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ABSTRACT

IZA DP No. 16965 APRIL 2024

The Effect of Ukrainian Refugees on the 
Local Labour Markets: The Case of Czechia*

Following the Russian Federation’s invasion of Ukraine on 24th February 2022, over a quarter 

of the Ukrainian population became displaced, with many seeking refuge across Europe. 

Czechia emerged as a key destination, granting Temporary Protection to approximately 433 

thousand Ukrainians by the end of 2022, thus sheltering the highest per capita number 

of Ukrainian refugees worldwide. The swift enactment of the Lex Ukraine Act granted the 

refugees benefits typically reserved for permanent residents, such as unrestricted access to the 

labour market. This led to a notable increase in the number of Ukrainians officially employed 

and expanding Czechia’s workforce. Using individual micro-level data from sixteen waves of 

the Labour Force Sample Survey (LFSS), collected between the 1st quarter of 2019 and the 4th 

quarter of 2022, we examine the short-term impact of the influx of the Ukrainian refugees 

on the labour market outcomes of locals in Czechia. Using several empirical strategies, 

including a two-way fixed effects model (TWFE), extensions to the canonical difference in 

differences (DiD) estimator, and matching on selective characteristics of individuals/districts 

and pre-treatment trends, we find consistent evidence that the influx of refugees had no 

economically meaningful impact on employment, unemployment, or inactivity rates within 

the local population, regardless of gender, educational level, or industry, noting that we find 

small negative effects on employment and positive effects on unemployment in sectors that 

experienced the largest influx of workers. However, we treat these results with caution due 

to the small sample sizes. Most importantly, we find consistent evidence of an increase in 

weekly working hours among local females in treated districts. This increase is primarily driven 

by workers with secondary education employed in the most affected sectors.
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1 Introduction

Following the invasion of Ukraine by the Russian Federation on February 24th, 2022, over a quarter
of the Ukrainian population became displaced (IOM, 2023b; UNHCR, 2023). By December 2022,
the United Nations High Commissioner for Refugees reported that nearly 8 million individuals,
mainly women of working age and children, had sought refuge across Europe, with about 5 million
registering for Temporary Protection or equivalent national protection programs. This refugee crisis
is the largest in Europe since World War II, exceeding the displacement caused by the Yugoslav
Wars of the 1990s and the Syrian Civil War.1

Due to their geographical and cultural proximity, the Visegrad Group (V4) countries served as
a primary refuge.2 Czechia, in particular, emerged as a key destination for Ukrainians fleeing the
conflict (GLOBSEC, 2023). By the end of 2022, this mid-sized European country with 10.5 million
inhabitants granted Temporary Protection to approximately 433 thousand individuals.3 As a result,
Czechia shelters the highest per capita number of Ukrainian refugees worldwide.

Unlike other unexpected, large-scale migration waves instigated by wars or political upheavals,
the Ukrainian refugees almost immediately gained unrestricted access to the host countries’ labour
markets. In March 2022, the Czech government, alongside other EU nations, adopted the ’Lex
Ukraine Act’ (European Commission, 2022). This legislative framework temporarily extended
benefits, reserved for permanent residents, to Ukrainian citizens, their family members, and other
listed categories of individuals. Refugees were granted full access to the labour market, retraining
programmes, self-employment opportunities, and unemployment benefits, as well as access to
healthcare, education, and living allowances. As a result, by year’s end, there was a marked surge
in the official employment of Ukrainians, equating to nearly one-third of all registered refugees of
working age (18-65 years old).

In this paper, we explore the natural experiment of the sudden and forced influx of Ukrainian
refugees, which noticeably expanded Czechia’s workforce to assess the short-run impact on the
locals’ 4 labour market outcomes. Previous research has often leveraged large-scale migration waves
triggered by wars or political upheavals to assess the impact of the refugees on the workers in the
host countries.5 However, the decision of the Council of the European Union to activate temporary
protection and provide immediate labour market access for Ukrainian refugees stands in stark
contrast to the long wait times of several months or even years typically faced by refugees in the EU
before gaining such rights.6 This decision underscores the unique response to the 2022 Ukrainian

1The Yugoslav Wars in the 1990s resulted in approximately 2 million people fleeing Bosnia, 500 thousand from Croatia,
100 thousand from Serbia, and 30 thousand from Slovenia (USCRI, 1998). The Syrian Civil War displaced around 6.6 million
Syrians, with European countries hosting just over 1 million (UNHCR, 2023).

2Czechia, Hungary, Poland, and Slovakia.
3This count only includes individuals who secured Temporary Protection status; the actual number of refugees in Czechia

may be higher or lower.
4’Locals’ include both Czech nationals and foreign nationals with Czech residency status of 15 years or older, excluding

Ukrainian refugees. For definitions of terms such as ’locals’, ’refugees’, and ’diaspora’, see Appendix A.
5See, for example, Card (1990); Hunt (1992); Carrington and de Lima (1996); Friedberg (2001); Mansour (2010); Glitz (2012);

Maystadt and Verwimp (2014); Aydemir and Kırdar (2017); Ceritoğlu et al. (2017).
6In the EU, the duration for refugees to obtain the right to work has varied (ECRE, 2024); since March 2020, for example,

Germany’s general rule has been that asylum seekers in initial reception centers are not allowed to take up employment, with
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refugee crisis. The lengthy procedures refugees typically endure to access employment opportunities
make the influx of workers into the host country’s labour markets gradual and no longer exogenous.
Due to the ’Lex Ukraine Act’, this is not the case for Ukrainian refugees across Europe. A substantial
proportion of working-age Ukrainian refugees (18-65 years old) secured official employment by the
end of 2022, significantly bolstering the growth of Czechia’s workforce. However, the increase was
not homogeneous across districts, and we explore this geographical heterogeneity in the increase in
workforce size for our identification strategy.

We explore both the extensive margin, considering employment, unemployment or inactivity

statuses among the locals, and the intensive margin by looking at the weekly hours worked. We focus
on the impact of the employment surge in 2022 rather than on the overall increase in the Ukrainian
population or of Ukrainian employment on the labour market outcomes of locals over the entire
panel duration.

We specifically aim to isolate the effects attributable to the employment of Ukrainian refugees
only, distinct from the consequences of the Ukrainian diaspora already employed and/or residing
in Czechia prior to 2022. The refugees’ demographic profile—predominantly higher-educated and
female—differs markedly from that of the typical, less-educated, male Ukrainian migrants before 2022.
Merging these groups for analysis would obscure these differences and complicate our identification
strategy. Focusing on the surge in employment, rather than the general increase in the number of
residents due to the refugee influx allows us to address an interesting question: the implications
of granting refugees and immigrants immediate and unrestricted access to the labour market, a
topic of considerable current societal interest. Lastly, while data on refugees’ residence might be
compromised by individuals returning to Ukraine, relocating to other countries without deregistering,
or unreported stays, the legally mandated official employment figures offer greater degree of accuracy.

Our identification strategy unfolds in several steps. We start by defining ’treatment’ variables and
identifying districts with significant shifts in Ukrainian employment levels (relative to the districts’
labour market size) due to the 2022 refugee influx. Residents in these districts are considered treated,
receiving varying ’doses’ of treatment based on the intensity of these changes. We then implement
a static two-way fixed effects (TWFE) regression. Recognising its potential limitations, such as
the risk of not identifying the convex combination of individual treatment effects and the challenge
of capturing the dynamic effects of treatment in our complex setting, we turn to an alternative
estimator proposed by de Chaisemartin and d’Haultfoeuille (2024). This method, a variant of
the extended Difference-in-Difference (DID) estimator, enables the estimation of treatment effects
using non-binary, non-staggered treatments and allows dynamic/inter-temporal treatment effect
analysis. It also avoids making ’forbidden comparisons’ between treated and control individuals, thus
overcoming some TWFE regression limitations. We further introduce several extensions implemented
to the estimator, such as matching on relevant individual characteristics and on the pre-treatment
trends in the dependent variables.

Economic theory offers various predictions concerning the impact of a large-scale immigration

most adults facing a wait of 18 months, and up to 24 months in some Federal States (ECRE, 2023).
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event, such as the Ukrainian refugee influx. First, if we treat the labour force as homogeneous, the
standard competition framework suggests that an influx of immigrants might exert downward pressure
on wages due to the increased labour supply. If wages are sticky (perhaps due to union influences),
this can result in rising unemployment. Alternatively, when considering labour as heterogeneous,
outcomes depend on whether foreign workers are considered substitutes or complements of native
workers. Assuming most immigrants are either unskilled or find it challenging to transfer their skill
set to the new market, as with many prior migration waves and in line with the skill-cell approach,
skilled natives can be seen as complements to immigrant labour, while unskilled natives may find
themselves in more direct competition.

