group characteristics

	5.3 ILM worker flows between pairs of firms
	5.3.1 ILM response and the firm-of-origin characteristics
	5.3.2 ILM response and workers' occupation


	6 Conclusion
	7 Data Availability Statement
	7.1 LIFI
	7.2 BTS Postes
	7.3 FARE
	7.4 FICUS

	A Online Appendix for the paper ``Exploiting Growth Opportunities: The Role of Internal Labor Markets''
	A.1 Professional categories in the BTS
	A.2 Descriptive evidence on business groups' propensity to hire internally
	A.2.1 Methodology
	A.2.2 Descriptive statistics: estimated excess probabilities by year
	A.2.3 Descriptive statistics of the regression sample used in Table 2
	A.2.4 Descriptive statistics: Intra-group mobility for different occupational categories 

	A.3 ILM Model: Formal Results and Proofs
	A.3.1 Model extension: ILM adjustment in a three unit group

	A.4 The ILM Response to Positive Shocks
	A.4.1 Descriptives on Large Competitor Closures
	A.4.2 Descriptive statistics on industries experiencing large closure events
	A.4.3 ILM response to positive shocks: Tables
	A.4.4 Expansion by ILM Access: Tables
	A.4.5 Bilateral flows

	A.5 Alternative DiD estimators
	A.5.1 Alternative DiD estimators: Tables





