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Abstract

We investigate how firing costs affect input choices and total factor productivity (TFP)
by exploiting a labor reform in Belgium that increased firing costs of blue-collar workers
relative to white-collar workers. Using a difference-in-differences design, we show that
hiring and separations at blue-collar-intensive firms declined by 8 percent after the
reform relative to white-collar-intensive firms. Moreover, blue-collar-intensive firms
shifted workforce composition toward white-collar workers, offered fewer permanent
contracts, and relied more on outsourced labor. We find no evidence of capital-intensive
technology adoption and only little evidence of human capital investment. Ultimately,
blue-collar-intensive firms experienced a 4.8 percent decline in TFP.
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1. Introduction

Firms operate in environments where demand, technology, and competitive conditions
can change unexpectedly. To respond efficiently, they must be able to swiftly adjust their
use of inputs, including labor. When firing is costly, however, firms may be inefficiently
reluctant to fire existing workers and hesitant to hire new ones. Such distortions in firing and
hiring have been shown to reduce aggregate output by causing resource misallocation across
firms, or by distorting firm entry and exit (e.g., Bentolila and Bertola, 1990; Hopenhayn and
Rogerson, 1993; Da-Rocha et al., 2019).

Furthermore, firing costs can also affect firm-level productivity. They might lower
productivity by inducing firms to retain less productive workers or by penalizing risky,
productivity-enhancing investments that involve laying off workers in case of failure. At the
same time, firing costs may also incentivize firms to adapt their practices in ways that could
increase (measured) productivity. Firms might screen candidates more carefully and hence
hire more productive workers, or invest in labor-saving technologies. In addition, firing costs
reduce the risk of dismissal and may encourage workers and firms to invest in training and
firm-specific human capital. Which of these channels dominates, and whether firing costs
ultimately affect firm-level productivity positively or negatively, remain open questions that

require empirical investigation.*

Although several studies have analyzed the relationship between firing costs and broader
economic outcomes, only very few have identified the effect on firm-level productivity in
quasi-experimental settings. Among these, Autor et al. (2007) exploit the staggered adoption
of wrongful discharge laws (WDLs) by US states, and Cingano et al. (2016) study an Italian
reform introducing wrongful discharge protection for firms below a 15-employee threshold.
Both papers find that higher firing costs reduce TFP. However, Autor et al. (2007) suggest “a
cautious interpretation of the findings until further evidence accumulates” (p. F212) because
US states” WDL adoption was preceded by investment downturns, which raises concerns
about reverse causality. In Cingano et al. (2016), instead, it remains unclear whether the

identified effect applies across the entire firm-size distribution.

We contribute to the literature in two main ways. First, we study an increase in
notice periods, which differs from the introduction of wrongful discharge protection studied in
previous work, as it also affects good-faith layoffs and applies to firms of all sizes. Exploiting the
exogenous nature of the increase in notice periods, we identify a negative, large, and persistent
effect of firing costs on TFP. Second, we provide novel and detailed quasi-experimental evidence
on the channels linking firing costs to TFP, including results on workforce composition and

utilization, as well as on capital deepening, that differ from existing studies.

1In Section 2, we provide a simple theoretical framework to describe the different channels through which
firing costs affect measured firm-level productivity, and the related literature, in more detail.



For identification, we exploit a unique setting provided by the Belgian labor market. Since
the early 1900s, Belgian law has made a distinction between blue-collar workers (those doing
manual work) and white-collar workers (those doing non-manual work), and it used to provide
the latter with far better employment protection. However, the Belgian Constitutional Court
ruled that this practice was discriminatory and unconstitutional, which led to a harmonization
of employment protection legislation (EPL) across worker types with the “Act of 26 December
2013”. This Act significantly increased the firing costs for blue-collar workers. For example,
the notice period for an average blue-collar worker with 10 years of seniority increased from

42 days under the old law to 210 days under the new law.

For white-collar workers, the impact of the Act is more ambiguous. For an average
white-collar worker with 10 years of seniority, the notice period decreased from 303 to 210
days. However, the Act also abolished the possibility for employment contracts to stipulate
a trial period during which a worker could be fired at almost no cost. Trial periods were
commonly used for both worker types, but were capped at 14 days for blue-collar workers and
at 365 days for white-collar workers. The total impact of the Act on firing costs of white-collar
workers is hence ambiguous: it has become more costly to fire white-collar workers during
their first year of tenure, but less costly thereafter. As we explain below, our main identifying
assumption is that firms with a majority of blue-collar workers experienced an increase in

firing costs, relative to firms with a majority of white-collar workers.

Our empirical analysis uses detailed firm-level panel data on workforce characteristics (e.g.,
the number of workers and its disaggregation across worker types, remuneration, hours worked,
and outsourced labor) as well as balance sheets and income statements of Belgian firms
between 2009 and 2017 to investigate the relationship between firing costs and productivity.
We estimate a difference-in-differences (DiD) model that compares input choices and TFP of
blue-collar firms relative to white-collar firms, before and after the legal reform. We define
blue-collar firms (white-collar firms) as those with an above-median (below-median) share of
blue-collar workers before the announcement of the legal reform. As a result, we compare
two groups of firms, with one group experiencing an increase in firing costs relative to the
other group. We saturate our regression models with firm and industry year fixed effects to
capture potential pre-existing trends pertinent to unobservable factors. Consistent with a
causal interpretation of our results, we find that differences between blue- and white-collar

firms emerge only after, and not before, the announcement of the reform.

Using this setup, we first investigate how increasing firing costs affect employment decisions.
We find that the reform led to an economically and statistically significant reduction in worker
turnover: separations declined by up to 9 percent two years after the announcement, while
new employment reached a peak reduction of 8 percent after one year. Firing costs thus
affected both firing and hiring. In addition, we also observe that the reform induced firms to

rely less on blue-collar workers and more on flexible labor inputs. Relative to white-collar



firms, blue-collar firms reduced blue-collar employment by up to 4 percent and gradually
increased white-collar employment by up to 8 percent. The net effect, a relative reduction
of total employment of around 2 percent, was primarily achieved by cutting permanent
employment and partially offset by outsourcing workers through employment agencies.
Next, we examine the effect on capital. We find that higher firing costs led to a delayed
increase in tangible fixed assets. However, the granularity of our data reveals that this increase
is entirely driven by additional buildings and furniture, which we interpret as complementary
investments to accommodate additional white-collar workers. Instead, we find no increases in
the types of capital that are typically associated with the adoption of productivity-enhancing
or labor-saving technologies, such as machinery and equipment, or intangible assets, and only

limited evidence of increasing investments in human capital (training activities).

Finally, we assess the effect on output and TFP. We find that blue-collar firms on average
experienced a significant 2 percent decline in value-added relative to white-collar firms after
the legal reform. As this reduction may simply reflect changes in input use, such as reduced
job flows, changes in workforce composition, or a lack of complementary investment in capital
and training, we also look at TFP as this isolates the component of value-added that cannot
be explained by observable inputs. This makes TFP a particularly relevant and informative
outcome when firms adjust not only the quantity but also the quality and allocation of inputs.
Efficiency-reducing frictions induced by firing costs may not be fully captured in employment
or capital metrics alone, but are embedded in TFP. Thus, by examining firm-level TFP, we

are able to assess more comprehensively the efficiency losses induced by increased firing costs.

We estimate firm-level TFP using the framework of Ackerberg et al. (2015), and find that
the reform led to an average drop in TFP of 4.8 percent among blue-collar firms, relative to
white-collar firms.? The effect is already significant in the year of the reform announcement,
remains significant over the subsequent four years, and grows gradually in magnitude over time.
This result is robust to (i) using alternative methodological approaches to estimating firm-level
productivity; (ii) considering value-added and revenue-based estimation procedures, as well
as alternative production functions such as the translog; and (iii) allowing for time-varying

input elasticities to account for possible changes in production technologies.

To help explain our empirical findings, we develop a simple theoretical framework and
use it to discuss the different channels through which firing costs can affect firm-level TFP.
We show how the relevant channels can be identified by linking observed changes in TFP to

adjustments in input use and conclude that our findings are consistent with the following

20ur TFP estimation accounts for the heterogeneous impact of the reform on worker types by treating
blue- and white-collar workers as separate production factors. We highlight the importance of separately
accounting for worker types whose firing costs changed differently in production function estimation. We
do so by showing how a bias can arise in estimating the causal effect of exogenous changes in firing costs
on productivity when the estimated production function pools these worker types into a single employment
input. See the discussion in Section 5.6.



interpretation: When firing costs increase, firms suffer substantial reductions in productivity
because such costs prevent them from dismissing workers who are no longer productive in
their jobs. The drop in measured TFP is large and persistent because, rather than offsetting
it through improving worker selection, training, or productivity-enhancing investments, firms
focus on adjusting their production processes to increase employment flexibility and minimize

firing costs.

How do our results compare to Autor et al. (2007) and Cingano et al. (2016), who also
study quasi-natural experiments on the firm-level effects of firing costs? First, we estimate a
larger drop in firm-level TFP than these studies. Although it is difficult to quantitatively
compare these findings given the different nature of the underlying policy reforms, we provide
a simple calculation comparing implied costs. We conclude that our reform increased expected
firing costs for the average treated firm by about 1.4 times more than the expected cost of
introducing wrongful dismissal protection for small Italian firms in Cingano et al. (2016).3
Since the estimated impact of the Belgian reform on TFP is about 1.7 times larger than that
of wrongful discharge protection in Italy, we conclude that the difference in the estimated
effects is largely due to the previous papers analyzing less costly reforms and not due to
differences in the elasticity of TFP with respect to different types of firing costs. Second,
despite the significance of the Belgian reform, we do not find any evidence of capital deepening
or capital-labor substitution. Although this is different from Autor et al. (2007) and Cingano
et al. (2016), it aligns with cross-country evidence (Janiak and Wasmer, 2014) suggesting that
one should not expect capital deepening in response to stricter EPL when EPL is already

relatively high (as was the case in Belgium).

In the last part of the paper, we conduct an extensive set of robustness checks and
additional analyses to corroborate our findings and their interpretation. Our results are
robust to (i) alternative ways of identifying blue-collar firms (e.g., using the within-industry
median share of blue-collar workers, or using the median share in 2008, i.e., before the
start of our sample); (ii) alternative model specifications (e.g., using a matched sample or
including controls and more granular fixed effects). We also perform a placebo test to further
corroborate that our findings are indeed driven by the reform, rather than by (iii) mean
reversion or (iv) omitted variables. Furthermore, we show that our results are stronger for
(v) more affected industries and (vi) firms with worse credit access.

Finally, using a different, less granular dataset, we compare Belgian firms in blue-collar
industries to French and German firms in the same industries, and repeat this for white-collar

industries.* Rather than comparing blue- to white-collar firms within Belgium, we compare

3We primarily focus on Cingano et al. (2016) in our discussion, since Autor et al. (2007) acknowledge
potential limitations to their identification. However, their estimated impact of wrongful discharge protection
on TFP in the US is very close to that in Italy.