Empirical research often found little to no impact of immigration on the overall employment
or wages of locals (see, for example, Card (1990); Friedberg and Hunt (1995); Borjas et al. (1996);
Pischke and Velling (1997); Angrist and Kugler (2003); Card (2009)). However, when the analysis is
narrowed down to specific demographic groups, particularly those with demographics akin to the
immigrants, more pronounced yet varied effects have been observed. For example, adverse effects
of immigration have been pinpointed for local low-skilled males and minorities (see, for example,
Borjas (1994); Card (2001); Borjas (2003); Dustmann et al. (2005); Borjas and Katz (2007); Lemos
and Portes (2008); Ottaviano and Peri (2011); Nickell and Saleheen (2008)) or the influx of female
immigrant labour (providing affordable household services) has been linked to (re-)entering the
workforce among high potential female earners (see, for example, Cortés and Tessada (2011); Farre
et al. (2011); Cortés and Pan (2013)).

Our results are in line with the previous literature. Using microdata from sixteen waves of
the Labour Force Sample Survey (LFSS) in the Chech Republic, we find consistent evidence that
the influx of refugees had no economically meaningful impact on employment, unemployment, or
inactivity rates within the local population, regardless of gender, educational level, or industry.
When considering the most affected industries, we find small negative effects on employment and
positive effects on unemployment in sectors that experienced the largest influx of workers, noting
that due to the small sample sizes, we treat these results with caution. Most importantly, we find
consistent evidence of an increase in weekly working hours among local females in treated districts.
This increase is primarily driven by workers with secondary education.

We contribute to several strands of the literature. To our knowledge, we are the first to provide
a thorough analysis of the impact of the labour market on the most recent refugee crisis in Europe.
Since the Ukrainians were granted access to the labour market almost immediately after entry,
we contribute to the broader literature on the effects of immigration on the host country’s labour
market. We also document refugees’ settlement patterns consistent with the literature concerned
with the network effects and self-selection of immigrants (Hatton and Williamson, 1998; Woodruff
and Zenteno, 2007; Patel and Vella, 2013; Stuart and Taylor, 2021) .

Last but not least, the results of this paper are particularly important for policymakers. First,
our results clearly point to groups of workers that are vulnerable to the influx of foreign workers.
Second, with public attitudes increasingly polarised over past and future policies on integration &
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accommodation of refugees (including financial assistance to Ukrainian refugees) and future EU
accession.7, there is a pressing need for objective, data-driven insights into the effects of refugees’
active participation in labour markets. Understanding these effects, though still in the short run, is
important for enlarging the body of academic knowledge and informing effective policymaking.

The remainder of this paper is organised as follows. The next section provides background
information on the 2022 Ukrainian refugee influx, detailing the demographic characteristics of the
Ukrainian refugees, settlement patterns and workforce integration. Section 3 discusses the data and
descriptive statistics, while Section 4 outlines the identification strategy. Results and discussion are
presented in Section 5, followed by robustness checks in Section 6 and conclusions in Section 7.

2 Contextual Details & Economic Theory: Analysing Potential

Labour Market Responses

To grasp the economics behind the observed data patterns, we now discuss the Ukrainian refugee
influx into Czechia, exploring their settlement patterns, demographic profiles, and integration into
the labour market. We identify industries that saw a notable increase in refugee workers, alongside
those with a growing demand for local workers to accommodate the significant inflow of displaced
Ukrainians. With the relevant theory in mind, we also discuss the potential effects of the refugee
influx on the locals’ labour market outcomes, focusing on key indicators such as employment,
unemployment, inactivity probabilities, and weekly hours worked.

Demographic Characteristics of the Ukrainian Refugees. By 31 December 2022, Czechia had
welcomed approximately 433 thousand Ukrainian refugees (Figure 1) - predominantly working-age
women and children—a demographic profile distinct from the typical migration patterns common to
Czechia.8 As shown in Table 1, the age distribution of the Ukrainians who sought refuge in Czechia
largely mirrors that of the local population, with a notable divergence only in the group over 65 years
old (just 4% of refugees versus 20% of the locals). Approximately 64% of refugees were of working
age (18–65 years old), 69% of whom were women. This gender imbalance is mostly attributable to
Ukraine’s wartime regulations, which restricted many males of combat age from leaving the country.

7In Poland, a Pollster Research Institute survey shows increasing opposition to aiding Ukrainians, with 36% opposed and 26%
in support (Forsal, 2023). Another survey indicates a divided stance, with 49.1% in favor of aid but 39.4% viewing Ukrainians
negatively, some citing perceptions of a "demanding attitude" by refugees, and 14.5% believe Ukrainians have more rights
than Poles (DGP, 2023). EU-wide, Eurobarometer reveals a slight decline in support for Ukraine: 86% (down from 88%) back
humanitarian aid and 77% (down from 86%) support accepting war refugees (European Commission, 2023a,b). Regarding
Ukraine’s EU accession, 67% of Europeans endorse it, but support varies: high in Denmark (79%) and Portugal (88%), lower in
Germany (60%) and France (60%), and very low in Greece (43%), Hungary (50%), and Slovakia (50%)(European Commission,
2023a). Another survey confirms 63% overall support for Ukraine’s EU membership, with less enthusiasm in France (52%) and
Germany (49%)(GMF, 2023).

8From 2016 to 2021, approximately 57% of immigrants in Czechia were male, primarily from Ukraine, Slovakia, and Russia
(Ministry of the Interior, 2023). Most of these immigrants were labour migrants employed in manufacturing, as well as in
semi-skilled administrative and support service roles (Ministry of Labour and Social Affairs, 2023a). Until 2022, Czechia had
received fewer refugees than most EU countries, with only 1,046 by 2021 (Ministry of the Interior, 2022). This group comprised
largely younger males from the former Soviet Bloc and countries such as China, Syria, and Ukraine, who were escaping conflicts
and crises.
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Figure 1: Evolution of Ukrainian Immigrant and Refugee Registrations in Czechia

Note: This figure details the count of Ukrainian immigrants residing in Czechia, distinguishing between the total population and
those of working age (18-65 years). The noticeable uptick corresponds to the arrival of refugees. The plot was created by the
authors from data reported by the Ministry of the Interior (2023) of Czechia.

Table 1: Demographic Composition: Age and Gender of Ukrainian Refugees Compared to the Czech
Population

Note: This table compares the age and gender distribution between Ukrainian refugees in Czechia as of 31 December 2022 and
the Czech native population based on the 2021 Census. The table was created by the authors using data sourced from the
Ministry of the Interior (2023) and the 2021 Census (Czech Statistical Office, 2024b). Age categories have been harmonised to
ensure comparability.

Table 2: Demographic Composition: Educational attainment of Ukrainian Refugees Compared to the Czech
Population

Note: The table was created by the authors using 2021 Census data for Czechs (Czech Statistical Office, 2021) and Ukrainian
refugee education data from surveys conducted by (a) the Czech Ministry of Labour and Social Affairs (2022), (b) IOM (2023a),
and (c) UNHCR (2022). The latter two surveys, being non-representative, provide only indicative insights. Educational categories
were harmonised for comparability. For detailed information on these changes, including survey timings and sample sizes, refer
to the extended Table 8 in Appendix B.
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The refugees generally had higher educational attainment levels than the local Czech population
(Table 2). Depending on the source, the percentage of those with tertiary education was estimated
to be between 35% and 49% which is noticeably exceeding the 18% average rate among Czech locals.
While this gap was somewhat narrower in urban areas such as Prague and Brno-město, with local
tertiary rates at 34% and 32%, respectively, it became more pronounced in smaller, more peripheral
districts.

Given the majority of incoming refugees were educated, working-age women and proxying their
skills by educational attainment, as in Belot and Hatton (2012), there was a notable increase in
medium-to-highly skilled labour in Czechia’s labour market. Yet, the transferability of refugees’
human capital, especially in the short term, remains a challenge, often leading to underemployment,
as highlighted in past studies (see, for example, Borjas et al. (1996); Friedberg (2000); Bevelander and
Nielsen (2001); Schaafsma and Sweetman (2001); Weiss et al. (2003); Warman and Worswick (2004);
Aydemir and Skuterud (2005); Dustmann et al. (2005); Lemaitre and Liebig (2007); Lubotsky (2007);
Chiswick and Miller (2008); Borjas and Friedberg (2009); Chiswick and Miller (2010); Warman
(2010); Cohen-Goldner and Paserman (2011); Sharaf (2013)).

Settlement Patterns & Workforce Integration. The Ukrainian refugee influx led to a significant
expansion of Czechia’s population (and workforce). By the end of 2022, refugees constituted around
4% of Czechia’s residents, the highest per capita number of Ukrainian refugees globally. Notably,
each district saw at least a 1% increase in its working-age population (18–65 years old), with Tachov,
Plzeň-město, Prague, Cheb, Mladá Boleslav, and Karlovy Vary, among others, experiencing rises
from 7% to as much as 13% (see Figure 3a).

