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Abstract

We document how a reduction in labor costs led to heterogeneous effects on the total
factor productivity (TFP) of manufacturing firms. Leveraging an Italian labor legislation
reform and unique institutional features of the local collective bargaining system, we
show that such effects vary along the TFP distribution. Relative to the counterfactual,
TFP markedly declines on the left tail, which we explain via selection mechanisms; on
the right, TFP mildly increases as firms are able to expand and reallocate their workforce.
To guide the evaluation of welfare implications, we develop a general equilibrium model
featuring firm selection and frictions in input markets.
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1 Introduction

Economic theory and empirical evidence alike suggest that secular rises in living standards
are driven by increases in the total factor productivity (TFP) of firms in the economy. While
much scholarly effort explains TFP via technological or institutional determinants, little
is known about the interplay between TFP and key input markets, particularly the labor
market. This paper seeks to explore how variations in labor costs, possibly induced by policy
or institutional changes, can affect the competitive environment where businesses operate
and thus, endogenously, their TFP.1 More specifically, we address three related questions.
First, how does a reduction in labor costs affect firm TFP at different positions along the
productivity distribution? Second, what mechanisms can account for these effects? Third,
what are the associated welfare implications? The answers to these questions can inform
economic policy in a variety of settings: from advanced economies with extensive labor
legislation and industrial relations centered around collective bargaining, yet heterogeneous
in their institutional details (Bhuller et al., 2022), to countries that have experienced a more
recent, rapid industrialization but whose input markets may be subject to distortions, such
as China (see e.g. Song et al., 2011; Cooper et al., 2018).

To address these questions, in this study we leverage an Italian reform (Decree 368/2001)
originally designed to introduce new temporary labor contracts and weaken employment
protection legislation (EPL), alongside some unique institutional features of the Italian
system of industrial relations that we document for the first time. We show empirically that
the intended effects of the Decree were muted among manufacturing firms, and yet these
underwent a marked decline in their labor costs following the reform. This puzzle is most
easily explained via specific characteristics of the Italian system of collective bargaining.
In brief, manufacturing workers shared collective agreements with workers in services,
where the reform did lead to increased diffusion of temporary contracts and, consequently,
to lower bargaining power of workers (Daruich et al., 2023). At the same time, the new
temporary contracts were not designed to be suitable for manufacturing firms. As a result,
manufacturing firms were subject to a “clean” exogenous shock to their labor costs with no
direct implications for other dimensions of their business decisions or internal organization.
To the best of our knowledge, this is the first study that exploits a variation of this sort to
assess consequences on firm-level outcomes, and in particular, TFP. Our key finding is that
the effects are heterogeneous, as they vary along the ex ante productivity distribution: they
are negative on the left tail and positive on the right tail.

Using comprehensive administrative data about the universe of Italian workers and firms

1We foresee two types of mechanisms by which labor costs may affect the TFP distribution: competitive
selection effects, as in conventional models of competitive equilibrium with entry and exit (Hopenhayn, 1992;
Melitz, 2003); and micro-level mechanisms, where TFP changes as a consequence of firm-level choices that
reflect changes in the business environment (for example, incentives for technology adoption, such as tax
breaks, that are conditional on the education and qualifications of a firm’s workforce).
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from the private sector, we evaluate the causal effects of the reform on manufacturing
firms. We achieve this goal by exploiting its staggered implementation over time: firms
whose workers were subject to different collective bargaining agreements were typically
first exposed to the reform on different dates. This empirical strategy is reminiscent of
those adopted in the same setting (to answer related questions) by Daruich et al. (2023),
Acabbi and Alati (2021), as well as earlier by Cappellari et al. (2012). Our analysis, however,
innovates in three key respects. First, restricting the analysis to manufacturing allows us, for
the aforementioned reasons (which we support through a number of novel stylized facts),
to evaluate the reform as a pure labor cost shifter, whereas previous studies concentrated
on the EPL-reduction angle. Second, we focus on estimating heterogeneous effects on TFP
at different points of the TFP distribution. We attain this in two complementary ways: by
estimating quantile treatment effects and by estimating distinct average treatment effects
on subsamples of firms distinguished by their ex ante TFP. Third, we track other firm-level
outcomes, such as employment, labor productivity, capital intensity, and more, on the same
subsamples. The aim of this exercise is to search for mechanisms that drive the main effects
on TFP at either end of the TFP distribution.

Our main empirical results are cast in an event-study framework. In particular, causal effects
are evaluated by comparing firms subject to the reform (the “treated”) against firms yet
to be covered by the new rules (“not-yet-treated”). We first assess the originally intended
effects of the reform: in manufacturing, there is no evidence of increased use of temporary
contracts. However, manufacturing firms experienced a decline in total labor costs by about
5 percentage points, on average. With these results at hand, which support our proposed
inter-sector wage spillover mechanism induced via collective bargaining, we proceed to
estimate the main effects on the TFP of manufacturing firms. We find that, regardless of
which particular method is used to measure TFP, the latter declined by 5-10 percentage
points, on average, two years after the reform. However, average effects in this case hide a
major source of heterogeneity. Upon restricting the sample to those firms which, before the
reform, most often ranked either in the bottom or in the top quartile of the TFP distribution,
we find that in the former group, the decline in question amounts to 20 per cent or more.
In the latter group, by contrast, the effects are reversed, as TFP increased by about 5 per
cent. These results are corroborated by estimates of quantile treatment effects (based on
Callaway and Li, 2019), which turn from negative to positive as one moves up along the ex
ante unconditional distribution of manufacturing TFP.

Intrigued by these findings, we search for additional evidence that would highlight what
mechanisms drive our main results at both ends of the productivity distribution. We first
adapt our event studies to evaluate the causal effect of the reform on the entry and exit
dynamics of firms that share similar characteristics: such as industry, geographic location,
and TFP level. We find that the reform decreased the exit rate of low-productivity firms,
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while it encouraged entry over the entire distribution. In addition, we develop what is to
the best of our knowledge the first version of the productivity decomposition by Melitz
and Polanec (2015) adapted to potential outcomes, showing that the selection effects we
observe under the treatment (the reform) almost entirely offset any productivity gains on
the intensive margin. As one would expect, lower labor costs lead to an improved business
environment, making it easier for firms, especially low-productivity ones, to survive and
thrive. Other results also support looser competitive selection as the mechanism driving the
effects on the left tail. In particular, low-productivity firms appear to downsize following
the reform, while their labor productivity also decreases. We do not rule out concurrent
explanations, such as increased managerial slack induced by lower operational costs. We find
it more challenging to explain what drives the positive effects on the right tail. We observe
that among firms with already high TFP, lower labor costs led to faster growth (measured
in terms of total employment), lower capital intensity, and lower labor productivity. All
these effects match conventional predictions of economic theory. To reconcile them with
the observed rise in TFP, we conjecture that firms already close to the technological frontier
might draw additional efficiency gains by expanding their workforce and reallocating it
across production tasks.

How to evaluate the welfare consequences of a policy that would lead to lower labor costs
and, in expectation, to effects on TFP and firm dynamics similar to the ones we observe?
The answer to this question is not straightforward, as these effects have ambiguous welfare
implications. For example, allowing low-productivity firms to linger in the economy may
lead to misallocation of capital (which could be better used to finance higher-productivity
firms), but also to a more diverse set of goods available to final consumers. To guide the
analysis, we propose an extension of the closed-economy version of the model by Melitz
(2003), which features monopolistic competition, heterogeneous firms, and an endogenous
productivity distribution. To make the model’s predictions non-trivial, we introduce two
types of frictions: an ad valorem tax on labor, which the policymaker can manipulate, and
financial frictions in the firm entry stage, which enhance capital misallocation.2 As a result
of decreased labor frictions, the model, despite its parsimony, reproduces many of our
empirical findings, especially about firms’ capital intensity, size, and productivity in the
left tail of the distribution.3 The net welfare effects, however, depend on the quantitative
extent of financial frictions. If these are large, lower labor costs might exacerbate the costs

2Previous contributions in international trade have extended the model by Melitz (2003) by introducing
financial frictions that affect export decisions (Manova, 2013; Chaney, 2016). The financial frictions that we
introduce, modeled as a problem of asymmetric information, lead to adverse selection in the domestic market.

3In its current version, the model does not predict the positive TFP effects on the right tail of the distribution.
In a previous version, these effects were reproduced through “productivity-enhancing investments” available
to high-productivity firms, and inspired by previous contributions by Bustos (2011) and Zhelobodko et al.
(2012). Such a mechanism, however, does not come with trade-offs associated with a manipulation of labor
costs. In addition, this mechanism does not match the empirical evidence, as we observe decreased capital
intensity in the right tail. As a result, for parsimony’s sake, we have removed it from the current version.

3



of capital misallocation. Conversely, if they are small, the positive effects derived from the
quantity and variety of goods available in the economy dominate. This suggests that the
evaluation of major labor market policies should take into account their general equilibrium
implications and their interplay with distortions in other input markets.

Related literature. This paper relates to several strands of literature in the fields of labor
and personnel economics, and beyond.

First, we contribute to the literature on the consequences of labor market institutions centered
around collective bargaining. Studies in this tradition have examined the implications of
different models of industrial relations (Boeri et al., 2021; Jäger et al., 2021, 2022), the response
of firms to changes in labor costs induced by changes in collective bargaining agreements
(Devicienti and Fanfani, 2021; Bustos, 2023), the influence of unions on employment and
wages (Farber et al., 2021), the strategies that employers adopt during collective bargaining
negotiations (Prager and Schmitt, 2021), and more. Thanks to institutional features unique
to Italy, this paper develops novel insights about collective bargaining, as it shows how a
confined negative shock to workers’ bargaining power can spill over to other sectors of the
economy, leading to a more widespread fall in labor costs. In addition, it shows that labor
market policies enacted within a collective bargaining framework can have far-reaching
consequences on firms’ productivity distribution. Our paper is most closely related to that
by Devicienti and Fanfani (2021), who report (among other results) heterogeneous effects
on the TFP distribution that are opposite to ours: following an increase in labor costs due to
the regular process of collective bargaining renegotiation, TFP rises in the right tail, while it
falls on the left. We argue that the particular institutional setting that we isolate offers a
cleaner causal identification of the effects of labor costs on firm productivity.4,

5

Second, we extend the literature on the relationship between EPL and productivity. Previous
research (for example: Autor et al., 2007; Cappellari et al., 2012; Dolado et al., 2016), explored
the consequences of EPL on outcomes such as job flows, temporary employment, and firm
productivity, revealing a variety of effects including productivity losses and changes in
labor force composition. Our study provides a novel perspective on EPL, for two reasons.
First, we show that, as a consequence of institutional features of the labor market, EPL can

4Beyond details about measurement and data selection, there are two notable differences between our
contribution and that by Devicienti and Fanfani (2021). First, we focus exclusively on a single reform that
delivers quasi-experimental variation in labor costs, whereas they look at all regular (and largely predictable)
episodes of collective bargaining renegotiation. Second, their results are based on a semiparametric regression
model, as opposed to our non-parametric event study specifically tailored for the evaluation of causal effects.
Their contrasting results about heterogeneous effects on TFP are, in fact, based on rather different measures
(for example, of TFP itself), setting, and approach, and are thus hardly comparable. This notwithstanding, we
are indebted to their work. Our classification of firms by ex ante productivity, for example, is based on theirs.

5The findings in the recent paper by Bustos (2023), by contrast, partly echo ours: using Swedish data, it
reports that labor cost increases following collective bargaining lead to faster firm growth, both in employment
and sales. Unlike ours, that paper does not look specifically at TFP, does not examine heterogeneous effects, and
only links firms to specific collective agreements via an indirect approach based on firms’ skill composition.
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affect firm labor costs indirectly, that is, even for firms that are not directly exposed to the
legislation. In addition, we show that the response of firm-level outcomes is likely to depend
on a firm’s position in the productivity distribution, and we explore the mechanisms that
lead to such heterogeneous response.6 In a paper related to ours, Gnocato et al. (2020) show
that temporary contracts improve allocative efficiency, as they reinforce the statistical link
between firm size and productivity.7 By interpreting some of our empirical results via our
conceptual framework, we show how loosened EPL, if associated with a reduction in labor
costs, may lead to an excessive allocation of resources among low-productivity firms.8

Finally, our paper advances the literature examining the micro-level determinants of the
disappointing productivity performance of Southern European economies (especially Italy)
in recent decades, a topic that has attracted both scholarly and policy interests. The literature
has proposed various mechanisms to explain this phenomenon: Bloom et al. (2012) suggest
that lower levels of social trust affect firm internal organization; Gopinath et al. (2017) point
to financial frictions as the catalyst of capital misallocation; Calligaris et al. (2018) assess
the role of general resource misallocation, which they quantify for Italy following Hsieh
and Klenow (2009);9 while Schivardi and Schmitz (2020) argue that managers struggled to
capitalize on the IT revolution because of relatively lower capabilities. The empirical findings
of this paper support a complementary hypothesis, originally proposed by Dew-Becker
and Gordon (2012), which partly attributes the productivity slowdown to labor market
reforms. Furthermore, this paper offers a framework to evaluate how different sources of
allocative frictions considered in this literature (in both the labor and the capital markets)
interact to jointly determine both productivity and welfare.

Paper outline. The remainder of this paper is organized as follows. Section 2 illustrates
the institutional background, the reform we examine, and the stylized facts that support
our empirical strategy. Section 3, alongside brief outlines of our empirical methodologies,
presents our results. Section 4 describes the conceptual framework we build to draw welfare
evaluations. Lastly, Section 5 concludes. A set of appendices provides additional details
about data construction, summary statistics, empirical results, and model analysis.

6Cappellari et al. (2012) were perhaps the first researchers to examine the labor market and industrial
consequences of the Italian Decree 368/2001. Their paper, which is based on a representative sample of firms
in both services and manufacturing, reports a negative average impact of the reform on firm TFP, but does not
explore heterogeneity of the effect, nor does it isolate effects specific to manufacturing or services.

7Gnocato et al. (2020) study labor market reforms enacted in Italy since 2006 (later than the one examined
in this paper) which further eased the use of both fixed-term and apprenticeship contracts. In an ancillary
analysis of the heterogeneous effects of these contracts on firm TFP, they obtain results aligned with ours.

8More indirectly, our paper also relates to studies that, theoretically and empirically, examine the effect of
labor market policies other than EPL (for example, unemployment benefits) on firm TFP. Examples include
Marimon and Zilibotti (1999), Lagos (2006) and Ortego-Marti (2020). These studies typically highlight channels
that lead to better, productivity-enhancing matches between the two sides of the labor market.

9Gamberoni et al. (2016) conduct a similar analysis extended to the whole Euro-area.
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2 Setting and data

This section comprises four parts. In the first part, we summarize some institutional features
of the Italian system of industrial relations. In the second part, we discuss the labor market
reform that we leverage for identification. In the third part, we describe and summarize the
data. In the fourth part, we illustrate some stylized facts that are central to motivating our
empirical strategy, and we offer a comprehensive interpretation of them.

2.1 Collective bargaining

Italian industrial relations are regulated via collective bargaining agreements, not unlike
other European countries (for example, France or Belgium). These agreements, negotiated at
the national level between the trade unions and the employers’ associations, yield hundreds
of sector-specific national collective labor contracts called Contratti Collettivi Nazionali del
Lavoro (CCNLs). CCNLs establish minimum pay levels known as contractual floors (minimi
contrattuali) that apply nationwide and that are set for each job title or occupation specific
to an industry (typically between five and ten). Contractual floors cannot be suppressed
and apply to all employees subject to the contract, regardless of union membership. As
shown by Faia and Pezone (2023), to whom we defer for a more extended description of
CCNLs, the passthrough between changes in the floors and wages is substantial, since it
typically also affects workers whose ex ante wage is higher than the newly bargained floor.
In practice, contractual floors function as a fixed “base” component of the wage (Fanfani,
2022). CCNLs are re-bargained according to a regular schedule (typically every three years)
on contract-specific dates that are known in advance, irregularly distributed, and ultimately
dependent upon the idiosyncratic history of industrial relations in a sector. The process
leads contractual floors to de facto increase along the inflation rate (Faia and Pezone, 2023).

Italian labor law traditionally prescribes that firms apply the CCLN specific to the firm’s
industry and that is most relevant to the activities performed by each employee. However,
the evolution of the economy over time has led to an imperfect overlap between CCNLs
and standard sector classifications. Because of resulting issues about the enforcement of the
traditional prescription, one can typically observe multiple collective contracts coexisting
within a single sector and at the same time, individual CCNLs applying to firms from very
different industries (see again Fanfani, 2022, for additional discussion). This fact, which we
document more extensively in section 2.4, is central to our empirical strategy.

2.2 The reform

Labor legislation in Italy distinguishes between permanent and temporary employment
contracts. Permanent contracts lack a predefined termination date and require substantial
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severance packages (as a function of, e.g., company size and employee tenure) if an employer
resolves to dismiss an employee. Temporary contracts, which are also covered by collective
bargaining agreements, instead feature an explicit termination date, allowing employers to
dismiss employees thereafter without additional costs. Prior to the enactment of Decree
368 (compliant with the EU directive 1999/70/CE) on September 6, 2001, Italian companies
could only employ temporary contracts under certain conditions, which required explicit
reporting to the Italian Social Security Institute (INPS). The reform removed numerous
restrictions associated with temporary contracts, leaving permanent ones unaffected and
leading to the expansion of fixed-term employment.10

The reform took effect across occupations upon the renewal of their corresponding CCNLs,
thus resulting in staggered implementation. This allows us to leverage quasi-experimental
variation in the degree of labor market flexibility (as set by the reform) across CCNLs, as
done recently by other scholars. Whereas previous contributions exploited this setting to
evaluate the causal effect of increased labor market flexibility on outcomes such as wages,
profits, and employment (Daruich et al., 2023) as well as financial outcomes (Acabbi and
Alati, 2021), in this paper we use it to estimate the causal effects of a fall in labor costs on
the productivity distribution of manufacturing firms, a decrease that is independent of the use
of temporary contracts in a firm. This is enabled by some unique characteristics of the Italian
labor market, which we detail in section 2.4, that allow us to isolate changes in labor costs
indirectly due to the reform, that come with no direct effects (in terms of increased use of
temporary contracts) among manufacturing firms.

2.3 Data

Our analysis is based on extensive administrative data about workers and firms from the
Italian private sector. The two key datasets we combine, which we describe more elaborately
below, are INPS-Uniemens (employment spells) and Cerved (firm-level financial data). Both
are sourced from the Italian Social Security Institute (Istituto Nazionale di Previdenza Sociale,
INPS) and accessed via the VisitINPS Scholars program. The resulting matched dataset is
supplemented with information about the renewal dates of each CCNL, which are central
to our empirical strategy.11

MEE Data (INPS-Uniemens) INPS data provide detailed matched employer-employee
records (with monthly cadence) for all non-agricultural firms in the Italian private sector

10The reform did not amend the existing employment protection measures for ongoing and permanent
contracts. Thus, differences in worker protection levels across contract types were amplified. Even post-reform,
there were restrictions on the maximum duration of employment relationships based on temporary contracts.