4We do not have information on French and German firms’ blue- and white-collar worker composition.
Due to this data limitation, in this cross-country analysis, we define blue- and white-collar firms at the



Belgian blue-collar firms to non-Belgian blue-collar firms, and Belgian white-collar firms to
non-Belgian white-collar firms. These comparisons allow us to separately assess the effects on
blue- and white-collar workers and to ensure that unrelated events during our sample period
(e.g., the sovereign debt crisis) did not confound our results by differentially affecting blue- and
white-collar firms. We find that Belgian firms in blue-collar industries on average experienced
a significant 2 percent decline in value-added relative to French and German firms in the
same industries. For Belgian firms in white-collar industries, we do not observe a significant
effect. These findings are consistent with the effects identified in the within-Belgium analysis
and support the notion that the legal reform significantly increased firing costs for blue-collar

workers while having an ambiguous effect on firing costs for white-collar workers.

Our results are important because they document unintended consequences of policies
designed to improve job security for workers. We show that the gains of greater job security
from increasing notice periods are unevenly distributed and uncertain, because firms offer
fewer of the better-protected permanent contracts and increase employment flexibility through
outsourcing. Furthermore, firms do not seem to shift towards technologies that increase
workers’ productivity, since there is no evidence of tangible or intangible capital deepening
and little evidence of increased investment in human capital. In terms of policy implications,
our analysis therefore emphasizes the importance of properly evaluating the trade-off between

better-protected existing jobs and a more precarious situation for job seekers.

Related literature

Our study contributes to the literature linking firing costs to productivity. In this
literature, some papers document a negative association by exploiting cross-country variation
in employment protection indices (Micco and Pagés, 2006; Bassanini et al., 2009; Cingano
et al., 2010). A natural concern with cross-country analyses is the comparability of labor
laws across countries (Haltiwanger et al., 2014). Most closely related to our analysis, a few

studies also conduct within-country analyses (Autor et al., 2007; Cingano et al., 2016).

A novelty of our paper is that we consider a reform that changed firing costs for all
types of layoffs, including good-faith ones, and applied to all firms. The Belgian reform
is credibly exogenous to the economic environment, given that the driving force behind
the reform was unrelated to the prevailing economic conditions (the goal was to eliminate
historic discrimination). As such, the legal change induced plausibly exogenous and significant
changes in firing costs across worker types. Additionally, as we analyze an event with a single

treatment timing, our results should not be subject to a “bad comparisons” problem which

industry level and use value-added (instead of TFP) as the outcome, since we are not able to estimate
elasticities separately for blue- and white-collar workers, which is crucial in our setting (see the discussion in
Section 5.6).



might arise from staggered DiD designs.Finally, our analysis covers the entire rm-size
distribution, rather than focusing only on rms around a speci c size threshold, which
strengthens the external validity of existing results. The Belgian reform is also exploited by
Alpysbayeva and Vanormelingen (2022) to quantify the labor gap (i.e., the wedge between
marginal product and marginal cost) induced by ring costs. Instead, we focus exclusively on
the e ect of the reform on rm-level productivity and document mechanisms through which
the e ect operates.

To identify the importance of the di erent channels highlighted in theoretical studies,
we provide detailed evidence on a wide range of rms' adjustment margins. Consistent with
existing studies, we document that ring costs lead to a reduction in both separations and
hiring (Kugler and Saint-Paul, 2004; Kugler and Pica, 2008; Marinescu, 2009; Alpysbayeva
and Vanormelingen, 2022), supporting the view that such costs distort employment decisions.
In addition, we show that a ected rms shift toward production techniques that rely less on
the types of workers whose dismissal has become more costly, leading to potential systematic
changes in workforce composition. Furthermore, our evidence that rms seek greater exibility,
with an increase in employee outsourcing, is consistent with Autor (2003). We reinforce this
evidence by adding that exibility is also increased by reducing the hiring of permanent
workers.

Finally, our nding that increased ring costs lead to no investments in capital-intensive
technologies and only limited investment in human capital contributes to the literature on
the e ects of ring costs on (in)tangible capital investment (Calcagnini et al., 2009, 2014;
Bena and Simintzi, 2019; Bai et al., 2020; Bena et al., 2022) and human capital investment
(Acharya et al., 2014; Gri th and Macartney, 2014).

2. Theoretical framework

In this section, we discuss the dynamic e ects of ring costs on rms' decisions and their
impact on productivity. To relate this discussion to our empirical analysis, we consider a rm
that produces output employing capitalK , white-collar workersW, blue-collar workersB,
and materialsM . We de ne revenues a®© and value-added a3/A = O M, and we assume
that VA is characterized by a Cobb-Douglas function of capital and labor:

VA=z(LFY;FB)K W W.pW w B B,pB g : (1)

wherez is Hicks-neutral productivity. The notation z( #;FW; FB) indicates that z varies due
to an exogenous productivity shock?, but is also potentially a ected by ring costs for white-

5See, for example, Goodman-Bacon (2021) and Baker et al. (2022) for discussions on di erence-in-
di erences regressions with staggered treatment timing.



and blue-collar workers,FW and FB, respectively. Likewise, we allow labor-augmenting
productivity, " and B, to depend on exogenous shocks and on the respective ring costs.
We can rewrite the production function as follows:

VA=TFP K W B! ' ; ()

whereTFP  z( Z;FW;FE‘)h wo WL EW B B.pB ! '

Firing costs dynamically a ect both ring and hiring decisions and potentially alter the
employment levelsW and B, as well as indirectly the level of capitaK , since the three
inputs are complementary. We discuss the broader relationship between ring costs and input
choices in Section 2.2. Furthermore, Equatio(2) clari es that changes in ring costs FW
and FB might aect TFP by changing Hicks-neutral productivity z and labor-augmenting
productivity Y and B. In Section 2.1, we discuss the main channels proposed by the
literature to rationalize this relation.

2.1. Firing costs and TFP

Firing costs mainly a ect Hicks-neutral productivity z when they distort rms' productivity-
improving investments, while they are more likely to a ect labor-augmenting productivity
by distorting separation, hiring, and training.

Firing costs and productivity-enhancing investments

The literature has highlighted that ring costs can have positive and negative e ects
on rms' innovation and productivity. On the positive side, ring costs might increase job
security for innovative employees. Firing costs reduce the chance that rms will re workers
and appropriate the innovation bene ts, which, in turn, increases innovative employees'
e orts. Acharya et al. (2014) outline this theoretical argument and provide empirical support
using patenting activity of innovative US rms following staggered state-level WDL adoption.
Grith and Macartney (2014) provide additional empirical evidence consistent with this
channel. To the extent that these innovations are directed to improving the quality of the
rm's products or the e ciency of its production processes, they will result in higher measured
Hicks-neutral productivity z.

On the negative side, ring costs might reduce productivity by penalizing riskier and
more productive projects. This argument has been put forward by several authors, and
its intuition is straightforward: if productivity-enhancing projects with greater potential to
increasez are also more likely to fail, they are disproportionately penalized by higher ring
costs. This is because, conditional on failure, the rm faces higher costs for laying o the
workers employed in these projects (see, among others, Saint-Paul, 2002 and Bartelsman



et al., 2016, as well as Da-Rocha et al., 2023 on the relationship between policy distortions
and establishment-level productivity investments).

These two channels, which have opposite e ects on productivity, are both related to
workers employed in innovative activities, and therefore are especially relevant for white-collar
workers. Since our experiment implies large changes in ring costs for blue-collar workers, we
expect the impact of these channels to be relatively small. Nonetheless, one way to identify
them in the data would be to focus on the di erential e ect of the reform in more innovative
industries, for which these channels are presumably stronger.

Firing costs, worker selection, and training

Cross-country evidence shows that better employment protection reduces job ows in
and out of employment, and several authors have developed search and matching models to
provide a theoretical explanation for this evidence. Here, we focus on those theories that link
these ows to worker selection and productivity. Blanchard and Portugal (2001) consider a
model with worker-job matches, in which wages are negotiated when the match is formed,
workers' productivity varies stochastically, and the rm has to pay a ring cost to replace a
worker in a given match. In this framework, higher ring costs reduce ring and hiring, as
well as workers' productivity, because the minimum productivity threshold for dismissal falls.

While the channel suggested by Blanchard and Portugal (2001) focuses on the e ects of
ring restrictions, Pries and Rogerson (2005) propose an additional channel related to hiring.
They assume that rms and workers observe a signal of worker quality before hiring, but
that the true quality is only revealed after the match is formed. Low ring costs thus allow
rms to be less selective ex-ante: they hire more workers and re them more frequently and
more quickly once their quality is revealed. Higher ring costs instead force rms to be more
selective ex-ante, which reduces hiring and ring rates but increases average match quality
(and hence worker productivity) in equilibrium.

Blanchard and Portugal (2001) and Pries and Rogerson (2005) thus propose two comple-
mentary channels that have similar implications for job ows but suggest opposing predictions
for worker productivity. Both papers derive these e ects in the context of matching models
with single worker-job pairs. In Online Appendix D, we build a stylized two-period model
and show that these channels are also present in a multi-worker-type production context that
is more closely related to our empirical exercise. On the one hand, if blue-collar workers
that have become less productive in their jobs|for example, because their skills are no
longer well aligned with their job requirements|cannot be red and replaced with more
productive new hires, the composition of blue-collar employmef worsens, resulting in
lower labor-augmenting productivity B (i.e., the weighted average of workers' productivities).
On the other hand, higher ring costs create additional screening incentives, which imply



higher values of B. Therefore, the two channels generate opposite predictions for the e ect
of ring costs on rm-level TFP, as de ned in Equation (2).

Another factor that can explain a positive relationship between ring costs and workers'
productivity is human capital investment, such as training. Wasmer (2006) shows that higher
ring costs, by increasing job duration, encourage human capital investment in rm-speci c
skills, which tend to raise productivity more than general skills. When we include training
in our stylized model in Online Appendix D, we con rm that ring costs increase training,
because its bene ts increase if workers are expected to stay longer in the rm, and that
this e ect can increase worker productivity and TFP® Since we observe various measures of
training intensity, we can test for the presence of the training channel in our data.

2.2. Firing costs and input choice

While we have so far focused on the e ects of ring costs on rm-level TFP, a large
literature has analyzed their e ects on input choices. Building on Lazear (1990), Bentolila
and Bertola (1990), and Hopenhayn and Rogerson (1993), ring costs have been shown
to distort optimal hiring and ring decisions. Relative to a frictionless benchmark, rms
reduce hiring ex-ante and ring ex-post. On the one hand, rms that receive a negative
shock might lay o too few workers relative to the benchmark without ring costs, because
retaining workers avoids paying high ring costs. On the other hand, following a positive
shock, rms might hire too few workers to reduce future expected layo costs. Although
the overall e ect on rms' employment levels is uncertain, such distortions unambiguously
increase the dispersion in marginal products of labor across rms and reduce aggregate TFP.
In our Belgian context, these theories predict that higher ring costs for blue-collar workers
should increase the dispersion in marginal products of labor, especially among rms that use
such workers more intensely. Relatedly, Alpysbayeva and Vanormelingen (2022) show that
the Belgian labor market reform indeed increased the dispersion in the marginal productivity
of labor for blue-collar rms relative to white-collar rms.