Due to the Lex Ukraine Act, 75 thousand Ukrainians secured formal employment by the end
of 2022, 79% of whom were women (Ministry of Labour and Social Affairs, 2023a). Another five
thousand obtained valid trade licenses, enabling entrepreneurial activities (Ministry of Industry and
Trade, 2023). Altogether, this increase in employment equated to nearly one-third of all registered
refugees of working age (18-65 years old).9 As soon as the end of March, nearly 97,120 Ukrainians
with temporary protection10 were working in the Czech Republic, with the highest number of workers
in the Central Bohemia Region (16,721), the Plzeň Region (14,514), and the South Moravia Region
(10,400).

Surveys by the Czech Ministry of Labour and Social Affairs showed that by the end of 2022,
around half of the economically active Ukrainian refugees had found local employment (Ministry
of Labour and Social Affairs, 2022). The employment patterns varied considerably on a district-
to-district basis (see Figure 3b). Districts like Tachov, Mladá Boleslav, and Prague saw marked
workforce increases, with every 3rd, 9th, and 10th employed individual being Ukrainian by year’s end,

9Employment data are reported by citizenship but not by the type of stay permit. Thus, we cannot assert with certainty
whether all Ukrainians who joined the Czech workforce in 2022 were refugees or part of the existing diaspora in the country
(re-)entering the workforce. However, considering that most Ukrainians in Czechia who relocated there before 2022 were already
employed, it’s highly probable that a very large majority are refugees.

10Upon arrival, Ukrainians were encouraged to apply for temporary protection status. The addresses provided on their
applications, along with any subsequent updates, have become the primary source for tracking their residential locations.
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respectively. In contrast, districts such as Chomutov or Děčín experienced minimal changes. We
explore this variation for our identification strategy.

There was also notable variation in employment patterns by gender and industry among refugees.
Female refugees primarily secured official employment in Administrative and Support Service
Activities (33%) and Manufacturing (29%), with smaller percentages in Accommodation and Food
Service Activities (8%), Transportation and Storage (7%), Wholesale and Retail Trade, and Repair
of Motor Vehicles and Motorcycles (7%). Male refugees predominantly joined Manufacturing and
Construction (31% each), with 19% in Administrative and Support Service Activities. They were
most often employed as product and equipment assemblers or helpers in construction, production
and transport or as stationary machine operators, noting that these industries were reporting labour
shortages (EURES, 2023).

Figure 2: Impact of Refugee Settlement and Employment by District in Czechia

Note: The plot was created by the authors using the data reported by the Ministry of the Interior (2023) and the Ministry of
Labour and Social Affairs (2023a) of Czechia. It delineates the central focus of the paper: the impact of Ukrainian refugees
securing official employment on the labour market outcomes for the local population (highlighted by the red dotted line).

Despite the favourable conditions on the Czech labour market—being among the tightest in the
EU, with an unemployment rate of just 2.22% in 2022, the lowest in the EU, and job vacancies
frequently outnumbering job seekers (for details see Appendix C)—many of the Ukrainian workers
took on roles that paid less and were below their qualifications compared to jobs they held in Ukraine.
This trend was especially true for highly educated refugees and women with only 49% and 29%,
respectively, finding jobs aligning with their qualifications. Most refugees, irrespective of their
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Figure 3: Geographical Distribution of Ukrainian Refugee Registrations and Employment in Czechia

(a) Settlement

(b) Employment

Note: Panel(a) maps the distribution of refugee settlements in Czech districts as of December 2022; Panel(b) illustrates the
increases in Ukrainian nationals’ employment (y-o-y change) by district as of December 2022. The plot was created by the
authors using the data reported by the Ministry of the Interior (2023)) and the Ministry of Labour and Social Affairs (2023a)) of
Czechia.
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qualifications, landed in low-wage manual or auxiliary positions.
Language barriers, identified as a key determinant for successful integration (Tip et al., 2019),

posed a significant challenge for Ukrainians. Depending on the source, between 60%-87% self-reported
as not able to speak English, and 69%-91% had no Czech skills (Ministry of Labour and Social
Affairs, 2022; UNHCR, 2022). However, Czech skills among adults increased throughout the year, as
reported in a follow-up study (Ministry of Labour and Social Affairs et al., 2023).

These challenges suggest that Ukrainian refugees often found themselves competing for roles
traditionally filled by locals with a lower educational background. In particular, local women with low
to medium education might compete with Ukrainian women, especially in sectors already dominated
by them. At the same time, an increase in the available labour force could make household services
more affordable, potentially motivating locals, especially those with household responsibilities and
high market salary expectations, to re-enter the labour market (Cortés and Tessada, 2011; Farre
et al., 2011; Cortés and Pan, 2013). The Czech labour market, with its low unemployment rates and
more job vacancies than seekers, might have cushioned any potential disruptions from the refugee
influx. The arrival of refugees could have even stimulated demand in certain sectors, influenced by
the reported needs of the refugees. Accommodation and Food Service Activities, Administrative and
Support Service Activities, Other Service Activities, Wholesale and Retail Trade; Repair of Motor
Vehicles and Motorcycles, Human Health and Social Work Activities, Education, and Transportation
and Storage sectors might have experienced increased demand potentially linked to the requirements
for essential services, such as healthcare and education for refugee families, and the need for basic
goods and services, reflecting the broader socio-economic impact of the refugee influx on the Czech
labour market.

3 Data and Descriptive Statistics

The primary source of individual micro-level data on the local labour force that we use is the Labour
Force Sample Survey (LFSS),11 compiled and published by the Czech Statistical Office (CZSO).
Administered quarterly across all 77 Czech districts, the LFSS is a rotating panel dataset where the
same individuals are surveyed for up to five sequential time periods. It is a nationally representative
dataset that employs a stratified two-stage cluster sampling design and boasts a large sample size,
providing us with detailed information on individuals’ socio-demographic characteristics (e.g., age,
education, marital status) and their labour market outcomes (e.g., employment status, employment
history, industry and occupation, hours worked, and unemployment duration).

We utilise data from sixteen consecutive waves of the LFSS, spanning from the 1st quarter of 2019
to the 4th quarter of 2022, and limit our analysis to locals aged 15 years and older. This results in a
sample of 682,757 observations across 77 districts, corresponding to 179,525 individuals.12 ’Locals’

11The Czech Statistical Office allows access to confidential statistical data for scientific research, as detailed in Section 17
‘Provision of confidential statistical data’ of Act No. 89/1995 relating to the State Statistical Service (Czech Statistical Office,
2023d).

12Due to a regulatory change implemented by the Czech Statistical Office (CZSO), unique identifiers (IDs) for individuals were
no longer disclosed in the third and fourth quarters of 2022. However, the methodology remained consistent, ensuring that the

10



include both Czech nationals and foreign nationals with Czech residency status of 15 years or older,
excluding Ukrainian refugees. For definitions of terms such as ’locals’, ’refugees’, ’diaspora’, as well
as the description of the variables used, see Appendix A.

Table 3: Descriptive Statistics

Note: The table reports mean values for labour market outcomes among locals (yi,d,t) and individual-level covariates (Xi,d,t),
based on Labour Force Survey Statistics (LFSS) data. The data are restricted to locals aged 15 years and older. Additionally,
the employment and demographic patterns among both the locals, Ukrainian refugees and diaspora data are sourced from the
Ministry of the Interior (2023), the Ministry of Labour and Social Affairs (2023a), and the Czech Statistical Office (2024a). Data
on local employment levels in the Czech Republic are available only for the year 2021, as they are derived from the recent 2021
population census.

In addition to the primary dataset, we compile several indicators capturing both local and foreign
employment levels, along with local demographic patterns. For statistics concerning Ukrainians
residing and/or working in the Czech Republic, including both refugees and the Ukrainian diaspora
present before 2022, we rely on aggregated district-level datasets provided by the Ministry of the
Interior (2023) and the Ministry of Labour and Social Affairs (2023a). Both ministries maintain

subset of individuals observed in Q3 and Q4 was the same as in Q2 and earlier. We recovered the panel structure of the data by
first using deterministic matching to identify unique pairs among individuals based solely on available time-invariant variables
such as the sequence number of the observation period, gender, year of birth, country of birth, and employment status from
all previously observed periods. This approach successfully matched around 67% of the observations in the third and fourth
quarter of 2022 to their corresponding observations from the previous quarter. For the remaining 33% of observations, where
duplicates existed due to individuals sharing the same time-invariant characteristics, we employed probabilistic matching. A
Random Forest model, highly suitable for this classification task, was used to calculate the likelihood of two individuals being a
match, allowing the incorporation of time-variant variables such as education level, marital status, and others. As a result, we
reliably matched the remaining observations, with only 0.8% of the observations unmatched in Q3 and 2.2% in Q4 2022. The
matching process is detailed in Appendix D.
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detailed records, updated monthly. Furthermore, we source demographic data on the working-age
Czech population (18-65 years old) and local employment levels by district, based on the 2021
census, from the public database of the Czech Statistical Office (2024a). Descriptive statistics for
key variables are reported in Table 3.