11We express our gratitude to Raffaele Saggio and his co-authors (Daruich et al., 2023), for sharing this
auxiliary dataset, which they originally elaborated from information provided by the Italian National Center
for Economy and Labor (Centro Nazionale dell’Economia e del Lavoro, CNEL).
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employing at least one worker. This yields comprehensive employee-level information
on demographic characteristics, labor earnings, contract type (temporary, permanent,
apprenticeship), and working time arrangement (part-time or full-time). Importantly, the
data inform us about the CCNL applied to a worker at any point in time. On the firm
side, we observe information about the establishment and cessation of a business, periods
of suspended activity, industry, province of operation,12 and total labor cost. We restrict
our sample to establishments employing at least five workers for a minimum of one year
within our sample period to exclude very small firms for which reliable TFP measures
are unattainable. We further restrict our MEE data to only those firms also featured in the
Cerved database; see Appendix A for details on data construction and selection.

Firms’ financial data (Cerved) To construct firm-level TFP measures we use the Cerved
proprietary firm-level data about the universe of registered balance sheets of private sector
firms. The database covers the 1996-2016 period and features balance-sheet information
such as revenues, value-added, labor costs, tangible and intangible assets, and the cost
of materials. Where applicable, these measures are deflated using indices about industry
prices and costs down to the three-digit sector level obtained from the Italian National
Institute of Statistics (Istituto Nazionale di Statistica, ISTAT). We only deflate revenues and
costs of manufacturing firms (the ones entering our analysis), as their sectors are the only
ones for which ISTAT provides reliable cost indices. Procedures about data cleaning and
deflation, as well as about TFP estimation, are further detailed in Appendix A.

Summary. Following data cleaning and sample restriction, we are left with a selected
sample comprising 50,000 to 70,000 firms per year, which are distributed approximately
over 65 three-digit manufacturing sectors. Appendix B displays and discusses relevant
descriptive statistics calculated on our final dataset. Notably, the number of covered firms,
while initially increasing, plateaus since 2008, as firm exit appears to increase over time.
Consistently with the stagnation of the Italian economy observed over the last decades, all
three TFP measures we construct display a negative trend between 2003 and 2015.

2.4 Stylized facts

We next document four key facts about the practice of collective bargaining in Italy and the
adoption of different labor contracts. Jointly, these facts motivate our strategy of using the
2001 reform to evaluate the effect of a decrease in labor costs on the productivity distribution
of (manufacturing) firms.

Fact 1. Most firms apply a single collective contract to the vast majority of their workforce.

12Provinces are intermediate administrative divisions of Italy, smaller than regions, encompassing multiple
municipalities. The number of provinces has been fluctuating over time around 90-100.

8



Supporting evidence is presented in Table 1, which shows the proportion of companies in
the sample that apply a single CCNL code to at least 80 per cent of their workforce (whether
across all industries or in manufacturing only), broken down by size category and sector.
Most Italian companies apply a single collective contract to almost all of their workforce,
regardless of size or sector. Furthermore, such a contract remains stable over time. This is
consistent with the legal prescription that firms must apply the CCNL that most closely
corresponds with their production activity.13 This fact comforts us when, in our empirical
analysis, we assign to firms a treatment, which indicates whether Decree 368 applies to
(most of) their workforce.

Table 1: Share of firms applying a single CCNL to 80% or more of their workforce

Whole panel Within year
All industries Manufacturing All industries Manufacturing

All 0.83 0.80 0.95 0.96
>15 empl. 0.81 0.83 0.94 0.96
>50 empl. 0.82 0.86 0.92 0.96

Note. The table presents the proportion of businesses in the sample that apply a single CCNL
to at least 80% of their workforce, broken down by size. In the left panel, the calculation is
performed by pooling all yearly contracts associated with a firm between 1996 and 2016; in
the right panel, calculations are conducted separately for each firm-year. empl.: employees.
Source: Istituto Nazionale della Previdenza Sociale (INPS).

Fact 2. Collective contract types are not segregated by macro-sector (manufacturing vs. services).
Instead, they are typically used across them.

Notwithstanding their original design and current nomenclature (which typically refers
to industry-specific occupations), individual CCNLs are widely used between, rather than
just within, sectors. Evidence of this is presented in Figure 1, which shows for each of the
100 most common CCNLs (ranked in terms of total contract count in our MEE data) the
proportion of that contract’s use in manufacturing against the count ratio of observations in
services vs manufacturing. The count is carried out both at the worker level, i.e., by counting
individual contracts, and at the firm level, i.e., by assigning a modal collective contract to
each firm (which is easily motivated via Fact 1). The wide dispersion of the points in the
figure, for both counts, reflects the high degree to which CCNLs overlap across industries
(if contracts were more segregated, one would expect the points to be distributed around a
monotonically decreasing curve on the XY-plane). Fact 2 can be explained as a by-product
of low enforcement (Garnero, 2018) and legal ambiguity regarding the matching between
industries and CCNLs. In short, whereas firms appear compelled to apply a single CCNL
to most of their workers, they also display discretion in the choice of which particular CCNL

13There may be other reasons why firms may want to apply the same CCNL to most of its workers: for
example, to decrease costs related to influencing negotiations at the national level, or to ensure predictable
and equitable career progression paths among the workforce, with potential efficiency implications.
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to adopt, as adherence between a CCNL and a firm’s actual production activity is difficult
to verify and enforce. Anecdotes about CCNLs specific to metal workers being applied to
workers in professional consulting services are all but unheard of.14

Figure 1: Diffusion of the largest CCNLs across macro-industries
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Note. This Figure illustrates the extent to which the most prevalent CCNLs are used across
manufacturing and service industries. Specifically, for each of the 100 most common CCNLs
(ranked in terms of total number of contracts observed at the worker level over the entire
panel), the Figure plots the proportion of that contract’s use in manufacturing against the
count ratio of observations in services vs manufacturing. The latter count is carried out both
at the worker level (golden full circles) and at the firm level (blue hollow circles); in the latter
case, each firm is assigned the modal CCNL observed among its workers over time. Both
axes are cast on logarithmic scales. Source: Istituto Nazionale della Previdenza Sociale (INPS).

Fact 3. Wages in one macro-sector (services or manufacturing) display a significant partial correlation
with the share of temporary workers in the other macro-sector.

The evidence supporting this last fact is presented in Table 2, which reports the estimated
coefficients for OLS regressions of the following kind:

EI
ct = αc +β1TempShM

ct +β2TempShS
ct +β3SouthShM

ct +β4SouthShS
ct + γcYear+ ϑt + εct.

Here, c indexes CCNLs and t time (i.e. years). The dependent variable EI
ct is the average

earnings, which we measure either in levels or in logs, in each CCNL, year, and macro-sector
I ∈

{
S(ervices),M(anufacturing)

}
. Our key variables of interest are the shares of workers

under temporary contracts in a macrosector-CCNL-year: TempShI
ct, for I ∈ {S,M}. Instead,

the shares of workers located in the South of Italy in a macrosector-CCNL-year: SouthShI
ct

14Whereas in the last two decades, the Italian legislation and governmental practice have moved towards
increased monitoring and enforcement of the “correct” application of CCNLs, legal scholarship has debated
the extent to which companies are free to choose which CCNLs to apply. Some key judicial decisions (e.g.
Corte di Appello di Cagliari on July 13th, 2011; TAR Lombardia on September 4th, 2023), established that firms
can choose any CCNL specific to an industry that is “not too different” from that where they actually operate.
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for I ∈ {S,M}, control for regional differences. We additionally include CCNL and year
fixed effects (αc and ϑt, respectively), and CCNL-specific linear time trends (γc). Lastly, εct
is an error term.

Table 2: Within-CCNL temporary-to-earnings transmission

Dep. variable Earnings Log-earnings
Manufacturing Services Manufacturing Services

Temporary share

in services –1.37∗∗
(0.54)

–6.04∗
(3.20)

–0.04∗∗
(0.02)

–0.31∗∗
(0.14)

in manufacturing –8.13∗∗
(3.81)

–0.45
(0.54)

–0.34∗∗
(0.13)

–0.03
(0.02)

South share

in services –0.98
(0.65)

–5.84∗∗∗
(2.06)

–0.05∗
(0.03)

–0.23∗∗
(0.11)

in manufacturing –4.03∗∗∗
(1.38)

0.07
(0.48)

–0.20∗∗∗
(0.06)

0.01
(0.02)

Observations 5,245 5,245 5,245 5,245
CCNL & Year fixed effects ✓ ✓ ✓ ✓
CCNL-specific linear trends ✓ ✓ ✓ ✓

Note. The table presents the estimates of an OLS regression of earnings on the share of temporary
workers and on the share of workers in the South of Italy, by macro-sector. Regressions are weighted
for workers’ numerosity in each macro-sector. Heteroscedasticity-consistent standard errors are in
parentheses. The asterisk series ∗, ∗∗, and ∗∗∗ denote statistical significance at the 10, 5, and 1 per cent
levels, respectively. Source: Istituto Nazionale della Previdenza Sociale (INPS) and Centro Nazionale
dell’Economia e del Lavoro (CNEL).

Our main coefficient of interest is β2 in regressions about EM
ct , as it allows us to evaluate

the partial correlation between the share of temporary workers in services and wages in
manufacturing. In both the levels and logs specification, this coefficient is negative and
statistically significant: a 10 percentage points increase in the number of temporary workers
in the service macro-industry is estimated to be associated with a 0.4 per cent decrease in
earnings in manufacturing, on average. A symmetric interpretation applies to coefficient β1

in regressions about ES
ct, though the corresponding estimates are not statistically significant.

We interpret these results as evidence of labor market spillovers between macro-industries
within a CCNL. In more mundane terms, an increase in the use of temporary contracts in
services can decrease manufacturing wages, as both macro-sectors use an overlapping set
of CCNLs (per Fact 2), which are regulated nationally via collective bargaining. We argue
more generally that a wider diffusion of temporary contracts in a given CCNL depresses
the bargaining power and thus the wages of all the workers to which that specific CCNL
applies, regardless of contract type; this is consistent with Daruich et al. (2023).
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Fact 4. The intensity of the use of temporary contracts in manufacturing has decreased over time.

Panel A of Figure 2 reports a relevant, and to the best of our knowledge yet unreported,
fact: whereas since 2001, the share of temporary jobs in services has markedly increased,
in manufacturing it has steadily declined instead (we show later there is no causal effect
of Decree 368 upon this measure). Furthermore, Panel B of Figure 2 reveals that in both
manufacturing and services, the total compensation of permanent workers has increased
relative to that of temporary ones. Hence, while relative price considerations can explain
the pattern displayed in Panel A about services, they are more difficult to reconcile with
the manufacturing case. Fact 4 can be tentatively attributed to both technological15 and
especially country-specific institutional characteristics of manufacturing. In particular, the
Italian legislation traditionally provides a support scheme for manufacturing firms: the
so-called cassa integrazione guadagni, a system of wage subsidies that affords firms facing
occasional downturns extra flexibility. As we discuss more elaborately in Appendix C, in
the time period that we examine this system evolved into a more effective and convenient
substitute for temporary work contracts.

Figure 2: Permanent vs. temporary contracts by macro-industry

(a) Share of temporary contracts
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Note. Temporal evolution of selected statistic by macro-sector: share of temporary jobs in
panel (A), log earnings by contract type in panel (B). Perm.: permanent [contracts]; Temp.:
temporary [contracts]. Source: Istituto Nazionale della Previdenza Sociale (INPS).

Discussion. To motivate our empirical strategy, we offer the following cohesive summary
of the four stylized facts illustrated in this subsection. In the Italian system of industrial
relations, firms are largely free to choose which collective contract to apply, yet for legal
and likely economic reasons, they tend to apply the same one to most of their workers. As a
result of the dispersion of contract choice across firms, forces that tend to push national
collective contracts in either direction (like the intensity of temporary contract usage) also

15The production of durable goods does not require rapid workforce adjustments to meet fluctuations of
demand, in contrast to non-durable goods or services. In addition, it may be easier for manufacturing firms to
outsource labor through temporary employment agencies.
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affect salaries in companies that are not directly exposed to such forces. This is the case
of manufacturing firms, which, unlike those in services (and for idiosyncratic reasons),
did not experience an increased takeup of temporary contracts in the years following the
reform. Thus, as we are about to demonstrate, in manufacturing, the reform led to a clean
reduction in labor costs, not accompanied by any direct consequences on the intensity of
temporary contract use. This is in line with the key research question of this paper.

3 Empirical analysis

This section evaluates the causal effect of Decree 368 on Italian manufacturing. Most of our
empirical estimates are based on an event study design which is described in the first of
eight subsections. The ensuing subsections report the resulting estimates on TFP and other
key outcomes, along with auxiliary exercises like QDiD estimates and a “counterfactual”
version of the productivity decomposition by Melitz and Polanec (2015). Additional results,
occasionally mentioned in this section, are reported in Appendix D.

3.1 Empirical strategy

We estimate the causal effect of Decree 368 on a number of outcomes of interest typically
measured at the firm level. Relying on Fact 1, we define a firm as treated if the reform has
taken effect on the CCNL that is most prevalent among its workers. Our empirical strategy
exploits the staggered implementation of the reform, similarly as in other contributions
(Acabbi and Alati, 2021; Daruich et al., 2023).16 As discussed in Section 2.2, the Decree took
effect across CCNLs on predetermined, irregular dates. As these were easily predictable, it
is plausible that firms reacted to the reform with anticipation. An event study design allows
for a prima facie appraisal of anticipated effects via the analysis of pre-treatment differences
between treated and not-yet-treated units, and their trends.

We adopt the methodology proposed by Callaway and Sant’Anna (2021)17 by estimating a
number of time-and-cohort-specific average treatment effects on the treated (ATT):

ATT(g, t) = E [Yit (g) − Yit (0)|Gi = g] .

Here, i denotes a firm; t time measured as years; g denotes the year when the treatment
occurs (“cohort”); Yit (g) is the value of a particular outcome Y that firm iwould get at time

16We restrict the analysis to CCNL re-bargaining events that are associated with the implementation of the
reform, because in manufacturing, this induced a fall in labor costs via the channel documented in Section 2.4.
We do not examine “regular” episodes of CCNL re-bargaining, as these lead contractual floors to increase
along inflation in a largely predictable, anticipated fashion (Faia and Pezone, 2023).

17Estimates obtained via traditional two-way fixed effects ordinary least squares specifications, which are
available upon request, generally yield qualitatively similar results, though typically smaller in magnitude.
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t if it were treated on year g; Yit (0) is the corresponding no-treatment counterfactual; while
Gi is a categorical cohort identifier, coded as a firm i’s treatment year. The expectation
is taken over the population of firms. Because the reform eventually hits all CCNLs, we
impute the counterfactuals Yit (0) through the outcomes of firms not treated at time t yet
(“controls”). The identification of these parameters relies on a number of assumptions
detailed by Callaway and Sant’Anna (2021); most notably, parallel pre-trends between
treated and controls. If this assumption held unconditionally, the identification of ATT(g, t)
would reduce to a difference-in-long-differences comparison. Thus, ATT(2002, 2004) would
be obtained, for example, as the average change in Yit from 2001 to 2004, compared between
firms treated in 2002 versus firms not yet treated in 2004.

However, it is plausible that parallel trends only hold conditionally on selected covariates.
This would occur, for example, if the outcome of interest is TFP and CCNLs or industries
whose productivity grows faster (or slower) than the average are coincidentally clustered
in a specific cohort. To address this, noting that the confounding factors we are concerned
about are categorical industry and province identifiers, we adopt a variation of the outcome
regression correction18 and estimate the ATT(g, t) parameters as:

ÂTT(g, t) =
∑

i

(
Ỹit − Ỹi(g−1)

)
1 [Gi = g]∑

i 1 [Gi = g]
−
∑

i

(
Ỹit − Ỹi(g−1)

)
1 [Gi > t]∑

i 1 [Gi > t]
,

where Ỹit is the residual from the following regression:

Yit = ψi + ηs(i)t + λo(i)t + ϵit,

while in turn, ψi is a firm fixed effect, ηs(i)t and λo(i)t are sector- and province-by-time
fixed effects, respectively,19 and ϵit is an error term. One can easily show that if industry
and geography do not affect firms from different cohorts differently in the same year (on
average) this approach yields a consistent (and unbiased) estimator of the ATT parameters
of interest. Standard errors are obtained via clustered bootstrap, where clusters aggregate
all firms with the same two-digit sector identifier, pooling all years.

In the “entry and exit” analysis from subsection 3.4, as well as in the estimates that inform
our “counterfactual decomposition” from subsection 3.6, our unit of observation shifts from
a firm to what we call a “cell:” an aggregate of firms sharing the same CCNL, region, and
possibly some TFP classification. In particular, we group firms at the level of regions, larger
administrative divisions relative to provinces, as the latter are occasionally small and likely
to display only a handful of firms using the same CCNL in a given year.20 Accordingly, we

18Because all confounders are categorical, we are not concerned about the specification of the outcome
regression model. Conversely, inverse probability weighting is less reliable in the presence of small groups.

19Here, subscripts s(i) and o(i) denote the sector and province of firm i, respectively.
20To further diminish concerns about results driven by small cells, in all our cell-level analyses we remove
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adapt our estimation approach in two respects. First, ATTs are defined relative to variables
one can represent as Ycat, where as in subsection 2.4, c indexes CCNLs; in addition, a
indexes regions. The corresponding residuals that enter the ATT estimation equation are in
this case obtained from the regression:

Ycat = ψ
′
c + λ′a · t + ϵ′cat,

whereψ′
c is a CCNL fixed effect, λ′a is a region-specific time trend, and ϵ′cat is a cell-specific

error. The other adaptation is that in this case, standard errors are no longer clustered.

For both firm-level and cell-level outcomes, we report summaries of the estimates that we
arrange graphically in an event study fashion. Specifically, we display the following linear
combinations of the estimates, alongside their standard errors:

τ̂d =
∑
g

j (g) ÂTT(g,g + d),

where j (g) is a weight specific to a cohort g that measures its frequency in the treated
population. For all our outcomes of interest Y, we report results for d ∈ {−3, . . . , 3}.21 As this
paper focuses on heterogeneous effects along the productivity distribution, many figures
shown in this section report τ̂d estimates for distinct subpopulations of firms, which are
distinguished by their pre-reform TFP classification.