With respect to input choices in general, rms are likely to adjust their production
processes over time to reduce their reliance on input factors that have become more expensive
(e.g., Leon-Ledesma and Satchi, 2019). Thus, increased ring costs for blue-collar workers
can be expected to reduce the ratio of blue-collar workers to white-collar workers. It is also
possible that such costs cause a shift toward more capital-intensive processes to save on labor

6In our model, the net e ect of the training channel on TFP is in principle ambiguous. Intuitively, ring
costs increase training and productivity for marginal workers, i.e., those at risk of dismissal in the absence of
ring costs. Some of these workers can become su ciently productive so that training prevents their dismissal
(conditional on a negative shock to their own productivity) in the presence of ring costs. Nonetheless, they
might still be less productive than the workers who would otherwise have replaced them. Training is therefore
ex-ante optimal, because it saves ring costs, but might, under certain parameterizations, reduce e cient
worker replacement and thereby average productivity ex-post.



costs. However, Janiak and Wasmer (2014) note that the relationship between ring costs and
capital deepening is complex. If these costs lead to a less productive workforce, the capital-
to-labor ratio might decrease because the demand for capital per unit of labor decreases.
In contrast, if ring costs increase human capital investment and worker productivity, they
might induce capital deepening because capital and skilled labor are highly complementary.
In summary, ring costs might alter the optimal composition between labor and capital,
or between blue- and white-collar workers. Because of such compositional changes, it is
important to separately include worker types in the production function when estimating
rm-level TFP. In Online Appendix F.21, we show that, if ring costs alter the optimal ratio
between worker types di erently for blue- and white-collar rms, pooling worker types in a
production function with total employment likely biases the estimated e ects of ring costs
on TFP.

3. The Harmonization of Notice Periods in Belgium

Belgian legislation de nes blue-collar workers as those who mostly perform manual work
and white-collar workers as those who mostly perform non-manual o ce jolds White-collar
workers have traditionally enjoyed better working conditions, but the Belgian Constitutional
Court ruled in 1993 that this practice was discriminatory and unconstitutionaf. Following the
ruling, employer and employee representatives repeatedly attempted but failed to harmonize
the treatment of worker types. In 2011, the Constitutional Court therefore set 8 July 2013
as a deadline for an agreement. The required agreement was reached on 5 July 2013 and
formalized in the \Act of 26 December 2013". The Act has been e ective since 1 January
2014.

A cornerstone of the new legislation was the harmonization of notice periods. The
notice period is de ned as the time between the receipt of a dismissal letter (or the date of
resignation) and the last day of employment. If an employee is red before the end of the
required notice period, the employer has to pay what the employee would have earned by
working (payment in lieu of notice). Prior to 1 January 2014, notice periods for white-collar
workers were substantially longer than those for blue-collar workers. For blue-collar workers,

"Other studies emphasize that ring costs can reduce capital investment because they may aggravate the
\hold-up" problem, which reduces rms' willingness to invest (Caballero and Hammour, 1998). In addition,
higher ring costs have also been shown to increase operating leverage and crowd out nancial leverage, which
could limit rms' ability to nance capital investments (Simintzi et al., 2015; Ser ing, 2016; Bai et al., 2020).

8The distinction between blue- and white-collar jobs is not always obvious. In ambiguous cases, employers
are required to o er contracts based on the worker's primary task. Consistency between reported worker
types and workers' primary tasks is closely monitored by Belgian authorities. Thus, it is very unlikely that
employers, for example, o er blue-collar contracts for primarily white-collar jobs.

90nline Appendix B illustrates the main di erences in working conditions between blue- and white-collar
workers before the new legislation.
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notice periods primarily depended on the industry and the seniority of the worker; for
white-collar workers, it depended primarily on seniority and remuneration. Under the new
law, notice periods for all workers depend exclusively on seniorify. That is, notice periods
are equal for both blue- and white-collar workers with the same seniority. Overall, removing
industry- and wage-related di erences resulted in a signi cant increase in the notice periods
for blue-collar workers and a reduction in the notice periods for white-collar workets.

To illustrate the e ect of the new legislation, Table 1 compares notice periods under the
old and new legislation, for blue- and white-collar workers with a seniority of exactly 10 years.
Before 1 January 2014, the notice period for white-collar workers earning more thar32,254
was 303 days (10 months), compared to 42 days (6 weeks) for blue-collar workers, for example,
in the agriculture, textile, or transportation industries. If the same blue- and white-collar
workers accumulated the entire 10 years of seniority under the new regime, their notice
periods would be 210 days|independent of their type. For white-collar workers, this implies
a reduction by one-third, while it more than quadruples the notice period for blue-collar
workers. For workers hired before but laid o after 1 January 2014, the new law stipulates
that notice periods should be calculated as the sum of two parts: a rst part using the old
regime and assuming the worker was dismissed on 31 December 2013, and a second part
using the new regime and assuming employment started on 1 January 2014.

The new notice periods for blue-collar workers translated into real costs for employers.
For example, an employer who laid o a white- and a blue-collar worker with a gross annual
wage ofe 40,000 and a seniority of exactly 10 years in December 2013 had to make a payment
in lieu of notice to the white-collar worker of arounde 43,000 and to the blue-collar worker of
around e 6,000? An employer who lays o comparable workers in December 2023 will have
to pay both worker types arounde 30,000. Whereas this corresponds to a 30% decrease in
the ring cost for the white-collar worker, it increases the ring cost for the blue-collar worker
by 400%° Given that the median share of blue-collar workers is 65% in our sample, the
overall e ect of the new legislation is thus an economically relevant increase in ring costs.

Note importantly that, for both blue- and white-collar workers, the new legislation has
also abolished trial periods, improved outplacement rights, and increased protection against

10see Claeys and Engels (2018) for a detailed summary of the Act of 26 December 2013.

Wnitially, increased notice periods did not apply to blue-collar workers performing at temporary and
mobile workplaces in the construction and upholstery & woodworking industries. Following the so-called
\summer agreement" (decided on 26 July 2017 and e ective from 1 January 2018), however, these exceptions
have also been abolished.

2Note that employers need to pay a social security contribution tax on the gross wage, which is roughly
equal to 30% in Belgium, and which also needs to be paid to the government on a payment in lieu of notice.
Hence: 43,000 40,000 * 1.3 * 303/365 and 6000 40,000 * 1.3 * 42/365.

BBFor another example, the cost for an employer to lay o a white- and a blue-collar worker with a
gross annual wage o€ 40,000 and a seniority of 4 years under the old regime was arourgl17,000 for the
white-collar worker and around e 5,000 for the blue-collar worker. The cost for an employer who wants to lay
o comparable workers under the new regime is approximatelye 15,000 for both worker types.
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unfair dismissals. We discuss the potential impact of these last two factors in more detail in
Online Appendix C, but the impact of the rst is worth mentioning here. The Act abolished
the possibility for employment contracts to stipulate a trial period during which a worker
could be red at almost no cost. Trial periods were very common and signi cantly longer for
white-collar workers (up to 1 year) than for blue-collar workers (up to 2 weeks). Abolishing
these trial periods thus increased ring costs, but especially for white-collar workers.

Although notice periods were harmonized for blue- and white-collar workers, certain
legislative and institutional di erences between the two worker types remained after the reform.
Some important di erences, as detailed in Online Appendix B, include the law's notion of
manual versus non-manual labor, contracts stipulating an hourly wage versus a monthly
wage, weekly versus monthly paydays, employers' social security contributions, and employers
possibility to place workers under temporary unemployment (reducing rms' employment
costs and allowing workers to apply for unemployment bene ts). Hence, it remained equally
important for rms to o er workers the correct contract type to ensure compliance with
labor laws. Furthermore, Belgian authorities continued to strictly monitor whether employers
correctly classify workers based on their primary tasks (manual or non-manual).

Taken together, the Act unambiguously increased ring costs for blue-collar workers,
whereas the overall e ect for white-collar workers is uncertain because their reduced notice
periods are (to some extent) o set by increased protection through other factors. The net
e ect of the new Belgian labor legislation has thus substantially increased the ring costs of
blue-collar workers relative to white-collar workers.

4. Data and empirical model

4.1. Data sources

We obtain rm-year level data on Belgian rms from the Bel- rst database provided by
BvD (Bureau van Dijk, 2017). Bel- rst provides detailed nancial accounts as well as granular
workforce data from 1994 to the present. Workforce data include information on the number
of blue- and white-collar workers, the number of separations and new hires during the year,
the number of employees with permanent or temporary contracts, the cost and number of
employees who are outsourced through an employment agency (and thus are not included in
rms' total reported employment), total employment costs, the total number of hours worked,
and training activities (including training participation, costs, and hours)!* Regarding

41n our data, for a small set of observations, the number of outsourced employees (around 20%) or
training participation/hours (around 10%) was missing, whereas the corresponding cost variable was observed.
We impute the missing values by dividing the observed cost by the 2-digit industry median cost per unit,
computed from observations with hon-missing quantities. The results, however, remain unchanged even
without imputation.
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the blue- and white-collar workers, we only observe their number in full-time equivalents
(FTEs), which include both permanent and temporary contracts. The other employment
outcomes|such as separations, new hires, contract types, outsourced employment, costs, or
hours|are not reported at a disaggregated level for blue- and white-collar workers.

All rms that are incorporated under limited liability in Belgium are obliged to report
information on their nancial accounts and workforce, but obligatory reporting is more
detailed for large rms. For instance, large rms have to report information on intermediate
inputs, whereas other rms can provide this information on a voluntary basis. Note, however,
that in Belgium a rm is legally considered to be \large" if it is listed on the stock exchange
or if it exceeds at least two of the following three thresholds: 50 employees, a turnover of
e 9 million, or total assets ofe 4.5 million. Since intermediate input data is crucial for our
estimation of the production function, our main analysis keeps only the rms that provide it.
We also estimate our production function with a less sophisticated approach that does not
rely on intermediate inputs and show that our main results are robust to including all rms.

The sample period for our main empirical tests ranges from 2009 to 2017. This period
corresponds to four years before the announcement of the new Belgian labor legislation (i.e.,
2009-2012), the announcement year (i.e., 2013), and four years thereafter (i.e., 2014-2017).
To the best of our knowledge, during our sample period, there was no other legal change in
Belgium that di erentially a ected blue- and white-collar workers.*> BvD updates yearly
information from one vintage to the next, and rms that have not reported for a certain
time are dropped in each update. Not incorporating leavers into the analysis would lead to
biased estimates if, for example, surviving rms are more productive. To circumvent such
survivorship bias, we use historical les and recover deleted rms for each year.