4 Identification Strategy

We explore the natural experiment of the sudden and forced influx of Ukrainian refugees, which
noticeably expanded Czechia’s workforce to assess the short-run impact on the locals’ labour market
outcomes. This expansion began in the 1st quarter of 2022 and continues to the present day. Thus,
with data available to us, we examine the short-term effects over one year following the onset of the
labour market shock, covering the period up to and including the 4th quarter of 2022.

We explore the pronounced variation in the influx of Ukrainians into the workforce across
Czech districts for our identification strategy. Our analysis of labour market outcomes among
locals considers both the extensive margin, examining statuses of employment, unemployment, or
inactivity, and the intensive margin, focusing on the weekly hours worked. Further, we differentiate
the estimated effects based on gender, educational attainment, and the country of origin of the Czech
residents (foreign-born versus Czech-born).

Our identification strategy unfolds in several steps, starting with defining the ’treatment’ variables
in Section 4.1. We identify districts experiencing significant increases or decreases in Ukrainian
employment levels due to the 2022 refugee influx and calculate the magnitude of these changes
relative to the labour market sizes of the districts. Residents in these districts are considered treated,
with varying intensities (doses) of treatment assigned to them. Subsequently, we implement a static
two-way fixed effects (TWFE) regression in Section 4.2. In Section 4.3, we address the self-selection
problem among refugees (also known as sorting gain), a common issue in migration research. We
analyse how our study is affected by this and other concerns, such as selection bias, and outline
steps taken to mitigate them. We further discuss the assumptions of the TWFE estimator in our
context and whether they are satisfied.

Recognising the potential limitations of TWFE regression, such as the risk of not identifying
the convex combination of individual treatment effects and the challenge of capturing the dynamic
effects of treatment in our complex setting, we explore an alternative in Section 4.4. We utilise the
estimators proposed by de Chaisemartin and d’Haultfoeuille (2024). This method, a variant of the
extended Difference-in-Difference (DID), enables the estimation of treatment effects using non-binary,
non-staggered treatments and allows dynamic/inter-temporal treatment effect analysis. It also avoids
making ’forbidden comparisons’ between treated and control individuals, thus overcoming some
TWFE regression limitations. This section also discusses the assumptions the estimator relies on,
testing strategies for these assumptions, and any further extensions implemented to the estimator,
such as matching on relevant individual characteristics and on the pre-treatment trends of the
dependent variables.
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4.1 Defining the Treatment Variables

To analyse the impact of the refugee influx, we identify Czech districts, and the locals within,
that experienced notable increases or decreases in Ukrainian employment levels throughout 2022,
compared to the ’usual’ levels observed among the Ukrainian diaspora, using 2021 as a baseline
for ’usual’ employment levels. We use 2021 as a baseline because Ukrainian employment levels had
returned to pre-COVID-19 figures (Czech Statistical Office, 2023c), providing a stable comparison
point. Treatment is assigned to locals at the district level, the most granular level at which the
Labour Force Survey Sample (LFSS) reports individuals’ residences and all districts are labeled as
’untreated’ before 2022 due to the absence of Ukrainian refugees.

As foreign employment data in Czechia is reported by citizenship without detailing the type of
stay permit, we can only infer that the employment surge from the first quarter of 2022 is mainly due
to the newly arrived refugees rather than established members of the Ukrainian diaspora entering
or re-entering employment. This assumption seems reasonable, given the high employment rate
(99%) among the Ukrainian diaspora with residence permits as of 31 December 2021. To address the
seasonal dip in foreign employment routinely observed in the 4th quarter of each year—likely due to
seasonal workers leaving employment at the end of the harvest season—, we set two benchmarks for
’usual’ Ukrainian employment levels: the average 2021 employment level of Ukrainians in Czechia by
district (d), as in (1) below; and the actual number of the employment of Ukrainians in Czechia in
the 4th quarter of 2021 by district (d), as in (2) below.

Employed Ukrainiansd,average in 2021 (1)

Employed Ukrainiansd, 4th quarter of 2021 (2)

Since the impact of an influx of, say, 10,000 foreign employees may vary between districts
depending on their labour market sizes, we normalise the treatment variable against each district’s
labour market size, employing two measures: the number of locals employed in 2021 by district (d),
as in (3) below; and the number of working-age locals (18-65 years old) by district (d), as in (4)
below.13

Employed Localsd, census 2021 (3)

Locals of Working Aged,t (4)

where t index districts and time (year: quarter).
The employment variable in (3), sourced from the 2021 census (Czech Statistical Office, 2021),

is anchored to the 2021 values, thus remaining static across time but varying by district. This
approach prevents contamination of the treatment variable by subsequent realisations of our outcome
variables in 2022, including employment status among locals, which could create a feedback loop.
Local employment levels in Czechia for 2021 were consistent with historical norms.14

13To prevent double-counting, the number of officially employed Ukrainians for (3) and the number of Ukrainians of working
age for (4) were subtracted from the total number of locals.

14Despite a dip in employment numbers in 2020—5,235 thousand, attributed to the COVID-19 pandemic—the 2021 figure
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However, as the census data was gathered in the first half of the year, typically reflecting slightly
lower employment levels due to seasonal variations, the inclusion of working-age locals (Czech
Statistical Office, 2024b) as a second proxy, as in (4), ensures the robustness of our analysis. Unlike
(3), the proxy in (4) varies both by quarter and across districts, ensuring it remains responsive to
demographic and labour market size changes without being compromised by subsequent realisations
of our outcome variables in 2022, unless significant migration of locals towards or away from impacted
by the refugees districts occurs. This scenario was investigated in Section 6, with no evidence found
to support it.

Therefore, we employ three variants of the treatment variables, detailed in (5), (6), and (7).
Each variant aims to capture the same phenomenon: significant increases or decreases in Ukrainian
employment levels during any of the four quarters of 2022 compared to the ’usual’ employment levels
of the Ukrainian diaspora, resulting from the refugee influx, all normalised by the labour market size
of each district.

TreatmentId,t =

8
>>>><

>>>>:

Employed Ukrainiansd,t � Employed Ukrainiansd, average in 2021

Employed Localsd, census 2021
if t � 2022

0 if t < 2022

(5)

or

TreatmentIId,t =

8
>>>><

>>>>:

Employed Ukrainiansd,t � Employed Ukrainiansd, 4th quarter of 2021

Employed Localsd, census 2021
if t � 2022

0 if t < 2022

(6)

or

TreatmentIIId,t =

8
>>>><

>>>>:

Employed Ukrainiansd,t � Employed Ukrainiansd, average in 2021

Locals of working age 18-65d,t
if t � 2022

0 if t < 2022

(7)

where d and t index districts and time, respectively. We round up the resulting values to the nearest
integer, making them discrete, which results in the treatment ’doses’ being assigned to individuals
residing within each district at each point in time. Each ’dose’ reflects a 1% change in Ukrainian
employment in district d at time t, such that t � 2022, relative to the ’usual’ level in the baseline
period t, where t 2

�
average in 2021, 4th quarter of 2021

 
, adjusted for each district’s labour market

size.
A significant proportion of locals resided in districts that received a positive treatment dose,

predominantly between 1% to 4% as documented in Figure 4. In addition, a subset of locals lived in

of 5,290 thousand aligns with pre-pandemic data from 2019 and 2018, which recorded 5,303 thousand and 5,293 thousand,
respectively, indicating a labour market recovery (Czech Statistical Office, 2022, 2021).
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districts that were unaffected by our treatment. There were also instances of negative treatment
doses observed in only one to three districts, depending on the treatment variable specification.
These negative doses are largely attributable to the departure of male Ukrainian immigrants.

Figure 4: Distribution of Treatment Doses I, II, and III in 2022

Note: This histogram, created by the authors using LFSS data, displays the counts of individuals receiving Treatment Doses I,
II, and III in 2022, covering the 1st to 4th quarters, respectively.

Dynamic Treatment Trajectories. The specification of the "treatment" variables results in a
complex design where treatment can turn on and off, fluctuate across time periods and turn on at
different time periods in different districts.
Dynamic Treatment Trajectories. The specification of the “treatment” variables results in a
complex design where treatment can turn on or off, fluctuate across time periods, and commence
at different times in various districts. Before 2022, all districts are set to a baseline ’Treatment’
level of zero. From 2022 onwards, districts exhibit varying treatment trajectories. Districts may
experience treatment doses that are either zero, negative, positive, or both. For example, as depicted
in Figure 5 for TreatmentI , Bruntál remains at zero treatment levels, serving as our control district
for all four quarters of 2022. In contrast, Blansko consistently receives a 1% positive treatment dose
starting from the 1st quarter of 2022. Treatment varies not only in intensity but also in timing; for
instance, Prerov’s treatment begins in the 2nd quarter of 2022, making it a control (not yet treated)
district for the 1st quarter. Treatment doses can also change over time, possibly reverting back to
zero after an initial change. Praha’s treatment doses increase over time, reaching 3% by the 2nd

quarter of 2022, while Pelhřimov received a positive treatment dose of 2% in the 1st quarter of 2022
before reverting back to the baseline level of zero. There are also districts like Pardubice, that after
an initial positive dose, experience negative treatment doses.