The interpretation of all our estimates is contingent on the longitudinal structure of the
corresponding data. Whereas the cell-level datasets we introduce in section 3.4 are perfectly
balanced, the firm-level panel that informs most of our estimates is not. In fact, it comprises
all manufacturing firms that were observed to continually exist between 1996 and 2001 (the
year when the reform was introduced); however, in subsequent years some of these firms
disappear from the Cerved records (likely because their operations ended). While selection
into the pre-treatment sample is not a concern, we must remark that the ATT estimates
aggregated via the τ̂d coefficients conflate, for d > 0, two types of effect: an intensive margin
effect on firms that would operate on both treatment regimes, and an extensive margin or
selection effect due to the fact that some firms, are only observed only under one such
regime. Our most substantive concern is that some relatively less productive firms would
only appear in the data if their CCNL is hit by the treatment (the reform). Much of our
analysis in the later part of this section aims at disentangling these two effects.

those CCNL-region combinations that are never observed to display at least 15 firms anytime between 1996
and 2008.

21For d = 3, the estimation of τ̂3 relies on a limited number of observations, as most CCNLs are treated in
2002 (51.07 per cent), 2003 (40.59 per cent), and 2004 (5.17 per cent); see Appendix B for graphical visualization.
Hence, for most cohorts, differences observed three years after the treatment are only assessed against a small
control group. This will be taken into account when evaluating point estimates and standard errors for τ̂3.
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3.2 Labor market effects

We begin by examining the more direct effects of the reform on the manufacturing segment
of the labor market. Specifically, we examine whether the reform has had any impact on the
share of temporary contracts among manufacturing firms (as one would expect given the
reform’s content and aims) and on the labor cost of firms, measured as per-worker total
earnings. The results are displayed in Figure 3.

Figure 3: Direct labor market effects

(a) Share of temporary contracts

-0.04

-0.02

0.00

0.02

-3 -2 -1 0 1 2 3
Years relative to treatment
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Note. The figure reports event study coefficients τ̂d where the outcome Yit is, respectively:
the share of temporary contracts in a firm’s workforce (Panel A), and total earnings (labor
costs) per worker, in logarithms (Panel B). Confidence intervals at the 95 per cent level are
obtained from clustered bootstrapped standard errors, where clusters group all firms sharing
the same three-digit sector identifier across years. Source: Istituto Nazionale della Previdenza
Sociale (INPS) and Cerved.

Panel A shows that, on average, the reform did not lead to increased use of temporary
contracts in the manufacturing industry: the estimated effects are all virtually zero, with a
perfectly sharp trend (Panel A). While consistent with Fact 4, this is a striking result, not only
because it is counterintuitive, but also because it contrasts with the results by Daruich et al.
(2023), who show that the reform led to an increase in the use of temporary contracts across
CCNLs. As we can reproduce that qualitative result among service firms, we rationalize
the seeming discrepancy via Fact 2 and the unique features of (Italian) manufacturing
discussed in subsection 2.4. Concurrently, labor costs underwent a significant decrease in
manufacturing. Panel B depicts the estimated coefficients on per-worker labor earnings
among manufacturing firms, showing a reduction of up to 5 per cent two years after the
treatment, in line with other studies (Acabbi and Alati, 2021). We observe a slight pre-trend
in the estimated coefficients, which might be the result of anticipating behavior by firms.

These results corroborate the discussion of the stylized facts from subsection 2.4, which is
based on descriptive statistics and partial correlations, via estimates of the causal effects
of Decree 368: in manufacturing, the reform did not alter the balance between permanent
and temporary contracts, but nevertheless it depressed labor costs via collective bargaining
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spillovers. Hence, these results support our claim that this reform can be seen as a pure
labor cost shifter in Italian manufacturing, which we leverage to assess its indirect effect
on productivity. Note, however, that a major objective of this paper is to assess to what
extent such indirect effects are heterogeneous along the productivity distribution, and to
suggest economic mechanisms to explain any difference. Should the direct labor market
effects of the reform be heterogeneous along the productivity distribution, varying e.g. in
their intensity or even direction, one could explain heterogeneous effects on TFP through
them, rather than, say, more elaborate equilibrium arguments.

Figure 4: Direct labor market effects, by pre-reform TFP quartiles

(a) Share of temporary contracts
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(b) Total labor costs per worker (logarithmic)
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Note. The figure reports event study coefficients τ̂d where the outcome Yit is, respectively: the
share of temporary contracts in a firm’s workforce (Panel A), and total earnings (labor costs)
per worker, in logarithms (Panel B). All estimates are conducted separately for the “Q1” and
“Q4” subpopulations distinguished by their pre-reform TFP classification as discussed in the
text. Confidence intervals at the 95 per cent level are obtained from clustered bootstrapped
standard errors, where clusters group all firms sharing the same three-digit sector identifier,
across years. Source: Istituto Nazionale della Previdenza Sociale (INPS) and Cerved.

To preempt this concern, it is useful to anticipate our discussion about our TFP measures.
In the next section, we report estimates of causal effects on TFP measures based, for the
most part, upon the methodology by Gandhi et al. (2020). To evaluate heterogeneous effects,
we conduct separate estimates on different subpopulations of Italian manufacturing firms
which, following Devicienti and Fanfani (2021), are distinguished by the modal quartile of
TFP, which a firm falls into over the years leading to the reform (1996-2000). We call these
groups Quartile-1 or Q1 (ex ante least productive firms); Q2; Q3; and Q4 (the ex ante most
productive). We conduct this exercise for the direct labor market outcomes as well. Figure 4
reports estimates analogous to those from Figure 3 but conducted separately for the Q1
and Q4 groups.22 For both outcomes, the patterns appear very similar at the two ends of
the ex ante productivity distribution, which is consistent with an exogenous origin of the
labor market effects and which dispels prima facie concerns about these being direct drivers

22Q2 and Q3 are excluded from the figure to facilitate visualization.
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of heterogeneous effects on TFP. While the point estimates from Panel A about the share of
temporary contracts in the Q1 group are positive and of sizable magnitude two years since
treatment, they are too noisy to allow any firm conclusion.

3.3 Total factor productivity

We next examine the reform’s effects on TFP. As the latter is notoriously difficult to measure,
we conduct separate exercises on TFP estimation using the Cerved data, each resulting
in distinct firm-level TFP measures. Our favorite one is that based on the nonparametric
approach by Gandhi et al. (2020, GNR). In addition, we produce measures based on the
control function, semiparametric approaches by Levinsohn and Petrin (2003, LP) as well as
Ackerberg et al. (2015, ACF). All TFP estimates are conducted separately across two-digit
industries; each is supported by a different set of assumptions23 (see Appendix A for details).
We favor the GNR measure as it comes with the least assumptions about the functional
form of production functions; the results presented in this paper treat it as our baseline. All
results are qualitatively similar across the three measures.

Figure 5: Effects on TFP (logarithmic, multiple measures)
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Note. The figure reports event study coefficients τ̂d where the outcome Yit is the logarithm
of one of three TFP measures (LP, ACF, and GNR) estimated as summarized in Appendix
A. Confidence intervals at the 95 per cent level are obtained from clustered bootstrapped
standard errors, where clusters group all firms sharing the same three-digit sector identifier,
across years. Source: Istituto Nazionale della Previdenza Sociale (INPS) and Cerved.

23We use both methods by LP and ACF to estimate gross output production functions. In this case, the
identification of production function requires additional assumptions, such as input adjustment costs (Bond
and Söderbom, 2005). These are easily motivated in the Italian setting, given the robust EPL legislation.
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Figure 5 displays the average effect of Decree 368 on the three TFP measures, expressed in
logarithms. The estimates are extremely similar in magnitude across the three cases and
register a negative effect, in the order of 5-10 percentage points, which becomes noticeable
(and statistically significant) two years after treatment. These results align with the findings
by Cappellari et al. (2012), who also leverage the same reform (although they rely on a
much smaller sample of CCNLs and survey data). The figure also exhibits a rather flat
pre-trend, which remarkably extends up to one year post treatment, again consistently
across all three measures. In light of this, one would be tempted to argue that the effect
of decreased labor costs on TFP pan out with a time lag of two-three years. However, we
prefer to take a cautious approach to the actual duration of this lag, due to firms’ possible
anticipation of the reform’s direct labor market effect and because, as we are about to show,
heterogeneous effects can be appreciated already one year after the treatment. Regardless
of the length of the process, a lagged effect is economically plausible, since production
processes are arguably slow to adjust, as are management practices.

Figure 6: Effects on TFP (logarithmic, GNR), by pre-reform TFP quartiles
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Note. The figure reports event study coefficients τ̂d where the outcome Yit is the logarithm
of the GNR measure of TFP. The estimates are conducted separately for the “Q1” and “Q4”
subpopulations distinguished by their pre-reform TFP classification as discussed in the
text. Confidence intervals at the 95 per cent level are obtained from clustered bootstrapped
standard errors, where clusters group all firms sharing the same three-digit sector identifier,
across years. Source: Istituto Nazionale della Previdenza Sociale (INPS) and Cerved.

The results from Figure 5, however, hide substantial heterogeneity among firms. By following
the same procedure described at the end of the previous subsection (classification of firms
across groups according to their modal TFP quartile observed in each year leading to the
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reform; separate event study estimation by group), we uncover, in fact, divergent effects at
the two ends of the productivity distribution. Figure 6 presents the key result of this paper.
Among firms that already displayed low productivity before the reform (Q1), the effect
is markedly negative, coming with a reduction by ten percentage points two years after
the reform, and a likely further subsequent decline (point estimates three years after the
reform are remarkably close to –0.30, but while statistically significant, they come with a
sizable standard error). Conversely, already productive firms (Q4) witness a statistically
significant additional rise of TFP, hovering around a five percentage points average gain
since one year from the application of the reform to a firm’s CCNL. Both groups display
parallel pre-trends and effects that are already appreciable one year after treatment. As
shown in Appendix D, we obtain qualitatively similar results whether we use the LP or
ACF measures (instead of GNR) or we classify firms by their pre-reform modal size, rather
than TFP. The appendix also reports estimates of the Q2 and Q3 groups, which are omitted
here for better visualization, and that typically register values between those of the two
extreme groups.

We find these results as intriguing as they are worthy of an explanation. In the rest of this
section, we dissect additional empirical estimates to attempt a cohesive explanation of the
economic mechanisms leading to these heterogeneous effects on TFP.

3.4 Entry and exit

At first glance, the result in Figure 6 that strikes us the most is the large negative effect on
the Q1 firms. To provide an explanation, we conjecture that low-productivity firms can
continue their operations more easily despite competition when facing lower labor costs.
Symmetrically, the reform should also result in increased entry rates, conditionally on firm
characteristics. In this subsection, we test these hypotheses.

We construct two auxiliary datasets providing information about the number of firms with
common characteristics at any point in time between 1996 and 2016. In these datasets, the
unit of observation is a “cell:” an aggregate of firms which, in any given year, share: (i) the
CCNL that prevails among their workers, (ii) the Italian region where they operate, (iii) a
certain TFP classification. The two datasets are distinguished by how TFP is classified: in
one case, groups are based on modal pre-reform quartiles, as in the estimates from Figures 4
and 6; in the other case, we group firms by modal quartiles after the reform. In each cell, we
record entry and exit by counting official instances of firm creation/incorporation (entry) or
termination of activity (exit), as reported on the INPS records.24 Both counts are weighted

24Firms persist in the INPS matched employer-employee records as long as they maintain at least one formal
employee in the given period. These official measures of entry and exit are strongly correlated with simple
indicators of a firm’s late appearance in, or early disappearance from, the panel, but do not overlap with them
exactly. In fact, some small firms may be exempted from registering their balance sheets as collected by Cerved.
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by the total size of each CCNL-region in 2001. We leverage the first dataset to study the
effect of the reform on firm exit and the second one to study entry. Thus, we can assess to
what extent does the reform affect firm demographics as a function of productivity. In both
cases, we perform event studies following the same procedure detailed in subsection 3.1,
but shifting the cross-sectional unit of observation from a firm to a cell.

The results are reported in Figure 7. Panel A shows that, in fact, the reform led to a decline
in exit rates among Q1 firms: in the first two years after treatment, treated CCNLs report
one extra firm, out of one hundred, that persists in operation, but that would exit absent
the reform. While small, this effect is statistically significant. The effect on Q4 firms are
reversed, but are not statistically significant. Conversely, Panel B displays a marked positive
effect one year after the reform, in the order of about 3-4 percentage points, for both Q1 and
Q4 firms. While the effect on Q1 firms appears persistent, that on Q4 firms vanishes over
time. This result corroborates our original conjecture about the effect of the reform on the
exit rates of low-productivity firms, since entry and exit are symmetric sides of the same
selection mechanism. In addition, it shows that the reform likely enables a more favorable
business environment for high-productivity firms, as evidenced by increased entry rates
(albeit short-lived). The model that we build in Section 4 to aid the interpretation of the
empirical results and welfare analysis features steady-state predictions about firm entry
and the productivity exit cutoff that are in line with this evidence.

Figure 7: Effects on entry and exit, by CCNL-specific aggregated “cells”

(a) Firm exit
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Note. The figure reports event study coefficients τ̂d where the outcome Ycat is the normalized
count of firm exits (Panel A) or entries (Panel B) within “cells” constructed as described
in the text. In particular, the normalization operates by dividing all counts by the size of
the corresponding cells in 2001. All estimates are conducted separately for “Q1” and “Q4”
subpopulations of cells. In Panel A, Q1 and Q4 refer to the modal TFP quartiles of firms before
the reform; in Panel B, after the reform; TFP is estimated in both cases using the method by
GNR. Confidence intervals at the 95 per cent level are obtained from bootstrapped standard
errors. Source: Istituto Nazionale della Previdenza Sociale (INPS) and Cerved.

A version of this analysis informed by these panel-derived indicators returns quantitatively similar estimates,
if noisier and larger in magnitude.
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3.5 Quantile effects

Our main results from Figure 6 are obtained from an unbalanced panel of firms, due to
post-reform attrition (exit). The previous subsection suggests that the negative effect in the
Q1 group may be attributed at least in part to decreased exit, i.e. an extensive margin effect.
It is difficult, however, to decompose the grand effect on the Q1 group between intensive
and extensive margins, as we cannot observe the counterfactual TFP of the control firms
that exited because of relatively higher labor costs; conversely, we cannot tell which treated
firms would have exited absent the reform. Such a decomposition would help evaluate
to what extent the negative effects on TFP are limited to “marginal” firms: those with a
high risk of exiting, or instead involve a wider segment of the productivity distribution; an
analogous question can be posed about the right tail (Q4).

To provide tentative answers to both questions at once, we perform estimates of Quantile
Treatment Effects on the Treated (QTTs), which we report and discuss in this subsection. For
any value in the open unit segment, u ∈ (0, 1), and for a given time t, the QTT is defined as:

QTT(u) = F−1
TFP1,t |D=1(u) − F

−1
TFP0,t |D=1(u),

where FTFP1,t |D=1 (·) and FTFP1,t |D=1 (·) are the unconditional cumulative distribution functions
of TFP that would be observed at time t in the population of manufacturing firms subject
to the reform (D = 1), respectively with and without treatment. By estimating the QTT
for multiple values of pwe can evaluate a more nuanced impact of the reform along the
entire productivity distribution. This advantage comes with costs in terms of additional
assumptions and data requirements. Thus, it is best to see this analysis as complementary
to our main estimates of average effects restricted to subpopulations defined ex ante.

To estimate QTTs, we follow Callaway and Li (2019) and make two key assumptions.

QDiD Assumption 1 (Distributional Parallel Trends). Let∆TFP0,t = TFP0,t−TFP0,t−1. Then:

∆TFP0,t ⊥⊥ D.

QDiD Assumption 2 (Copula Stability). Let𝒞 (∆TFP0,t, TFP0,t−1 |D = 1) be the copula between
the change in untreated potential TFP and its starting level, conditional on treatment. Then:

𝒞 (∆TFP0,t, TFP0,t−1 |D = 1) = 𝒞 (∆TFP0,t−1, TFP0,t−2 |D = 1) .

The first assumption generalizes the standard difference-in-differences parallel trends
assumption, extending it from the first moment to the entire distribution of the untreated
potential TFP, which is assumed orthogonal to treatment status. Intuitively, the extension is
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necessary if the parameter of interest is the change at any point in the distribution, and
control firms are used to impute the counterfactuals of the treated. As shown by Fan and Yu
(2012), however, alone this assumption is not sufficient. To achieve identification, Callaway
and Li (2019) introduce the Copula Stability assumption,25 which in this context states that
among treated firms, the statistical dependence between the level and the change of TFP
of the counterfactual treated firms is constant over time.26 This allows one to impute the
counterfactual distribution of interest by “projecting” changes that occurred in the TFP
distribution before treatment, between t − 2 and t − 1, to counterfactual changes between
t − 1 and t. The resulting Quantile Difference-in-Differences (QDiD) estimator by Callaway
and Li (2019) thus requires observations at least at three points in time: after treatment,
before treatment, and one extra period back, which is key for the imputation step.

Figure 8: Quantile Treatment Effects for selected cohorts

(a) Reform adopted in 2002
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Note. This figure presents estimates of QTT(u) for u = (.1, . . . , .9) and for two groups of firms:
those treated in 2002 (Panel A) and those treated in 2003 (Panel B). The dependent variable
is detrended TFP, estimated via the approach by Gandhi et al. (2020). Confidence intervals
at the 95 percent level are constructed via bootstrap with 1,000 repetitions. Source: Istituto
Nazionale della Previdenza Sociale (INPS) and Cerved.

We perform QDiD estimation on a restricted balanced sample of firms, focusing on detrended
(i.e., purged of year effects) GNR measures of TFP. We conduct separate estimates for two
cohorts of firms: those treated in 2002 and 2003, respectively (jointly, they represent almost
92 per cent of all firms). In both cases, we estimate the QTTs one year after treatment using
not-yet-treated firms as controls, and restricting the sample to only those firms, both treated
and control, that are observed in all three time periods required for the implementation of
the QDiD estimator.27 Figure 8 reports the results, one panel per cohort. The results are
remarkably similar across the two groups, and display QTTs that increase monotonically

25Callaway and Li (2019) also develop versions of these two assumptions conditional on covariates.
26In light of Gibrat’s Law: the empirical regularity about the statistical (in)dependence between firm size

and firm growth, we find this hypothesis not too far-fetched in a firm setting.
27These periods are selected so as to construct an appropriate time window that moves around the treatment

date. Thus, for example, for the cohort treated in 2002, we estimate the effect at t = 2003, and we set the other
two time periods required by the estimation procedure at t − 1 = 2001 and t − 2 = 1999. Similarly, for firms
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along the productivity distribution. These range from a negative effect, amounting to a
decrease by 5 percentage points, observed in the first decile, to an effect of slightly larger
magnitude, but opposite sign, at the other extreme: the ninth decile. Most QTTs, except
those estimated at the median and closely to it, are statistically significant.