We further restrict the sample to unconsolidated accounts of pro t-seeking rms with
at least ve employees in 2012, that is, just before the reform announcement year of 2013.
Our production function estimation further requires that rms have at least one blue- and
at least one white-collar worker in every year of the sample period (2009{2017). This is
because we consider blue- and white-collar workers as distinct production inputs (see the
discussion in Sections 5.6 and F.21 of the Online Appendix). Notwithstanding this, we show
that our results remain robust to including rms with only one worker type (see Online
Appendix Section F.11). Finally, we exclude rms from the nancial industry (K) as well as
from non-market services (O, P, Q, T, U) as they are heavily regulated by the government
(Burggraeve et al., 2015}

Spuring our sample period, employers bene ted from reductions in social security contributions for low-
wage workers, and Europe experienced a sovereign debt crisis to which it responded with several crisis-related
support programs. In Section 5.6, we show that neither materially a ected our results.

6 Note that the new law initially exempted blue-collar workers working at temporary and mobile workplaces
in the construction and upholstery & woodworking industries. We do not exclude these industries from our
main analysis because the exemptions only applied to the subset of blue-collar workers in these industries
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Our regression sample requires that rms are observed in 2012 (before the reform
announcement) and in 2014 (after the reform took e ect). This sample restriction ensures
that we can track changes in outcomes for the same rms before and after the policy change,
thereby allowing us to isolate the e ect of the reform on rm outcomes. Finally, we winsorize
all ratios at their 1st and 99th percentiles. Applying these selection criteria implies a sample
with 54,452 rm-year observations from 6,903 unique rms. We provide summary statistics
for the entire sample in Table 2. Section F.13 in the Online Appendix reports pre-period
sample means of the covariates for blue- and white-collar rms.

4.2. Empirical model and identi cation strategy

We exploit the legal change discussed in Section 3 to study the e ects of ring costs. In
particular, we estimate a di erence-in-di erences model where we compare blue-collar rms
(rms that have an above-median pre-period share of blue-collar workers) to white-collar
rms (rms that have a below-median pre-period share of blue-collar workersY. Our analysis
thus compares two groups of rms, with one group experiencing an increase in ring costs
relative to the other group. Our benchmark speci cation is the following DiD model:

Yit = Blue -collar; Post (+ Firmcontrols)+ ;+ &+ "jt (3)

whereY;; denotes several outcomes we look into (e.g., employment, investment, value-added,
revenue TFP) of rm i inyeart. Blue-collar; is a dummy variable equal to 1 if rmi's average
share of blue-collar workers during the pre-period (2009-2012) was above the median, and to 0
otherwise. Pre-period averages are used to mitigate the concern that rms' time-speci c labor
demand confounds our treatment® P ost; is a dummy variable equal to 1 for observations in
the period of 2013-2017, and to O for observations in the period of 2009-2012. The model
also includes rm xed e ects ( ;) and NACE 2-digit industry ~ year xed e ects ( ).*°

To avoid the problem of \bad controls" (Angrist and Pischke, 2009), our baseline re-
gressions exclude rm controls. Nevertheless, we show that our results are robust to their

(namely those in temporary and mobile workplaces), and therefore, rms operating in these industries were
still a ected (albeit presumably less). In Section 5.6, we show that rms in these industries|despite the
partial exemptions|were indeed also adversely a ected by the increase in notice periods.

17Note that, in Bel- rst, besides blue- and white-collar workers, workers can also be classi ed amanagement
and other workers. However, the number of workers in those categories is often zero, and their share is on
average around 1% of employment. Our results remain unchanged if we exclude those categories from the
calculation of the median share of blue-collar workers used to identify blue-collar rms.

8In our robustness tests, we show that our results hold when we estimate Equatio3) by de ning the
blue-collar dummy based on the rm's share of blue-collar workers at the end of 2012 (the year before the
reform announcement) or 2008 (the year before the beginning of our sample period), or using a treatment
intensity variable (the rm's pre-period average share of blue-collar workers).

°Note that Blue collar; and Post; are not separately included in Equation (3) because they are
subsumed by xed e ects.
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inclusion. Firm controls are the one-year lagged values of the rm'size (the natural log
of total assets),leverage(the sum of long- and short-term debt, divided by total assets),
EBITDA-to-assets (the ratio of EBITDA to total assets), cash holdings(the ratio of cash
holdings to total assets),capital-to-labor (the natural log of the ratio of tangible xed assets
to total number of employees), and the contemporaneous value of the rmé&ge (the number
of years since the incorporation date).

We cluster standard errors at the rm level. Alternatively, one may also wish to cluster
standard errors at the industry level to allow for the correlation of shocks within an industry,
as we construct TFP by separately estimating the production function for each industry (see
Section 5.2.1 for details). We do not choose this as the benchmark because our main sample
contains only 50 industries. Nevertheless, we show that our results are robust to clustering
standard errors at the industry level.

The coe cient of interest is , which quanti es the e ect of the legal reform on rms’
input choices and TFP. Speci cally, re ects the di erence in the evolution of outcomes in
blue-collar rms relative to white-collar rms, from before to after the reform.

Endogeneity concerns. One concern for our identi cation strategy could be that the
introduction of the new labor legislation could be related to pre-period rm characteristics.
However, this concern is likely not relevant because the introduction of the new notice periods
was based on the court's decision to remove discrepancies between blue- and white-collar
workers, rather than on rm performance.

Another concern could be that rms might have reacted to the new notice periods before
the o cial announcement of the new legislation, especially given that, in 2011, the Belgian
Constitutional Court set 8 July 2013 as a deadline to harmonize the treatment of worker
types. However, the announcement of the deadline is unlikely to invalidate our results for
two reasons. First, the actual agreement was reached just a few days before the deadline,
suggesting that the exact terms of the agreement were not clear beforehand.Second, in Figures
2, 3, and 4, we run a dynamic version of Equatio(B8) and show that the e ects of the new
notice periods materialized after but not before the announcement of the legal reform. This
further corroborates the assumption that the terms of the reform were not anticipated.

During our sample period, employers bene ted from reductions in social security con-
tributions for low-wage workers. This could raise the concern that our results might be
confounded by this policy, given that blue-collar workers typically earn lower wages than
white-collar workers. In our robustness tests (Section 5.6), we compare rms with lower
and higher average employee costs and nd that the overall results are not di erent across
these groups, suggesting that employer bene ts targeting low-wage workers did not materially
in uence our ndings.

Additionally, our pre-period ends in 2012, when the European Central Bank started
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implementing nancial support programs, such as the Outright Monetary Transactions
program, in response to the sovereign debt crisis. A potential concern would be that these
programs might have di erently a ected blue- and white-collar rms and thus might confound
our estimates. Our comparison of Belgian rms with French and German rms in the same
industries in Section 6.3 not only helps to isolate the e ects on white-collar rms from the

e ects on blue-collar rms, but|by comparing equally a ected European rms in the same
industries|also controls for any di erential impact that the ECB's support programs might
have had. The corresponding results corroborate our main ndings and lead us to conclude
that crisis support measures are not likely to contaminate our results.

Our sample period also coincides with a phase of deindustrialization in the Belgian
economy, characterized by a shift in employment from manufacturing to services (Bodart
et al., 2018; International Monetary Fund, 2018). Figure E.1 in the Online Appendix indeed
shows a declining trend in theaggregateshare of blue-collar workers during our sample period.
Yet, the decline is rather modest, as the fraction of blue-collar workers declines by only 2.8
percentage points from 2009 to 2017. In our benchmark analysis, we account for this trend
by using NACE 2-digit industry  year xed e ects, which absorb any variation common to
all rms within the same industry and year. In our robustness tests (Section 5.6), we also
show that our results remain unchanged when we use 4-digit industry year xed e ects to
account for time-varying industrial trends at an even more granular level. Furthermore, we
show that our results do not di er signi cantly across industries that experienced greater
declines in their share of blue-collar workers during the pre-reform period.

A last concern might be that some unobserved factors bias our estimates. In our main
model, rm xed e ects already control for time-invariant rm characteristics. However,
controlling for time-varying unobserved factors (e.g., changes in business models) might also
be crucial. Just as we control for time-varying observed and unobserved heterogeneity at
the industry level using industry year xed e ects in our baseline model, we also perform
two additional robustness checks (Section 5.6): (i) we interact industry year xed e ects
with province dummies to control for time-varying factors within each industry-location-year,
and (ii) we perform a matching procedure|alongside controlling for key time-varying rm
characteristics|to ensure that blue- and white-collar rms in our sample are as similar as
possible in their observed pre-period characteristics, which can also help reduce bias from
unobserved factors (Angrist and Krueger, 1999).

5. Results

In this section, we present our results. We begin by investigating the e ect of ring costs
on inputs and output. Then, we examine the e ect on productivity.
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5.1. The e ect on inputs and output
5.1.1. The e ect on employment

We rst investigate how rms adjusted their workforce in response to increased ring
costs after the reform, starting from the e ect on separations and hiring. As a rst check, we
plot the average separation and hiring rates for blue- and white-collar rms before and after
the reform in Figure 1. Before the reform, separation and hiring rates for both groups moved
in parallel. After the introduction of the reform, both rates declined, but the decline was
stronger for blue-collar rms, such that the di erences between the two groups started to
widen. The divergence in hiring rates between blue-collar and white-collar rms emerged
already in 2013, whereas the divergence in separation rates became visible from 2014 onward.
By the end of 2017, both separation and hiring rates among blue-collar rms were still
substantially lower than those of white-collar rms. Taken together, this unconditional
evidence suggests that increased ring costs reduced both separations and hiring, in line with
theoretical predictions.

We now turn to our regression analysis. Table 3 shows, in columns (1) and (2), the
results from the estimation of Equation(3), where the outcomes are the natural logs of the
number of employees who left the rm during the year and those hired during the year,
respectively?® The estimates indicate that an increase in ring costs induces rms to re
and hire less, consistent with our unconditional evidence and in line with existing empirical
ndings (Kugler and Saint-Paul, 2004; Kugler and Pica, 2008; Marinescu, 2009; Alpysbayeva
and Vanormelingen, 2022). As shown by the dynamic estimates in panels (a) and (b) of Figure
2, both separations and hiring declined immediately following the reform announcement.
Speci cally, separations reached a peak decline of 9 percent two years after the announcement,
and the decline remained signi cant in subsequent years, whereas hiring peaked at a reduction
of 8 percent just one year after the announcement. Overall, these results suggest that higher
ring costs may distort rms' optimal ring and hiring decisions.

We next analyze the e ect on workforce composition. Columns (3) and (4) of Table 3
show that blue-collar rms experienced a decline in blue-collar employment of 1.7 percent
and an increase in white-collar employment of 5.2 percent relative to white-collar rms, with
these e ects being statistically signi cant at the 10% and 1% con dence levels, respectively.
The dynamic estimates shown in panels (c) and (d) of Figure 2 illustrate that these changes
increased gradually over time, especially for white-collar employment. Thus, these ndings
suggest that blue-collar rms gradually shifted toward production arrangements that rely
less on blue-collar workers and more on white-collar workers. Furthermore, as can be seen in

20In Section F.2 of the Online Appendix, we show that our results are robust to alternative outcome
de nitions that retain rm-year observations with zero separations (7.2% of the main sample) or zero new
hires (9.3% of the sample). Speci cally, we considein(1 + separations), In(1 + entering emp:), separations
divided by 2012 employment, and new hires divided by 2012 employment.
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Column (5) of Table 3, total employment at blue-collar rms declined by 2.2 percent relative
to white-collar rms after the reform.

