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1. Introduction

In modern labor markets with high female labor force participation rates, fertility decisions
are increasingly determined by the compatibility of career and family goals (Doepke et al., 2022).
Women no longer tend to choose between a career and a family; instead, they aim to have it all.
Family policies support these goals by promoting mothers’ access to equal opportunities and equal
treatment in the workplace. Besides providing maternity leave regulations, many countries also
protect mothers from dismissal during pregnancy and maternity leave and guarantee them the right
to return to their previous positions. For a review of legislation in various countries, see [LO
(2010).

Maternity policies might also play an important role in a situation where careers are especially
vulnerable: around job loss. It is well established that job displacement is related to large and
persistent earnings and employment losses (Jacobson, Lal.onde and Sullivan, |1993a; Bertheau
et al., 2022)). These losses are generally found to be larger for women, who are more likely to end
up in part-time employment or unstable jobs than men (Illing, Schmieder and Trenkle, 2024). As a
consequence, women reduce their fertility after a job loss with the aim of getting their careers back
on track (Del Bono, Weber and Winter-Ebmer, 2012; Huttunen and Kellokumpu, 2016). Less is
known, however, about whether fertility also responds in anticipation of a job loss. In the literature
on macroeconomic forecasting, fertility is sometimes used as a leading indicator of turning points in
the business cycle, exploiting the fact that fertility outcomes tend to change even before traditional
economic measures reflect a switch between booms and busts (Buckles, Hungerman and Lugauer,
2021). While survey evidence documents that employees anticipate future job losses well before
they occur (Hendren, 2017), it is still an open question how the anticipation of job uncertainty
manifests itself in individual fertility behavior that can be measured in microdata. Our analysis
addresses this gap.

In this paper, we investigate how women adjust their fertility in anticipation of a negative
employment shock, allowing the proactive responses to differ between mass layoffs and firm
closures. We argue that in an environment with maternal dismissal protection, pregnancies can be
used as a precautionary strategy to avoid job displacement. A woman who is aware of economic
problems at her workplace and anticipates a potential mass layoff chooses to become pregnant to
protect herself against the layoff risk and wait out the crisis during the maternity leave period.
However, if a closure is anticipated and maternal dismissal protection is not available, this is not a
feasible strategy.

We study Hungary, a country with an institutional setting that is generally comparable to those

of Western European countries. Hungary has adopted the ILO Maternity Protection Conventiorﬂ

IConvention 183, Article 8.
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similarly to Austria, Belgium, France, Germany, and Italy, among others (ILO, 2022). In these
countries, firms are prohibited from dismissing pregnant women even during mass layoffs, except
in cases of severe misconductE] In other developed countries (e.g. USA, UK, Canada), maternal
job protection is weaker, as it is mostly restricted to protection from discriminatory dismissal (ILO),
2022). Additionally, Hungarian family policy offers parental leave benefits for employed mothers
and a guaranteed return to the previous job after maternity leave. As benefits are substantially lower
if women are unemployed at the time of giving birth, there is a large incentive for women to time
childbirth to periods when they are employedﬂ

Uniquely rich administrative matched employer-employee data allow us to identify mass layofts
and firm closures, which can be linked to individual health records with information on births
and abortions. We exploit mass layofts and plant closures as plausibly exogenous job loss events
(Carneiro et al., 2022} [Willage and Willén, 2022). Together with linked health records, the data
offer an ideal setting to study fertility responses around job loss in a country that is similar to
a large number of European countries in terms of maternity benefits and employment protection
regulation.

We start by documenting that layoff events are, on average, preceded by indicators of economic
problems at the firm level. While employment stays relatively stable, we show that there are signs of
problems within the firm 6 to 12 months before the layoff event. This indicates that the struggles of
the firm mostly start in the year leading up to the shock, and it is during this period that employees
might already form expectations about a coming layoft event.

Next, we estimate stacked event study models with matched control groups to identify the effect
of layoff events on labor market and fertility outcomes. To capture fertility responses before and
after displacement, we normalize the outcome in the second pre-event year and separate the year
leading up to the layoff event, called the anticipation year, from the years following the event. We
construct matched comparison groups of similar women employed in the same calendar years in
firms without layoff events. In line with previous findings, we show that women affected by a layoff
event at their workplace have stable earnings and employment trajectories in the years leading up
to the event, but experience economically large losses thereafter. The magnitudes of employment
and earnings losses are similar across both types of layoff events.

As our main fertility outcomes, we study the development of conceptions, births, and abortions

around mass layoffs and firm closures. In the year leading up to the layoff event, we find evidence

Labor Code of Hungary 22/1992 (applicable: 1992.01.01-2012.06.30) and 1/2012 (2012.07.01-) states: “The
employer may not terminate the employment relationship with normal notice during [...] treatment related to the
human reproduction process, during pregnancy, three months after childbirth, or during maternity leave.”

3Generosity of family policy in Hungary is comparable to that in other European countries. For a discussion of
detailed institutional features, see Section@
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of anticipation effects, as conceptions of women employed in firms with mass layoffs or closures
increase relative to the comparison groups, although the effect for closures is significant only at
the 10% level. This result is in line with the anticipatory motive where some women respond to
a future employment shock by becoming pregnant. Birth and abortion outcomes of pregnancies
conceived in the year leading up to the event differ by event type, however. While births conceived
in the anticipation year increase in firms with a mass layoff by 20 out of 1000 (p < 0.01), there
is no significant increase in births in firms that will later close. Instead, there is a marginally
significant increase in abortions conceived before a closure event by 9 out of 1000 (p < 0.1). We
do not find a change in the number of abortions before mass layoffs. The sizes of the anticipation
effects are economically meaningful: mass layoffs increase the number of births by 50%, while
closures increase the number of abortions by 64% (again, this latter effect is not estimated very
precisely and only marginally significant). These effects appear large in percentage terms, but
fertility outcomes are rare events; therefore, even substantial percentage changes correspond to
only moderate effect sizes when measured in absolute numbers of births or abortions. We show in
a series of robustness checks that these effects are unchanged when we modify the details of the
empirical strategy. Importantly, fertility responses in the anticipation year are more than an order
of magnitude larger than medium-run responses in births and abortions conceived after the layoff
event. Post-event fertility patterns suggest that the increase in births right before mass layoffs is the
result of a change in timing - births brought forward - rather than an increase in the overall number
of births per woman.

Our research contributes to several strands of the literature on the effects of economic shocks
on fertility and abortions. First, we contribute to the literature studying the anticipation of negative
employment shocks. Survey evidence shows that individuals have relatively precise prior knowledge
in advance of a job loss (Hendren, 2017; Mueller and Spinnewijn, 2022). However, it has been
difficult to deal with anticipation in a setup that studies employment effects of mass layoffs and
plant closures, because by construction, affected individuals are required to remain employed until
the shock occurs (Schwerdt, |2011). In addition, there is evidence in the literature that fertility
behavior is forward-looking, as aggregate conceptions tend to respond to economic uncertainties
leading up to an economic downturn (Buckles, Hungerman and Lugauer, [2021}; Kreyenfeld, 2010).
This evidence also suggests that fertility responses to uncertainty vary with the circumstances and
different stages in the life cycle (Kreyenfeld, Andersson and Pailh€, |2012; Vignoli et al., [2020).
Overall, many open questions remain about the channels through which these circumstantial factors
affect fertility decisions (e.g. Vignoli, Mencarini and Alderotti, 2020). We contribute to this
literature by providing micro-level evidence of forward-looking fertility behavior.

Second, although a large literature has studied the cyclicality of fertility in various settings
(Dehejia and Lleras-Muney, [2004; |Adsera, 2005; Bailey, Bart and Lang, 2022} Doepke et al., 2023;
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D1 Nallo and Lipps, [2023)), relatively few studies address the effects of economic conditions on
abortions. The primary objective of these studies is to test whether abortions are increasingly used
to terminate unplanned pregnancies in times of economic hardship. Several studies confirm this
hypothesis and document that lower unemployment or increased generosity of income support pro-
grams tend to reduce abortion rates (Blank, George and London, |1996; Gonzalez and Trommlerova,
20215 Herbst, 2011), while higher unemployment increases abortion rates (Cavallini, [2024). Our
abortion-related results reveal an interesting time pattern. First, we document that mass layofts do
not affect the number of abortions. Second, in the case of firm closures, we find suggestive evidence
that abortion responses are higher before the initial employment shock than after. The estimated
anticipation effect is large in magnitude but not statistically significant. In the years following the
shock, the point estimates of the effects on abortion rates are smaller. A potential explanation for
this pattern is that abortions are less important when families are dealing with permanent income
losses.

Third, we also contribute to the strand of studies investigating the effects of job displacement
at the individual level on fertility responses after the loss of a job, looking at medium- to long-run
outcomes (Del Bono, Weber and Winter-Ebmer, 2012; |[Huttunen and Kellokumpu, 2016} [Salvanes,
Willage and Willén, 2024). Our medium-term results in the first three years after displacement
show a slight (albeit not statistically significant) decline in the number of births, which is in line
with the previous literature. In addition, we provide new results on the change in abortions in the
medium term and find no significant change relative to the comparison group in the years after
displacement.