In summary, the QDiD estimates reveal that while the reform has affected the entire TFP
distribution (negatively on the left, positively on the right), the consequences are more
pronounced at the tails. In particular, these estimates are suggestive of intensive margin
effects to the left of the median. Note, in addition, that the QDiD results are quantitatively
consistent with the results for τ̂1 and τ̂2 from Figure 6, despite the use of a different estimator
(informed by stronger assumptions) and a slightly adapted dataset.

3.6 Counterfactual decomposition

To shed more light on the relative importance of extensive versus intensive margin effects,
we develop next a counterfactual version of the “dynamic productivity decomposition” by
Melitz and Polanec (2015), which in turn builds on Olley and Pakes (1996). This exercise
allows us to quantify to what extent have the entry and exit effects of the reform affected
aggregate productivity, relative to the intensive margin effect. We regard the development
of this methodology as a relevant contribution on its own. We conduct this analysis at the
level of cells, which we index by c (relative to the disussion in subsection 3.1, we drop the
subscript a for simplicity). In what follows, we outline the main objects of estimation, we
discuss the assumption that are necessary to identify them, and we report the results. We
leave details about calculation and instrumental empirical estimates to Appendix E.

Framework. We examine averages of the following kind, which depend on the treatment
D ∈ {0, 1}:28

Ψ𝒢t (D) = 1
|𝒢|

∑
i∈𝒢

logφit (D) ,

where φit (D) is the TFP of firm i at time t under treatment regime D, 𝒢 is some group of
firms to which i belongs, and |𝒢| is the size of this group. In the original papers by Olley
and Pakes (1996) and Melitz and Polanec (2015), this average is possibly weighted, e.g. by
firm revenue. While our approach would easily extend to weights of this sort, here we stick
to unit weights for the sake of easier interpretation. Our groups of interest may be specific
to a cell, a time period, and a treatment regime. To best represent this, we use the notation

treated in 2003, we set (t − 2, t − 1, t) = (2000, 2002, 2004). We conduct an analogous exercise to evaluate the
effects on the treatment year, or two years after the treatment. The results are available upon request; they
are qualitatively consistent with the main results from Figure 6. Limitations about the data and the cohort
distribution (see Figure A.4 from Appendix B) prevent us from credibly stretching the QDiD estimator to
evaluate effects at other time distances relative to treatment.

28We use the letter Ψ instead ofΦ (which is more common in the literature) to avoid confusion with the
notation used in Appendix F to denote the standard normal cumulative distribution.
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𝒢ct (D), though in subscripts we find it convenient to also use 𝒢1ct, 𝒢0ct and 𝒢ct in cases
where D is given or irrelevant. We aim in particular to decompose quantities of this sort:

∆Ψ (g,d) = E
[
Ψ𝒩1c(g+d) (1) − Ψ𝒩0c(g+d) (0)

]
where 𝒩ct (D) represents the set of all firms in cell c at time t under treatment regime D, g
is a cohort of cells (CCNL-regions) treated in the same year, and the expectation is taken
over cells. These quantities express the effect of the reform on the average log-productivity
across cells. However, they conflate effects on both the intensive margin (since the TFP of
individual firms, φit (D), may be impacted by the reform) and the extensive margin (as the
𝒩ct (D) sets may be themselves affected, via entry and exit).

To illustrate our approach, write 𝒯ct as the set of firms that show up in cell c at time t only
under the treatment, ℛct as those that only appear in the counterfactual, and 𝒮ct those
that exist under both regimes. Clearly, 𝒩ct (1) = 𝒮ct ∪ 𝒯ct and 𝒩ct (0) = 𝒮ct ∪ ℛct. Thus,
for any cell c at time t one can adapt the decomposition equation by Melitz and Polanec
(2015), in expectation, as follows:

E [Ψ𝒩1ct (1) − Ψ𝒩0ct (0)] = E
[
Ψ𝒮ct

(1) − Ψ𝒮ct
(0)

]
+

+ E
[
s𝒯ct

(
Ψ𝒯ct (1) − Ψ𝒮ct

(1)
) ]

+ E
[
sℛct

(
Ψℛct (0) − Ψ𝒮ct

(0)
) ]

,

where s𝒯ct = |𝒯ct | /|𝒩ct (1)| and sℛct = |ℛct | /|𝒩ct (0)| are, for each treatment regime, the
share of firms that exist in cell c at time t only under that regime. The right-hand side of the
above equation outlines an ideal decomposition of the grand effects on cell-level aggregate
productivity: its three elements are easily interpreted as the intensive margin effect, the
treatment-specific extensive margin effect, and the counterfactual-specific extensive margin
effect. The latter two are interpreted as the relative contribution to aggregate productivity
given by only those firms that exist under one of the two treatment regimes. We could not,
however, devise a way to separately identify these, because information about the existence
of any given firm under either treatment regime is effectively censored.

To make progress, we introduce the first of four assumptions specific to this exercise.

Decomposition Assumption 1 (Treatment monotonicity on group composition). For all
cells c at any time t, it is ℛct = ∅.

This assumption is straightforward: it states that no firm enters, or avoids exit, because its
CCNL is not treated. We find it uncontroversial in this setting, given our interpretation of
the reform as a negative shock to labor costs. Next, we partition 𝒯ct as follows:

𝒯ct =
(

4⋃
y=1

ℰyct

)
∪

(
4⋃

y=1
𝒳yct

)
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where, for y = 1, . . . , 4, ℰyct and 𝒳yct are the firms from the y-th TFP quartile that, at time
t, would respectively enter cell c or avoid exit from it, because of the treatment. By denoting
the shares of entrants and non-exiters of each group as respectively sℰyct =

��ℰyct

�� /|𝒩ct (1)|
and s𝒳yct =

��𝒳yct

�� /|𝒩ct (1)| for y = 1, . . . , 4, we can rewrite the decomposition as:

E [Ψ𝒩1ct (1) − Ψ𝒩0ct (0)] = E
[
Ψ𝒮ct

(1) − Ψ𝒮ct
(0)

]
+

+
4∑

y=1
E

[
sℰyct

(
Ψℰyct (1) − Ψ𝒮ct

(1)
) ]

+
4∑

y=1
E

[
s𝒳yct

(
Ψ𝒳yct (1) − Ψ𝒮ct

(1)
) ]

,

where the elements that compose the summations on the right-hand side are interpreted as
the excess extensive margin contributions due to entrants and exiters from different quartiles
of the TFP distribution, on top of the intensive margin effect.

All elements of this revised decomposition are identified under some additional assumptions,
which are best illustrated via some auxiliary terminology. We call “inframarginal” a firm
that in a specific time period would enter a cell, or is about to exit from it, regardless of
the treatment regime. More formally, a firm from cell c is inframarginal at time t if, for
any combination of values of D, either i ∉ 𝒩c(t−1) (D) and i ∈ 𝒩ct (D) hold at the same
time, or i ∈ 𝒩ct (D) and i ∉ 𝒩c(t+1) (D) do. By contrast, a “marginal” firm at time t is one
that would only appear in its corresponding cell c under the treatment: i ∈ 𝒯ct. Lastly, a
“continuing” firm is one that would show up in its cell regardless of treatment: i ∈ 𝒮ct. In
addition to these definitions, we introduce the notation |𝒮c0 |, which denotes the cell size
on some suitable time period antecedent to the treatment. We thus express the other three
assumptions specific to this exercise as follows.

Decomposition Assumption 2 (Productivity invariance of inframarginal firms). For every
firm i which is inframarginal at time t, it is φit (1) = φit (0).

Decomposition Assumption 3 (Independence between cell measures and productivity).
(i) Consider any firm i ∈ 𝒩ct (1). Conditional on |𝒮c0 |, its productivity under the treatment at time
t, logφit (1), is independent of the size of its cell c, |𝒩ct (1)|. (ii) For continuing firms i ∈ 𝒮ct,
logφit (1) is, conditional on |𝒮c0 |, also independent of the size of all marginal sub groups:

��ℰyct

��
and

��𝒳yct

��, for y = 1, . . . , 4.

Decomposition Assumption 4 (Conditionally independent selection). Conditional on |𝒮c0 |,
the random variables

��ℰyct

�� /|𝒮c0 | and
��𝒳yct

�� /|𝒮c0 | (for y = 1, . . . , 4) as well as |𝒮ct | /|𝒮c0 |,
follow, across (c, t) pairs, mutually independent Gamma distributions with identical rate parameters.

Assumption 2 can be interpreted as follows: the productivity of firms that are about to enter
or exit at some year t regardless of the reform is unaffected by the reform itself on the same
year. We think of inframarginal firms as entrants with novel business ideas that they test
in the market for the first time, or declining firms which, regardless of any prior effect of
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the reform, have reached a low-productivity absorbing state that makes any continuation
of their operations unprofitable. In either case, it is implausible that the treatment would
have any bearing on the productivity in the year when they are observed for the first or last
time. Assumption 3 states that conditional on pre-treatment cell size, under the treatment
productivity is independent of total cell size; for continuing firms, it is also independent of
the extent of excess entry and (non-)exit. This assumption would be violated under general
equilibrium effects that cause interdependence between productivity and selection across
different firms. For example, marginal firms may be discouraged from entering or from
staying if high intensive margin effects lead continuing firms to take up a larger share of the
market. However, the cells that we study as part of this decomposition exercise generally
collect firms from disparate industries, as per Fact 2: this greatly downplays concerns
about within-cell competition effects. Lastly, Assumption 4 establishes that conditional on
pre-treatment cell size, entry and exit rates of various kind are independent.29 Again, the
heterogeneous composition of cells supports the credibility of this assumption.

The intuition behind identification can be summarized as follows. By Assumption 2, one can
identify the average aggregate log-productivity for each subgroup of marginal firms in 𝒯ct
by comparing values of logφit, summed over entrants or exiters from the same “Q” group,
across treated and not-yet-treated cells in a difference-in-differences framework. As control
cells can be used to impute values about inframarginal firms under the treatment, this
approach isolates averages about marginal firms, which only appear in treated cells. This
method can be adapted to also identify the expected shares sℰyct and s𝒳yct using a variation
of the estimates from subsection 3.4. All quantities of interest can then be obtained via some
algebraic manipulation given an estimate of the overall effect E [Ψ𝒩1ct (1) − Ψ𝒩0ct (0)]. In
particular, for y = 1, . . . , 4, the quantities E [sℰhctΨℰhct (1)] are obtained by recombining the
estimates in the previous steps via Assumption 3, whereas the quantities E

[
sℰhctΨ𝒮ct

(1)
]

are upheld by both Assumptions 3 and 4; the exit-specific effects are obtained analogously.
Lastly, the intensive margin effect is identified residually, as the part of the overall effect
not explained by extensive margin effects due to entry and exit. We detail all the steps,
derivations as well as some supporting empirical results in Appendix E.

Results. The outcomes of this analysis are reported in Table 3, separately for d = 1 (effects
one year after enactment of the treatment) and d = 2 (effects after two years). We focus on
d = 1 first. For reference, takeΨ𝒩c2001 (0) ≃ 4.1 as the average value of aggregate productivity
across cells in 2001, the year when the reform was enacted. The overall cell-level effect of the
reform at d = 1 equals 0.014: an increase by 0.34 per cent relative to Ψ𝒩c2001 (0). This quantity
may appear small, but in fact it hides effects that are larger in magnitude but go in opposite

29The part of Assumption 4 that establishes Gamma distributions for the random variables in question is a
technical requirement that allows to derive the expectation of the ratios sℰyct and s𝒳yct , for y = 1, . . . , 4, as
the ratios of the expectations of the respective numerators and denominators.
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directions. The intensive margin effect amounts to about 1 per cent of the post-treatment
aggregate productivity of continuing firms: an economically significant quantity. In light
of the results illustrated previously, we argue that this effect is driven by continuing Q4
firms, although we cannot decompose it any further within this exercise. As expected, the
extensive margin effects relative to Q1 and Q2 firms are negative: they amount to −0.62 and
−0.23 per cent, respectively. The contribution of Q3 entrants is virtually zero, while that of
Q4 entrants is positive again (+0.38 per cent). The contribution of Q1 exiters is negative
again (−0.26 per cent) while that about Q2, Q3 and Q4 firms is omitted and implicitly set
at zero because estimates about exit rates for these groups are typically noisy, of small
magnitudes, or with sign that contradict Assumption 1 (see e.g. Figure 7, panel A). The
results for d = 2 are similar. The most notable difference is that, consistently with Figure 7,
panel B, the positive effect of Q4 entrants disappears. To explain an overall effect which is
twice as large relative to that at d = 1,30 we thus impute a (residual) intensive margin effect
equal to 0.094 (+2.27 per cent).

Table 3: Counterfactual decomposition of the reform’s effect at the cell level

Time after treatment (d) +1 +2
E [Ψ𝒩1ct (1) − Ψ𝒩0ct (0)] Overall effect 0.014 0.035

E
[
Ψ𝒮ct

(1) − Ψ𝒮ct
(0)

]
Residual intensive margin effect 0.043 0.094

E
[
sℰ1ct

(
Ψℰ1ct (1) − Ψ𝒮ct

(1)
) ]

Contribution of entrants: Q1 −0.026 −0.023

E
[
sℰ2ct

(
Ψℰ2ct (1) − Ψ𝒮ct

(1)
) ]

Contribution of entrants: Q2 −0.010 −0.015

E
[
sℰ3ct

(
Ψℰ3ct (1) − Ψ𝒮ct

(1)
) ]

Contribution of entrants: Q3 0.001 −0.015

E
[
sℰ4ct

(
Ψℰ4ct (1) − Ψ𝒮ct

(1)
) ]

Contribution of entrants: Q4 0.016 0.002

E
[
s𝒳1ct

(
Ψ𝒳1ct (1) − Ψ𝒮ct

(1)
) ]

Contribution of exiters: Q1 −0.011 −0.008

Note. This table reports the decomposition of the grand effect of the reform on cell-level aggregate
productivity, ∆Ψ (g,d), by the components described in the text, and for d ∈ {+1,+2}. The reported
quantities aggregate the results of multiple cell-level ATT (g,d) estimates as described in Appendix D,
for the two cohorts treated in g = 2002 and g = 2003. Exit-specific effects for the three upper quartiles
(groups 𝒳2ct, 𝒳3ct and 𝒳4ct) are set at zero as the procedure yields noisy estimates of small magnitude
and of sign occasionally incompatible with the Decomposition Assumption 1. Source: Istituto Nazionale
della Previdenza Sociale (INPS), Centro Nazionale dell’Economia e del Lavoro (CNEL) and Cerved.

This decomposition exercise allows us to establish more rigorously that the decrease in
labor costs induced by Decree 368/2001 had effect on both the extensive margin (a firm
selection mechanisms) and the intensive margin. Moreover, while these two effects operate
in opposite directions (as in the extensive margin case, the positive effect of Q4 entrants is

30This positive effect seemingly contradicts the negative estimate for d = 2 about firm-level log-TFP, as
displayed in Figure 5. One can easily make sense of this discrepancy by noting that because ∆Ψ (g,d) averages
the log-TFP of multiple “Q” groups, any positive effects on Q4 firms are magnified in the cell-level estimand.
However, it is also fair to remark that the overall effect at the cell level is not statistically significant, as shown
in Appendix E. If, consequently, we were to impute a zero overall effect, the deduced “residual” intensive
margin effect would decrease accordingly. Our main qualitative conclusions would stand unaffected.
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generally outweighed by looser selection of lower productivity firms), their average impact
on “cells” is comparable in magnitude. Echoing the discussion about the heterogeneous
effects illustrated in Figure 6, an empirical analysis of the effect of the reform at the cell level
that only focuses on the average “overall” effect would obfuscate economically significant
effects and mechanisms.

3.7 Additional outcomes

To investigate potential mechanisms leading to the observed intensive margin effects of the
reform, in this subsection we examine additional firm-level outcomes about the interplay
between input usage and productivity. All the ATT estimates that follow are conducted
and reported separately for the Q1 and Q4 subpopulations.

Input patterns. Figure 9 displays the effect of the reform on the firm-level dynamics
of the two main inputs of production: capital and labor. Panel A focuses on firms’ total
number of employees: it suggests that whereas Q4 firms expanded, on average, following
the reform, the low-productivity Q1 firms shrank. Panel B instead examines the effect on
the first difference of total assets, which we treat as a proxy for investment (Cerved data
lamentably lack a measure of yearly investment). We observe no robust pattern, which lead
to the conservative conclusion that the reform did not alter firms’ investment patterns.

Figure 9: Employment and investment patterns, by pre-reform TFP quartiles

(a) Total number of employees (logarithmic)
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(b) First difference of total assets (logarithmic)
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Note. The figure reports event study coefficients τ̂d where the outcome Yit is the logarithm
of the total number of employees in Panel A and difference of total assets in Panel B. All
estimates are conducted separately for the “Q1” and “Q4” subpopulations distinguished by
their pre-reform TFP classification as discussed in the text. Confidence intervals at the 95 per
cent level are obtained from clustered bootstrapped standard errors, where clusters group all
firms sharing the same three-digit sector identifier, across years. Source: Istituto Nazionale
della Previdenza Sociale (INPS) and Cerved.

Labor productivity and capital intensity. Figure 10 displays two findings that appear
puzzling at first glance; however, they can be rationalized in light of the evidence presented
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so far. Panel A shows that labor productivity, defined as the ratio between deflated revenues
and total workforce count, two years after receiving treatment declined in both groups by 10
percentage points or more. Whereas this result is expected for Q1 firms, it is counterintuitive
in the Q4 case, as it contrasts with the increase in TFP from Figure 9. To reconcile these two
facts, we propose this explanation: subsequent to a decrease in labor costs, high-productivity
firms expanded their workforce, as shown in Figure 9, Panel A (first-order effects); with
decreasing marginal returns of labor, this leads to lower labor productivity. At the same time,
there have been second-order, positive effects on TFP, though not sufficient to compensate
for the first-order effect on labor productivity. While plausible, this argument does not
provide a mechanism behind the increase in TFP among high-productivity firms.

Figure 10: Labor productivity and capital intensity, by pre-reform TFP quartiles

(a) Labor productivity (logarithmic)
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(b) Capital intensity (logarithmic)
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Note. The figure reports event study coefficients τ̂d where the outcome Yit is the logarithm
of: labor productivity, i.e., deflated revenues by employees (Panel A), and the capital/labor
ratio (Panel B). All estimates are conducted separately for the “Q1” and “Q4” subpopulations
distinguished by their pre-reform TFP classification as discussed in the text. Confidence
intervals at the 95 per cent level are obtained from clustered bootstrapped standard errors,
where clusters group all firms sharing the same three-digit sector identifier, across years.
Source: Istituto Nazionale della Previdenza Sociale (INPS) and Cerved.