To introduce structure and assist in the identification for further analysis, we categorise districts
d for each quarter t as either ’control’, ’switchers in’, or ’switchers out’. See Table 9 in Appendix B
for treatment doses according to TreatmentI , TreatmentII , and TreatmentIII by districts and time.
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Districts with Positive Treatment Doses—Control. The ’control’ group refers to districts d

that, at quarter t, still have a level of treatment equal to the baseline (consistently zero in our case).

Districts with Positive Treatment Doses—Switchers In. ’Switchers in’ refers to districts d

where, at time F , the treatment level either increases for the first time from zero to some positive
value, or for the same district d in any subsequent periods t, t � F , given that the treatment level
remained greater than or equal to the baseline. For special cases of districts like Pardubice, which
initially experienced a treatment dose higher than the baseline (positive) and then subsequently
lower (negative), we only include (d, t) before the treatment changes from positive to negative
and vice versa. For Pardubice, this means that when estimating effects for the ’switchers in’, we
incorporate observations from the 1st quarter of 2022, categorising them as ’switchers in’, and then
exclude all observations from the following quarters. The rationale behind these exclusions is that
the interpretation of the weighted average of the treatment effects, resulting from both positive and
negative treatment doses, becomes ambiguous.

Districts with Negative Treatment—Switchers Out. ’Switchers out’ are the districts that have
ever experienced a negative treatment dose. Under this specification, all observations for districts
like Pardubice would be considered as ’switchers out’.

Figure 5: Visualisation of Treatment I: Treatment Trajectories for Selected Districts

Note: Variables TreatmentII and TreatmentIII are identical to TreatmentI by design; hence, we provide an example for
TreatmentI only.

4.2 Static Two-Way Fixed Effects (TWFE)

We begin with using the following static two-way fixed effects model:

yi,d,t = ↵+ �(Treatment
I or II or III)d,t + ✓0Xi,d,t + fi + ft + ✏i,d,t, (8)

where i, d, and t index individuals, districts, and time (year: quarter), respectively. The
dependent variable, yi,d,t, represents the labour market outcome of interest (employment, unemploy-
ment, inactivity,and weekly hours worked). The coefficients on the Treatment

I , Treatment
II or

Treatment
III variables �, are of primary interest. We always estimate the effects for ’Switchers
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in’ and ’Switchers out’ groups separately for each of the treatment variables.The model accounts
for individual fi and time-fixed effects ft, effectively minimising confounding risks by controlling
for individual-specific (but time-invariant) and time-specific (but individual-invariant) unobserved
confounders, assuming linear additive effects (Allison, 2009; Wooldridge, 2010).

Drawing on the richness of the LFSS data on locals, our analysis incorporates a range of individual-
level characteristics (X).15 Appendix A provides detailed descriptions of the control variables and
how they were calculated.

4.3 Assumptions, Limitations, and Biases of the TWFE Estimator

Refugees’ Self-Selection Patterns. In the absence of a randomised experiment, migration research
often encounters the self-selection problem (Borjas, 1987; Abowd and Freeman, 1991; Jaeger, 2007).
Immigrants with a higher inherent probability of employment, due to specific skill sets or motivation
to work, might choose districts with robust economies and a high demand for labour for settlement
or job-seeking. On the lookout for such so-called ’sorting gains’, Ukrainian refugees, who have the
freedom to settle in any district within Czechia, could preferentially select economically thriving
areas for settlement and employment, thereby contributing to the growth of foreign employment in
these areas rendering then as treated according to our identification strategy. The concentration of
established Ukrainian diasporas and refugee reception centres in these central areas may further
accentuate the issue of non-random settlement and employment among refugees, potentially making
direct comparisons of labour market outcomes of locals between districts with high to low changes
in Ukrainian employment levels biased.

Table 4: Matrix of Correlations Demonstrating Self-Selection Among Ukrainian Refugees

Note: Table created using data from the Ministry of the Interior (2023), the Ministry of Labour and Social Affairs (2023a), and
the Czech Statistical Office (2024a). The figures for 2021 and 2022 represent the monthly percentage of the district total for the
diaspora and employed diaspora in 2021, as well as refugees, calculated as a percentage of the district’s total.

Evidence of these concerns is visible in our adjusted data, showing a significant concentration
of refugees in a handful of economically vibrant regions, characterized by higher GDP per capita,
wages, and educational attainment levels (Czech Statistical Office, 2023a). Furthermore, refugee

15X includes: age category (15-19, 20-25, . . . , 60-65), gender, a dummy for being married, a dummy variable for having a
child(ren) younger than 15 years old, a dummy indicating that the individual was born abroad outside of Czechia, thus grouping
all foreigners together, both those who reside in Czechia and those who have already naturalized as Czech citizens, categorical
variable indicating education level (ISCED), a dummy variable indicating if the person is on pension or has disability status, and
a dummy variable for being part-time employed. Additionally, a categorical variable for the NACE-1 industries is used, but only
for the weekly hours worked dependent variable.
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distribution across districts positively correlates with the presence of active companies, large active
companies, and labour market tightness, while inversely relating to unemployment rates (see Table 4).
Strong correlation coefficients of 0.99 and 0.81 have also been observed between Ukrainians residing
and working in Czechia in 2021 (diaspora) and Ukrainian refugees residing and employed in 2021
by district. This high correlation across districts suggests that those with an established Ukrainian
presence were more attractive for refugee settlement and employment, aligning with prevailing
migration and network theories (Hatton and Williamson, 1998; Woodruff and Zenteno, 2007; Patel
and Vella, 2013; Stuart and Taylor, 2021). Supporting this finding, a 2022 UNHCR survey indicates
that 23% of respondents, the largest percentage of all, chose Czechia as their destination primarily
due to the presence of family or friends (UNHCR, 2022). Additionally, refugees may have found
employment more readily in these districts, even without personal diaspora connections, potentially
due to historical demand for foreign labour.

However, normalisation of our treatment variable(s) by the labour market sizes of each district, mit-
igates these concerns to an extent. To demonstrate this, we first calculate the Average Treatment

I,II, or III
d

to assign a singular value of treatment dose for each Treatment
I,II, or III
d for every district during

the post-refugee influx shock period (2022). This provides a constant average treatment dose for each
district, capturing the intensity level at which each district is treated in 2022. See Appendix E for
details on the Average Treatment doses calculations. We then limit our data sample to the pre-refugee
influx shock years (2019-2021) and regress Treatment

I,II, or III
d on the same individual-level charac-

teristics X used in the TWFE regression (8), in addition to several additional covariates Z—number
of employed locals, number of employed Ukrainians, number of active companies, number of active
large companies, labour market tightness, and unemployment rate—chosen to proxy the general
robustness of the local district economies and labour markets as well as the employed Ukrainian
diaspora patterns:

Average Treatment
I,II, or III
d = ↵+ ✓0Xi,d,t + 0Zd + ✏i,d,t, (9)

where i, d, and t index individuals, districts, and time, respectively.
As reported in Table 5, the results reveal no systematic statistically significant association

between the variables used to proxy the economic and labour market conditions (Z) of each district
for all three specifications of our treatment variables, both when these variables are the only ones the
regression controls for (columns 4–6) and when the individual characteristics (X) are also controlled
for (columns 7–9). Results suggest that the local economic and labour conditions in 2019-2021
do not predict the intensity of the average treatment each district received in 2022. However, the
same cannot be said for the individual characteristics (X), where marital status, foreign origin,
and part-time work show statistical significance. This indicates an imbalance regarding those
individual characteristics across non-treatment and treated districts in the years preceding 2022. We
further account for this in Section 4.4 by matching individuals based on their characteristics (X) to
circumvent this potential issue.
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Parallel Trends Assumption. While the economic and labour market condition indicators
presented in Table 5 provide some reassurance, we cannot definitively rule out the potential for
inherent differences between individuals in treated districts and their control counterparts. For
example, we observed that districts subject to more intensive treatment exhibited a higher prevalence
of part-time employment, foreign-born residents, and married individuals. To address this, the
TWFE regression controls for time-invariant and individual-specific selection biases, contingent upon
the ’Parallel Trends Assumption’. According to this assumption, the outcomes for treated and
control individuals would have followed a similar trajectory in the absence of treatment. Verifying
this assumption using TWFE regression alone in our setting is challenging; however, we address and
rigorously test it in Section 4.4.