What do these results imply for the average blue- and white-collar rm in our sample?
The average blue-collar rm reduced its reliance on blue-collar workers by 3.7 percent (from
60 to 57.8 FTESs), whereas the average white-collar rm reduced its reliance on blue-collar
workers by only 2 percent (from 27 to 26.5 FTEs). At the same time, the average blue-collar
rm increased its reliance on white-collar workers by 8.4 percent (from 15 to 16.3 FTES),
whereas the average white-collar rm increased its reliance on white-collar workers by only
3.2 percent (from 37 to 38.2 FTESs). As a result, total employment in blue-collar rms fell
by 1.2 percent (from 75 to 74.1 FTES), while it increased in white-collar rms by 1 percent
(from 64 to 64.6 FTES).

In addition to the e ect on the number of employees, we also assess the impact on
labor costs by using the natural log of the average yearly cost per employee in column
(6) of Table 3. We do not nd a signi cant di erence in the e ect on average employee
costs between blue- and white-collar rms. This nding is consistent with closely related
studies, which also report no signi cant increases in wage bills among rms experiencing
higher ring costs, neither following the 1990 Italian reform (Leonardi and Pica, 2013) nor
after the US wrongful discharge laws (Autor et al., 2006). There are two potential reasons
why average employee costs did not increase even though blue-collar rms increased their
reliance on white-collar workers (who on average across the entire worker-population earn
higher salaries than blue-collar workers). First, white-collar workers represented only 20% of
the average blue-collar rm's total employment pre-reform. While a 5.2% relative increase
may appear substantial, it may be too modest in absolute numbers to signi cantly drive
average employment costs. Second, one possibility is that newly hired workers may have been
relatively young. If this is the case, then salaries of white-collar workers are not necessarily
higher than those of blue-collar workers. Indeed, until the age of 30, blue- and white-collar
workers in Belgium earn roughly the same on average; and below 25, blue-collar workers even
earn on average higher salaries than white-collar workers (Statbel, 2024)In column (7) of
Table 3, we additionally examine the e ect of the reform on the average yearly number of
hours worked per employee, and the estimated e ect is also not signi cant. On the whole,
these results suggest that increased ring costs did not signi cantly a ect wages or labor
intensity.

Another question we address is whether increased ring costs induce rms to shift toward
more exible employment arrangements. Evidence on this is presented in Table 4. While the
total employment level declined following the reform, column (1) illustrates that the number
of workers outsourced through employment agencies (which are not included in rms' measure

21We mention this channel as a plausible explanation. However, as noted in Section 4.1, we cannot provide
direct evidence on this because our data do not allow us to observe the type or age composition of new hires.
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of total employment) increased by 5.4 percent among blue- relative to white-collar rms.
Panel (f) of Figure 2 shows that the number of outsourced employees increased gradually
over time. This result, which is in line with Autor (2003), indicates that rms tried to
increase labor exibility using external contracting, to compensate for the reduced exibility

of blue-collar workers. Based on our estimates, conditional on using outsourced workers, the
average blue-collar rm increased its number of outsourced employees by 14.9 percent (from
8.5 to 9.8 FTES), whereas the average white-collar rm increased its number of outsourced
employees by 9.5 percent (from 7.3 to 8 FTES).

Firms can also increase employment exibility by changing the types of contracts they
o er. Our data allow us to observe the number of permanent and temporary employees
at the end of each scal year, as well as|for large rms|how many of the separating
and newly hired workers have permanent or temporary contracts. The results, as shown
in columns (2) and (3) of Table 4, indicate that increased ring costs led to a decline in
the number of permanent contracts and an increase in the number of temporary contracts.
While the estimated impact on permanent contracts is signi cant and immediate following
the reform announcement (panel (g) of Figure 2), we nd no clear evidence of adjustments
on the temporary contract margin: the dynamic estimates in panel (h) of Figure 2 are
largely indistinguishable from a modest upward trend. Moreover, columns (4)-(7) of Table 4
demonstrate that increased ring costs signi cantly reduced the turnover of employees with
permanent contracts (both separations and hiring), while the turnover of employees with
temporary contracts remained largely una ected. Taken together, the evidence suggests that
rms adversely a ected by ring costs avoided permanent contracts (i.e., rigid employment
arrangements) and gradually resorted relatively more to temporary contracts (i.e., exible
employment arrangements).

5.1.2. The e ect on physical & human capital

The e ect on physical capital. Next, we investigate whether the legal reform caused
blue-collar rms to adopt di erent and possibly more capital-intensive technologies. Table 5,
in columns (1)-(4), presents the results from the estimation of Equatio(8) using dependent
variables related to rm capital. In column (1), the dependent variable is the natural log
of tangible xed assets. The estimated e ect is positive but not statistically signi cant.
However, the dynamic estimates shown in panel (a) of Figure 3 indicate that the e ect
becomes signi cant two years after the start of the reform. Speci cally, blue-collar rms
raised their capital stock signi cantly by approximately 5 percent in 2016 and 9 percent in
2017 relative to the pre-reform period and compared to white-collar rms.

Although at rst glance this seems to be in line with the arguments that an increase in
ring costs may lead to capital-labor (blue-collar labor, in our case) substitution, we break
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down tangible xed assets into two categories to delve deeper into whether and how rms
changed their production technology. Speci cally, we distinguish between the natural log
of the sum of machinery and equipment in column (2), and the natural log of the sum of
land, buildings, furniture, and other tangible xed assets in column (3). While the estimated
impact is larger for the latter category, the e ects are not statistically signi cant in either
column. Nevertheless, the dynamic estimates in panels (b) and (c) of Figure 3 show a
signi cant positive e ect only for land, buildings, furniture, and other capital in 2016 and
2017, mirroring the pattern observed for total tangible xed assets. This indicates that
the observed increase in rms' total capital stock stems from investment in non-machinery
components, which is perhaps related to the increase in white-collar workers rather than to a
transition toward capital-intensive, productivity-enhancing technologies. In addition, column
(4)|with the dynamic estimates illustrated in panel (d) of Figure 3|shows that the e ect

on intangible xed assets is not signi cant, further corroborating the absence of technology
adoption.

The e ect on human capital. Besides the e ect on physical capital, we also investigate
the e ect of ring costs on human capital, using information on rms' training activities.
Column (5) of Table 5 shows that the reform signi cantly increased the share of workers
involved in training activities by 2.2 percent. Panel (e) of Figure 3 indicates that this e ect
is largest in 2013 and does not appear to increase over time. Moreover, columns (6) and (7)
show no signi cant e ects on the intensive margins of training, measured by the ratio of total
annual training costs to total employment costs, and the ratio of total annual training hours
to total employment hours, respectively. The corresponding dynamic estimates are reported
in Online Appendix Table F.3, and are also not signi cant. Overall, these results suggest
that the reform had positive but relatively small e ects on human capital accumulation.

5.1.3. The e ect on output

To assess the e ect on output, we estimate Equatio(B) using the natural log of value-
added as the outcome. Column (8) of Table 5 illustrates that blue-collar rms on average
experienced a 2 percent decline in value-added relative to white-collar rms. As shown in
panel (f) of Figure 3, the e ect was persistent and decreased further to 3 percent by 2017.
This result, together with the earlier evidence|which did not show an overall decline in
inputs caused by the reform (while blue-collar employment declined, other inputs such as
white-collar employment and structures increased)|is consistent with the reform having
broadly negative e ects on rms' e ciency and emphasizes the importance of studying its
e ects on rm productivity, which is the objective of the next section.
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5.2. The e ect on productivity

In this section, we now examine the impact of ring costs on rm-level TFP. We rst
describe how we estimate TFP and then present our results.

5.2.1. TFP estimation

Taking logs of Equation(2), we recover rm-level revenue TFP as the residual from the
estimation of a Cobb-Douglas production functiort?:23

wherei, s, andt are indices for rm, 2-digit NACE industry, and year, respectively. In our
benchmark estimation, we use value-added as the measure of output. However, we show that
our results are robust to using revenues as output. We separately include the rm's number
of blue- and white-collar employees as labor inputs. This allows us to capture the possible
compositional e ects of the regulation and|as we discuss later in Section 5.6|to obtain

an unbiased e ect of ring costs on productivity. Lastly, we use tangible xed assets as a
measure of capital stock?

We recover the input elasticities by estimating the production function separately for
each 2-digit NACE industry?®> A well-known concern for estimating the production function
is a potential simultaneity bias. That is, the rm's output and choice of inputs might be
determined by unobserved productivity shocks. To address this, the production function
literature mainly employs semi-parametric approaches. Initially, Olley and Pakes (1996) used
investment as a proxy for unobserved productivity. Later, Levinsohn and Petrin (2003) used
material inputs, arguing that investment is \lumpy" and therefore may not fully capture
productivity shocks. Ackerberg et al. (2015) then criticized the identi cation of the labor
coe cient in the model of Levinsohn and Petrin (2003) and proposed an alternative semi-
parametric estimation. We rely on the estimation strategy of Ackerberg et al. (2015) for
our benchmark speci cation and use intermediate inputs (including both intermediate goods

22|n Equation (4), W and B are functions of and from Equation (2). Specically, W = (1 )
and B=(1 )1 ).

Z3\We show, in our robustness tests, that our results hold for a wide range of speci cations, such as using a
translog production function or allowing for time-varying elasticities.

24|n Autor et al. (2007) and Cingano et al. (2016), capital stock is calculated using the perpetual inventory
method (see Gal (2013) for technical details). We nonetheless choose to use tangible xed assets to ensure
comparability with various existing papers studying Belgian data (e.g., De Loecker et al., 2018). Furthermore,
in unreported tests, following Autor et al. (2007), we also estimate the production function by including
capital items separately as machinery and non-machinery capital (as in columns (2) and (3) of Table 5),
rather than using total capital stock. When we use this alternative TFP measure as the dependent variable,
the estimated e ect is nearly identical to that reported in Table 6.

25 After estimating elasticities, we drop negative ones. This reduces the number of industries in our sample
from 58 to 50, corresponding to 1,445 rm-year observations. Nonetheless, our results remain unchanged if
we retain these observations.
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and services), de ated by 2-digit industry-level price indices, as a proxy. Our measure
of intermediate inputs includes the cost of outsourced workers. In Section 5.6, we treat
outsourced workers as part of the labor input in our production function and show that the
results remain robust. In other robustness tests, we estimate the production function using a
one-step generalized method of moments procedure proposed by Wooldridge (2009), which
also addresses the critique of Ackerberg et al. (2015) and estimates all coe cients e ciently.