Panel B of Figure 10 reports results on capital intensity, measured as the ratio between a
firm’s total assets and employees. The panel shows that two years after treatment occurs,
the capital/labor ratio takes divergent paths across Q1 and Q4 firms: rising in the former
and falling in the latter, in both cases by approximately 20 percentage points or more (in
either direction). This time, the result for Q4 is intuitive, while the one for Q1 is slightly less
so. In fact, a decrease in capital intensity among high-productivity firms is consistent with
simple theoretical predictions about the fall of labor costs relative to the cost of capital, a
pattern of workforce expansion, as well as our previous explanation for the results from
Panel A. It is less immediate to explain why the capital/labor ratio increases among Q1
firms. We conjecture that a decrease in labor costs helps the survival of smaller firms, as
suggested by Figure 7; to operate, however, even small firms must incur fixed capital costs.
At the same time, firms of small-to-medium size that experience downturns would still
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manage to survive more easily; they may lay off some of their workers and retain previously
installed capital.31 Both patterns would yield, on average, a higher capital/labor ratio.

3.8 Discussion

We have shown that the Italian 368/2001 Decree, originally enacted to enhance flexibility in
the labor market, had unintended effects in the manufacturing sector. In fact, the reform
led to a decrease in labor costs, comparable across firms that were ex ante heterogeneous in
their size or productivity, but had divergent effects on TFP, as pre-existing differences were
magnified. Leveraging the additional results reported in this section, we now attempt an
economic explanation of the mechanisms behind these divergent effects, separately for the
two groups of firms around which our results are constructed and reported (Q1 and Q4).
Our arguments raise additional questions that deserve future investigation.

The negative effects on the TFP of those firms with low productivity before the reform
(Q1) are more easily explained via a partial equilibrium argument: thanks to lower labor
costs, these firms could sustain their operations more easily in a competitive environment.
This argument is especially supported by the results on firm exit in Figure 7, but it is also
consistent with the pattern of the QDiD estimates in Figure 8, the results on firm size
from Figure 9, and those on the capital/labor ratio in Figure 10 (as per our interpretation).
We do not rule out concurrent mechanisms that are consistent with the extant empirical
evidence. For example, we find it plausible that, as a second-order effect, managers and
entrepreneurs of low-productivity firms decreased effort toward incremental product,
process, or organizational innovation, while the chances of firm survival increased.32
However, this hypothesis cannot be assessed with the data at hand since the Cerved database
we can access at INPS reports neither measures of innovation nor expenditures in research
and development (R&D) or other types of investment.

We find the negative effects on the TFP of those firms that were already highly productive
(Q4) more puzzling. However, the empirical evidence provides a number of clues that
encourage us to attempt an explanation, proceeding by exclusion. First, we rule out direct
effects due to a looser regulation of the labor market, as the event study on the share of
temporary contracts is flat for this group (Figure 4). Second, the explanation cannot be
attributed to enhanced investment, perhaps in more modern, up-to-date equipment: this is
an arguable implication of increased entry and competition (Figure 7). In fact, if anything,
the capital/labor ratio decreases (Figure 10), though we cannot straightforwardly measure

31This capital stock is likely to still need maintenance and upgrades. This explanation is thus consistent
with the small-to-negligible negative effects on the first difference of total assets for Q1 firms from Figure 9.

32A proper formulation of this hypothesis should explain why managers and entrepreneurs would have
relatively fewer incentives to innovate as labor costs decrease. In an environment populated by many small
firms such as the Italian one, a tentative answer can be found in entrepreneurs’ taste for firm survival, e.g. the
utility derived from the very fact of being a business owner, regardless of the firm’s financial value.
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investments in intangible assets, such as R&D. Importantly, we note that the mechanism we
are seeking is likely a byproduct of workforce expansion coming with the reduced labor
costs, as otherwise, the main result on TFP is difficult to reconcile with the fall in plain labor
productivity (Figure 10). We thus argue that higher-productivity firms with the ability
and financial leeway to hire more workers can draw efficiency gains from the very act of
expanding, as they can re-optimize their workforce across production tasks. We suggest
exploring this hypothesis further in future, ideally experimental, work.

4 Welfare analysis

Next, we present a tractable theoretical framework that helps interpret our empirical
findings and draw welfare implications from policies that affect labor market frictions.

4.1 Overview

We develop an extension of the celebrated closed-economy framework with heterogeneous
firms by Melitz (2003). We facilitate exposition for readers familiar with this model by
keeping a notation that closely overlaps the original. Our key innovation is the introduction
of informational financial frictions (IFFs) in the firm entry stage. It is fair to wonder why, in an
empirical paper about the interplay between the labor market and firm productivity, we
choose to introduce informational asymmetries at the financing stage into a model originally
built to study international trade. The answer is that we find this a convenient route to
develop considerations about social welfare. In the later part of this section, we introduce
an ad valorem distortionary tax (a “wedge”) on wages. Without IFFs, a policy that would
remove such a wedge has unambiguously positive welfare consequences, since the closed
Melitz economy is Pareto-optimal (Dhingra and Morrow, 2019). With IFFs, and depending
on their quantitative extent, such a policy may decrease welfare, as the positive effects
about available varieties and prices are offset by a fall in average productivity. Conveniently,
removing the wedge also yields predictions that are close to our empirical results, especially
on the left tail of the productivity distribution.

We organize the rest of this section in three parts: one about the model’s setup, one about
equilibrium, and one about the welfare analysis. Technical proofs of the two propositions
we formulate in this section and their related corollaries are provided in Appendix F.

4.2 Setup

We study a closed economy populated by a representative consumer whose preferences
for individual goods are characterized by a Constant Elasticity of Substitution (CES). The
utility function is expressed as Uσ−1

σ =
∫
ω∈Ω q(ω)σ−1

σ dω, where Ω represents the set of
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product varieties available in equilibrium, q(ω) denotes the quantity of product ω ∈ Ω
consumed, and σ > 1 is the elasticity of substitution. Firms, which supply the varieties inΩ,
are heterogeneous in their productivityφ(ω) > 0, which, importantly, we treat as exogenous;
in addition, they are characterized by a linear cost function with increasing returns due to
fixed costs f > 0. The labor demand function, also linear in quantity, is thus expressed as
l(q) = f + q/φ. In this economy, labor is inelastically supplied by a mass of workers L. Each
unit of labor receives a wage w, normalized to unity (w = 1).

This economy inherits the standard properties of the monopolistic competition model by
Dixit and Stiglitz (1977) as extended by Melitz (2003). In particular, for each firm optimal
quantity is a power function of productivity with exponent σ, whereas both revenue and
profit scale with exponent σ − 1. Hence, for any two firms with productivity φ1 and φ2, the
ratio of their equilibrium revenues r(φ) is r(φ1)/r(φ2) = (φ1/φ2)σ−1. As in Melitz (2003),
the probability distribution of productivity in this model is endogenous and determined by
competitive selection of firms in equilibrium. However, the details of the process differ in
our model: to enter the economy, firms must secure financing for their setup from financial
intermediaries. In what follows, we refer to the latter simply as “banks.”

The set of varietiesΩwith associated productivity φ(ω) is endogenously determined by
the interaction between entrepreneurs and banks. An entrepreneur is a pair (φ, θ), where
θ > 0 is an individual signal about the true productivity φ. These two random variables
are drawn from a common knowledge joint probability distribution Q(φ, θ); however, they
are initially unobserved by all agents involved. Banks are instead a mass B of risk-neutral
workers endowed with the ability to convert any unit of labor into a unit of “capital,” a
unique good used solely to set up firms.33 Firm creation proceeds as follows.

1. A given mass of entrepreneurs decides whether to attempt setting up a firm. To do so,
they must incur a one-time, sunk experimentation cost fn. This provides information
about the signal θ, which both entrepreneurs and banks observe.

2. Next, firms must secure capital financing equal to fb units of labor, which only banks
can provide. The true productivity φ is revealed only after both fn and fb are paid. In
return for paying fb, banks demand a permanent claim over a share b(ω) ∈ (0, 1] of
all future profits π(ω) of a firm supplying varietyω. The capital market is perfectly
competitive: entrepreneurs can purchase capital from any bank without frictions.

3. Lastly, firms that pay fn and secure financing from banks set their prices and quantities;
they can exit and supply zero output if, due to fixed costs, optimal profits conditional
on producing are negative. Firms that stay operate in the economy until some event
occurs with an exogenous probability δ ∈ (0, 1) forces them to exit.

33This is a simplification and a normalization, as a more elaborate production function for the capital good
would not significantly alter the analysis.
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This model features IFFs because, at the financing stage, banks are unable to see or verify
entrepreneurs’ true productivity (irrespective of whether the entrepreneurs themselves can).
Existing versions of the Melitz model that incorporate financial frictions (see Manova, 2013
and Chaney, 2016) typically introduce liquidity constraints that firms face only when they
encounter costs for entering foreign markets. In our model, IFFs instead affect entry into the
domestic market,34 that is, firm selection in the left tail of the productivity distribution.35

We conduct our analysis under the following two assumptions.

Model Assumption 1. Signal informativeness: if θ1 > θ2 are two different realizations of the
signal θ, then Q(φ| θ1) ⩽ Q(φ| θ2) for any φ > 0.

Model Assumption 2. Log-normality: Q (φ, θ) is a cumulative bivariate (joint) log-normal
distribution with standard log-normals as marginals. Let ρ = Corr

(
log θ, logφ

)
∈ (0, 1).

Per Assumption 1, signals are ordered so that higher values yield conditional distributions
of productivity that first-order stochastically dominate those obtained by lower values. Thus,
“lower” signals imply a higher risk for banks. We introduce Assumption 2 for tractability’s
sake; assuming standard marginals is a mere normalization. We find the assumption that φ
is log-normal realistic, not dissimilar from the Pareto assumption by Chaney (2016). Note
that Assumption 1 implicitly constrains ρ to non-negative values.

4.3 Analysis

Once the set of firms that have paid both entry fixed costs (fn and fb) is determined, firm
behavior proceeds as in the Melitz model. To solve the model, we thus proceed recursively
and analyze how banks and entrepreneurs behave in the firm entry stage under IFFs.

Consider banks’ decision on whether to finance a firm’s setup or not. Since θ is the only
information that banks receive about an entrepreneur, one can conveniently write the claim
they demand in exchange for fb as b(θ). Thus, when financing an entrepreneur with signal
θ, a bank’s expected profit is π̃(θ)b(θ)/δ − fb, where π̃(θ) is the unconditional per-period
profit (which incorporates the probability that a firm exits after observing φ) that one can
expect from setting up a firm under signal θ. Perfect competition in capital markets leads to
banks making zero profit in expectation. The reason is straightforward: there cannot be
an equilibrium where π̃(θ)b(θ)/δ > fb for any value of θ > 0, as otherwise any subsets of
banks with mass B′ < Bwould find it profitable to set a strictly lower share b′(θ) < b(θ) and
capture all the profits from firms generated by signal θ. Banks would not make negative

34The distinction between fn and fb can be interpreted as a kind of liquidity constraint: of the full Melitz
entry cost fe, entrepreneurs can only pay fn < fe upfront; fb < fe − fn must instead be financed by banks.

35Unger (2021) introduced an augmented Melitz model where firms face financial frictions in the post-entry
stage, as they need to anticipate part of both variable and fixed production costs in every period before
realizing revenues. Contrary to our model, his framework (which features moral hazard) predicts that financial
frictions lead to a more intense selection effect, as the least productive firms face tighter access to credit.
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profits either, as they would simply deny financing to all entrepreneurs with signal values
θ such that, given the corresponding share b (θ), it is π̃(θ)b(θ)/δ < fb.

By Assumption 1, these considerations imply the existence of a threshold signal that makes
banks indifferent towards financing an entrepreneur or not assuming that banks capture all
post-entry profits. This threshold is the smallest positive number θ∗ ⩾ 0 such that:

π̃(θ∗)
δ

− fb = 0. (1)

We guess that a suitable interior value of θ∗ exists; we verify our conjecture ex post. Thus, in
equilibrium only those firms showing signal θ ⩾ θ∗ receive financing; b(θ∗) = 1; and for any
two signals θ1 ⩾ θ∗ and θ2 ⩾ θ∗, banks set shares that yield zero profits in expectation with
the property that b(θ1)/b(θ2) = π̃(θ2)/π̃(θ1), and π̃(θ)b(θ) = π̃(θ∗) for any θ ⩾ θ∗.36 Since
(1) completely summarizes the trade-off faced by banks and the equilibrium in the capital
markets, we call it (with some abuse of terminology) the Arbitrage Condition (AC). The AC
subsumes the fact that banks demand higher shares in exchange for riskier signals.

The initial entry decision by entrepreneurs is conceptually simpler. The expected value of
generating a business idea is vn = δ−1

∫∞
θ∗ π̃(θ) [1 − b(θ)]dC(θ), where C(θ) is the marginal

cumulative distribution of the signal θ. Since entrepreneurs are free to attempt entering the
economy and generate new signals, they would only refrain from doing so if the value of
entry vn falls shorter of the experimentation cost fn. Thus, by incorporating the equilibrium
in the subsequent financing subgame and solving for the value of the bank share b(θ), one
obtains the following Free Entry (FE) condition in this Melitz economy with IFFs:∫ ∞

θ∗

π̃(θ)
δ
dC(θ) − [1 − C(θ∗)] fb − fn = 0. (2)

Together with the AC in (1), this equation characterizes the economy’s equilibrium. As (2)
shows, entrepreneurs anticipate the probability of bearing the financing cost fb, which they
only do if they receive a signal θ ⩾ θ∗.

To complete the analysis, it is necessary to characterize the function π̃(θ). By adapting the
analysis of the post-entry phase from the Melitz model, for a given value of θ, one has:

π̃ (θ) = Eφ|θ [π(φ)| θ] = f
{∫ ∞

φ∗

( φ
φ∗

)σ−1
dQ(φ| θ) − [1 −Q(φ∗ | θ)]

}
, (3)

where φ∗ is the threshold value of productivity below which, in equilibrium, firms find
production unprofitable and exit. Note that (3) implicitly embeds a “Zero Profit Condition”
(ZPC) à la Melitz, which is specific to a particular signal θ. Note, in addition, that both (1)

36For the sake of exposition, we refrain from providing an extensive, formal formulation of the Bayes-Nash
equilibrium of the game, inclusive of banks’ strategies.
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and (2) are implicitly functions of φ∗ through (3). A pair of thresholds (θ∗,φ∗) completely
determines the equilibrium. For convenience, we prove the existence and uniqueness of the
equilibrium under Assumption 2, though other joint distributions for (θ,φ) are likely to
deliver a similar result.

Proposition 1. Under Assumptions 1-2, an equilibrium pair (θ∗,φ∗) always exists and is
unique. It is identified by the intersection between the set of points satisfying the AC, which
is given by φ∗ = A (θ∗)ρ for some constant A > 0, and a globally concave curve tracing the
points that satisfy the FE condition. The intersection always occurs at the global maximum
of the implicit function of φ∗ for θ∗, which is traced out by the FE curve.

Figure 11: Equilibrium of the model and comparative statics

θ∗ θ∗∗(ν)

φ∗

φ∗∗
(ν)

FE

FE(ν)

AC

AC(ν)

θ

φ

Note. This figure illustrates the equilibrium pair (θ∗,φ∗) as the intersection between the solid
lines representing the AC condition (1) and the FE condition (2). The AC curve slopes upward
because a higher signal threshold leads to higher productivity due to selection, and vice
versa. For θ ⩽ θ∗, increasing productivity and signal thresholds necessitate higher profits to
incentivize entry, hence they increase concurrently along the FE curve. Conversely, if θ ⩾ θ∗,
a higher signal threshold reduces the probability of repaying the financing cost fb to such an
extent that the productivity threshold must fall to keep incentives constant. In this region,
the FE curve slopes downward. The dashed lines illustrate the shift in the FE curve and the
leftward rotation of the AC curve resulting from the introduction of a wedge ν > 0 in the
labor cost, as discussed in the text.

Figure 11 illustrates the equilibrium as the intersection between the two solid lines. The
AC curve increases monotonically because higher threshold values set by banks result in
higher average productivity due to the selection of better firms, and vice versa. The FE
curve, on the other hand, is concave due to the interplay of multiple mechanisms. Like in
the Melitz model, the higher the productivity threshold, the higher the profits required to
motivate entry. The signal threshold, instead, affects the condition in two ways. On the one
hand, a higher value of θ∗, similarly to φ∗, requires higher profits to motivate entry: the first
element on the left-hand side of (2). On the other hand, it also reduces the probability of
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bearing the setup cost fb after observing the signal (second element), implicitly reducing
the productivity threshold that keeps vn constant. The first mechanism dominates at low
values of θ; the second, at higher ones. The equilibrium is located at the maximum of the
FE curve due to perfect competition among banks: they lend the financing cost fb as long
as the benefits outweigh the costs and identify the threshold signal θ∗ as the one where the
two aforementioned mechanisms offset one another at the margin. It is instructive to study
two limit cases not admitted by Assumption 2: when ρ→ 0 (when signals are completely
uninformative) and when ρ→ 1 (when they perfectly predict productivity). As shown in
Appendix F, both can be seen as special Melitz economies with different primitives, with
φ∗ being higher for ρ→ 1 than under ρ→ 0 thanks to sharper selection.

As anticipated in the overview, this model is amenable to the analysis of a distortionary
wedge on wages. We specify this as an ad valorem tax on firms’ per-period costs, including f,
such that w = 1 + ν with ν ⩾ 0, though workers still receive only one unit of numeraire.
However, keeping with our interpretation of the setup costs fn or fb as the “capital” that
firms need to operate, we leave both unaffected by the wedge (the analysis would be
otherwise unchanged, if with a different normalization). Introducing such a wedge has the
following implication on equilibrium, which we present as a corollary to Proposition 1.

Corollary 1. Introducing a wedge ν > 0 to firms’ periodic labor costs yields an equilibrium(
θ∗∗(ν),φ

∗∗
(ν)

)
≫ (θ∗,φ∗) where both productivity and signal thresholds are strictly higher.

The intuition behind this is straightforward: higher labor costs make it more challenging
for firms to repay their fixed costs and remain in the market, leading to a more stringent
selection at both stages of the entry process. In the Melitz model, this effect is interpreted as
a downward rotation of the Zero Profit Condition curve. In our model, the wedge induces
a leftward rotation of the AC curve and a rightward shift of the FE curve. As the two curves
must still intersect at the maximum of the implicit function for θ∗ as traced out by the FE
curve, both equilibrium thresholds inevitably increase. This is graphically represented by
the two dashed curves in Figure 11.