Lastly, we contribute to the large literature studying the effects of labor market and family
policies. This paper does not identify the causal effects of maternal employment protection.
But we develop a theoretical framework that models fertility responses to job displacement in an
environment where government-provided parental leave, guarantees to return to the pre-birth job,
and dismissal protection are in place. The model predicts that women threatened by layoffs choose
to bring forward their planned fertility and thereby rescue their careers. Due to dismissal protection,
they can keep their jobs until they give birth, and they remain eligible for high maternity benefits.
However, women who lose their jobs along with access to high maternity benefits are less likely
to give birth (if anything, they become more likely to terminate their pregnancies). Our empirical
findings mostly confirm the model predictions. The evidence is also in line with|Lindo, Regmi and
Swensen| (2023) and Alderotti et al. (2021), who find that higher unemployment benefit levels and
other forms of social protection for families mitigate the negative fertility effects of layoffs.

In the next section, we discuss trends in births, abortions, and the relevant institutional back-
ground. In Section[3] we present a model of anticipatory fertility decisions. Section[]describes the

data and the sample used in the empirical analysis. The empirical strategy is introduced in Section
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[l We present our main results and heterogeneous effects in Section [6] and we discuss our results
in light of the model and the previous literature in Section[7] Section [§|presents robustness checks,

and Section [9] concludes the article.

2. Fertility trends and institutional background

Births and Abortions. Hungary is a small developed country with low fertility and wide access to
abortion and contraceptive methods. To put the Hungarian institutional and fertility landscape in
context, we present it along with data on other developed countries.

The number of births per 1000 women of reproductive age (15 to 49 years) was around 40 in
Hungary in our period of interest (2009-2017). This birth rate is close to the EU average of 43 to
44 and lower than the birth rate in the US, which was above 60 in this period (Figure [Ial).

Figure 1: Birth rates and abortion rates (1995-2020)
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Data source: US: Hyattsville| (2019); Jones et al.| (2022); EU: EUROSTAT| (2025b,a); HU:
Hungarian Statistical Office (KSH) KSH|(2022b,a)

Note: US figures refer to women of ages 15 to 44, European figures refer to women of ages 15 to
49. The difference between the official Hungarian live birth statistics (HU (actual)) and the data
we use (HU (Admin3)) stems from omitting births in private hospitals and births at home. Selection
into private care potentially could bias our results, but it is very expensive and used by the richest
families; it is unlikely to be affected by the potential loss of the woman’s job. The EU average of
abortion rates is not available due to missing data for some countries. Instead, we report selected
country-level data.

In Hungary, the number of abortions has been steadily declining since the 1990s, but in 2016 it
was still at 33% of the number of births. The abortion rate, i.e. abortions per 1000 women of ages
15 to 49, was 13.3 in 2016, slightly higher than in the US (11.6 for women of ages 15 to 44) and
the UK (10.4), and significantly higher than in Germany (4.4) (see Figure[ID)).

Most births and abortions in Hungary take place in public healthcare institutions. Deliveries

are financed by the National Health Insurance Fund, which covers every individual during the

5



Downloaded from by guest on October 16, 2026. Copyright 2026

observation period. Abortion is not covered by this fund; the price was around USD 90 to 100
in the period of our study (which amounts to 37 to 41% of the local monthly minimum wage
in 2010). Discounts apply if a woman demonstrates financial difficulties. According to the
categorization of the Guttmacher Institute, access to abortion is very easy in Hungary, similar to
most developed countries in the period of the analysis (Singh et al., 2018). Before the 12" week of
pregnancy, abortions can be carried out legally on request, after two consultations with staff of the
Family Protection Servicef_r] All legal abortions are carried out surgically, as abortion pills are not
authorized

Family Policy. Hungary provides a system of maternity benefits that is comparable to those of
other OECD countries (OECD, 2022)E] Child-related benefits are linked to previous employment
and wages, and women are generally eligible for benefits until the 2"¢ birthday of the child (see
Table [A.T)). Specifically, women who have been employed for at least 12 months in the two years
preceding childbirth and who are employed until 42 days before childbirth are first eligible for a
baby-care allowance (USD 368 per month on average in 2009) until the child is 6 months old, and
subsequently for a childcare benefit (USD 303 per month on average in 2009) from months 7 to
24. Both benefits pay 70% of the previous wage, but the childcare benefit is capped at a fairly high
level. If a woman is not employed 42 days before giving birth - for example, because she lost her
job during pregnancy - she is only entitled to a lower benefit amount of USD 95 per month (33%
of the median wage).

In terms of overall generosity, maternity benefits in Hungary are moderate in comparison to
those in OECD countries. According to the OECD Family Database, the duration of baby-care
leave reserved for mothers is longer than the OECD average and similar to that in Denmark, Ireland,
and Poland. However, Hungary is below the OECD average in terms of the average replacement
rate of maternity benefits and the total amount of family benefits per child (OECD, 2022).

Childcare opportunities. In Hungary, childcare provision for children under age three is limited,
with state-subsidized nursery school coverage averaging around 12%, and substantial regional
variation ranging from 0% to 26% (Pet6, Vonnak and Szabo-Morvai, [2025). In addition, private
nurseries are relatively expensive and contribute less than 3% to total coverage. For children
aged three to six, public kindergarten is available, and approximately 89% are enrolled. These
childcare services are provided free of charge. Although private nurseries and kindergartens exist,

their overall coverage remains low. During the period we studied, kindergarten attendance became

“Hungarian State Law 1992/79 on the Protection of the Life of the Fetus.

3 A minor exception: abortion pills were used by a private medical institution in Hungary between 2010 and 2012.
(Index, 2012)
®Hungarian State Law 1997/83 on the Services of the Compulsory Health Insurance.



Downloaded from by guest on October 16, 2026. Copyright 2026

compulsory at age five. Entry into primary school occurs between ages six and eight, depending

on children’s assessed school readiness.

Female employment. Between 2010 and 2014, the employment rate of women aged 15 to 64 in
Hungary increased from 50% to 56%, while the female unemployment rate declined from 11% to
8% (Databank, [2024a)). However, this overall trend does not fully reflect the situation of women
with young children. Following childbirth, many women in Hungary remain out of the labor force
for an extended period, with only about 3% returning to work before the child turns 1, which
increases to only 48% by the time the child reaches age 3. Substantial regional disparities exist: in
some areas of North-East Hungary, fewer than 35% of women resume employment by the time the
child reaches age 3, whereas in other regions the proportion rises to 55% (Databank, [2024b). Most
returning women return to full-time employment, as part-time opportunities are scarce in Hungary:
only 9.4% of female employees worked part-time in 2014 (KSH, 2014), and the average number of
work hours is only 7% lower compared to the years before childbearing (Boza and Szabo-Morvai,
2025)).

Closures and mass layoffs. The Labor Code of Hungary (Laws 22/1992 and 1/2012) regulates
closures and mass layoffs. A mass layoff occurs when more than 10% of the employees are
dismissed in the same period. The employer has to notify the National Employment Service
about the planned mass layoff and enter into negotiations with the employee representatives. This
process takes at least 52 days, after which dismissal notices can be sent out to affected employees.
Employment usually terminates after a notice period of 30 to 90 days following dismissal, depending
on job tenure. As a result, the administrative process from the announcement of the mass layoff to
the termination of work contracts may take as long as 142 days.

If a firm closes without a successor, all employment contracts of the firm terminate immediately.
In the case of voluntary liquidation, employees receive wages during the notice period plus severance
pay. The notice period is the same as for ordinary dismissals, usually 30 to 90 days. In the case of

bankruptcy, the firm may withhold some or all of these payments.

Dismissal protection. A dismissal protection la prohibits the layoff of a pregnant employee as
soon as she informs the employer about the pregnancy, except in cases of serious neglect of duties.
The mother has a guaranteed right to return to her previous job at the end of her maternity leave.
Our data also show that pregnancy substantially decreases the risk of getting laid off. In the mass

layoff sample in our data, 33% of non-pregnant women are displaced, while the share of pregnant

"Hungarian State Law 1992/22, Labor Code of Hungary



Downloaded from by guest on October 16, 2026. Copyright 2026

employees leaving their jobs is only 12%

3. Fertility Decisions around Job Displacement: Theoretical Concept

An active empirical literature documents that fertility decisions are shaped by the institutional
framework of parental leave regulations and dismissal protection laws, as well as by economic
conditions (see e.g. [Lalive and Zweimtller (2009); Fitzenberger and Seidlitz (2023); De Paola,
Nistico and Scoppal (2021)). In this section, we outline a simple theoretical concept that explains
how institutions and economic shocks interact in determining fertility decisions. We follow the
spirit of dynamic models of fertility (Hotz, Klerman and Willis|, [ 1997), where a woman decides on
the optimal timing of childbirth. Furthermore, we utilize the cost-benefit decision framework for
fertility and abortion of |Becker (1960) and Matthews, Ribar and Wilhelm| (1997). This framework
will be useful in motivating our interpretation of fertility responses in anticipation of the two
different types of employment shocks considered in our setup, mass layoffs and firm closures.