While labor is measured in full-time equivalents in Equatior(4), capital and output are
measured using balance sheet values that are quantities multiplied by prices. We control
for changes in industry-level prices by de ating these variables using their respective 2-digit
industry-level price indices from the OECD Structural Analysis Database (OECD, 2017).
Because we do not observe rm-level prices, our measure of TFP might still capture a mix of
true productivity and rms' ability to adjust prices due to market power (see Foster et al.,
2008). However, we believe that this shortcoming is not likely to signi cantly a ect our
analysis. First, market power is likely only a limited concern in our sample: although most
rms are large according to the Belgian classi cation, they are relatively small by international
standards (the median number of employees is 36). Second, we study the implications of an
exogenous shock, the increase in adjustment costs for blue-collar labor, which directly a ects
the e ciency of the rm, rather than its ability to set prices. Third, if rms react to a drop
in production e ciency (caused by increased labor adjustment costs) by raising prices, we
would pick this up as an increase in measured TFP. This would imply that our estimation of
the relative di erence in TFP between primarily blue- and primarily white-collar rms after
the legal change would be biased towards observing higher productivity among blue-collar
rms. Since we nd the opposite (see below), our results should be interpreted as a lower
bound if rms have market power.

5.2.2. Main results

To assess the e ect of ring costs on productivity, we estimate Equatior(3) using
the natural log of TFP as the dependent variable. Column (1) of Table 6 presents the
results including neither control variables nor xed e ects. The coe cient of interest on the
interaction term indicates a 1.9 percent decline in TFP and is signi cant at the 5% con dence
level. In column (2), the inclusion of rm xed e ects slightly increases the magnitude
of the e ect to 2 percent and its signi cance to 1%, suggesting that our results do not
depend on time-invariant rm heterogeneity. In column (3), when we use only NACE 2-digit
industry year xed e ects, the estimated e ect substantially increases to a 4.5 percent decline.
This indicates that our results are stronger when controlling for confounding time-varying
industry-level factors. Column (4) presents the results from an estimation that includes both
rm and NACE 2-digit industry year xed e ects, and the coe cient of interest signals a 4.8
percent decline in TFP. Column (5) additionally controls for some key rm characteristics,
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and the estimated coe cient remains in the same ballpark, showing a 4.5 percent decline and
remaining signi cant at the 1% con dence level.

Based on the estimate in column (4), which we take as our baseline, rms with an
above-median share of blue-collar workers during the pre-period (2009-2012) experienced a
4.8 percent decline in TFP after the reform, relative to rms with a below-median ex-ante
share of blue-collar workers.

Figure 4 illustrates the estimates from the dynamic version of column (4). As can be
seen from the insigni cant coe cients before 2013, the TFP of blue-collar and white-collar
rms evolved similarly before the labor market reform. However, after the announcement of
the reform, the TFP of blue-collar rms declined signi cantly relative to that of white-collar
rms. In the rst years following the announcement, the relative decline in TFP was about 4
percent and then gradually increased to about 6 percent by 2017. These dynamic estimates
help address concerns about pre-trends or anticipation e ects. That is, they show that
the e ect of the reform materialized after, but not before, the announcement. We further
perform a Lagrange Multiplier test which does not reject the null hypothesis of parallel
trends between blue- and white-collar rms before the reform (with g-value of 0.18) and
also a Granger causality test which fails to reject the null hypothesis of no anticipatory
behavior (with a p-value of 0.24), providing additional support for the exogeneity of the
reform. Taken together, the results suggest that ring costs have persistent, negative e ects
on rm productivity.

5.2.3. Robustness to di erent productivity measures and treatment de nition

In Online Appendix F.4, we explain and show that the results in Table 6 are robust
to several alternative approaches for estimating TFP: (i) accounting for rms' survival
probabilities;?® (ii) applying the one-step estimation procedure proposed by Wooldridge
(2009); (iii) employing a translog production function; (iv) estimating the production function
separately for the pre- and post-reform periods; (v) estimating it separately for the pre- and
post-reform periods as well as for blue- and white-collar rms; (vi) conducting year-by-year
OLS estimations; (vii) using revenues as output and materials as inputs; and (viii) using
(imputed) labor hours instead of the number of employees as the labor input. Across all
speci cations, the estimated e ect on TFP remains consistently negative and statistically
signi cant, and the dynamic estimates support the assumption of ex-ante parallel trends.

Furthermore, in our baseline model, we de ne treatment based on rms' blue-collar
worker share over the pre-reform period (2009-2012). This could raise concerns about mean
reversion when using rms' blue- and white-collar employment levels or TFP as outcome
variables. Speci cally, if blue-collar rms had unusually high levels of blue-collar employment

26|n Online Appendix F.22 (and as discussed in Section 6.1), we show that the Belgian reform led to an
increase in rm exits.

23



pre-reform, they might revert to their long-term average share, and our estimated e ects
might re ect reversion to the mean rather than the impact of the reform. To address this, we
perform two analyses.

First, we conduct a placebo test using data from 2005 to 2012 in which we pretend that
the reform was announced in 2008. In this test, the pre-period is de ned as 2005{2007 and
the post-period as 2008{2012. We also rede ne the blue-collar dummy: itis equal to 1 if a
rm's average share of blue-collar workers during the placebo pre-period (2005{2007) was
above the sample median, and to O otherwise. If mean reversion drives the baseline results,
then we should nd similar e ects in this placebo test. If the legal reform drives our baseline
results, then this placebo test should yield insigni cant results. As can be seen in Online
Appendix Table F.5, the estimated e ects on TFP and any of the employment outcomes in
this placebo test are all close to zero and statistically insigni cant. Second, we conduct a test
using the baseline sample from 2009 to 2017, but we rede ne the blue-collar dummy based
on rms' blue-collar share in 2008 (i.e., one year prior to the start of our sample period). If
mean reversion drives our results, it should now already happen during the pre-period and
hence weaken or even reverse the baseline ndings. Nevertheless, Online Appendix Table
F.6 shows that the estimated e ects on TFP and employment outcomes remain robust when
treatment is de ned using 2008.

Our results are thus robust to alternative approaches for estimating TFP and are not
driven by mean reversion, strengthening the credibility of a causal interpretation of the
reform's e ect.

5.3. The eecton prots

Having shown that the reform reduced both productivity and output, a natural question
is whether it also a ected rm pro tability. We examine this by estimating our baseline model
(3) using In(EBITDA), EBITDA-to-assets, and EBITDA-to-sales as dependent variables.
As shown in Table F.7 in the Online Appendix, the estimated DiD coe cients are small,
negative, and statistically insigni cant across all speci cations, suggesting that the labor
reform had no signi cant e ect on pro ts. One possible explanation is that the decline in
separations and hiring (columns (1) and (2) of Table 3) reduced hiring and ring costs, which
may have helped blue-collar rms sustain pro tability despite declining TFP. In addition,
the evidence that total employment declined while the average cost per employee remained
una ected (columns (5) and (6) of Table 3) suggests a reduction in the total wage bill of
blue-collar rms, which may also have contributed to preserving pro tability.
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5.4. More versus less a ected industries

As shown in Table 1, changes in the notice periods for blue-collar workers were not
uniform across industries. If ring costs drive our results, we should observe stronger e ects
in industries where notice periods for blue-collar workers increased more. We thus re-run our
main model(3) for two separate groups: (i) industries where the notice period for a blue-collar
worker with 10-year tenure increased by less than 168 days (\less a ected industries"), and
(i) industries where the notice period for a similar blue-collar worker increased by 168 days
or more (\more a ected industries"). We use 168 days as the threshold because the notice
period for a blue-collar worker with 10-year tenure increased from 42 to 210 days in the
majority of industries.?” Table F.8 con rms that our main results are generally stronger for
more a ected industries, which show a larger drop in TFP, a larger decline in separations, and
a stronger increase in the white-collar to blue-collar ratio, relative to less a ected industries.

5.5. Discussion of the results
5.5.1. Relation with the theory

The empirical analysis described above yields several insights on the relationship between
ring costs, input choices, and productivity.

First, we nd strong evidence that higher ring costs for blue-collar rms reduced both
separations and hiring. Our stylized model supports a causal link from this reduction in
separations and hiring to a decline in TFP because ring costs prevent the e cient separation
of unproductive workers (Blanchard and Portugal, 2001). One interesting observation is that
the decline in TFP materializes rapidly after the announcement of the labor reform. Several
explanations could contribute to this. First, the share of workers who become unproductive
each period may not be small, such that, when ring costs increase, they prevent the rm
from ring a non-negligible share of workers. The fact that separation and hiring rates are
high in our sample (i.e., around 25%; see Figure 1) indicates that this is plausible. Second, if
hiring new workers declines because unproductive workers are not being red and replaced by
more productive ones, then workers' productivity might decline across the whole distribution
and not only around the ring threshold (i.e., the productivity threshold below which workers
are dismissed). Therefore, the sharp drop in hiring by blue-collar rms at the beginning of
the reform might have exacerbated the initial drop in TFP. However, we cannot rule out that
other factors also contribute to explaining why the decline in TFP might be large immediately
after the reform and become only modestly larger thereafter. One additional explanation
is that rms are found to gradually increase other margins of worker exibility, such as
outsourcing, which might have mitigated the negative impact of ring costs on productivity

21The sample split is identical when we choose the threshold based on notice period increases for blue-collar
workers with 1- or 5-year tenure.
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over time.

Second, we nd strong evidence that rms gradually shift their production inputs, using
less of the production factor that became more expensive (blue-collar workers) because of
higher future expected ring costs. This e ect is re ected in a gradual and substantial
decline in the blue- to white-collar ratio among blue-collar rms relative to white-collar
rms following the reform. Interestingly, these modi cations are also re ected in a clear
shift toward more exible arrangements, with blue-collar rms hiring fewer workers under
permanent contracts and increasing their reliance on outsourced labor. Dynamically, these
trends do not seem to reverse the negative e ect of the reform on TFP, since the productivity
decline remained large until the end of our sample period (see Figure 4). This reinforces the
conclusion that the observed changes in inputs are adjustments to minimize production costs,
rather than more radical changes to shift toward innovative and more productive technologies
(e.g., Acharya et al., 2014).

Third, supporting this conclusion, we nd no evidence that higher ring costs led rms
to increase capital intensity. Firms did not raise their investment in assets associated with
technology adoption, such as machinery, equipment, or intangible assets. One possible
explanation is that this productivity-enhancing channel operates through workers employed in
innovative activities (Acharya et al., 2014) and is therefore especially relevant for white-collar
workers, who did not experience an increase in ring costs. As an additional test, in Table F.9
in the Online Appendix, we show that the results are not signi cantly di erent between less
and more R&D-intensive industries, while we would expect the drop in TFP to be smaller
for the latter industries if this channel was important in our data.

Fourth, our results do not strongly support the prediction that higher ring costs increase
human capital investment (Wasmer, 2006). We observe a small but temporary increase in
the share of workers trained, but no increase in the intensity of training.