We interpret the Italian labor market antecedent to the introduction of Decree 368 as one
with stronger distortions ν, directly or indirectly due to EPLs. It is thus interesting to revisit
our empirical evidence in light of Corollary 1 and our model more generally. Despite its
parsimony and stylized approach to firms’ technology, the model remarkably predicts some
of our key results from Figures 6 and 10: (i) the fall in TFP (in the model:φ) among Q1 firms,
(ii) an increase of the capital/labor ratio (in the model: (fn + fb) /l) for the same group,
and (iii) a symmetric decrease of the capital/labor ratio among Q4 firms. In particular,
(i) and (ii) follow from a looser selection of low-productivity firms, whereas (iii) is due to
lower labor costs. Note that since our model, like the original one by Melitz, describes the
equilibrium in steady state, its predictions must be interpreted in terms of comparative
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statics. Our results about entry and exit (Figure 7) suggest a transition path consistent
with the selection mechanism described by the model. Because we intentionally treat φ as
exogenous in our model, the latter cannot predict the increase in TFP among Q4 firms.

4.4 Welfare

This model presents intriguing and non-trivial implications about social welfare. To evaluate
the latter in this setting, one would proceed similarly to Melitz, but with two main differences.
First, there are now three types of labor to be compensated: entrepreneurial (Ln), banking
(Lb), and production (Lp) labor, with L = Ln + Lb + Lp. Second, we allow for labor market
frictions, which imply that the total payment to production workers is only a fraction of the
difference between firm aggregate revenues (R) and profits (Π): Lp = (R − Π) /(1 + ν). The
expression for social welfare is, as in Melitz (2003):37

𝒲 =
σ − 1
σ

V
1

σ−1 φ̃, (4)

where V is the mass of active firms in equilibrium and φ̃ is their “aggregate” productivity
calculated as a generalized average of order σ− 1. The relative contribution of the latter two
quantities depends on the extent of IFFs as measured in our model by the parameter ρ.

We evaluate (4) in steady state. To proceed, let 𝒫∗
θ
≡ Pr (θ ⩾ θ∗) and 𝒫∗

φ ≡ Pr (φ ⩾ φ∗). In
equilibrium, the total remuneration of entrepreneurial labor is Ln = Vefn, while bank labor
receives Lb = 𝒫∗

θ
Vefb. In steady state the mass of entering firms Ve exactly compensates

exits: δV = 𝒫∗
φVe. Furthermore, free entry implies the following relationship:

𝒫∗
θπ̆ = δ

(
𝒫∗
θfb + fn

)
, (5)

where π̆ ≡
∫∞
θ∗ π̃ (θ)dC (θ) are the average profits (inclusive of bank shares) that can be

expected from setting up a firm before observing the signal. Combining the above:

L = Lp + Lb + Ln = V
r̄ − π̄
1 + ν + Ve

(
𝒫∗
θfb + fn

)
= V

(
r̄ − π̄
1 + ν + π̆

𝒫∗
θ

𝒫∗
φ

)
,

(6)

where, as in the Melitz model, r̄ = R/V and π̄ = Π/V are the average equilibrium revenues
and profits, respectively. To interpret this expression, consider the case where ν = 0. For
a fixed labor force L, the equilibrium number of firms V is proportional to the quantity
π̄ − π̆𝒫∗

θ
/𝒫∗

φ, a measure of the difference between the expected profits conditional on
passing the productivity threshold, and those conditional on passing the signal threshold.

37As in the original monopolistic competition model by Dixit and Stiglitz (1977), social welfare equals the
inverse of the price level.
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Hence, it is nonnegative. This quantity informs the incentives that firms (and banks) face
when attempting the financing stage: the higher it is, the higher the number of equilibrium
entrants. In the two limit cases where either ρ → 0 or ρ → 1, it is π̄ − π̆𝒫∗

θ
/𝒫∗

φ → 0, as
signals become moot. This observation leads to our next statement.

Proposition 2. Aggregate productivity φ̃monotonically increases with ρ; the equilibrium
number of firms V instead may be maximized for an interior value of ρ ∈ (0, 1).

This proposition highlights the particular trade-offs behind the determination of social
welfare in this model. On the one hand, more pronounced IFFs (lower ρ) lead to a looser
selection of firms in the economy, and hence lower aggregate productivity φ̃. On the other
hand, an excessively high value or ρ could make selection too sharp, leading to less product
variety and higher prices. Note how this result contrasts with that by Dhingra and Morrow
(2019), who show that the closed Melitz economy is Pareto-optimal: by contrast, ρ = 1 may
not lead to welfare maximization in our model. The reason for this difference is that we
introduce a two-stage entry process, where the interests of banks are not aligned with those
of the representative consumers, who would rather see some financing costs fb “wasted”
if that leads to the attempted entry of some further, moderately productive firms. Note
that we are unable to determine the optimal value of ρ (which maximizes 𝒲) in closed
form, nor to determine the conditions under which it is an interior value. We can, however,
simulate welfare under different parametrizations. Such exercises show that an interior
value is more likely to occur when fb is high, as that would make banks more reluctant to
finance new entrants.

An implication of this analysis is that when IFFs are especially pronounced (i.e., ρ is below
the optimal value), introducing frictions to labor costs can improve social welfare.

Corollary 2. The welfare-maximizing value of ρ decreases along the labor wedge ν.

A way to interpret this statement is the following: when ρ is below the optimal (interior)
value, increasing labor frictions can alter market outcomes in such a way that both move
towards maximal welfare. This happens as the result of two forces. On the one hand,
equilibrium productivity increases (as an implication of Corollary 1). On the other hand,
higher labor costs prompt fewer firms to enter. However, the former effects dominate the
latter, since at the margin, the status quo would lead to excessive entry of low-productivity
firms. Again, we are unable to produce a closed-form expression for the optimal labor
frictions. However, we find it useful to illustrate our key argument with the aid of numerical
calculations. Figure 12 displays the social welfare, normalized by the maximum value
attainable with ν = 0, as a function of ρ, and for three different values of the labor wedge.
The figure hints that it is theoretically possible to restore the social optimum when IFFs are
especially pronounced by appropriately tailoring the wedge.38

38A symmetric implication is that when ρ is too high, subsidies to firms’ labor costs, i.e., negative values of ν,
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Figure 12: Social welfare as a function of labor frictions, illustration
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Note. This figure displays the social welfare (𝒲), calculated in the model as a function of ρ,
and divided by a maximum value 𝒲max that can be attained for ν = 0, for three different
values of frictions to labor costs ν as indicated in the legend. The calculations are performed
under the following parametrization: σ = 2, L = 1, f = 0.2, fn = 0.1, fb = 1, δ = 0.1.

This analysis rules out additional effects of manipulations on firms’ labor costs, which would
affect welfare in either direction. On the one hand, we explicitly assumed that frictions are
wasteful from the workers’ point of view. It is likely, instead, that workers would derive
utility from institutions, like EPL, which leads to distortions in the labor market. On the
other hand, we ruled out any mechanisms that, following a decrease in labor costs, would
endogenously lead to productivity gains in the right tail of the distribution, as our empirical
results suggest. Inspired by Bustos (2011) and Zhelobodko et al. (2012), in a previous version
of this analysis we introduced productivity-enhancing investments that are increasingly more
convenient for high-productivity firms the lower labor costs are. However, we eventually
dropped this feature of the model as it does not match the empirical findings (capital
intensity falls for Q4 firms, as per Figure 10). In addition, it does not introduce interesting
trade-offs. We suggest that, as future research corroborates the finding of positive effects on
the TFP in the right tail, and sheds more light on the mechanisms behind them, our model
and the associated welfare analysis should be extended accordingly.

5 Conclusion

In this paper, we document for the first time how the TFP distribution of a large sector
of the economy (manufacturing) reacts to a negative exogenous shock to labor costs. Our
analysis is enabled by unique institutional conditions surrounding a particular labor market
reform enacted in Italy in 2001. Designed to facilitate the use of temporary employment

would increase welfare, as they would spur more entry while reducing aggregate productivity. An internally
consistent model that allows for subsidies, however, should specify how these are sourced (financed).
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contracts primarily among service workers, the reform depressed average worker earnings
even in manufacturing, thanks to the cross-sector transmission of collective bargaining
agreements. We estimate effects that depend on a firm’s position in the TFP distribution:
relative to the no-treatment counterfactual, a further decline of TFP observed in the right
tail is contrasted by an increase in the right tail. Thanks to additional results about other
firm-level outcomes (entry, exit, capital intensity, size, labor productivity), we conclude
that the effects on the left tail are best explained by decreased competitive pressure, which
facilitates the survival of low-productivity firms. Our interpretation of the right-tail effects is
more speculative, and posits that more efficient firms are better equipped at implementing
efficiency improvements when they can more easily expand their workforce.

We believe that each of our two main results suggests different lines for future research.
Motivated by our findings on the left tail and by the welfare implications of the conceptual
framework we develop in Section 4, we suggest pursuing research on the effect of labor
market policies, especially those targeting low-wage workers and/or small firms, that is more
conscious of equilibrium implications on other dimensions, especially firm productivity,
and selection. In this regard, we find that our results align with recent developments and
findings in the literature on minimum wage (e.g. Dustmann et al., 2021). Our results on the
right tail, by contrast, call for more empirical research to corroborate our findings, verify
the existence of the mechanism we suggest, and possibly uncover other explanations, be
they complementary or alternative to our current one. Should this finding be replicated
in other observational studies, we would find it worthwhile to test it in a more controlled
experimental setting, however challenging the undertaking. We are looking forward to
such an opportunity.
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Appendix A Data construction: details

This appendix elaborates on our choices for data cleaning and selection, as well as on the
construction of some measures (TFP, entry, exit) that are central to our analysis.

A.1 Data cleaning and selection

We begin the construction of our dataset by extracting a firm-year panel dataset from the
Uniemens database. In this dataset, we assign a unique province and industry for each
observation (as a single firm might operate in more than one sector or geographical region
with some branch) while keeping the observation with the highest number of employees.

We augment this panel with matched employer-employer records from Uniemens. As a
preliminary step, we discard contracts that have lasted less than nine weeks in a year. Then,
we take multiple measures in order to assign only one establishment to each worker-year.
First, we resolve multiple spells within the same employer in a year by keeping the one that
pays more. Subsequently, we resolve multiple spells over different employers within the
same year by keeping the one that pays more over the entire year, and in the rare event of
ties, we keep the longer-lasting spell. Lastly, we discard contracts reporting no wage, and
we winsorize the wage outliers on the right at the 99.7 percentile.

We clean the Cerved firm-level panel dataset by winsorizing all the relevant balance sheet
variables at the 0.1 and 99.9 percentiles to remove outliers. In addition, for those variables
that are expected to report nonnegative values (costs, revenues, purchases, assets), we
replace occasional negative numbers with missing values. We then remove industries with
less than forty firms in the entire period and industry-province-year “cells” that do not
contain at least three establishments. Lastly, after estimating each TFP measure, we discard
the estimates that report at least one negative coefficient, and we further restrict the sample
to industries for which we have non-missing estimates of all three productivity measures
(GNR, LP, ACF) that we use.

We ultimately merge Uniemens with Cerved via unique firm identifiers. The resulting dataset
provides two (highly correlated) measures of labor cost: one from balance sheets and one
resulting from the aggregation of matched employer-employee records.

A.2 Deflation of balance-sheet measures

We adjust the firm-level balance sheet measures for inflation using three different price
indices provided by ISTAT. First, we deflate capital measures (fixed assets and liquidity)
using a purchasing power index. Secondly, we deflate revenues using an industry-specific
index of final good prices, matched at the finest available digit each year. Third, we use an
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imputed cost index at the industry level to adjust production inputs (net purchases and
labor costs), again matching all indexes at the best possible digit.

In more detail, we construct this latter measure through the following steps.

1. We normalize the input-output table so that each element of the matrix represents the
relative weight an input has in the output costs in a given year.

2. For each sector-year pair, we construct a cost index as the resulting weighted sum of
the cost indexes associated with the input sectors.

3. Each cost index is thus assigned to the best available industry-specific price index in
ISTAT.

We set the base year of all three indices in 2015. In the event that industry price indices
are unavailable for the 1996-1999 interval, we backcast them via the available series of the
index in question. Specifically, we use an ARIMA(0, 1, 0) model augmented with external
predictors (primarily the series of the lagged salary index) as we find it provides a good
compromise between parsimony and out-of-sample prediction.

A.3 Estimation of TFP measures

We provide a brief summary of the three TFP measures used in this paper and introduced
in the text (LP, ACF, and GNR). While we defer to the original papers, from whose authors
the three acronyms are derived, for extended discussions of the estimation methodologies
and the assumptions underpinning them, here we highlight some features of each approach
that are most relevant for the research question and setting examined in this paper.

The notation adopted in this discussion (which is self-contained) intentionally overlaps
with that found elsewhere in the paper, to comply with familiar conventions typical of the
industrial organization literature on production functions. Throughout, i denotes a firm, t
is time, s (i) denotes the firm i’s industry (at the two digits level). In addition, for any firm i

and time t, Yit are deflated sales, Kit is capital (total assets, deflated), Lit is the labor force,
Mit is the deflated cost of materials, ωit is an endogenous component of productivity
which leads to the transmission bias, ϵit is an exogenous (unanticipated) component, and
zit is the share of wages over total firm revenue.

Levinsohn and Petrin (2003, LP). Under the LP approach, we estimate a Cobb-Douglas
production function with industry-specific parameters

(
βK,s(i), βK,s(i), βK,s(i)

)
:

Yit = K
βK,s(i)
it

L
βL,s(i)
it

M
βM,s(i)
it

exp (ωit + ϵit) .

TFP measures are obtained as the estimated residuals of the resulting log-log specification.
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Estimation proceeds sector-by-sector via a two-stage control function approach:Mit is first
used as a proxy for unobserved productivity in an initial semi-parametric stage where
βL,s(i) is estimated. As shown by Ackerberg et al. (2015), this approach suffers from issues
of non-parametric identification, unless some specific assumptions can be maintained: for
example, optimization error in the choice of the Lit, or if choices about Lit and Mit are
performed with different timing and/or information sets. We find the latter plausible in
the Italian setting, due to the particular timing of CCNL re-bargaining (see section 2.1).

Ackerberg, Caves and Frazer (2015, ACF). The ACF approach is very similar to LP’s, the
key difference being that in the first stage, Lit is included in the control function (hence,
βL,s(i) is only estimated in the second stage). The assumptions detailed by ACF identify a
“value added” production function rid of materials; to keep our TFP measures conceptually
consistent with one another, we instead employ the method by ACF to estimate the same
Cobb-Douglas production function for gross output as in the LP case. Identification thus
requires additional assumptions: for example, adjustment costs in the choice of flexible
inputs (Bond and Söderbom, 2005). Given the existence of robust EPL legislation in Italy,
we find this a tenable, realistic assumption.

Gandhi, Navarro and Rivers (2020, GNR). The GNR approach is nonparametric:

Yit = Fs(i) (Kit,Lit,Mit) exp (ωit + ϵit) ,

where TFP is obtained as the residual of Yit from the sector-by-sector estimation of function
Fs(i) (·). The latter is, similarly to LP and ACF, also obtained from a two-stage approach. In
the first stage, one estimates a function of the sector-specific labor elasticity, Ds(i) (·):

zit = logDs(i) (Kit,Lit,Mit) − ϵit,

which is derived from the first-order conditions. The key identifying assumption is that
firms adjust their choice of labor as a function of changes in labor costs in a predictable
fashion, which bodes well with the setting and research question of this paper. The second
stage identifies Fs(i) (·) via knowledge ofDs(i) (·), the fundamental theorem of calculus, and
a polynomial function (in our case, of second degree) representing the stochastic evolution
ofωit. We treat both Fs(i) (·) and Ds(i) (·) as polynomials of third degree.

A.4 Exit and entry accounting

We use INPS records of a firm’s official “cessation” in a year to identify permanent exit
events: instances where a firm permanently terminates its operation (as registered and
verified by the Social Security Institute). Similarly, we use the registered “creation” events to
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identify the entry of newborn employers or establishments. Moreover, because firms appear
in the INPS panel as long as they employ at least one worker (either full- or part-time, with
a temporary or a permanent contract), we code (re)appearances and disappearances from the
dataset in specific years as a signal of firms’ entry and exit in those periods. In unreported
robustness checks, we use these panel-derived measures as alternatives to the official ones
in both the entry and exit analysis (subsection 3.4) and the counterfactual decomposition
(subsection 3.6). These lead to qualitatively similar results, if with point estimates that are
typically larger in magnitude and with larger standard errors.

Appendix B Selected descriptive statistics

This appendix provides additional descriptive statistics about some key variables utilized
in our empirical analysis.

Sample size dynamics. Figure A.1 reports the yearly count of manufacturing firms
covered in our dataset. The observed evolution is primarily due to the expansion in the
number of firms’ balance sheets recorded in the Cerved database. Our analysis is restricted
to those firms that we can assign to one of the “Q” groups before the reform.

Figure A.1: Sample size dynamics
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Note. This figure illustrates the temporal dynamics of the sample size over the sample period
from 2006 to 2016. Source: Cerved.

Temporal evolution of TFP measures. Figure A.2 represents the time evolution of selected
statistics: mean, variance, interquartile range (p75-p25), and inter-extreme range (p90-p10);
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for three TFP measures (respectively the LP, ACF, and GNR measures) in our manufacturing
sample. The TFP growth trend is notably negative across all three measures. The overall
variance shows an increase in the early years of the sample and a subsequent reduction
that continued until 2016, the last year in our dataset. By contrast, the interquartile and the
inter-extreme ranges display a much more stable evolution over time. All observed trends
appear very consistent across all three TFP measures.

Figure A.2: Descriptive statistics of the sample

(a) Mean

-.1

-.05

0

.05

.1

1996 2000 2004 2008 2012 2016
Years

LP (2003) ACF (2015) GNR (2020)

(b) Variance

.15

.2

.25

.3

1996 2000 2004 2008 2012 2016
Years

LP (2003) ACF (2015) GNR (2020)

(c) Inter-quartile range (p75-p25)

.35

.4

.45

.5

1996 2000 2004 2008 2012 2016
Years

LP (2003) ACF (2015) GNR (2020)

(d) Inter-extreme range (p90-p10)

.7

.8

.9

1

1.1

1996 2000 2004 2008 2012 2016
Years

LP (2003) ACF (2015) GNR (2020)

Note. This figure reports a time series of different descriptive statistics of the sample: mean
(A), variance (B), inter-quartile range (C), and inter-extreme range (D), for the three TFP
measures employed in the paper. Source: Istituto Nazionale della Previdenza Sociale (INPS) and
Cerved.