In the Hungarian context, the level of dismissal protection and leave benefits for pregnant
women differs substantially between job displacements from firm closures and mass layoffs. This is
due to two features of the existing family policy. First, dismissal protection for pregnant women is
only available as long as the firm exists, but it is lost when the firm closes. Second, high maternity
benefits and the option to return to the previous job are only available for employed women. A
woman who loses her job from firm closure during pregnancy falls to the low benefit level and has
no job to return to.

We consider an employed woman who can decide whether or not to get pregnant. She derives
income from employment while working and parental leave benefits after giving birth. We assume
that labor income increases with her job tenure. After giving birth, the mother takes a period
of parental leave, receives the benefit, and subsequently returns to her previous job. A layoff, in
contrast, is associated with the loss of firm-specific human capital and the need to restart her career
with a new employer, which puts her at a lower position in the tenure profile. Figure[2|schematically
summarizes income flows around the birth of a child in Panel (2a)) and in the case of a job loss in
Panel (2b)).

Next, we consider how these career interruptions interact to determine the timing of fertility
decisions for women who anticipate a job loss. Panel shows how an anticipatory pregnancy
helps avoid income losses from job displacement in a mass layoft. If the woman starts her pregnancy

right before the displacement, she is protected from dismissal. Instead of having to restart her career

8Displacements may also include voluntary separations, which cannot be separated in our data. Additionally,
pregnant women can be dismissed if they do not fulfill their work requirements or if they do not announce their
pregnancy to the employer. Some employers might also try to pressure pregnant women to leave the job "voluntarily"
(see [Fodor and Glass| 2018).
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Figure 2: Income flows in case of four states of the world
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at a new firm, she collects maternity benefits and waits out the crisis at her firm, and then re-enters
employment after the leave period. Compared to the dashed line, which denotes the income profile
without pregnancy, anticipatory fertility timing can avoid large income losses.

In the case of a firm closure, depicted in Panel (2d)), things work out worse. As the firm ceases to
exist, the woman loses her job. If the firm closes while she is pregnant, she receives low maternity
leave benefits unless she manages to find a new job shortly after the firm closure. But finding a job
while pregnant is difficult: evidence from the literature supports the notion that displaced pregnant
women suffer relatively high losses in employment and working hours (Meekes and Hassink, [2020).
In any case, the woman cannot return to the pre-displacement job with high earnings; instead, she
has to restart her career after the maternity leave. Her income loss from giving birth around a job
displacement is thus larger than the income loss without childbirth, which can be seen from the
comparison of the dashed and solid lines.

When economic problems start at the firm, employees may find it difficult to predict whether
they will lead to a closure or a mass layoft. This issue of uncertainty during the unfolding of a layoft
event was also highlighted in an interview we conducted with a liquidation commissioner overseeing
liquidation procedures (Appendix E] Since mass layoffs are more common than closures (see
Table [I)), and if women form their expectations accordingly, they may be more likely to expect a
mass layoff even if the event turns out to be a closure. The figures illustrate the risk involved in
an anticipatory pregnancy for women who do not yet know the exact type of employment shock
when they get pregnant. In the case of a mass layoff, the anticipatory pregnancy helps avoid any
income loss from displacement. But if the firm closes, the combined income loss from maternity
and job displacement is the largest and can only be avoided by terminating the pregnancy. At the
same time, beyond these monetary incentives, the decision of whether to get pregnant, as well as
whether to keep a pregnancy, depends on additional, not necessarily monetary, costs and benefits
connected to these choices (e.g., health costs, the value of having a child, the discounted present
value of child-related future costs, etc.), which differ across women. Along these lines, in Section
[DI]in the Appendix, we present a formal model with derivations to show the expected impact of

closures and mass layoffs on the number of pregnancies and abortions.

4. Data and Sample

4.1. Data
We use administrative individual-level monthly panel data. The data are hosted by the Databank
of the Centre for Economic and Regional Studies and link administrative records of the National

Health Insurance Fund Administration, the Hungarian State Treasury, the National Tax and Customs

9We can provide the script of the interview upon request.

10
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Administration, the Ministry of Finance, and the Educational Authority, based on anonymized social
security numbers (Sebdk, [2019). The data cover about 5.17 million people, a random 50% sample
of the Hungarian population drawn in 2003 and followed until 2017@] We observe gender, age,
county of residence, employment, occupation, wages, state transfers, registered unemployment,
and employer identifiers in each month. The employer identifiers are linked to a yearly database
covering firm-level information on firm size, sector, foreign ownership, and revenue. Note that it is
not possible to identify spouses in the data.

We use daily healthcare records that are linked at the individual level to measure fertility out-
comes. These data are available for the years between 2009 and 2017 and contain the International
Statistical Classification of Diseases (ICD) codes and dates of public hospital visits. We can iden-
tify birth and induced surgical abortion at public hospitals based on the ICD codes. The data
cover the majority of the relevant events: we can observe 86-93% of births and 95-98% of abortions
reported in the official statistics (see Table [A.2). Some of the birth records are missing because
of children born in private hospitals, at home, or abroad, while some of the abortion records are
missing due to abortions performed in private hospitals.

We aggregate birth and abortion data to the monthly level and link them to individuals at the
date of conception. This means that when we compare abortion and birth frequencies, we are
referring to pregnancies conceived at the same time. We do not observe the date of conception
directly; instead, we assign conception dates as 9 months before childbirth and 2 months before
an abortion. These correspond to the actual conception months in 90.9% of births and 83.1% of
abortions between 2003 and 2020 in Hungary (see Figure [A.T).

We also provide estimates on the number of pregnancies calculated as the sum of births
and abortions, in which we disregard miscarriages. Miscarriages amount to about 10% of all
pregnancies according to the vital statistics, and their number is stable over time We are not
using miscarriage data in this study, because less than 10% of the miscarriages reported in the
official summary statistics can be identified in our dataset. Additionally, we cannot obtain a good
approximation for the date of conception, as miscarriages can happen in any obstetric week. We
discuss in Online Appendix [BT]that the measurement error resulting from this data omission cannot

drive our results.

Foreigners, approximately 2% of the Hungarian population, are not covered by the data.

"ICD codes 06, O7, and O8.

121CD code 004.

13In Figure in the Appendix, we show that both the number and the ratio of miscarriages are stable over time,
and did not increase in response to the major economic crises in Hungary in 1990, 1995, and 2007. Thus, it is unlikely
that stress-related miscarriages would bias our results or challenge our model.

11
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4.2. Sample
4.2.1. Firm closures and mass layoffs

To form the treatment sample, we first identify closures and mass layoffs of private for-profit
firms in the data and restrict our attention to those that happened between 2010 and 2014. This way,
for each woman, we observe at least 1 year of abortion and birth history (and 8 years of employment
and earnings history) before the shock and at least 3 years post-shock.

We define the date of a firm closure as the month when the number of employees drops to 0 and
stays at O for two consecutive years. We take multiple cautionary steps to avoid including "false
firm deaths" in our sample (Kuhn, ZOOZ)E

The date of a mass layoff is pinned down to the month when the number of employees decreases
by at least 20% in our data and does not increase above 80% of the original size for 12 months
following this decrease If there are multiple mass layoffs at one firm, we include the first one.
We drop those firms that experience both a mass layoff and a closure on different dates

In the empirical analysis, we aggregate the data at the yearly level. Thus, at the firm level, we
refer to event year 1 as the year in which the layoff event, the closure or mass layoff, occurs in the

first month.

4.2.2. Definition of the treatment and control groups

We define two treatment groups: women affected by firm closures, and women affected by mass
layoffs. We include all women in the sample who work at firms about to experience a layoff event,
even if they do not actually leave their jobs. As a result, in the closure treatment sample every
woman loses her job, whereas in the mass layoff treatment sample, only a fraction is displaced (see
Figure[A.3).

Women are included in the treatment groups if they work at a treated firm in one of the last three
months preceding the layoff event. The last month of employment defines the reference month

for displaced women. For women not displaced in a mass layoff, the reference month is defined

4First, we confirm the firm exit in balance sheet data to avoid measurement error due to the 50% sample. Second,
we include only well-established firms that have existed for at least 2 years preceding the closure or layoff. Third, we
exclude small firms with fewer than 10 employees throughout the observed period (in line with e.g. |[Eliason and Storrie
(2006)). Fourth, we exclude mergers, acquisitions, and firms with legal successors by excluding those cases in which
more than 30% of the employees go to the same new firm after the month of closure, and at least 5 people and 30% of
the new entrants to this firm came from the closing firm. Similarly, we exclude firms from the mass layoff sample if
more than 10% of previous employees move to the same new firm after the layoff.

ISWe use a larger rate than the legal definition of mass layoff to allow for the possibility that we include voluntary
separations.

16Note that we specify a 20% decrease in the number of employees present in the data, which covers a random 50%
sample of the population. This corresponds to a roughly 20% decrease in terms of actual firm size as well.

'7In the process of defining our sample, we find 4,679 closing firms (which do not perform a mass layoff), 5,363
downsizing firms (which do not close in the observation period), and 346 firms that both perform a mass layoff and
close in the observation period according to our definitions.