Table 5: Correlation of Treatment Intensity with Local Socioeconomic and labour Market Factors

Note: Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.1. The table presents coefficient estimates of model 9 where the
dependent variable is Average TreatmentI reported in columns (1, 4, 7), Average TreatmentII in columns (2, 5, 8) and
Average TreatmentIII in columns (3, 6, 9) that is constant across time t but varies across districts d. Furthermore, columns
(1–3) report the estimates of the regression with covariates added for the individual-level characteristics X; columns (4–6) report
the estimates of the regression with covariates added for the district-level characteristics Z; and columns (7–9) report the
estimates of the regression when both X and Z are controlled for. Robust standard errors clustered at the district level are in
parentheses.
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Parallel Trends Assumption. While the economic and labour market condition indicators
presented in Table 5 provide some reassurance, we cannot definitively rule out the potential for
inherent differences between individuals in treated districts and their control counterparts. For
example, we observed that districts subject to more intensive treatment exhibited a higher prevalence
of part-time employment, foreign-born residents, and married individuals. To address this, the
TWFE regression controls for time-invariant and individual-specific selection biases, contingent upon
the ’Parallel Trends Assumption’. According to this assumption, the outcomes for treated and
control individuals would have followed a similar trajectory in the absence of treatment. Verifying
this assumption using TWFE regression alone in our setting is challenging; however, we address and
rigorously test it in Section 4.4.

No Anticipation Assumption. The ’No Anticipation’ is another crucial assumption of our
estimator. It posits that an individual’s current outcomes are not influenced by future treatments.
Identification problems arise when individuals can adjust their behaviour in anticipation of upcoming
treatments (Abbring and van den Berg, 2003; Malani and Reif, 2015). For instance, local Czechs
joining the labour force in advance of the refugee crisis to preempt foreign competition. However,
given the unexpected influx of Ukrainian refugees, concerns regarding this assumption are minimal.
While some individuals might have anticipated the conflict, it is unlikely that locals in Czechia would
have significantly altered their labour market behaviours in response.

Self-selection Among the Locals. The third concern is the potential for locals to self-select into
a treated or a control group, for example, by purposefully moving to a different district if they
expect to benefit from such an action. This would constitute a sorting gain and could also bias
our results. Yet, an analysis of local population movements in 2022 indicates no evidence of such
strategic migration. See Section 6.

Heterogeneous Treatment Effects across Individuals and Time. The last limitation of the
TWFE is its inflexibility under complex settings such as ours. The TWFE regression is often used
in empirical research as it is seen as analogous to the difference-in-differences (DID) estimator. The
canonical DID model, featuring two periods, a binary treatment variable, and distinct treatment and
control groups, allows for the identification of the average treatment effect on the treated (ATT),
provided it satisfies the key above-mentioned assumptions; and in this simple setting the ATT can
indeed be consistently estimated using the static TWFE regression.

In our case, however, the design of our treatment variable(s) complicates the setting beyond
the canonical DID model. Our treatment can turn on or off, fluctuate across time periods, and
commence at different times in various districts. Therefore, to ensure our TWFE regression remains
unbiased for the ATT in our setting, we must adhere to a stringent assumption: the treatment
effect must be constant across individuals and over time. This assumption effectively excludes the
possibility of heterogeneous treatment effects, which, as the currently rapidly expanding literature
indicates, is improbable in empirical applications.16 Utilising the test proposed by de Chaisemartin

16See for example, de Chaisemartin and d’Haultfoeuille (2020); Goodman-Bacon (2021); Imai and Kim (2021); Sun and
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and d’Haultfoeuille (2017), we evaluate the influence of negative weights on our treatment effects.17

The results suggest a potential bias in our Average Treatment on the Treated (ATT) estimates due
to negative weights, particularly in relation to weekly hours worked. See Appendix F for the results
and explanations of the testing procedure.

4.4 Estimating Heterogeneous Treatment Effects with Extended Difference-in-

Difference Estimators (DiD)

To address the limitations of the TWFE estimator, we adopt a heterogeneity-robust estimator
proposed by de Chaisemartin and d’Haultfoeuille (2024) which allows for non-binary, non-staggered
treatments and facilitates dynamic/inter-temporal treatment effect estimation, making it particularly
apt for our context (see Appendix F for details of estimation). Unlike the TWFE regression, this
estimator groups individuals in a way that avoids making ’forbidden comparisons,’ i.e., comparisons
between individuals who are both treated but start receiving treatment at different times. It estimates
the actual-versus-status-quo (AVSQ) effect for each treated individual, a variant of ATT.

The initial step involves deducing individual effects for each treated individual over all possible
periods. This process involves comparing the evolution of labour market outcomes between treated
individuals and a control group, before and after treatment, adjusting for individuals’ baseline
treatment levels and labour market outcomes. Subsequently, we aggregate these individual effects to
derive average effects for all treated individuals, considering variations in treatment intensity. This
aggregation is weighted by the number of individuals contributing to each period-specific estimate,
ensuring an accurate representation of average effects across the study population. Consequently, to
facilitate interpretation and comparison with traditional TWFE regression results, we normalise
the aggregated effects.18 To do it, we divide the estimated average effects by the difference between
the actual treatment dose received and the baseline treatment level (zero in our context), yielding a
normalised AVSQ (nAVSQ) effect, interpreted as the average total effect per unit of treatment.

Finally, to mitigate potential complications arising from the normalization of effects, we categorise
treated districts based on their treatment dose (for Average Treatment

I,II, or III
d as specified in

9), and calculate the AVSQ effect separately for each Average Treatment Dose — 1%, 2%, 3%,
� 4% — without normalization.

A crucial assumption for unbiasedness is the trends for the status-quo outcome, conditional on
the baseline treatment, are parallel. We test this assumption using placebo estimators proposed
by de Chaisemartin and d’Haultfoeuille (2024). These mimic the actual estimators and compare
the outcome evolutions of individuals i before their treatment changes for the first time with the
outcome evolution of their respective “control” individuals from the period. This test provides an
alternative to visually inspecting the pre-treatment outcomes.

However, the rotating nature of the panel limits us in how many pre-treatment quarters can be

Abraham (2021); de Chaisemartin and d’Haultfoeuille (2022); Borusyak et al. (2024), among others.
17Implemented with the Stata command “twowayfeweights”. For details, see de Chaisemartin et al. (2023a).
18All is implemented with the Stata command “did_multiplegt_dyn”. For details, see de Chaisemartin et al. (2023b).
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considered to test the parallel trend assumption. Overall, even if the placebos do not clearly indicate
a violation of the parallel-trends assumption, they may fail to detect violations of parallel trends
large enough to substantially bias the DIDl estimates (Roth, 2022). To minimise the chance of this
bias, we extend our baseline model by: (i) allowing for distinct trends across individuals through
exact matching on selected individual characteristics, (ii) allowing for distinct trends across Districts
through matching on pre-2022 trends of each variable of interest, and (iii) allowing for both distinct
trends across individuals and districts.

Allowing for Distinct Trends Across Individuals. Our first extension to the Difference-in-
Differences (DiD) estimator involves comparing outcomes between treated and untreated individuals
who share selected characteristics, employing the same range of individual-level characteristics (X)19

as in the TWFE (8) regression. This is akin to exact matching. With this extension, we relax the
parallel trends assumption, requiring it to hold within each subset of matched individuals based
on shared characteristics rather than universally across all populations. This means we expect the
evolution of outcomes—such as weekly hours worked or employment probability—to follow similar
trajectories for both treated and untreated individuals when they are matched by age group, gender,
marital status, parental status, education level, employment status, foreign status, and industry of
employment.

We employ exact matching that pairs individuals with identical observed characteristics due
to its stringent control over confounding variables and the substantial size of our sample. This
method ensures a like-for-like comparison between treated and control groups, thereby enhancing
the credibility of our causal inferences.

Allowing for Distinct Trends Across Districts. Allowing for distinct trends across individuals
enhance the reliability of our findings. However, despite matching individuals from treatment and
control districts based on characteristics, differences in socio-economic conditions could still influence
the variables of interest. For instance, identical demographic groups in different districts might
show divergent employment trends due to varying strengths of the local labour markets, potentially
leading to biased estimates. To address this, we estimate the seasonally adjusted trend for each
of the 77 districts within the Czech Republic separately. We utilise the LFSS data from the first
quarter of 2019 to the fourth quarter of 2021, covering the pre-treatment period. This method
involves calculating the slope of the variables of interest over time for each district, thus accounting
for district-specific temporal trends and controlling for seasonal effects. The slopes are determined by
regressing the time variable and season dummies against the variables of interest, with the coefficient
value for the time variable serving as our approximation of the slope. Given the continuous nature
of this variable, we convert it into a categorical variable through a ’scaled discretisation’ process.

19X includes: age category (15-19, 20-25, . . . , 60-65), gender, a dummy for being married, a dummy variable for having a
child(ren) younger than 15 years old, a dummy indicating that the individual was born abroad outside of Czechia, thus grouping
all foreigners together, both those who reside in Czechia and those who have already naturalized as Czech citizens, categorical
variable indicating education level (ISCED), a dummy variable indicating if the person is on pension or has disability status, and
a dummy variable for being part-time employed. Additionally, categorical variable for the NACE-1 industries is used, but only
for the weekly hours worked dependent variable.
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This involves multiplying the continuous variable by a selected factor and rounding the result to
the nearest integer to form a categorical variable. We then match control and treated districts
that demonstrated a similar trend for the variables of interest before 2022 using the newly created
categorical variable.