Firm entry and exit. Figure A.3 depicts the dynamics of both firm entry and exit in our
sample, measured at the province-by-3-digit-sector level each year. The number of exit
events (including potential temporary suspensions) has increased over time; the same trend
is observed when looking at rates of change. This may reflect the stagnation that occurred
in Italian manufacturing over the last decades. Consistently, the number of entry events
(including potential re-entries), began to decline following the 2008 financial crisis in both
absolute numbers and rates of change. Both panels show that new firms continue to be
established and enter the market at a higher rate than that at which they cease their activity.
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Figure A.3: Firm dynamics in the sample
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Note. This figure reports entry and exit events (Panel A) and the entry and exit rates (defined
as the ratio between the events out of the firms’ population in each year, Panel B) for the
firms in our manufacturing sample. “Creation:” official establishment of a firm according
to INPS. “Cease:” official discontinuation of a firm according to INPS. “Panel entry [exit]:”
effective appearance [disappearance] of a firm in [from] our panel, as described in Appendix
A. Source: Istituto Nazionale della Previdenza Sociale (INPS) and Cerved.

Distribution of event years. Figure A.4 displays the empirical distribution of the “event
years” across CCNLs; an “event year” is defined as the year in which the 368/2001 Decree
became applicable to a specific CCNL. The Figure shows that for more than 90 per cent of
all CNNLs, the reform took effect in either 2002 (51.07 per cent) or 2003 (40.59 per cent).

Figure A.4: Event years distribution
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Note. This figure presents the relative percentages of event years at the firm level. An event
year is defined as the year in which the 368/2001 Decree took effect for a particular CCNL.
Source: Istituto Nazionale della Previdenza Sociale (INPS) and Consiglio Nazionale dell’Economia
del Lavoro (CNEL).
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Appendix C The muted effects on temporary contracts

This appendix provides a discussion of some additional institutional features of the Italian
system of industrial relations that can explain two central pieces of evidence presented in
this paper: the declining share of temporary labor contracts in manufacturing (Fact 4) and
the muted effect of the reform on labor contracts (Figure 3). We see the decline in the use of
temporary contracts in Italian manufacturing as driven by a mix of technological factors
and institutional frameworks specific to manufacturing, both of which are more favorable
to stable, permanent employment. We discuss them separately.

Technological factors. The very nature of manufacturing, with its longer production cycles
and more predictable demand compared to services, encourages a more structured approach
to workforce management. With their high turnover and lower commitment, temporary
contracts stand in contrast to the sector’s need for specialized labor. Manufacturing jobs often
require advanced training and skills, which are costly to cultivate. These resource-intensive
processes become prohibitively expensive when turnover is high (Blatter et al., 2012).
Consequently, firms are incentivized to secure their investment by retaining permanent
employees who bring both expertise and continuity to the table (Autor et al., 2003; Cirillo,
2018). Moreover, Italy’s industrial policy has reinforced over time the importance of skill
retention by promoting technological innovation and investment in human capital (as
emphasized for example in the most comprehensive industrial policy framework approved
in the Italian legislation over the last few decades: the so-called Piano Nazionale Industria 4.0
of 2014). This alignment between technological needs and workforce stability helps explain
why temporary contracts have become increasingly less used in manufacturing.

Institutional factors. The Italian system of industrial relations has been traditionally
designed around the specificities of the manufacturing sector, which is still apparent in the
institutional and legal framework that currently regulates the Italian collective bargaining.
Relatedly, the most prominent institution is arguably the so-called Cassa Integrazione
Guadagni (CIG), literally “Wage Supplementation Fund:” a central pillar of the Italian labor
legislation since 1947. The CIG is a short-time work wage subsidy that provides companies
with a tool to navigate economic downturns without resorting to layoffs or temporary
workers. In Italy, the CIG is the primary policy tool that supports labor hoarding during
downturns, providing subsidies for reduced work hours to employees of firms that face
temporary shocks. Instead of cycling through short-term contracts, firms can rely on this
mechanism to maintain their permanent workforce while reducing costs and upholding
workers’ rights to job security: a principle rooted in Italy’s industrial relations.

Manufacturing, historically, has enjoyed broader access to CIG compared to the service sector
(Arpaia et al., 2010). The exclusion of many service industries, from telecommunications
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to legal services (Lo Bello, 2021), implies that temporary contracts are, for firms in these
sectors, the best option to manage labor costs during economic slowdowns. At the same
time, CIG has remained relevant in manufacturing (Lo Bello, 2021). While hard to quantify,
a plausible explanation for this fact is the traditional disproportionate influence of labor
unions (the staunchest defenders of the job security principle), in manufacturing. At the
same time, the subsidy scheme has proven to be convenient in relative terms for firms that
can access to it. In fact, while temporary contracts may seem less expensive in the short
term, the cost of turnover, training, and productivity loss often makes CIG-backed retention
of permanent employees a more financially sound strategy for manufacturing (Pinelli et al.,
2017). Empirical economic research has further validated this claim. For example, Boeri
and Bruecker (2011) show that the adoption of short-time work schemes reduces reliance
on temporary or outsourced labor. In the Italian case, the low cost of the CIG programs
for firms (approximately 3-4.5% of the total subsidy amount), combined with generous
wage subsidies for workers (approximately 80% of workers’ lost earnings due to reduced
working hours), provides a powerful incentive for its use.

A full-fledged analysis of CIG and the institutional reasons behind the limited, declining
use of temporary contracts in manufacturing is beyond the scope of this paper. We thus
leave to future work dedicated to a more thorough examination of the four stylized facts
illustrated in subsection 2.4 of the text.
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Appendix D Additional empirical results

This appendix reports additional empirical results not included in the text for the sake of
exposition and conciseness, along with some brief commentaries.

Heterogeneous effects on TFP: LP and ACF measures. Figure A.5 replicates the results
from 6 using the LP (Panel A) and ACF (Panel B) TFP measures, respectively. Note that
the Q1-Q4 classification is based here on the LP and ACF measures, as appropriate; this
contrasts with the classification used for the main results in the text, which is based on the
GNR measure. The results are qualitatively similar, with two notable differences: on the one
hand, the effect on Q1 three years since treatment appears to be smaller in magnitude; on
the other hand, the effects on Q4 appear noisily estimated, not statistically distinguishable
from zero (especially in the LP case three years since treatment).

Figure A.5: Effects on TFP (logarithmic, LP & ACF), by pre-reform TFP quartiles

(a) Levinsohn and Petrin (2003, LP)
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Note. The figure reports event study coefficients τ̂d where the outcome Yit is the logarithm
of: the LP TFP measure (Panel A), and the ACF TFP measure (Panel B). All estimates are
conducted separately for “Q1” and “Q4” subpopulations distinguished by their pre-reform
TFP classification (which here is evaluated via LP or ACF estimates of TFP, as appropriate).
Confidence intervals at the 95 per cent level are obtained from clustered bootstrapped
standard errors, where clusters group all firms sharing the same three-digit sector identifier
across years. Source: Istituto Nazionale della Previdenza Sociale (INPS) and Cerved.

Key results by pre-reform firm size classification. Figure A.6 replicates some key results
of the paper: those about heterogeneous effects on per-worker labor costs (Figure 4, Panel
B) as well as TFP (Figure 6) in Panels A and B, respectively. However, in both cases, firms
are classified by their pre-reform size, rather than TFP; our classification method remains
otherwise unchanged (firms are assigned conditional size quartiles in each year until 2000,
then the modal assignment is chosen). The results for group Q1 are very similar to the
baseline, as they display a negative effect on both variables of interest. In Q4, however, we
register very noisy estimates, though the point estimates for TFP agree with the baseline.
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Figure A.6: Key results, revisited: pre-reform classification by size

(a) Labor costs per worker (logarithmic)
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(b) Total factor productivity (logarithmic)
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Note. The figure reports event study coefficients τ̂d where the outcome Yit is the logarithm of:
total labor costs per worker (Panel A), and the GNR TFP measure (Panel B). All estimates are
conducted separately for “Q1” and “Q4” subpopulations distinguished by their pre-reform
size classification, as discussed in this appendix. Confidence intervals at the 95 per cent level
are obtained from clustered bootstrapped standard errors, where clusters group all firms
sharing the same three-digit sector identifier, across years. Source: Istituto Nazionale della
Previdenza Sociale (INPS) and Cerved.

Key results: Q2 and Q3 groups. Figure A.7 is an extended version of Figure 6 from the
text, which reports results for the Q2 and Q3 groups as well. The post-treatment effects for
these two subpopulations, while noisy, typically register values between those of the Q1
and Q4 groups, as expected and consistently with the QDiD estimates from Figure 8.

Figure A.7: Effects on TFP (logarithmic, GNR), by pre-reform TFP quartiles: all “Q” groups
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Note. The figure extends Figure A.7 from the text by reporting results about the “Q2” and
“Q3” subpopulations. Source: Istituto Nazionale della Previdenza Sociale (INPS) and Cerved.
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Appendix E Counterfactual decomposition: details

This appendix expands the discussion from subsection 3.6 about the cell-level counterfactual
decomposition, focusing in particular on the derivation of our identification result. We also
illustrate some auxiliary estimates that are instrumental towards the calculations reported
in Table 3, as well as a version of that table obtained under the assumption of a zero overall
effect of the reform at the cell level.

We begin by defining the quantity (note the boldfaced notation):

Ψ𝒢t (D) = |𝒢| · Ψ𝒢t (D) =
∑
i∈𝒢

logφit (D) ,

that is, the total (unnormalized) aggregate log-productivity of firms in group 𝒢 at time t. If
𝒢 is a subset of 𝒩ct (D) at time t for some cell c, and s𝒢ct (D) ≡ |𝒢| /|𝒩ct (D)|, by part (i)
of the “decomposition” assumption 3 and the Law of Iterated Expectations it holds that:

E
[
s𝒢ct (1)Ψ𝒢t (1)

]
= E

[
Ψ𝒢t (1)
|𝒩ct (1)|

]
= E


E

[
Ψ𝒢t (1)

��� |𝒮c0 |
]

E
[
|𝒩ct (1)|

��� |𝒮c0 |
] 

since Ψ𝒢t (1) is always the sum of random variables that are independent of cell size. In
addition, if 𝒢 is one of the elements of the given partition of 𝒯ct for some cell c at time t:

E
[
s𝒢ct (1)Ψ𝒮ct (1)

]
= E

[
|𝒢|

|𝒩ct (1)|
Ψ𝒮ct (1)
|𝒮ct |

]
= E

[
E

[
|𝒢|

|𝒩ct (1)|
1

|𝒮ct |

���� |𝒮c0 |
]
E

[
Ψ𝒮ct (1)

��� |𝒮c0 |
] ]

= E


E

[
|𝒢|

��� |𝒮c0 |
]
E

[
Ψ𝒮ct (1)

��� |𝒮c0 |
]

E
[
|𝒩ct (1)|

��� |𝒮c0 |
]
E

[
|𝒮ct |

��� |𝒮c0 |
]  ,

where the second equality follows from part (ii) of the “decomposition” assumption 3 and
the Law of Iterated Expectations by the observation that |𝒢| /|𝒩ct (1)| |𝒮ct | is a function of
random variables that are all independent of the constituent elements of Ψ𝒮ct (1); while the
second equality follows from the “decomposition” assumption 4 and some manipulation.
In particular, assuming independent Gamma distributions with equal rate parameters
implies mutual independence of |𝒢| /|𝒮c0 |, |𝒮ct | /|𝒮c0 | and |𝒩ct (1)| /|𝒮c0 |; and:

E

[
|𝒢|

|𝒩ct (1)|
|𝒮c0 |
|𝒮c0 |

���� |𝒮c0 |
]
=

E
[
|𝒢| /|𝒮c0 |

��� |𝒮c0 |
]

E
[
|𝒩ct (1)| /|𝒮c0 |

��� |𝒮c0 |
] =

E
[
|𝒢|

��� |𝒮c0 |
]

E
[
|𝒩ct (1)|

��� |𝒮c0 |
] .
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Accordingly, the overall cell-level effect can be rewritten as follows:

E [Ψ𝒩1ct (1) − Ψ𝒩0ct (0)] = E
[
Ψ𝒮ct

(1) − Ψ𝒮ct
(0)

]
+

+
4∑

y=1
E



E

[
Ψℰyct (1)

��� |𝒮c0 |
]
+ E

[
Ψ𝒳yct (1)

��� |𝒮c0 |
]

E
[
|𝒩1ct |

��� |𝒮c0 |
] −

−
(
E

[��ℰyct

�� ��� |𝒮c0 |
]
+ E

[��𝒳yct

�� ��� |𝒮c0 |
] ) E

[
Ψ𝒮ct

(1)
��� |𝒮c0 |

]
E

[
|𝒩1ct |

��� |𝒮c0 |
]
E

[
|𝒮ct |

��� |𝒮c0 |
] 

 .

All four outer expectations are taken with respect to |𝒮c0 |, and all inner expectations are
identified under the “decomposition” assumption 2. Thus, the decomposition components
of interest, including the “residual” intensive margin effect E

[
Ψ𝒮ct

(1) − Ψ𝒮ct
(0)

]
, can be

obtained by appropriately recombining those elements.

To illustrate, we introduce some notation to describe a partition of inframarginal firms. In
particular, we denote by ℰ∗

yct (for y = 1, . . . , 4), the set of firms from the y-th TFP quartile
that, at time twould enter cell c regardless of the treatment; we similarly define 𝒳∗

yct (for
y = 1, . . . , 4) as those firms from the y-th TFP quartile that exit under either regime. We
further introduce the variables YEyct and YXy

ct to denote, respectively, the number of entering
and exiting firms in cell c at time t, for y = 1, . . . , 4; as well as the variables PEyct and PXy

ct

that denote the total log-TFP of entering and exiting firms from each Q-group. For Q1 firms:

YE1
ct (D) =

∑
i∈𝒩ct(D)

{
D · I

[
i ∈

(
ℰ1ct ∪ ℰ∗

1ct
) ]

+ (1 −D) · I
[
i ∈ ℰ∗

1ct
]}

YX1
ct (D) =

∑
i∈𝒩ct(D)

{
D · I

[
i ∈ 𝒳∗

1ct
]
+ (1 −D) · I

[
i ∈

(
𝒳1ct ∪ 𝒳∗

1ct
) ]}

PE1
ct (D) =

∑
i∈𝒩ct(D)

{
D · I

[
i ∈

(
ℰ1ct ∪ ℰ∗

1ct
) ]

+ (1 −D) · I
[
i ∈ ℰ∗

1ct
]}

logφit

PX1
ct (D) =

∑
i∈𝒩ct(D)

{
D · I

[
i ∈ 𝒳∗

1ct
]
+ (1 −D) · I

[
i ∈

(
𝒳1ct ∪ 𝒳∗

1ct
) ]}

logφit

where I [·] is the indicator function, and similarly for y = 2, 3, 4. It thus follows that:

E
[
Y
Ey
ct (1) − YEyct (0)

]
= E

[��ℰyct

��]
E

[
Y
Xy
ct (1) − YXy

ct (0)
]
= −E

[��𝒳yct

��]
E

[
P
Ey
ct (1) − PEyct (0)

]
= E

[
Ψℰyct (1)

]
E

[
P
Xy
ct (1) − PXy

ct (0)
]
= −E

[
Ψ𝒳yct (1)

]
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fory = 1, . . . , 4. The last two equations, in particular, rely on the “decomposition” assumption
2, which allows to impute the aggregate productivity of inframarginal firms via that entering
and exiting firms from control cells. These effects are likely to be heterogeneous across
cells. By restricting the analysis to cells with a given pre-treatment size Z, one obtains the
conditional moments that are sought after:

E
[
Y
Ey
ct (1) − YEyct (0)

��� |𝒮c0 | = Z
]
= E

[��ℰyct

�� ���Z]
E

[
Y
Xy
ct (1) − YXy

ct (0)
��� |𝒮c0 | = Z

]
= −E

[��𝒳yct

�� ���Z]
E

[
P
Ey
ct (1) − PEyct (0)

��� |𝒮c0 | = Z
]
= E

[
Ψℰyct (1)

���Z]
E

[
P
Xy
ct (1) − PXy

ct (0)
��� |𝒮c0 | = Z

]
= −E

[
Ψ𝒳yct (1)

���Z]
for y = 1, . . . , 4. These quantities are identified under assumptions typical of the differences-
in-differences framework any d periods after treatment. Note that the conditional size of
continuing firms, E

[
|𝒮ct |

�� |𝒮c0 |
]
, is trivially identified from the average size of control cells.

Consequently, conditional total cell size is also identified:

E
[
|𝒩ct (1)|

��� |𝒮c0 |
]
= E

[
|𝒮ct |

��� |𝒮c0 |
]
+

4∑
y=1

(
E

[��ℰyct

�� ��� |𝒮c0 |
]
+ E

[��𝒳yct

�� ��� |𝒮c0 |
] )

.

As the grand aggregate productivity E
[
Ψ𝒩1ct

�� |𝒮c0 |
]

under the treatment is also trivially
identified in the data, the conditional aggregate productivity of continuing firms is also
residually identified:

E
[
Ψ𝒮ct

��� |𝒮c0 |
]
= E

[
Ψ𝒩1ct

��� |𝒮c0 |
]
−

4∑
y=1

(
E

[
Ψℰyct

��� |𝒮c0 |
]
+ E

[
Ψ𝒳yct

��� |𝒮c0 |
] )

.

By estimating all these quantities for a given value of d (for example, per the approach by
Callaway and Sant’Anna, 2021), and then appropriately averaging them over the empirical
distribution of |𝒮c0 |, one can obtain empirical counterparts of the decomposition of interest.
In particular, |𝒮c0 | is ideally chosen as the cell size in the year when the treatment was
originally introduced: 2001 in our setting. In practice, administrative data like the Italian
ones that this project leverages are unlikely to offer a support for |𝒮c0 | that is sparse enough
to accurately estimate the conditional moments of interest over all values of |𝒮c0 |. The
reason is that cells must be constructed to be large enough that entry and exit of firms that
belong to different Q-groups are regularly observed. This implies to work with a moderate
number of cells (neither too low, nor too high), such that some values of |𝒮c0 | are observed
only occasionally, and the corresponding conditional moments are estimated imprecisely, if
at all. In absence of ideal data, we propose two approximating approaches. With the first,
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one would group cells by sufficiently contiguous values of |𝒮c0 | and proceed by estimating
moments conditional on such groups.