12
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as the month before the layoff event (i.e., the last month of the firm’s event year 0). We further
restrict the treatment group to women who have at least 12 months of uninterrupted tenure at the
reference month and who are 15 to 35 years old. We follow the approach of Del Bono, Weber and
Winter-Ebmer| (2012) and include not only women who stay at the firm until the last month before
the layoff event, but also those who leave two or three months before that. Requiring 12 months of
tenure ensures that, in the case of childbirth, the woman would be eligible for the high child benefits
linked to previous employment had the firm not closed. It also makes our results comparable to
previous studies using the same tenure criterion (e.g., Del Bono, Weber and Winter-Ebmer, 2012;
Huttunen and Kellokumpu, 2016)@ We focus on younger women because women over 35 have
fewer births and abortions, and the expected response in this age group is smaller (see FigureF_g]
As a robustness check, we include all women of reproductive age in the sample.

We organize the annual event time around the reference month of women in the treatment group.
Specifically, event year O — the anticipation year — ends with the reference month, and event year 1
is defined as the year following the reference month.

To form the control groups, we use a combination of exact matching and propensity score
matching on individual and firm characteristics similar to |Del Bono, Weber and Winter-Ebmer
(2012). First, for every treated woman, we find a pool of possible controls who are employed at
non-closing and non-downsizing firms in the reference month and who satisfy the same age and
tenure restrictions. From this pool of controls, we match exactly on the age group, county of
residence, and the yearly history of wage categories in event years -1 to —417_(7] Note that we are
specifically interested in what happens in event year O, the year leading up to the layoff event, thus
we only match on variables measured before the anticipation year. From the exact matches, we
select at most 10 nearest neighbors within a caliper based on the propensity score. The propensity
score is estimated using a probit model (Leuven and Sianesi, 2003) with individual- and firm-level
variables: age, occupation, an indicator of having a young child, tenure, experience, firm size, firm
revenue, foreign ownership, and industryEr] All variables used in the propensity score matching
are measured in event year -1, when all treated women already work at the closing or downsizing
firm, but — as we argue in the next section — problems leading up to the layoff event are plausibly

not yet perceived. Furthermore, we do not include detailed past fertility outcomes in the matching

'8We run a robustness check where we use a more stringent tenure criterion of 36 months.

9Tn Figure the number of births is presented by maternal age and parity for the years between 2010 and 2014.
47% of all births are first-order, 32% are second-order, and 21% are higher-order births. By including only women
under 35 in our main analysis, we lose 12%, 23%), and 37% of the first-, second-, and higher-order births.

20The age groups are the following: age below twenty, 21-25 years, 26-30 years, and 31-35 years. The 7 wage
groups are defined in 100,000 HUF intervals. A separate category is created for zero earnings, and the top category
includes individuals with earnings above 600,000 HUF.

21 For the exact categories of occupation and industry see Table in the appendix.
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procedure. This enables us to test parallel trends in the pre-treatment period.

Matching has multiple advantages in our context. First, it shrinks the enormous pool of possible
controls in the administrative data to a manageable size. Second, as we match on calendar time, the
procedure automatically pins down a pseudo-event time for the control women. Third, it ensures
overlap in important individual and firm characteristics.

Table [A.3|shows the number of observations at each stage of the selection process and Table T]
presents the descriptive statistics of treated and control women in the final samples. Table|[I|reveals
that the samples are reasonably balanced for most variables. The only considerable differences
are in firm characteristics between treated and control women in the case of firm closures. To
address this issue, we include firm characteristics in the regressions (in the form of controlling for
the propensity score, as we show later), and we present a robustness check where we include large

firms only.
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Table 1: Means in the treatment and control groups

Mass Layoff Closure
Control Treated Diff. SE (diff) Control Treated Diff. SE (diff)

Individual characteristics

Share losing job* 0.04 032 029 0.01 0.04 1.00 0.96 0.00
Age 27.14 27.13  -0.01 0.03 26.63 26.60 -0.03 0.04
Receives child benefits 0.06 0.06 0.00 0.00 0.09 0.07 -0.02 0.008
Tenure (months) 30.83 33.01 2.18 0.53 22.14 20.72 -142 0.05
Experience (months) 58.18 59.84 1.66 0.38 51.85 52.59 0.74 0.05
White collar 0.44 042 -0.02 0.02 0.48 048 0.00 0.02
Wage (10000 HUF) 12.52 12.15 -0.37 0.07 10.81 1037 -0.44 0.09
Pregnancies** 0.017 0.018 0.001 0.001 0.017 0.019 0.002 0.003
Births** 0.002 0.003 0.001 0.002 0.003 0.005 0.002 0.001
Abortions** 0.015 0.015 0.001 0.002 0.014 0.014 -0.000 0.002
Firm characteristics

Small (-49) 0.36 036 0.00 0.01 0.51 066 0.15 0.02
Size Medium (50-249) 0.30 0.28 -0.02 0.01 0.31 0.25 -0.06 0.01

Large (250-) 0.34 036 0.02 0.02 0.17 0.09 -0.08 0.02
Log revenue (Mn HUF) 7.33 7.38 0.05 0.07 6.54 5.63 -0.90 0.06
Avg. wage (10000 HUF) 16.22 1543 -0.80 0.19 15.07 13.64 -143 0.21
Foreign owned 0.37 037 0.00 0.02 0.22 0.16 -0.05 0.01
Firm age 7.52 7.41 -0.10 0.06 7.01 568 -1.34 0.08
Women (15-49) share 0.47 048 0.01 0.01 0.47 049 0.02 0.01
Number of individuals 12258 2582 10507 1249
Number of firms 5504 813 6289 549

Note: Variables are measured in event year -1 unless it is indicated otherwise. Standard errors are clustered at the exact match set level.
Receiving child benefits includes all benefits available up to the 3'¢ birthday of the child. Fertility outcomes are measured at the time of
conception.

* Measured in the first month of event year 1.

** Mean value of event years -3 to -1
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4.3. Firm outcomes around the layoff event and anticipation

In this section, we examine firm dynamics around layoff events and assess indicators that
may signal negative firm shocks and contribute to employees’ anticipation of future layoff risks.
Appendix Section [CI] provides an overview of the literature identifying leading indicators of
impending mass layoffs and firm closures. Beyond informal channels such as gossip and rumors,
which are difficult to observe directly, previous studies show that measures that include worker
turnover and business performance begin to deteriorate in the period preceding major downsizing
events.

We exploit rich Hungarian administrative data to analyze the evolution of potential leading
indicators around layoffs. We first study firm size, measured by the number of employees, and
firm revenues in the years surrounding the event. Figure [A.6] presents employment dynamics in
mass-layoff and closure firms relative to firms in the control group. Firm size appears largely stable
prior to the event, although employment growth may be somewhat slower in treated firms than in
control firms. Importantly, we do not observe substantial worker outflows before the layoff events.
Log revenues, shown in Figure increase more slowly in firms that eventually close and stagnate
in the year of closure. Revenue growth also weakens in firms experiencing mass layoffs, followed
by a pronounced decline over the subsequent two years.

Next, we examine new orders and export orders, which are available for manufacturing firms in
Hungary and have been identified in previous research as leading indicators of layoffs. We estimate
event-time models around the layoff date while controlling for year and firm fixed effects, and
present time profiles for mass-layoff firms, closure firms, and control firms in Figures [C.1|and [C.2]
The figures reveal clear declines in new orders and export orders during the year preceding layoft
events, particularly among firms experiencing mass layoffs, whereas no comparable deviations from
underlying trends are observed among control ﬁrmsF_Z] These findings support our assumption that
treated firms experience negative shocks during year 0, with the layoff event occurring in the final
month of that year. Although the estimates are somewhat imprecise and do not allow us to identify
the exact timing at which employees receive adverse information about firm conditions, they provide
strong evidence that relevant information becomes available before the actual layoff occurs.

Motivated by these observations, our strategy is to compare outcomes in the year leading up to
the event in treated firms that suffer shocks with firms that are similar up to pre-event year -1. We
assume that negative shocks before the layoff event can be observed either by the women themselves
or by their colleagues who pass on the information. Survey evidence also confirms that individuals

have some prior knowledge about a future job loss (Hendren, 2017; Mueller and Spinnew1jn, |2022]).

22The number of closing firms that can be matched to the data on new orders is unfortunately very small, which
likely explains the absence of clear patterns for this group.
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As employees notice economic problems at the firm, it is plausible that they start worrying about
future layoff events before the actual events take place. When women anticipate the coming events,
they have a chance to adjust their fertility in response to these expectations. This is especially
relevant for younger women who are able to react quickly: 60% of women under 35 who wish to
conceive are able to do so within three months [

Building on the evidence that problems at firms start to emerge in the year preceding the event,

our empirical strategy focuses on the possibility of anticipatory responses in event year 0.