Choosing a ’scaled discretisation’ approach over decimal grouping preserves the inherent variability
of our data, enhances the precision of our categorisation, and improves compatibility with the
matching algorithms used in further analyses. By multiplying the continuous variable by a factor
and rounding to the nearest integer, we maintain more detailed information within each category.
This granularity aids in more accurate matching between treated and control groups, allowing for
finer distinctions between different levels of the variable. Additionally, this method prevents the
arbitrary cutoffs associated with decimal grouping, ensuring that the discretised categories more
closely mirror the original data distribution.

Moreover, recognizing that aggregate trends might mask subgroup-specific dynamics, we also
calculate the pre-2022 trends separately for each subgroup within the districts, defined by (i) gender,
education level, and (ii) gender, industry of employment according to NACE level 1. This ensures
our analysis accounts for socio-economic factors that might affect specific groups differently.

This extension ensures comparisons are made only between comparable groups, minimizing
potential bias. A more detailed account of the trend calculation and categorization process is
available in Appendix G.

Allowing for Distinct Trends Across Individuals and Districts. Finally, we incorporate the
mix of the two extensions in our DID estimation. We estimate the treatment effects while matching
on both the individual characteristics (X) as well as the generated pre-2022 trends for each variable
of interest. Thus, we allow for distinct trends across individuals and districts.

5 Results

Throughout the results section, we report results from all the models outlined in Section 4. TWFE(2)
is our preferred specification for the Two-Way Fixed Effects specifications as it accounts for individual
and time-fixed effects and controls for individual characteristics. DiD(4) is our preferred specification
for the Difference-in-Differences model, as it mirrors TWFE(2) by controlling for individual and
time-fixed effects, with the added benefit of matching identical individual characteristics. We
further validate our results using the DiD(7, 8, 10*) models, which extend the matching criteria to
include both the individual characteristics and district-specific (DID(7)), or district-, gender-, and
education-specific (DID(8)), or district- and industry-specific (DID(10*) pre-treatment trends of
the dependent variable, while being mindful of the reduction in our sample size resulting from the
extensive matching criteria.

Each figure reports the average treatment effects on the treated (ATTs), as estimated by the
TWFE model in Section 4.2 (columns 1-2), alongside normalised actual-versus-status-quo (nAVSQ)
effects, calculated by the extended DiD model in Section 4.4 (columns 3-10*), for TreatmentI ,
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Figure 6: Positive Treatment Doses—Probability of Inactivity by Gender

(a) Females

(b) Males

Note: Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, confidence intervals and
observation counts for ATT and nAVSQ across TWFE model in Section 4.2 (columns 1-2) and the expanded DiD model in
Section 4.4 (columns 3-8) for Treatment I, II, and III. TWFE models control for: individual and time-fixed effects (TWFE(1)),
in addition to individual-level characteristics (TWFE(2)). DiD models control for: individual and time-fixed effects (DID(3)),
in addition to matching on the (X) individual characteristics (DID(4)), or matching on district-specific (DID(5)), or district-,
gender-, and education-specific (DID(6)) pre-treatment trends of the dependent variable. Models DID(7 and 8) match on both
the (X) individual characteristics and pre-treatment trends as in DID(5 and 6), respectively. Robust standard errors are clustered
at the district level. For columns (3-8), the p-values were calculated using the standard normal distribution.

TreatmentII and TreatmentIII , noting that the full set of results are presented in Appendix B.20

Since the number of districts experiencing negative treatment doses is very small, we focus on
districts experiencing positive treatment doses only in our discussion.21

Probability of Unemployment & Inactivity. We start our analysis by looking at how the sudden
and large influx of workers affected unemployment and inactivity among local workers. Results
are presented in Figures 7 and 6 and show no significant correlation between treatment doses and
unemployment or inactivity probabilities for male and female workers.

To assess the robustness of our results for the DiD estimates, we test the parallel trends assumption
with placebo estimators. These placebo tests are designed to assess whether the treatment and

20Assuming the underlying assumptions for each estimator are met, the reported coefficients can be interpreted as an average
total effect per unit of treatment—a.k.a, the short-term effects of 1% increase in officially employed Ukrainians relative to the
local labour market size on labour market outcomes of Czech locals.

21Negative treatment doses were observed in one to three districts—Pardubice, Praha-východ, and Praha-západ—depending
on the treatment variable specification. These doses are largely attributable to the departure of male Ukrainian immigrants.
Results concerning these districts are available upon request.

24



Figure 7: Positive Treatment Doses—Probability of Unemployment by Gender

(a) Females

(b) Males

Note: Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, confidence intervals and
observation counts for ATT and nAVSQ across TWFE model in Section 4.2 (columns 1-2) and the expanded DiD model in
Section 4.4 (columns 3-8) for Treatment I, II, and III. TWFE models control for: individual and time-fixed effects (TWFE(1)),
in addition to individual-level characteristics (TWFE(2)). DiD models control for: individual and time-fixed effects (DID(3)),
in addition to matching on the (X) individual characteristics (DID(4)), or matching on district-specific (DID(5)), or district-,
gender-, and education-specific (DID(6)) pre-treatment trends of the dependent variable. Models DID(7 and 8) match on both
the (X) individual characteristics and pre-treatment trends as in DID(5 and 6), respectively. Robust standard errors are clustered
at the district level. For columns (3-8), the p-values were calculated using the standard normal distribution.

control groups were following a similar trend before the intervention, which is critical for the DiD
method’s validity. The p-value from these tests measures the likelihood that any observed pre-
treatment differences between the groups occurred by chance. Parallel trends tests with placebo
estimators yield average p-values of 0.7 (unemployment) and 0.5 (inactivity) for women, and 0.8
and 0.4, respectively, for men, detailed in Tables 11 and 12. Notably, none of the estimates reached
statistical significance, with all p-values exceeding 0.1. Average p-values greater than 0.1 among
placebo estimators suggest a significant probability that any observed differences during placebo
periods are due to random variation. This supports the core DiD assumptions of parallel trends and
the absence of anticipation effects, thus validating our empirical approach.

Moreover, by including all three variations of the treatment variable, we significantly enhance
the robustness of our findings. Treatments I and II typically show minimal differences in estimated
effects, instilling confidence in the method employed to quantify Ukrainian employment within
Czechia. Treatment III often produces larger coefficients, either more positive or more negative,
depending on the variable of interest, but generally aligns in sign with the other two treatments.
This difference arises because it uses the number of working-age individuals as a proxy for the size
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Figure 8: Positive Treatment Doses—Probability of Employment by Gender

(a) Females

(b) Males

Note: Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, confidence intervals and
observation counts for ATT and nAVSQ across TWFE model in Section 4.2 (columns 1-2) and the expanded DiD model in
Section 4.4 (columns 3-8) for Treatment I, II, and III. TWFE models control for: individual and time-fixed effects (TWFE(1)),
in addition to individual-level characteristics (TWFE(2)). DiD models control for: individual and time-fixed effects (DID(3)),
in addition to matching on the (X) individual characteristics (DID(4)), or matching on district-specific (DID(5)), or district-,
gender-, and education-specific (DID(6)) pre-treatment trends of the dependent variable. Models DID(7 and 8) match on both
the (X) individual characteristics and pre-treatment trends as in DID(5 and 6), respectively. Robust standard errors are clustered
at the district level. For columns (3-8), the p-values were calculated using the standard normal distribution.

of the labour market in each district, contrasting with the other treatments that utilise the number
of currently employed locals. Consequently, the treatment variable is normalised against this larger
base to calculate treatment doses, leading to inherently more modest doses than those derived from
the other two treatments. Thus, when translating the estimated actual-versus-status-quo (AVSQ)
effects for the DiD into normalised actual-versus-status-quo (nAVSQ) effects reported herein—by
dividing the average estimated effects by the treatment dose in each treated period—the nAVSQ
values turn out to be larger.

Further examination by education level (shown in Figures 14 and 15 in Appendix B), found no
significant effects, indicating that a 1% rise in officially employed Ukrainians does not affect the
unemployment or inactivity rates of Czech men and women.

Probability of Employment. Next, we consider employment among local workers. Similarly to
unemployment, we find no consistently significant effects of the influx of Ukraininan refugees and
employment probabilities for local workers (Figure 8). Treatment III showed a weak (but positive)
statistically significant effect for females in the DiD(3-7) models. However, without corroboration
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from other specifications, we refrain from drawing significant conclusions from this result. Testing the
parallel trends assumption with placebo estimators yielded average p-values of 0.3 for both genders,
detailed in Tables 11 and 12. This supports our Difference-in-Differences (DiD) assumptions and
validates our methodology. Further analysis by education level (reported in Figure 13 in Appendix B),
did not reveal any significant hidden impacts, suggesting that a 1% increase in officially employed
Ukrainians has no noticeable short-term effect on the average employment probability of Czech
locals.