The second approach is the one that we adopt to produce Table 3. Specifically, we assume
that some normalized conditional moments of the kind E

[
X
�� |𝒮c0 |

]
/|𝒮c0 |, where X is any

variable in the decomposition that concerns with entry or exit, are constant over the support
of |𝒮c0 |. This allows to streamline most calculations and avoids the problem of repeatedly
estimating the quantities of interest, which is the payoff to adding parametric assumptions.
In particular, we impute the normalized entry and exit counts (or rates) via the estimates
illustrated in Figure 7, which are now understood as obtained from outcomes expressed
as YEyct (D) /|𝒮c0 | and YXy

ct (D) /|𝒮c0 |, for y = 1, . . . , 4. Similarly, we impute the normalized
aggregate productivity of entrants and exiters across Q-groups via event study estimates
on PEyct (D) /|𝒮c0 | and PXy

ct (D) /|𝒮c0 |, for y = 1, . . . , 4. The results are reported in Table A.8
and display patterns that are unsurprisingly in line with those from Table 7. Observe that
both these tables can report positive (if noisy) estimates about exiters in the Q4 group,
suggesting that some high-productivity firms may exit because of lower labor costs: this
contradicts the “decomposition” assumption 1. Analogous issues occur for the Q2 and Q3
groups, although the associated (unreported) estimates are very small in magnitude. For
this reason, we drop the “exit” contribution of all groups except Q1 from the construction
of Table 3.

Figure A.8: Effects on the productivity of exiters and entrants, by CCNL-specific aggregated “cells”

(a) Productivity of exiters
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(b) Productivity of entrants
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Note. The figure reports event study coefficients τ̂d where the outcome Ycat is the normalized
total log-TFP of all firm that exit from (Panel A) or enter into (Panel B) “cells” constructed
as described in the text. In particular, the normalization operates by dividing all counts by
the size of the corresponding cells in 2001. All estimates are conducted separately for “Q1”
and “Q4” subpopulations of cells. In Panel A, Q1 and Q4 refer to the modal TFP quartiles of
firms before the reform; in Panel B, after the reform; TFP is estimated in both cases using the
method by GNR. Confidence intervals at the 95 per cent level are obtained from bootstrapped
standard errors. Source: Istituto Nazionale della Previdenza Sociale (INPS) and Cerved.

As mentioned, the intensive margin effect is obtained residually from the estimated overall
effect on cell-level average productivity, and it thus inherits its properties. Our event-study
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estimates of the overall effect are reported in Figure A.9: notably, they are not statistically
significant (see the discussion from footnote 30 in the text). It thus makes sense to simply
conservatively assume that these effects are zero. Because in the decomposition procedure
that we develop the intensive margin effects are obtained residual, such a choice would
only have consequences on the imputed intensive margin effect: in this case, by decreasing
it. In particular, the intensive margin effect would fall to about 0.03 (+0.73 per cent relative
to the baseline) for d = 1, and to about 0.059 (+1.44 per cent) for d = 2. These positive effects
are rationalized as necessary to compensate for the negative selection effects (especially due
to Q1 firms) while keeping the overall effect on aggregate productivity constant at zero.

Figure A.9: Overall effect on average productivity, by CCNL-specific aggregated “cells”
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Note. The figure reports event study coefficients τ̂d where the outcome Ycat is the average
total log-TFP of “cells” constructed as described in the text. TFP is here estimated using the
method by GNR. Confidence intervals at the 95 per cent level are obtained from bootstrapped
standard errors. Source: Istituto Nazionale della Previdenza Sociale (INPS) and Cerved.

We do not claim that the assumptions outlined in subsection 3.6 are strictly necessary for
identification: alternative, possibly weaker assumptions are plausible. We focused on these
assumptions as we found that they deliver an approach to estimate the moments of interest,
as described in this appendix, that suits well the empirical strategy adopted in this paper.
This approach can be easily adapted to monotone treatments with effects opposite to ours:
for example, an increase in labor costs that stifles entry and spurs exit (which implies that
𝒯ct = ∅ while ℛct is non-empty across cells). We conjecture that other researchers who
study the effect of particular policies on the productivity distribution may be interested in
examining counterfactual decompisitions similar to ours. We leave a more comprehensive
analysis of the conditions that support their identification to future work.
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Appendix F Additional model analysis

Analysis of Proposition 1

It is useful to establish some auxiliary notation first. Let:

h = log θ

p = logφ

v = − log θ

v′ = − log θ + ρ (σ − 1)

z =
logφ − ρ log θ√

1 − ρ2

and use asterisks to denote the values of these transformations evaluated at the correspond-
ing threshold value of their argument(s): thus, h∗ = log θ∗, h∗ = logφ∗, et cetera (but as
an exception, z∗ (h) = (p∗ − ρh) /

√
1 − ρ2 is set as a function of h = log θ). In addition, let

ϕ (x) be the probability density function of the standard normal distribution and Φ (x)
the corresponding cumulative distribution, both evaluated at a given point x; at the same
time, let Φρ (x,y) be the cumulative bivariate normal distribution with standard normal
marginals and correlation parameter ρ, which is evaluated at a point (x,y).

We start by elaborating expression (3) as a function of any real h:

π̃
(
eh

)
f

=

∫ ∞

p∗

e(σ−1)(p−p∗)√
1 − ρ2

ϕ

(
p − ρh√
1 − ρ2

)
dp −

[
1 −Φ

(
p∗ − ρh√

1 − ρ2

)]
=

∫ ∞

z∗(h)
e
(σ−1)

(√
1−ρ2z+ρh−p∗

)
ϕ (z)dz − [1 −Φ (z∗ (h))]

= e(σ−1)(ρh−p∗)+ 1
2 (σ−1)2(1−ρ2)

∫ ∞

z∗(h)
ϕ

(
z − (σ − 1)

√
1 − ρ2

)
dz −Φ (−z∗ (h))

= e(σ−1)(ρh−p∗)+ 1
2 (σ−1)2(1−ρ2)Φ

(
(σ − 1)

√
1 − ρ2 − z∗ (h)

)
−Φ (−z∗ (h))

= e(σ−1)(ρh−p∗)+ 1
2 (σ−1)2(1−ρ2)Φ

(
ρh − p∗ + (σ − 1)

(
1 − ρ2)√

1 − ρ2

)
−Φ

(
ρh − p∗√

1 − ρ2

)
.

Therefore, the Arbitrage Condition (1) reads:

e(σ−1)(ρh∗−p∗)+ 1
2 (σ−1)2(1−ρ2)Φ

(
ρh∗ − p∗ + (σ − 1)

(
1 − ρ2)√

1 − ρ2

)
−Φ

(
ρh∗ − p∗√

1 − ρ2

)
− δfb

f
= 0,

with an associated implicit function p∗ = ρh∗ + a where a = logA, as one can verify by
setting the total differential at zero. It is also possible to verify that plugging this implicit
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function back into the right-hand side of the above AC delivers a decreasing monotone
function of a that cuts the x-axis so long as δfb/f > 0. Therefore, a (and hence A) is unique,
and it is both decreasing in fb and increasing in f.

To analyze the Free Entry Condition, write π̆ ≡
∫∞
θ∗ π̃ (θ)dC (θ) as the expected joint profits

that accrue to both the entrepreneur and the bank following the experimentation stage.
This quantity can be expressed as a function of (h∗,p∗):

π̆ (h∗,p∗) =
∫ ∞

h∗
π̃

(
eh

)
ϕ (h)dh

= f

∫ ∞

h∗
e(σ−1)(ρh−p∗)+ 1

2 (σ−1)2(1−ρ2)Φ
(
ρh − p∗ + (σ − 1)

(
1 − ρ2)√

1 − ρ2

)
ϕ (h)dh

− f
∫ ∞

h∗
Φ

(
ρh − p∗√

1 − ρ2

)
ϕ (h)dh

= fe
1
2 (σ−1)2−(σ−1)p∗

∫ −h∗+ρ(σ−1)

−∞
Φ

(
−ρv′ − p∗ + (σ − 1)√

1 − ρ2

)
ϕ (v′)dv′

− f
∫ −h∗

−∞
Φ

(
−ρv − p∗√

1 − ρ2

)
ϕ (v)dv

= f
[
e

1
2 (σ−1)2−(σ−1)p∗

Φρ (−p∗ + σ − 1,−h∗ + ρ (σ − 1)) −Φρ (−p∗,−h∗)
]

,

where the last line follows from the analysis of the standard normal cumulative distribution’s
moments as in Owen (1980). Thus, write the Free Entry condition as follows:

ℋ (p∗,h∗) = e 1
2 (σ−1)2−(σ−1)p∗

Φρ (−p∗ + σ − 1,−h∗ + ρ (σ − 1)) −

−Φρ (−p∗,−h∗) −
δfb

f
Φ (−h∗) − δfn

f
= 0.

The derivative of the above with respect to the log-productivity threshold p∗ is, following
some manipulation, shown to be always negative:

∂ℋ (p∗,h∗)
∂p∗

= − (σ − 1) e 1
2 (σ−1)2−(σ−1)p∗

Φρ (−p∗ + σ − 1,−h∗ + ρ (σ − 1)) < 0.

Moreover, the derivative with respect to the log-signal threshold h∗ is shown to be:

∂ℋ (p∗,h∗)
∂h∗

= −
[
e(σ−1)(ρh∗−p∗)+ 1

2 (σ−1)2(1−ρ2)Φ
(
ρh∗ − p∗ + (σ − 1)

(
1 − ρ2)√

1 − ρ2

)
−

−Φ
(
ρh∗ − p∗√

1 − ρ2

)
− δfb

f

]
ϕ (h∗) ,
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which is not a monotone function of h∗. However, an analysis of this derivative shows
that, for a fixed p∗, it is limh∗→−∞ ∂ℋ (p∗,h∗) /∂h∗ = limh∗→∞ ∂ℋ (p∗,h∗) /∂h∗ = 0; that
the derivative equals exactly 0 whenever h∗ = (p∗ − a) /ρ (observe that the expression in
brackets matches the Arbitrage Condition); and that to the left of this value, the derivative
is positive, while on the right, it is negative. These results give rise to the pattern depicted
in Figure 11. Observe in addition that the line p∗ = ρh∗ + a can only intersect the implicit
function of p∗ with respect to h∗ based on the Free Entry condition at a stationary point
of the implicit function because a is unique. Since there is only one such stationary point,
there is only one intersection point and, therefore, only one equilibrium of the model.

Analysis of Corollary 1

This is straightforward: as already mentioned a (and thus A) is increasing in f; at the same
time, ∂ℋ (p∗,h∗; f) /∂f = δ [fbΦ (−h∗) + fn] f−2 > 0. Consequently, as the effective fixed cost
of production shifts from f to f (1 + ν), the AC and FE curves also shift according to the
pattern depicted in Figure 11. As the two curves must meet at the maximum of the FE-based
implicit function of p∗ over h∗, both thresholds are higher in the new equilibrium.

Analysis of Proposition 2

This analysis is split into two parts. We first show that φ̃monotonically increases with ρ. This
is straightforward given the definition of φ̃, which matches equation (9) in Melitz (2003),
and that is increasing in the productivity threshold φ∗. In our model, φ̃ depends on ρ only
via φ∗. Hence, to make our point, it is enough to show that φ∗ is monotonically increasing
in ρ. This can be attained via an analysis of the equilibrium conditions of Proposition 1 akin
to the proof of Corollary 1, which we omit for brevity.

The second part of the proposition concerns the equilibrium number of entrants

V = L

(
r̄ − π̄
1 + ν + π̆

𝒫∗
θ

𝒫∗
φ

)−1

.

It is helpful to first restrict the analysis to ν = 0. Note that:

𝒫∗
φπ̄ − 𝒫∗

θπ̆ = 𝒫∗
φπ̄ − δ

(
𝒫∗
θfb + fn

)
⩾ 0 :

this expression must be nonnegative, or otherwise entrepreneurs would not have incentives
to attempt entry. In addition, it is easy to see that this expression goes to zero either as ρ→ 0
or as ρ→ 1, since in both cases the financing stage is moot (respectively all experimenting
entrepreneurs, or only the successful entrants, are financed) and thus 𝒫∗

θ
= 𝒫∗

φ and π̃ = π̄.
In both cases, one obtains V = L/r̄ as in the Melitz model, though r̄would take different
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values at either limit, with r̄ρ→1 ⩾ r̄ρ→0. Note that, adapting the analysis by Melitz:

r̄ = σf

(
φ̃ (φ∗)
φ∗

)σ−1
=
Φ (σ − 1 − p∗)
Φ (−p∗) σfe−p

∗(σ−1)+ 1
2 (σ−1)2

which is monotonically increasing in p∗ and thus in ρ (thanks to sharper selection, fewer,
more productive, larger firms have higher revenue on average). This effect leads to a decrease
in the number of equilibrium firms as ρmoves from 0 to 1. In our model, however, this effect
is mitigated by the fact that π̄− π̆𝒫∗

θ
/𝒫∗

φ first rises, and then conceptually falls to zero again.
It is thus conceptually possible, as stated in the proposition, that V is maximized by some
interior value of ρ. To confirm this statement it is sufficient to identify parametrizations of
the model, such as that from Figure 12 for ν = 0, for which this is true.

For positive values ν > 0 of the wedge, the analysis remains qualitatively unchanged. One
can show that:

r̄ − π̄
1 + ν = f

{
(σ − 1)

[
Φ (σ − 1 − p∗)
Φ (−p∗) σfe−p

∗(σ−1)+ 1
2 (σ−1)2 − 1

]
− σ

}
where f is not the effective fixed cost faced by firms (which is f (1 + ν) instead). Also, this
expression is monotonically increasing in p∗ and thus in ρ. By contrast, π̆𝒫∗

θ
/𝒫∗

φ decreases
for low-to-moderate values of ρ. Hence, frictions to the labor cost ν do not prevent the
existence, under appropriate parametrizations, of interior values of ρ that maximize V .

Analysis of Corollary 2

We provide a heuristic argument motivated by our prior analysis. Suppose that ν∗ = 0 and
ρ∗ is at an interior value that maximizes social welfare. As ν > 0 infinitesimally increases
to a positive value, φ̃ increases (per Corollary 1) while V decreases (fewer firms survive
in equilibrium). By construction, these updated values of φ̃ and V will result in lower
social welfare. Thus, for a given small ν > 0, slightly lowering the measure of IFFs to a
value ρ < ρ∗ leads to lower φ̃ and higher V : both constituent components of social welfare
move towards the original optimum. If the decrease in IFFs is large enough though, ρ ≪ ρ∗,
the effects on φ̃ and V would exceed those that restore the social optimum, as average
productivity in particular decreases. This implies that if an interior welfare-maximizing
value of ρ exists, it decreases monotonically in ν.

Analysis of limit cases

In this section, we illustrate two limit cases of our model, not admitted under Assumption 2:
ρ→ 0 and ρ→ 1. These can be viewed as two Melitz economies with different primitives.
This analysis helps build better intuition about our conceptual framework.
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If ρ→ 0, signals cannot predict productivity anymore, hence θ∗ → 0 and all entrepreneurs
are financed in equilibrium, even if they exit the economy after the revelation of their true
productivity. In this case, the free entry condition reduces to:(

1 −Q
(
φ∗

0
) )

δ
π̄0 − fe = 0.

Adopting a notation close to the one by Melitz, fe = fb + fn; π̄0 is the expected profit
conditional on surviving selection; and Q (φ) is the marginal cumulative distribution of
φ. The ZPC here is π̄0 = fk

(
φ∗

0
)
, where k (φ∗) = [φ̃ (φ∗) /φ∗]σ−1 − 1 like in the original

Melitz model, and φ̃ (φ∗) is the generalized average of order σ − 1 of the productivity φ of
surviving firms, which equals to φ̃ in (4).

If ρ→ 1 instead, signals perfectly predict post-entry survival and all entrepreneurs that
obtain financing fb by banks would operate in the economy. Because of perfect competition
between banks, the setup cost fb is repaid by all entering firms δfb units per period, which
effectively adds up to firms’ per-period fixed costs. Thus, the free entry condition becomes:(

1 −Q
(
φ∗

1
) )

δ
π̄1 − fn = 0,

while the ZPC here is π̄1 = (f + δfb)k
(
φ∗

1
)
. Because IFFs disappear, in this scenario, Pareto

optimality is restored. One can show analytically that the two productivity thresholds φ∗
0

(for ρ = 0) and φ∗
1 (for ρ = 1) can be ordered as φ∗

0 < φ∗
1, as selection improves.

Figure A.10: Welfare analysis: graphical intuitions

(a) Analysis of the two extreme cases

φ∗
0 φ∗

1

δfn

δfe

FE0

FE1 ZPC0

ZPC1

φ∗

π̄

(b) A wedge on wages in the Melitz model

φ∗ φ∗∗
(ν)

δfe

FE

ZPC

ZPC(ν)

φ∗

π̄

Note. Panel A: analysis of the two extreme cases: ρ→ 0 (continuous lines) and ρ→ 1 (dashed
lines) as Melitz economies with different primitives. Panel B: the effect of a wedge on wages
in the Melitz model; the dashed line is the new ZPC curve obtained by raising ν > 0.
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The equilibria obtained under the two extreme cases are graphically represented on the
(φ∗, π̄), plane in Figure A.10, Panel A. The latter shows that moving from full IFFs (ρ→ 0)
to no IFFs (ρ→ 1) leads to a higher productivity threshold φ∗; however, the consequence
on π̄ (representing the equilibrium incentives for entrepreneurs to attempt entry) depend
on the functional form of the FE and ZPC curves. The analysis of these two limit cases also
helps appreciate the productivity consequences of frictions to labor costs, as per Corollary
1. To illustrate, consider the ρ→ 0 case: adding a strictly positive wedge ν > 0 does not
affect the FE condition directly, while the ZPC becomes π̄ = (1 + ν) fk

(
φ∗

0
)
. Graphically, this

implies an outward shift of the ZPC curve as shown in Panel B of Figure A.10, leading to a
higher productivity threshold (from φ∗ to φ∗∗

(ν) in the Figure). The wedge ν can possibly be
tailored to make the resulting productivity threshold equal to that of the “full information,”
efficient outcome obtained with ρ = 1.

A.21


	Introduction
	Setting and data
	Collective bargaining
	The reform
	Data
	Stylized facts

	Empirical analysis
	Empirical strategy
	Labor market effects
	Total factor productivity
	Entry and exit
	Quantile effects
	Counterfactual decomposition
	Additional outcomes
	Discussion

	Welfare analysis
	Overview
	Setup
	Analysis
	Welfare

	Conclusion
	Data construction: details
	Data cleaning and selection
	Deflation of balance-sheet measures
	Estimation of TFP measures
	Exit and entry accounting

	Selected descriptive statistics
	The muted effects on temporary contracts
	Additional empirical results
	Counterfactual decomposition: details
	Additional model analysis