5. Empirical Strategy

The intuition behind our empirical strategy is illustrated by the following thought experiment.
Women join similar firms that do not initially experience major economic problems. Over time,
however, one group of firms is hit by shocks that lead to mass layoffs or firm closures, while the
other group remains unaffected. As a result, women working in firms in our sample are “randomly”
exposed to announcements of mass layoffs or closures triggered by firm-level shocks. We compare
fertility outcomes between the treatment group - women employed in firms experiencing layoft
events - and the control group of women working in unaffected firms.

In the data, we do not observe the exact timing of firm-level shocks, as discussed in the previous
section. However, we do observe the timing of the layoff event itself. This thought experiment has
important implications for sample construction. First, we focus only on the first layoff event within
each firm and exclude firms that experience both a mass layoff and a closure, to prevent selective
job entry into firms already experiencing economic difficulties. Second, we restrict the sample to
women who remain employed during one of the last three months before the layoft event, ensuring
that job loss is driven by the “exogenous” layoff event rather than by earlier separation decisions.

This restriction involves a trade-off. Excluding early leavers may generate a selected sample of
women who remain employed until shortly before the layoff event. Conversely, including women
who leave earlier increases the likelihood of capturing job exits driven by endogenous reasons or
by unobserved differences between treated and control firms, which become more important the
further we move away from the layoff event. Our preferred strategy is to rely primarily on the
arguably exogenous variation in job loss generated by layoff events and to include only women who
remain employed close to the event.

We estimate the effects of mass layoffs and firm closures in a staggered treatment setting. Recent
work shows that conventional two-way fixed effects models can be biased under heterogeneous

treatment effects. To address this issue, we employ a stacked event study design with matched

2The average chance of natural conception each month is above 20% for women younger than 30 (ASRM, [2012),
and conception probabilities only start to decline rapidly after the late thirties (Dunson, Colombo and Baird, |[2002)).
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controls, following |Adams et al.| (2024), |[Cengiz et al. (2019), Huttunen and Kellokumpu (2016),
and Del Bono, Weber and Winter-Ebmer (2012). This approach allows us to assign pseudo-event
dates to control units and align treated and control women at identical points in their employment
and fertility histories, which is central to our empirical strategy. Organizing the data in event
time rather than calendar time avoids biases that can arise in staggered treatment designs (Sun and
Abraham, 2021)).

Our identification strategy relies on four assumptions. First, conditional on matching charac-
teristics measured in event years —1 to —3, mass layoffs and closures are exogenous to women’s
fertility decisions, which is intuitive. Second, the parallel trends assumption holds: absent treat-
ment, fertility outcomes of treated and control women would have evolved similarly. We show event
study graphs as suggestive evidence for this. Third, anticipation effects do not occur before event
year 0, supported by our data and previous literature (see Section [CI]in the Appendix). Finally,
there are no spillovers between treated and control firms. This assumption is highly likely to hold
for fertility outcomes, especially in the year before the layoff events.

In the graphical analysis, we present estimates of the following event study model on the matched

sample defined in Section 4}

k=4

Yie = a+ BT+ A+ > [6k(T; X Liet)] + Y Py + Tpgn + wi (1)

k=4
k#—1

where Y;; denotes the outcome variables: labor market outcomes, number of births, abortions,
and pregnancies measured at the time of conception for woman i in event year t. The layoft event
(or pseudo-event for controls) happens in the last month of event year 0. The omitted time period is
event year -1, and A, are event year indicators. 7; is the treatment indicator, which equals 1 if woman
i worked at a firm with a layoff event in the three months preceding the event. dy is the coefficient
of the event study term, k periods before or after the layoff event. This coefficient captures the
dynamic effects of the treatment, separately for each event year. u,(;) denotes exact match dummies
in match set g. To control for remaining differences in the pre-treatment characteristics of women
(see Table , we include the predicted propensity score (P;) on the right-hand side (see e.g. Mao
and L1, [2020). Calendar year fixed effects are not included separately, as they are automatically
controlled for by the inclusion of exact match fixed effects@ We also show estimates based on
quarterly data in the Appendix.

Because fertility events are relatively rare, coefficient estimates from the event study models

2*While in our main specification, we employ matched-pair fixed effects, we also conducted robustness checks
employing individual fixed effects instead, while retaining our original stacked matched-control event study / DiD
design. These results are very similar to our main specification and are available from the authors upon request.
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are imprecise and sensitive to specification choices. Moreover, although extensive labor market
histories are available for the full sample, fertility outcomes are observed over a more limited time
horizon (see Figure [A.§), resulting in noisy estimates in the pre-treatment period. We therefore
turn to our main estimation strategy, which provides greater statistical power and robustness while
still allowing us to capture dynamic responses. Specifically, we aggregate observations into three
periods of interest: a pre-treatment period (event year —1 and earlier), an anticipation period (event
year 0), and a post-treatment period (event years 1-3). Using the matched sample, we estimate

three-period difference-in-differences models of the following form:

Yi=a+ BT+ leear9 + )/zYeartl’z’3 +01(T; X Year?) + 0 (T; X Yeartl’z’3)+

; 2)

+yP;i + Tpg(y + Ui

where Y;, stands for the same outcomes as in Equation |1} Year? is a dummy equal to 1 in event
year 0, and Y eart1 23 s a dummy equal to 1 in event years 1 to 3. We use three post-treatment
years because these are observed for the whole sample. The omitted time period is all event years
available before year 0. §; shows the effect of the coming closure or mass layoff in the anticipation
period, while ¢, shows the average treatment effect of the shock in the following three yearsE]
We account for the fact that the regression is run after matching by clustering the standard
errors by exact match sets following |Abadie and Spiess| (2020). As some details of the matching
differ from those in |Abadie and Spiess| (2020), we also present the standard errors calculated by
bootstrapping. To account for the fact that for some treated women fewer than 10 controls are
matched, and that some controls are matched to multiple treated women, we use sample weights.
Treated observations always receive a weight of 1, while control weights depend on the number of
treated observations they are matched to and inversely on the number of other controls in the same
exact match set@ The weighting is important for the estimation of event study models in Equation
[I} as it ensures that we do not overweight control observations when we find more matches for a
treated woman. However, estimating the difference-in-differences in Equation [2] with or without

weights leaves the results practically unchanged, as we will show in a robustness check.

25 Another interpretation of &, is that this is the average intent-to-treat effect (AITTE) of a job loss. In the case of a
closure, the AITTE is very close to the LATE of job loss, as only a small percentage of women lose their jobs in the
control group. In the case of mass layoffs, though, the LATE of job loss would be substantially larger than the AITTE.

26The weights are the default weights calculated by the psmatch2 package of Stata by Leuven and Sianesi|(2003)

19



Downloaded from by guest on October 16, 2026. Copyright 2026

6. Results

In this section, we first present graphical evidence on the evolution of the labor market and

fertility variables over time. Then, we describe our main regression results based on Equation [2]

6.1. Annual means and event study estimates of labor market and fertility outcomes

Figures 3] and [4] show that women suffer large and persistent economic losses after closures
and mass layoffs, while the careers of women in the treatment and control groups evolve in
parallel before the shocks. This suggests that neither wages nor employment probabilities contain
information about the future shocks.

The share of women employed in the year leading up to the shock is 1 - a consequence of our
12-month restriction. In event year 1, the employment of treated women drops substantially and to
a similar extent for both closures and mass layoffs. The employment gap between the treatment and
control groups declines in subsequent years but does not fully close. We see an analogous pattern
for earnings gaps after the layoff year. Importantly, no substantial earnings differences arise in the
year leading up to the shocks.

Other variables related to labor market outcomes follow a similar pattern. The months spent
employed during the year (Figure[A.9), registered unemployment (Figure[A.T0), and working hours
(Figure also paint the picture that women are strongly affected by the shocks, with negative
long-term consequences.

After having established the negative effects of layoff events on labor market outcomes, we turn
to the main variables of interest: pregnancies (Figure[3), births (Figure[6), and abortions (Figure[7)),
measured at the estimated time of conception. The figures reveal some fluctuations, but no clear
differences in pre-trends in fertility outcomes until year -1 between treated and control groups. A
defining feature of the fertility figures is that substantial gaps between treated and control women
emerge already during the anticipation year (event year 0), well before observable differences in
labor market outcomes appear. In contrast, gaps in labor market outcomes (Figures [3] and [4))
only arise in the post-event period, beginning in event year 1. Because these fertility responses
precede realized labor market consequences, we interpret them as evidence that women anticipate
the forthcoming shock and adjust fertility behavior in response to the perceived risk of future job
loss.

After years of low fertility, panels (a) and (b) in Figure [5| show a large increase in pregnancies
in both the treatment and control groups in year 0. This is a mechanical consequence of restricting
the sample to women of reproductive age who are employed in year 0 and thus very unlikely to
have given birth over the last few years. However, in year 0 pregnancies jump to a considerably
higher level in the treatment groups for both types of shocks. The resolution of extra pregnancies

is markedly different depending on the type of layoft event. In the case of mass layoffs, the number
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Figure 3: Ratio of women who were employed in every month by event year: raw means and coefficient estimates for
the differences
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Note: Panels a) and b) show raw means in the treated and the matched control group. Panels c)
and d) show the estimates of 6; with 95% confidence intervals based on Equation[I} The number
of observations depends on the event year, as shown in Figure[A.8 Event year -1 is the baseline
year; event year 0 is the anticipation period; and the layoff event happens on the last day of event
vear 0 as indicated by the red vertical line.

of births in the treatment group increases more than in the control group (see Figure [ panel (a)) .
Whereas in the case of closures, shown in panel (b), there is no increase in births compared to the
control group, but a larger increase in abortions, shown in Figure /| panel (b). Note, however, that
confidence intervals in panels (c) and (d) reveal that the differences in year O are only statistically
significant in the case of pregnancies and births conceived before mass layoffs.