Overall, our ndings paint a negative picture of ring costs, as they are broadly consistent
with the following narrative: when ring costs increase, rms su er substantial reductions in
productivity because they are less able to re workers who are no longer productive in their
jobs. Rather than o setting this drop in productivity through improving worker selection,
training, and productivity-enhancing investments, rms focus on adjusting their production
processes to minimize ring costs. They rely less on blue-collar workers and more on exible
production arrangements based on fewer permanent workers and more outsourcing. However,
these adjustments, especially when not coupled with more human capital investments, are
likely to broadly undermine the job stability of workers employed in blue-collar jobs, and
therefore partially o set the intended objectives of higher ring costs.
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5.5.2. Relation with other empirical studies

We have documented that higher ring costs, induced by longer notice periods, cause a
large reduction in rm-level TFP. To our knowledge, there are no comparable estimates in the
literature that exploit increases in notice periods. However, we can compare our ndings to
the e ects of other forms of EPL on TFP. Closely related to our study, Cingano et al. (2016)
nd a 2.9 percent reduction in TFP among small rms|those a ected by the introduction of
severance payments for unfair dismissal in Italy|relative to large rms. Focusing on similar
speci cations with industry-year xed e ects, we nd that TFP declines by 4.8 percent in
blue-collar rms relative to white-collar rms, suggesting a 1.7 times larger coe cient.

The larger impact could be due to dierences in the costs of the reforms or due to
di erences in the elasticities of TFP with respect to di erent ring costs. Since, prior to
the reform, protection against unfair dismissal was essentially non-existent for workers in
small Italian rms, and because we do not observe workers' seniority, we cannot calculate and
compare elasticities in a meaningful way. Instead, we can compare expected costs, expressed
in months of pay, by focusing on workers with 10-year tenure. For such workers, the Italian
reform raised severance pay from 0 to up to 10 months (Del Punta, 2028)In Belgium,
notice periods (and thus payments in lieu of notice) increased by 168 days (8.4 months) for
most blue-collar workers with 10-year tenure (Table 1). The cost of wrongful dismissal (in
Italy) is therefore larger than the cost of extended notice periods (in Belgium). However, rms
should not expect having to pay these costs with the same probability. Wrongful discharge
protection only applies to layo s that can be challenged successfully in court. In contrast,
extended notice periods also apply to other job separations, including good-faith layo s (e.qg.,
for economic reasons). During collective layo s, for example, wrongful discharge protection
only plays a minor role, whereas extended notice periods bene t most blue-collar workers,
e.g., via union negotiations with the employer.

Back-of-the-envelope calculations for Italy suggest that the cost of wrongful discharge

protection arises with an annual probability of 1.3%, while evidence from Belgium indicates
that the annual probability of an involuntary contract termination is 5.6%.2° The average

28The literature, including Cingano et al. (2016), often mentions that severance pay increased by 2.5-6
months for most workers. However, our comparison focuses on workers with 10 years of tenure, who can
receive higher severance pay (Del Punta, 2022). In addition, Garibaldi and Violante (2005) suggest that, for
blue-collar workers in larger Italian rms, the de facto dismissal cost (including social security contributions,
legal costs, etc.) is 1.3 times larger than the granted severance pay. Even if judges do not always grant 10
months, the de facto cost should thus be close to it.

29n ltaly, the separation rate in small rms was 26.4% (Kugler and Pica, 2008), and 9.4% of separations
tend to be dismissals (Jin et al., 2016). In addition, if workers bring cases to court, they have a 51% chance
of winning (Bertola et al., 2000). We use the product of these probabilities as our estimate of the likelihood
that wrongful discharge costs apply. In practice, not all dismissals are wrongful, and not all dismissed workers
challenge their dismissal in court. At the same time, success rates in court are likely higher conditional on
a dismissal being wrongful, and costs also accrue in out-of-court settlements. We are not aware of reliable
evidence disentangling these di erent contingencies and thus work with the simple proxy. The data for
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expected cost of the Italian reform is thus B% 10 months, while the expected cost of the
Belgian reform is 56% 8:4 months. Since rms in our treatment group have a roughly 40%
higher blue-collar share than rms in our control group (Online Appendix Table F.13.1),
the increase in the expected cost for the average treated rm would be 4096:6% 84,
which is approximately 1.4 times larger than the cost for small Italian rms. Our simple cost
comparison is thus broadly consistent with the 1.7 times stronger estimated impact of EPL
on TFP, suggesting that the smaller e ect in Cingano et al. (2016) is primarily the result of
a more marginal policy change, not of di erent elasticities.

Although the magnitude of our estimated e ect on TFP is thus in line with the literature,
Cingano et al. (2016) and Autor et al. (2007) di er from our analysis with respect to their
conclusions on capital deepening. Both papers nd that wrongful discharge protection leads
to capital deepening, i.e., to more capital-intensive productioff. In line with their results, we
observe a (weak) increase in tangible xed assets at the end of our sample period, but nd that
it is driven by land, buildings, and furniture, rather than machinery and equipment. Because
we primarily associate the latter with a channel in which ring costs induce productivity-
enhancing capital investment, we interpret our results as not showing evidence of capital
deepening. As mentioned in Section 5.5.1, this nding is consistent with the broad picture
implied by our results on ring costs not stimulating productivity-enhancing investment.

Furthermore, the absence of capital deepening following the Belgian labor market reform
is also consistent with the broader literature, which suggests that the relationship between
EPL and capital intensity is characterized by an inverse U-shape. For low initial levels of
employment protection (like in the US, or for small Italian rms prior to 1990), additional
protection is associated with capital deepening, while additional protection when original
EPL is already high (as in many European countries) appears to lead to reduced capital
intensity (Calcagnini et al., 2009; Cingano et al., 2010). Janiak and Wasmer (2014) document
the inverse U-shaped relationship between EPL and capital intensity across countries and
show that Belgium is located near the at top of the curve, where one would not expect an
additional increase in EPL to induce capital deepening. That we do not nd such evidence is
therefore consistent with the existing cross-country evidence.

5.6. Further robustness tests

We perform various tests to ensure the robustness of our main ndings. We describe
these tests here, while the full results are presented in the Online Appendix.

Treating outsourced employees as input in the construction of TFP. In our

Belgium is from a Human Resources and Payment Service provider: https://press.securex.be/le-nombre-de-
licenciements-atteint-son-plus-haut-niveau-depuis-2020; last accessed: 19.06.2025

30Capital comprises machinery and structures in Autor et al. (2007), and xed assets in Cingano et al.
(2016).
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dataset, outsourced workers are not included in rms' recorded total employment. However,
when estimating our production function, our measure of value-added is net of the cost
of outsourced workers, and the cost of outsourced workers is included in our measure of
intermediate inputs, which we use as a proxy following the framework of Ackerberg et al.
(2015). In Table F.10, we treat outsourced workers as part of the labor input in our production
function.3! Speci cally, we add the cost of outsourced workers to value-added (i.e., the measure
of output), subtract the cost of outsourced workers from intermediate inputs, and add the
outsourced workers as a production input. Since we do not observe outsourced employment
by worker type, we integrate outsourced workers into the employment input using three
approaches: (i) allocating them proportionally based on the rm's blue- and white-collar
employment share in a given year,; (ii) assuming all outsourced workers are blue-collar, as
manual tasks are more likely to be outsourced (Eurofound, 2014); and (iii) treating outsourced
labor as a separate worker category alongside blue- and white-collar workers. Under each
approach, the estimated impact is almost identical to our main result. When all outsourced
workers are pooled into the blue-collar category (i.e., the second approach), the estimated
e ect is slightly smaller than our main estimate (-3.8% versus -4.8% in our benchmark results)
but remains signi cant at the 1% con dence level.

Relaxing the sample selection criteria. Our production function estimation requires
restricting the main sample to rms that employ at least one blue-collar worker, at least one
white-collar worker, and for which data on intermediate inputs are available in every year of
the sample. In Section F.11, we show that our main results hold if we relax these selection
criteria in three ways: (i) incorporating rms with only one worker type, (ii) incorporating
rms with missing intermediate inputs while still employing both worker types, and (iii)
incorporating both rms with only one worker type and those with missing intermediate
inputs. Overall, our main results remain consistent across all three alternative samples.

Results with controls.  Table F.12 shows that our results for rm employment and
capital remain robust when we add several key time-varying rm characteristics as controls
to our baseline speci cation, which includes rm and industry year xed e ects. The
corresponding results for TFP with controls are reported in column (5) of Table 6.

Matched sample analysis. In addition to employing an extensive set of xed e ects and
rm controls, we implement a matching procedure to ensure that blue- and white-collar rms
are as comparable as possible in their observed characteristics during the pre-reform period,
which can also help reduce potential bias from unobserved factors (Angrist and Krueger,
1999). In Section F.13, we describe two di erent matching strategies and demonstrate that
the results using matched samples are qualitatively similar to our main estimates.

31 After estimating each production function, as in our benchmark analysis, we drop the resulting negative
elasticities, leading to small variations in sample size across columns. However, our results remain unchanged
if we retain them.
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Treatment intensity. We also estimate our baseline Equatio(B) with a treatment
intensity variable instead of our baseline dummy. That is, we replace the blue-collar dummy
with its continuous counterpart: the rm's average pre-period share of blue-collar workers.
As shown in Table F.14, the estimates based on treatment intensity remain qualitatively
consistent with our main results.

Linear e ects. Next, we test the linearity of the e ects of the reform to ensure that our
empirical model is well-speci ed. To do so, we estimate Equatia3) using quartiles of the
treatment intensity variable rather than only the median (our blue-collar dummy). Excluding
the rst quartile as a reference category, we nd that the estimated e ects are overall larger
in the upper quartiles (see Table F.15), suggesting that the e ects of the reform are linear.

Results across industries experiencing larger declines in blue-collar employ-
ment share. Figure E.1 shows that the aggregate share of blue-collar employment in the
economy was already declining prior to the introduction of the reform. In our baseline model
(3), we address this by including industry year xed e ects. After absorbing time-varying
industry-speci c trends (together with all time-invariant rm heterogeneity via rm xed
e ects), our estimates show insigni cant di erences in the evolution of outcomes between
blue- and white-collar rms during the pre-reform period, and signi cant di erences emerging
after the reform announcement. Although this supports the parallel trends assumption and
lends some credibility to our results, we further investigate whether our main ndings are
driven by the underlying secular trend in blue-collar employment.

We do so by examining whether our results di er across industries with larger declines
in their blue-collar employment share. Speci cally, we compute the average change in the
aggregate share of blue-collar workers for each industry from 2009 to 2012, i.e., over the
pre-reform period. Then, we create a dummy variable equal to 1 if the industry's change in
blue-collar share is below the median (capturing the industries with the largest decline in
blue-collar share), and to 0 otherwise. We interact this dummy with the variables in Equation
(3) and present the results in Table F.16. We observe no statistically signi cant di erences in
outcomes between industries with larger declines in blue-collar share and the rest.

Controlling for industry heterogeneity at a more granular level. We also account
for industrial trends at a more granular level. In Panel A of Table F.17, we estimate our main
regressions using NACE 4-digit industry year xed e ects (instead of 2-digit industry  year
xed e ects). Moreover, in Panel B, we rede ne our treatment variable within industries. For
this analysis, the blue-collar dummy is equal to 1 if the rm's average pre-period (2009{2012)
share of blue-collar workers is above the industry median (instead of the sample median). The
latter adjustment divides rms within each industry into equal numbers ofmore a ected rms
and lessa ected rms and ensures that always equal numbers of blue- and white-collar rms
are compared within the same industry, thereby minimizing the confounding elements due
to industry-level di erences. In both panels, the estimated e ects on TFP and employment
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outcomes are very similar to our baseline results. The estimated impact on capital appears
larger, but the increase is again driven by non-machinery capital, which is consistent with
our baseline ndings.

Additional robustness tests. In Table F.18, we show that our main e ect is robust
across several alternative speci cations and procedures: (i) further restricting our baseline
model by including NACE 2-digit industry province year xed e ects and even NACE
4-digit industry province year xed e ects; (ii) collapsing time series data into two periods
(pre- and post-reform) around the event to address the potential autocorrelation issue that
might arise from panel data models (Bertrand et al., 2004); (iii) clustering standard errors at
the NACE 2-digit industry level instead of at the rm level; (iv) bootstrapping our entire
procedure|both estimating TFP and running the DiD regression|given that TFP is an
estimated outcome; (v) controlling for the interactions between time-invariant pre-period
control dummies and the post dummy to address the possible concern that rm-specic
factors might be correlated with the rm's workforce composition (i.e., selection into blue-
and white-collar rm groups), and (vi) de ning the blue-collar dummy based on the rm's
blue-collar share at the end of 2012, rather than using the average pre-period share.

Absence of other changes that di erentially a ected blue- and white-collar
workers. During our sample period, employers bene ted from a reduction in social security
contributions for low-wage workers. Since blue-collar workers on average earn lower wages
than white-collar workers (Statbel, 2024), this policy may have created a wedge in the demand
for the two groups, potentially confounding our estimates. In Section F.19, we provide the
regulatory details on the employer's social security contributions and address this concern
by analyzing how our results vary across low-wage rms (i.e., rms with annual average
employee costs below the median as of the end of 2012). We nd some evidence that low-wage
rms experienced a smaller decline in new hires following the reform. However, we do not
nd statistically signi cant evidence that these rms experienced a smaller decline in TFP,
compared to higher-wage rms. Overall, our ndings suggest that the bene ts for employers
related to low-wage workers did not materially drive our results.

Initially exempt industries. Our main sample includes the construction and upholstery
& woodworking industries (NACE codes 41{43, 16, and 31), in which blue-collar workers
employed at temporary and mobile workplaces were initially exempted from the increased
notice periods. We do not exclude these industries from our sample because the exemptions
applied only to a subset of blue-collar workers. Therefore, rms operating in these \exempt
industries" were still a ected by the reform. To examine the robustness of our results within
this subset of industries, we restrict the sample to these industries and re-run our analysis.
Table F.20 shows that blue-collar rms in these industries were also adversely a ected by
increased notice periods, despite the partial exemptions.

Using pooled labor input in the production function. As the reform a ected
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the ring costs of blue- and white-collar workers di erently, it is important to include these
worker types separately in the production function. In Section F.21 of the Online Appendix,
we show analytically how pooling di erentially a ected worker types in a production function
with total employment biases the TFP estimate. The reason, in short, is that pooling treats
blue- and white-collar workers as substitutes rather than complements. In the appendix, we
derive the bias and show that it varies with the ratio of white- to blue-collar workers. Since
we nd that this ratio changes di erentially for blue- and white-collar rms after the reform,

it follows that pooling workers in the production function would distort the measured e ect
of the reform on productivity. Consistent with this consideration, Table F.21 in the Online
Appendix shows that the measured e ect of the reform is statistically insigni cant when we
estimate TFP with a production function that treats worker types as a single employment
input.

Classi cation of blue- and white-collar workers. Our identi cation strategy assumes
that rms correctly classify workers as blue- or white-collar workers. If there would be a
\gray" zone for workers who do both manual and non-manual work, and rms could shift
these workers from blue- to white-collar contracts after the reform, our results could be
biased. In practice, however, such a shift is highly unlikely because Belgian authorities strictly
monitor whether employers correctly classify workers based on their primary tasks because,
as we discuss in detail in Section 3, these worker types still di er along crucial dimensions.
These include, among others, the condition under which they can be put under temporary
unemployment and the way social contributions are calculated. Moreover, if the presence of a
gray zone and changes in worker type classi cations between the pre- and post-periods were
important enough to a ect our results, we should also observe substantial changes in blue-
and white-collar output elasticities, especially in industries with more blue-collar workers.
Yet, we nd no evidence of such changes (see Online Appendix Figure E.2).

6. Additional Analyses

6.1. The eect on rm exit & entry

In Online Appendix F.22, we examine the impact of increased ring costs on rm exit
and entry, complementing our analysis of changes in rms' employment levels before and
after the reform (see Section 5.1.1). While we do not observe a signi cant e ect on rm entry,
we nd some evidence of a signi cant increase in rm exit, with exit rates increasing around
0.2-0.3 percentage points following the rise in ring cost¥.

32Given the concern that rm exits might confound our productivity measure, in column (1) of Online
Appendix Table F.4, we show that our main result remains unchanged when we construct TFP while
accounting for rms' survival probabilities (as in Olley and Pakes, 1996).
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6.2. The role of credit access

In Online Appendix F.23, we investigate how the negative e ect of increased ring costs
on TFP varies with rms' nancial constraints. Financially unconstrained rms are better
able to pay higher dismissal costs and thus to replace ine cient workers. Hence, they might
experience smaller declines in productivity when ring costs increase. We proxy nancial
constraints by estimating bank credit availability using loan-level data from the Belgian credit
register. Since the rms in our sample are private and relatively small, bank credit is their
most important source of external nance.

We nd that, among highly leveraged rms, blue-collar rms experience a smaller decline
in TFP relative to white-collar rms when they enjoy generous credit supply conditions. Our
results therefore suggest that access to credit can help rms cope with increases in ring
costs more e ciently.

6.3. Belgian versus German and French rms

In Online Appendix F.24, we use a di erent dataset and identi cation strategy to study
the Belgian labor market reform. Speci cally, we compare Belgian rms to German and
French rms (i.e., Belgium's two largest neighboring countries) before and after the legal
reform. German and French rms were not a ected by the Belgian labor legislation and
did not, to the best of our knowledge, experience any shocks or reforms that would a ect
the composition of their workforce during our sample period. This analysis is interesting
for two reasons. First, it allows us to assess the e ect of the Belgian labor reform on blue-
and white-collar rms separately. Instead of comparing blue- to white-collar rms within
Belgium, we now compare blue-collar rms in Belgium to blue-collar rms in Germany and
France, and do the same for white-collar rms. In this way, we can elucidate whether the
observed e ects are primarily driven by the increased ring costs for blue-collar workers, or
whether the reform caused stronger changes in ring costs for white-collar workers than we
anticipated. Second, this analysis helps us address potential concerns that nancial support
programs|such as the Outright Monetary Transactions program, implemented in response
to the sovereign debt crisis|might have confounded our results if they had a ected blue-
and white-collar rms di erently.

One shortcoming of this approach is that we do not have information on the blue- and
white-collar worker composition of German and French rms. For this reason, we de ne
blue- and white-collar rms at the industry level. That is, we compare Belgian rms in
blue-collar (or white-collar) industries to German and French rms in the same industries.
Furthermore, because of this data limitation, we cannot use TFP as the dependent variable,
since estimating elasticities separately for blue- and white-collar workers is crucial in our
setting (see the discussion in Sections 5.6 and F.21 of the Online Appendix). Therefore, we
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instead look at the e ect on value-added. As we argue in Section 5.1.3, the di erent dynamics
of value added for blue- versus white-collar rms are informative of the frictions imposed by
higher ring costs.

We nd that Belgian rms in blue-collar industries on average experienced a signi cant
2.1 percent decline in value-added relative to German and French rms in the same industries
(see Appendix Table F.24.2). This estimated impact is consistent with the e ect identi ed
in the within-Belgium analysis (see column (8) of Table 5). At the same time, we do not
observe a signi cant e ect on the value-added of rms in white-collar industries. This is
in line with our presumption that the legal reform had an ambiguous e ect on the ring
costs of white-collar workers and that the reduction in notice periods may indeed have been
o set by increased protection through other measures, including the abolition of trial periods,
improved outplacement rights, and enhanced safeguards against unfair dismissal. Overall,
these results corroborate the negative consequences of higher ring costs for blue-collar
workers. Additionally, the fact that we now use una ected European rms as the control
group, further mitigates the concern that European programs to overcome the sovereign debt
crisis confound our main results.

7. Conclusion

This paper studies the e ect of ring costs on input choices and productivity by exploiting
a Belgian labor market reform that induced a plausibly exogenous and substantial increase
in ring costs for blue-collar workers relative to white-collar workers. Using a di erence-in-
di erences design, we compare rms with an ex-ante share of blue-collar workers above the
median (blue-collar rms" ) to rms with a below-median share {white-collar rms" ).

We nd that separations and hiring among blue-collar rms declined relative to white-
collar rms. The e ect is signi cant and occurred immediately after the reform announcement:
separations dropped by up to 9 percent after two years; hiring reached a peak reduction of
8 percent after just one year. Firms further responded to higher ring costs for blue-collar
workers by relying less on blue-collar workers and more on white-collar workers, which changed
the workforce composition. They also shifted toward exible employment by hiring fewer
workers on permanent contracts and outsourcing more workers through employment agencies.
Instead, we nd no evidence that blue-collar rms adopted capital-intensive technologies and
only limited evidence that they increased investment in human capital (training activities).
Importantly, we show that blue-collar rms experienced a signi cant, large, and persistent
decline (4.8 percent) in TFP following the reform.

Interpreted through the lens of our theoretical framework, our results support the view
that ring costs have negative e ects for rms and workers. When such costs increase, rms
nd it more di cult to adjust employment e ciently, which substantially reduces productivity
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through several channels. For workers, the intended gains of more job stability are unevenly
distributed and uncertain because rms o er fewer of the better-protected permanent contracts
and increase exibility through outsourcing. In terms of policy implications, our analysis
therefore identi es unintended consequences of higher ring costs and corroborates the
existence of a trade-o between better-protected existing jobs and a more precarious situation
for job seekers.
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Figure 1. Separation and hiring rates

(a) Separation rate (b) Hiring rate

This gure presents the average separation rates (the ratio of the number of exiting employees to the total
number of employees) and hiring rates (the ratio of the number of entering employees to the total number of
employees) across blue-collar and white-collar rms over 2009{2017. Blue-collar rms (white-collar rms) are

de ned as those whose average share of blue-collar workers over 2009{2012 was above (below) the sample
median.
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Figure 2. Dynamic estimates of employment outcomes

(a) In(Separations) (b) In(Entering emp.)
(c) In(Blue-collar emp.) (d) In(White-collar emp.)

(e) In(Total emp.) (f) In(Outsourced emp.)
(9) In(Permanent emp.) (h) In(Temporary emp.)

This gure presents dynamic estimates of key employment outcomes. Speci cally, we estimate Equatioti3) by replacing the
post dummy with year-speci c dummies. The year 2012 is omitted as the reference category. Dynamic estimates for the
remaining employment outcomes are reported in Online Appendix Table F.3.
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