In post-shock years after mass layoffs, we do not observe substantial differences in pregnancies
between the treatment and control groups. Births tend to be slightly lower among treated women,
while abortions are higher in the control group. However, fertility effects in the post-shock period
appear to be more moderate than those in the anticipation year. The pregnancy and birth patterns

are less clear after closures, but we see no abortion increases comparable in size to the jump in year
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Figure 4: Log wage by event year: raw means and coefficient estimates for the differences
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Note: Panels a) and b) show raw means in the treated and the matched control group. Panels c)
and d) show the estimates of 6; with 95% confidence intervals based on Equation|l| The number of
observations depends on the event year, as shown in Figure|A.8| Event year -1 is the baseline year;
event year 0 is the anticipation period; and the layoff event happens on the last day of event year 0
as indicated by the red vertical line. The wages of non-employed women are set to 0.1, a very small
positive number so that log is well-defined.

To get a more detailed picture of fertility dynamics around the layoff events, we estimate event
study models in Equation[I]at the quarterly level. The results are shown in Appendix Figures[A.12]
to[A.T4] These graphs show that, relative to the control group, the strongest increase in pregnancies
before layoft events is observed in event quarter —2, corresponding to 7-9 months before the layoff,
for both mass layoffs and firm closures. This quarter seems far enough from the actual layoff event
to allow for some uncertainty about the type of anticipated layoff.

In the quarterly and yearly event study models, wide confidence intervals make it difficult to dis-
tinguish meaningful effects from statistical noise, and the estimates exhibit substantial fluctuations

over time. Overall, we find evidence of parallel pre-trends across fertility outcomes up to event
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Figure 5: Number of pregnancies by event year: raw means and coefficient estimates for the differences
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Note: Pregnancies are counted at the time of conception. Panels a) and b) show raw means in
the treated and the matched control group. Panels c) and d) show the estimates of 6; with 95%
confidence intervals based on Equation[l| The coefficients are reported in Tables|A.5and[A.6] The
number of observations depends on the event year, as shown in Figure[A.8] The period from year
-1 and year 3 is observed for the whole sample. Event year -1 is the baseline year; event year 0 is
the anticipation period; and the layoff event happens on the last day of event year 0 as indicated
by the red vertical line.

year —1, as well as indications of non-zero effects in the anticipation year, particularly for births
following mass layoffs. However, the patterns are less clear and considerably noisier for abortions
and firm closures. To improve statistical power and obtain more precise and robust estimates, we

aggregate event time into three periods. The resulting estimates are presented in the next section.

6.2. Difference-in-differences estimates

Now we turn to our main empirical specification, the difference-in-differences Equation[2] Years

-1 to -5 are pooled and serve as the baseline category, and we estimate the response separately in
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Figure 6: Number of births by event year: raw means and coefficient estimates for the differences
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Note: Births are counted at the time of conception. Panels a) and b) show raw means in the treated
and the matched control group. Panels c) and d) show the estimates of d; with 95% confidence
intervals based on Equation|l| The coefficients are reported in Tables and[A.6] The number
of observations depends on the event year, as shown in Figure[A.8 The period from year -1 and
year 3 is observed for the whole sample. Event year -1 is the baseline year; event year 0 is the
anticipation period, and the layoff event happens on the last day of event year 0 as indicated by the
red vertical line.

the anticipation year (Year®) and in years 1 to 3 after the shock (Year'>3) ]

First, we present the results for the labor market outcomes in Table[A.7] Employment effects are
close to zero and statistically insignificant in the anticipation year leading up to the layoff events.
There is a statistically significant but economically small decrease in earnings of approximately
USD 11 per month (HUF 3,819), or 2%, before mass layofts, and USD 20 per month (HUF 6,965),
or a 5% decrease, before closures However, these effects are so small that they are unlikely to

drive the fertility results. In the post-treatment years, the probability of working the full year is

?’Figure shows the number of women with data on fertility by event year.
28Compared to counterfactual wages calculated as pre-treatment mean in the control group + coefficient in Year 0.
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Figure 7: Number of abortions by event year: raw means and coefficient estimates for the differences
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Note: Abortions are counted at the time of conception. Panels a) and b) show raw means in
the treated and the matched control group. Panels c) and d) show the estimates of 6; with 95%
confidence intervals based on Equation[l| The coefficients are reported in Tables|A.5and[A.6] The
number of observations depends on the event year, as shown in Figure[A.8] The period from year
-1 and year 3 is observed for the whole sample. Event year -1 is the baseline year; event year 0 is
the anticipation period; and the layoff event happens on the last day of event year 0 as indicated
by the red vertical line.

reduced by 17 percentage points for both types of events. Average monthly earnings decrease by
USD 62 (HUF 21,818) (14%) in the years after mass layofts and by USD 60 (HUF 21,217) (16%)
after closures. Thus, in line with the graphical evidence, we observe large economic losses from
event year 1.

Next, we focus on the fertility outcomes in Table [2] The zero and insignificant coefficients of
Treated confirm that, on average, the treatment and control women have similar fertility rates in
the pre-treatment period. The positive and significant pregnancy and birth coefficients for Y ear’

1-3

and Year '~ are a consequence of our sampling strategy, which requires that women are employed

in year 0 and are thus unlikely to give birth in that year.
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Our main parameter of interest, the coefficient on Treated X Y ear® in Table shows the
fertility effect in the anticipation year leading up to the layoff event. Column (1) shows that for
mass layoffs, pregnancies increase by 17 per 1000 women (p<0.05) in the anticipation period. The
number of counterfactual pregnancies - the number of pregnancies we would expect in the absence
of treatment - is 54 per 1000 Women@ Compared to this number, the coefficient of 0.017 translates
into a 32% increase. Column (4) shows that in the case of closures, the point estimate is also large:
0.015, or a 25% increase compared to the counterfactual (p<0.1).

The resolution of the extra pregnancies differs between the two types of layoff events. Women
working at firms about to experience a mass layoff increase births by 20 per 1000 women (p<0.01)
in anticipation of the coming events (Col. (2)). This is a large, 50% increase compared to the
counterfactual number of 40 births per 1000 women of reproductive age. On the other hand, the
coeflicient estimate on the number of births in the closure sample (Col. (5)) is not only insignificant
but also substantially smaller in magnitude (6 births per 1000 women).

Columns (3) and (6) report the estimates for abortions. In the case of mass layoffs, we observe an
insignificant decrease of 3 abortions per 1000 women. In contrast, in closing firms, the number of
abortions increases by 9 per 1000 women (p<0.1) (a 64% increase compared to the counterfactual)
in year 0. This is a large, albeit only marginally statistically significant, effect.

We now turn to the post-shock effects. The estimated yearly effects on births in the three post-
treatment years are negative but insignificant in both samples (a decrease of 5 per 1000 women (7%)
in the case of mass layoffs and 0.1 per 1000 women (1.7%) in the case of closures; see Table [2)).
There is a small and insignificant increase of 3 abortions per 1000 women in the post-treatment
years in the case of mass layoffs. For closures, the yearly post-layoff effects on abortions are zero
on average. This suggests that abortions play a more important role in responding to immediate
shocks than in dealing with long-term economic hardship.

To identify the overall effect of the shocks, we estimate a difference-in-differences specification
that pools year 0 with the three post-treatment years (Table [A.§). The estimates show that neither
closures nor mass layoffs significantly affect the total number of births over the four-year period
surrounding the shocks, with annual average effects of 0.001 in both cases. This suggests that the
additional births observed in year O following mass layoffs are largely births brought forward from
the subsequent three years. For example, as shown in Figure [§] panel (c), the significant positive
effect on births in year 0 is followed by insignificant negative effects in the three consecutive years.
Although these negative effects are small, they cumulate and offset the positive effect in year 0,

resulting in an overall insignificant pooled effect. While we cannot observe completed fertility in

P Calculated as pre-treatment mean in the control group (0.015) + coefficient on Treated (0.000) + coefficient on
Year 0 (0.039).
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our data, this pattern suggests that mass layoffs do not increase the total number of children. The
net effect of shocks on pregnancies and abortions is also insignificant in both samples. In summary,
the estimates for births indicate a strong initial response during the anticipation period, followed

by smaller post-shock effects that together imply a zero cumulative effect of layoff events.
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Table 2: DID regression results for the effect of closures and mass layoffs on fertility outcomes

Sample Mass layoff Closure
Outcome Pregnancy Birth Abortion Pregnancy Birth Abortion
1) (2) 3) “4) (&) (6)
Treated 0.000 0.000 -0.000 0.001 -0.000 0.001
(0.002) (0.001)  (0.002) (0.003) (0.002)  (0.002)
Year O 0.039%**  0.038*%**  0.001 0.038***  0.039***  -0.001
(0.004) (0.003)  (0.003) (0.003) (0.003)  (0.001)
Year 1-3 0.063***  0.066*%**  -0.002  0.056***  0.058***  -0.002*
(0.003) (0.002)  (0.002) (0.002) (0.002)  (0.001)
Treated X Year 0 0.017**  0.020*%**  -0.003 0.015* 0.006 0.009*
(0.007) (0.006)  (0.004) (0.009) (0.007)  (0.005)
Treated X Year 1-3 -0.002 -0.005 0.003 -0.001 -0.000 -0.000
(0.004) (0.004)  (0.003) (0.005) (0.005)  (0.003)
Exact matched set FE YES YES YES YES YES YES
Propensity score YES YES YES YES YES YES
Bootstrapped p-value of Treated X Year 0 0.011 0.000 0.436 0.099 0.39 0.065
Bootstrapped p-value of Treated X Year 1-3 0.667 0.133 0.174 0.931 0.975 0.883
R-squared 0.065 0.072 0.054 0.062 0.065 0.056
Pre-treatment mean in control group 0.015 0.002 0.013 0.021 0.006 0.014
Observations (Women X Year) 102,831 82,647
N treated women 2,582 1,249
N control women 12,258 10,507

Note: Standard errors clustered by exact match set in parentheses. Estimates from regression Eq. [2] Births and abortions are measured
at the estimated times of conception. Pregnancies are the sum of births and abortions. The reference period covers years -5 to -1 before
the mass layoff/closure events and the observation period ends at the end of the third post-event year. * p < 0.10, ** p < 0.05, ***

p <0.01
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6.3. The results in comparison to the literature

Although we are not aware of prior studies that have examined the anticipatory birth and abortion
effects of employment shocks, we can compare our results to studies that have examined fertility
responses to dismissals in the short and medium term. The estimate we can directly compare is the
post-shock cumulative effect of firm closures on births after three years: our estimate is -0.0004
with a 95% CI of [-0.313; 0.400], which is too wide to allow for a meaningful comparison with
previous results. The effect of mass layoffs is not directly comparable to the literature due to the
different nature of the shock, but it is still informative to examine these results. Our estimate
of the cumulative post-shock fertility effect of a mass layoff is -0.016 with a 95% CI of [-0.037;
0.005], which is comparable to the estimates of Del Bono, Weber and Winter-Ebmer|(2012) (-0.010,
insignificant) and |Huttunen and Kellokumpu| (2016) (-0.004, significant at 1%) for plant closures.

The effect sizes on employment probabilities and wages following the shocks are consistent
with previous studies. Our results show that employment probabilities decrease by approximately
23% in the first year and by 8 to 12% in years 2 to 5. These findings align closely with those
of [chino et al.| (2017), who report that plant closures in Austria reduce employment probabilities
by 27% in the first two years, with effects of 10 to 14% in years 3 to 10. Regarding wages, we
estimate a reduction of 10 to 15%, persisting for at least five years. For comparison, two seminal
papers using U.S. data find that displaced workers experience annual earnings losses of 25% per
year (Jacobson, Lal.onde and Sullivan, |19935) and 9% per year (Stevens, |1997).

6.4. Heterogeneity analysis

Our data are unique in that they include many potential dimensions of heterogeneity. We re-
estimate the anticipatory effects on subsamples of the data by six characteristics of women and firms:
wage (low vs. high wage), occupation (blue-collar vs. white-collar), children (having children vs.
childless), firm size (below vs. above 50 employees), development level of the county where they
live (less vs. more developed county), and 5-year age groups. Figure[§]shows anticipatory fertility
effects in year 0 across groups. Note that we run into sample size limitations, as we already started
out with a relatively small sample of women experiencing a layoff and we consider fertility, which
is a rare outcome. For the heterogeneity analysis, we further split the main sample into smaller
subsamples; thus, the estimates have large standard errors. Given limited statistical power in these
smaller subsamples, the heterogeneity estimates should be interpreted cautiously and are primarily
intended to show that the main effects are broadly similar across groups rather than to identify
meaningful differences between them. Indeed, Figure([§|shows that our main findings prevail across
subgroups, and the results are not driven by a specific subpopulation.

Figure 8] panel (a), compares anticipatory effects on pregnancies for mass layoffs and closures

across subsamples. We note that pregnancy effects are generally positive. In panel (b), showing

29



Downloaded from by guest on October 16, 2026. Copyright 2026

effects on births, we notice that effects for mass layofts are consistently larger and more likely to be
statistically significant than those for plant closures, which is in line with our preferred interpretation
of the main effect. In panel (c), point estimates of effects on abortions are more positive in closure
subsamples, but close to zero or even negative in mass layoft subsamples. None of the differences

across samples are statistically significant, however.

Figure 8: Anticipatory fertility effects in specific subgroups
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The graph displays point estimates and 95% confidence intervals for §; from Eq[2] Detailed
regression results, including the definitions of the subsamples, are provided in Tables[A.9and
Solid lines represent coefficient estimates for subgroups within our main sample of women aged
15-35, while dashed lines correspond to estimates for older age groups not included in our main
analysis.

Heterogeneity by age. While our main estimation sample includes women between 15 and 35
years old, here we investigate the heterogeneity of the anticipatory effect across age groups in a
wider age range, between ages 15 and 49. Figure [§] shows that neither mass layoffs nor closures
have anticipatory effects among women above age 40, after which getting pregnant becomes more

challenging. Furthermore, results in the lowest age category, between ages 15 and 24, are noisy, as
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very few women in our sample are in this age range because many are still attending school. For
mass layoffs, we find that both the pregnancy and birth effects are largest between ages 25 to 29 and
30 to 34, when getting pregnant quickly is typically possible, and when most women plan to have
children if they want to have any. Interestingly, for closures, the positive abortion effect is present
only between ages 25 and 29. One possible explanation is that women become more cautious about

having abortions after age 30.

7. Discussion of the possible channels and timing

We interpret the coefficient estimates in year 0 as women rationally reacting in anticipation of
the employment shock, taking into account the Hungarian institutional setting described in Section
2] In the case of mass layoffs, women can substantially decrease the probability of displacement
and avoid negative consequences for their careers by bringing births forward. In fact, recall that
while the employment of 33% of non-pregnant women ends in the mass layoff sample, the same
ratio for pregnant women is only 12%. The large positive effect on pregnancies indicates that the
increase in births occurs largely through deliberate decisions to conceive earlier.

In the case of closures, where job protection for pregnant women is not available, and eligibility
for generous maternity benefits depends on finding a new job in time, we do not find a significant
effect on births. Abortions increase, and pregnancies also rise. Both effects are only marginally
significant, so these patterns should be interpreted with caution. The increase in abortions is
nevertheless consistent with the idea that firm closure raises the expected cost of childbearing
through unemployment risk, loss of eligibility for high maternity benefits, and the absence of job
protection after maternity leave.

At the same time, the increase in pregnancies is somewhat surprising, as employment protection
during pregnancy is only available if the firm continues to operate. One possible explanation is
incomplete information, as discussed in Section [3} when women decide to become pregnant, they
may anticipate a mass layoff rather than a closure. Once it becomes clear that the firm will cease
operations, terminating the pregnancy may become the optimal response.

Alternative explanations for the increase in pregnancies include more free time prior to the
shock or increased risky behavior in response to uncertainty. However, we do not find strong
support for these mechanisms in the data. Figure [A.T1]shows no decline in working hours prior
to the shock, and pregnancy effects are not smaller among groups plausibly less prone to risky
behavior, such as white-collar or higher-wage workers, as shown in Figure [§]

According to the quarterly event study results (Figure[A.T3), the likely spread of negative infor-
mation (see Appendix [CI)), and our qualitative evidence (the liquidation commissioner interview),
one possible tentative scenario is as follows. Approximately 12 to 6 months before the closure,

negative news about the firm emerges. Women anticipate a mass layoff and are more likely to
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conceive. Within a time frame of 3 months (from 12 to 9 months before closure), roughly 60%
of women under 35 who desire a child can conceive@ Indeed, the increase in pregnancies is
concentrated among younger women, while no significant effects are observed among older age
groups, likely due to their lower conception success rates within this narrow time frame.

Later, the nature of the firm’s problems becomes clear, and once it becomes certain that the
firm will close, some women respond by choosing abortion, for which the entire procedure takes
6 to 10 working days. It cannot be determined from the data whether the women who respond
with abortion are the same as those who responded by becoming pregnant some months earlier.
However, previous literature shows that approximately 50% of pregnancies are unintended, and
about half of these end in abortion on average (Guttmacher, [2020). It is therefore possible that
some unintended pregnancies that were initially within the margin of being carried to term are

terminated following the news of the closure.

8. Robustness checks

In this section, we present evidence against alternative interpretations of our findings and
show that our main estimates of anticipatory fertility effects are robust to a number of alternative
specifications.

Our preferred interpretation of the difference in fertility responses to mass layofts and closures
is the different institutional settings associated with each shock. However, the result could also be
driven by differences in sample composition. To test this explanation, we run regressions similar
to the one specified in Equation [2| on the pooled sample of women affected by either shockEr]
This model controls for differences in observed characteristics between the two samples in a linear
regression framework. The results in Table show that the magnitude of the estimates for
the pooled sample is very similar to the main results, suggesting that compositional differences
between the two samples are not driving the differences in fertility responses. The conception
and birth effects of mass layoffs also retain their statistical significance in the pooled sample;
however, the closure-abortion estimates lose their significance. Thus, while their point estimates
remain comparable in magnitude, the reduced precision in this specification suggests again that the

closure-abortion effect should be interpreted cautiously.

30The average chance of natural conception each month is above 20% for women younger than 30 (ASRM, 2012),
and conception probabilities only start to drop fast after the late thirties (Dunson, Colombo and Baird, [2002).

31'We estimate the following equation on the pooled sample: Y;, = & +,8MlTl.Ml +BCZTI.C1 +v1 Year? + )/gYeartl’z’3 +
6{‘/”(71.”” X Year?) + 63’”(7}”” X Yeartl’z’s) + 61CI(TL.C1 X Year?) + 62Cl(Tl.Cl X Yeartl’2’3) +X!0 +1Cyearc; +uj;. A
modification compared to Equation [Z] is that, as we use pooled controls, we do not include exact matched set fixed
effects, and instead of the separately estimated propensity score, we include controls listed in the note of Table [A.TT]
To control for calendar time, we add calendar year dummies (Cyear;).
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We can also use the pooled model to explicitly test the difference in point estimates between
the two types of shocksP__ZI For pregnancies and births, anticipatory effects are larger in magnitude
in the case of mass layoffs, but not statistically different from the anticipatory effects of closures
(p=0.806 and p=0.109, respectively). Abortion effects are statistically significantly larger among
women affected by firm closures than among women affected by mass layoffs (p=0.043).

As a more flexible test for differences in the sample composition of women affected by either
layoff event, we use a reweighting strategy. In particular, we reweight individuals in the closure
sample such that the distribution of their observed characteristics is similar to the distribution of
observed characteristics in the mass layoff sample. We generate weights based on two sets of
observed variables, with and without firm characteristics. The reason is that closing firms are very
different from firms experiencing mass layoffs. First, we estimate the probability of being in the
closure sample using a logit model and the following individual characteristics (X;) measured in
event year -1: age, tenure, experience, 1-digit occupation, wage, and an indicator for receiving
child benefits. We predict probabilities Is(cli,, = 1|X;,-1) using this model and then re-estimate
equation on the closure sample, applying P(cli,, =1|Xi-1)/(1 = [A’(cll-,t = 1]Xi,-1)) as weights.
Models (1), (2), and (3) in Table[A.T12]show that the reweighting leaves the main point estimates,
especially for pregnancies, from Table 2] practically unchanged. But the reweighted estimates have
larger standard errors and we lose in terms of statistical power.

Second, we repeat the same exercise, but in addition to the individual predictors, we include
firm characteristics as well: size, log revenue, average wage, foreign ownership, firm age, and the
share of female employees of reproductive age. Models (4), (5), and (6) in Table [A.12] summarize
these results. Again we find simlar point estimates as in Table [2] but we cannot make statements
about statistical significance due to large standard errors.

Next, we show that the results are robust to variations in the empirical strategy. Figure [9]
summarizes the estimates of the anticipatory fertility effects across various robustness checks,
alongside the results from our main specification for comparison. The figure also includes the
reweighted results discussed above (labeled "Reweight closure 1" and "Reweight closure 2").
Detailed regression results for the robustness checks are provided in Table

As a first robustness check, we include older women (15-49 years old) in our sample as well.
While estimating the equation on all women of reproductive age increases statistical power, it also
means that we include many women in our sample for whom a pregnancy response is unlikely (see
the "Age 15-49" lines in Figure [9). Indeed, in this sample, the estimated anticipatory effects are
somewhat smaller in magnitude, but remain statistically significant and in the same direction as the

main results.

32Specifically, we estimate the pooled equation with the mass layoff sample as the reference category.
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Figure 9: Robustness checks
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Note: The graph depicts point estimates and 95% confidence intervals of 81 from Equation
estimated on different samples used in the robustness checks. The detailed regression results are
reported in Tables[A.13]

Our next robustness checks modify the details of the matching procedure. First, we use exact
matching on a maximum of four years of birth and abortion history in event years -1 to -5 when
defining the sample, to account for the small remaining pre-treatment differences in births and
abortions ("Fertility match" lines in Figure @)PE] This robustness check is important, as enforcing
similarity in all fertility variables during the pre-treatment period makes it more plausible that
parallel trends also hold post-treatment. We then modify the matching procedure by running it
without any caliper ("No caliper" lines in Figure [0) and with a stricter caliper ("Strict caliper"
lines in Figure [J) set at half the size used in the main specification. The choice of caliper in the
main analysis was subjective, aimed at minimizing economically significant differences between
the treatment and control groups while retaining a sufficiently large sample size; thus, we want

to ensure that the results remain robust under different caliper choices. Figure [9] shows that the

33For every woman, we can only use the available pre-treatment years.
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estimates from these specifications are qualitatively similar to our main results.

In further robustness checks, we re-estimate equation [2] on women with longer tenure (at least
36 months) to minimize the possibility that women are aware of the coming shocks at the time
they are hired ("Longer tenure" lines in Figure [9). We also show that the results remain when we
include only firms of at least size 50 ("Larger firms" lines in Figure[9). This restriction minimizes
the possibility that the measured employment reductions reflect voluntary separations rather than
layoffs. To further reinforce this point, we re-estimate our main specification using a stricter
definition of mass layoffs, requiring a 30% employment reduction instead of 20% ("30% layoft"
lines in Figure[9} for firm closures, we repeat the results of the main specification). The results are
very similar to our baseline estimates. In addition, we show that the effects are of similar magnitude
if we do not use sample weights in the regression ("No weights" lines in Figure[9) and if we only
include women for whom at least 3 pre-treatment and 3 post-treatment years are available ("More
pre-treatment years" lines in Figure [9).

The robustness checks confirm the markedly different responses in anticipation of the two types
of shocks. Regardless of specification, we find a large and statistically significant increase in births
before mass layoffs, no such increase before closures, and a large, albeit not always statistically

significant, increase in abortions before closures.

9. Conclusion

This paper investigates fertility responses to mass layoft and firm closure events using detailed
administrative data from Hungary that combine multiple registers. The data and research design
allow us to make novel contributions: we examine fertility responses in anticipation of firm-
level layoff events and provide micro-level evidence not just on births, but also on conceptions
and abortion rates. Using a stacked matched-control difference-in-differences approach, we find
significant fertility responses in anticipation of potential job losses, which vary depending on the
type of economic shock. Women employed at firms facing an impending mass layoff tend to bring
forward childbirth to benefit from dismissal protection during pregnancy and generous parental
leave benefits available to employed women. In contrast, women working at firms on the verge of
closure cannot take advantage of these policies and, as a result, face a substantial increase in the
cost of having a child. Consequently, we do not observe an increase in births before firm closures.
If anything, the number of abortions increases in the year preceding a firm closure (although this
effect is only marginally significant).

We further document that the fertility responses observed in anticipation of a layoff event are
quantitatively an order of magnitude larger than fertility responses in the years after the event. Our
estimates indicate small decreases in the number of births in the first three years after a firm closure,

which is in line with prior results from the literature, even though they are less precisely estimated.
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Our results also suggest a timing rather than an aggregate effect: women seem to bring forward
their pregnancies in response to mass layoffs. We also provide novel evidence showing that the
number of abortions does not increase in the years after a layoff event. While our point estimates
are not precise zeros, they are small and insignificant. Our findings thus suggest that abortions
respond more strongly to unexpected shocks than to permanent income losses.

Our study is not without limitations. We have a relatively small sample size due to the limited
time span covered by the Hungarian registers. Additionally, births and abortions are relatively rare
events, which makes empirical estimation challenging. Although our data capture these events with
high temporal precision, we are unable to leverage high-frequency data because such results tend to
be noisy. As a result, we rely on a difference-in-differences strategy with aggregated time periods.

Our findings highlight that the period of family planning is a particularly vulnerable time in a
woman’s career. To avoid precarious situations and safeguard a stable income, women are willing
to adjust the timing of planned pregnancies even at relatively short notice — in our case, within
the year leading up to a firm-level mass layoff event, once they become aware of problems at
their workplaces. More broadly, our results suggest that considerations about future employment
stability play an important role in fertility decisions, as the response to anticipated job loss is even
larger than the response to long-term income losses following actual displacement. In addition,
previous studies show that income loss is not the main channel through which job loss affects
fertility. While our results do not provide a causal evaluation of specific policies, we tentatively
conclude that policy measures aimed at protecting pregnant women and young mothers, such as
those promoted by ILO conventions, as well as policies improving women’s perceived long-term

labor market stability, could mitigate negative fertility consequences of economic shocks.
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