Figure 9: Positive Treatment Doses—Probability of Employment by Gender & Most Affected Industries

(a) Treatment I: Female (b) Treatment I: Male

Note: Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, the ’minimum to
maximum’ values for each model specification, and confidence intervals for ATT and nAVSQ across TWFE model in Section 4.2
(columns 1-2) and the expanded DiD model in Section 4.4 (columns 3-4) for Treatment I, II, and III. The sample is limited to
locals employed in industries such as Manufacturing (C), Construction (F), Wholesale and Retail Trade (G), Transportation
and Storage (H), Accommodation and Food Service Activities (I), and Administrative and Support Service Activities (N), or
those not employed. TWFE models control for: individual and time-fixed effects (TWFE(1)), in addition to individual-level
characteristics (TWFE(2)). DiD models control for: individual and time-fixed effects (DID(3)), in addition to matching on
the (X) individual characteristics (DID(4)). Robust standard errors are clustered at the district level. For columns (3-4), the
p-values were calculated using the standard normal distribution.

When examining sectors most impacted by the refugee influx,22 the trend among females remains
consistent with previous results. However, for local male workers, the DiD(4) estimator indicated
a potential decrease in employment probability. A sector-specific analysis revealed that this effect
is entirely due to a small (-0.003), but significant, decrease in employment probability in the
manufacturing sector, noting that the sample size is small.23 Notably, one-third of all male and some
female refugees have secured employment in this sector suggesting that, at least in the short-run,
workers in most affected sectors may have faced a direct competition from Ukrainian refugees.

Weekly Hours Worked. Our results along the extensive margin show no effect of Ukrainian
refugees on local workers. Next, we turn to the intensive margin and consider weekly working hours.
Figure 10 summarizes the results and shows a statistically significant positive correlation between
the treatment doses and the weekly hours worked by both Czech women and men, implying that a

22The sectors with the highest refugee employment are: N-Administrative and Support Service Activities (30%), C-
Manufacturing (29%), H-Transportation and Storage (7%), I-Accommodation and Food Service Activities (7%), G-Wholesale
and Retail Trade (6%), and F-Construction (6%).

23Detailed results are available upon request.
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1% increase in officially employed Ukrainians relative to the local labour market size of each district
has a short-term positive effect on the weekly hours worked by locals.

While for females, the coefficients are significant across all models, reinforcing the reliability
of the observed treatment effects, for male workers, the significance in DiD models diminishes
after controlling for individual characteristics, district-specific factors, and pre-treatment trends
specific to district, gender, education, or industry. This suggests that the initial treatment effects for
males may be confounded by pre-existing trends, casting doubt on the treatment’s actual impact
on them. Even though the extensions to the baseline DiD(3) model come at the cost of a loss
in observations—ranging from 0.7% to 65.4% for females and 0.4% to 62.5% for males, especially
notable in the extensions where moth matching on individual characteristics as well as pre-treatment
trends are applied—they substantially bolster the robustness of our findings. Parallel trend tests
with placebo estimators yield an average p-value of 0.6 for females and 0.5 for males for all DiD
estimates, as detailed in Table 10.

Figure 10: Positive Treatment Doses—Weekly Hours Worked by Gender

(a) Females

(b) Males

Note: Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, confidence intervals and
observation counts for ATT and nAVSQ across TWFE model in Section 4.2 (columns 1-2) and the expanded DiD model in
Section 4.4 (columns 3-10*) for Treatment I, II, and III. TWFE models control for: individual and time-fixed effects (TWFE(1)),
in addition to individual-level characteristics (TWFE(2)). DiD models control for: individual and time-fixed effects (DID(3)),
in addition to matching on the (X) individual characteristics (DID(4)), or matching on district-specific (DID(5)), or district-,
gender-, and education-specific (DID(6)), or district- and industry-specific (DID(9*) pre-treatment trends of the dependent
variable. Models DID(7, 8, and 10*) match on both the (X) individual characteristics and pre-treatment trends as in DID(5, 6,
9*), respectively. Robust standard errors are clustered at the district level. For columns (3-10*), the p-values were calculated
using the standard normal distribution.
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The economic significance of the identified effects can be better understood by examining the
relative increases against the backdrop of the average working hours in 2021. For males, the analysis
based on the TWFE(2) model, suggests a slight increase in weekly hours worked, ranging from
0.07% to 0.14%, compared to the average of 40.5 hours worked the previous year. This is equivalent
to an additional 0.03 to 0.06 hours (or approximately 1.8 to 3.6 minutes) per week. For females,
the estimated increase is marginally higher, ranging from 0.05% to 0.18% relative to their average
workweek of 38.0 hours in 2021, which translates to an additional 0.02 to 0.07 hours (or roughly 1.2
to 4.2 minutes) weekly.

The preferred DiD(4) model specification estimates reveal a more sizable effect for men and
women. Men experience an increase in weekly work hours by 0.22% to 0.54%, corresponding to an
increase of 0.09 to 0.22 hours (or 5.4 to 13.2 minutes). For females, the impact is a 0.37% to 0.45%
rise relative to their usual work hours in 2021, leading to 0.14 to 0.17 additional hours (or 8.4 to 10.2
minutes) per week. Interestingly, introducing the extended DiD(7, 8, 10*) models further magnifies
the effect estimated for females, indicating a 0.32% up to a 0.62% increase in weekly hours worked.24

Individually, these increases amount to a relatively modest change in weekly working hours. The
larger effects observed in the DiD model, compared to the TWFE, can be attributed to the DiD
model’s ability to capture dynamic treatment effects over time. In aggregate terms, though, even
small percentage increases in average weekly hours worked can accumulate to a substantial impact
across the workforce. These incremental changes at the individual level may suggest a non-trivial
enhancement in overall labour supply (along the intensive margin), potentially reflecting shifts in
labour market dynamics and productivity.

Further analysis, disaggregated by education level as depicted in Figure 11, reveals that locals
with secondary education are primarily driving the gains in weekly hours worked. Consistent
with the previous discussion, results across all model specifications are more robust for females,
with coefficients remaining significant in both TWFE and extended DiD models and increasing in
magnitude compared to prior results. The estimated increase in hours worked ranges from 0.03 to
0.08 hours (1.8 to 4.8 minutes weekly) for TWFE(2), to 0.15 to 0.19 hours (9 to 11.4 minutes per
week) for DiD(4). With the DiD(7, 8, 10*) extensions, these figures grow further to 0.15 to 0.26
hours, or 9 to 15.6 minutes weekly. The results are less conclusive for male workers, echoing previous
findings.

The concentration of positive effects within the secondary education bracket likely reflects the
nature of the jobs Ukrainian refugees are taking or the specific demands of the Czech labour market.
Individuals with secondary education may occupy roles that complement the positions filled by
the incoming workforce, leading to an increase in their hours due to either increased demand or
collabourative opportunities. These observed effects can also be directly linked to the profile of the

24It is interesting to note that TWFE consistently reports larger coefficients than DiD. This difference arises because TWFE
incorporates all the data available before the treatment from 2019 to 2021. This period includes the year 2020 and sometimes
also the first quarter of 2021, when there was a slight decrease in hours worked, employment rate, and participation rate. By
including this data, the resulting coefficients for treatment effects are lower than those derived using DiD, which only considers
the single period before the treatment begins. It might also result from the potential bias in our ATT estimates due to the
influence of negative weights on the treatment effects (non-convex combination of the effects) that we tested for in Appendix F.
Our tests revealed that, in our case, the TWFE model indeed appears to be affected by this issue.
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Figure 11: Positive Treatment Doses—Weekly Hours Worked by Gender & Education Level

(a) Female (b) Male

Note: Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, the ’minimum to
maximum’ values for each model specification, and confidence intervals for ATT and nAVSQ across TWFE model in Section 4.2
(column 2) and the expanded DiD model in Section 4.4 (columns 3-10*) for Treatment I, II, and III. TWFE models control for:
individual and time-fixed effects in addition to individual-level characteristics (TWFE(2)). DiD models control for: individual
and time-fixed effects (DID(3)), in addition to matching on the (X) individual characteristics (DID(4)), or matching on both the
(X) individual characteristics and district-specific (DID(7)), or district-, gender-, and education-specific (DID(8)), or district-
and industry-specific (DID(10*) pre-treatment trends of the dependent variable. Robust standard errors are clustered at the
district level. For columns (3-10*), the p-values were calculated using the standard normal distribution.

Ukrainian refugee population. Most refugees are female, many of whom are highly educated but face
language barriers and unfamiliarity with the Czech labour market. These challenges may lead them
to accept jobs requiring secondary or lower levels of education.

Lastly, to ascertain whether the observed increase in working hours across the general population
was directly attributable to refugees entering the workforce, we focused our analysis on Czech locals
employed in sectors most impacted by the refugee influx. Consistently with previous results, we
find consistent patterns among local female workers and not for local male workers. Our findings,
reported in Figure 12, indicate that these sectors experienced significant increases in working hours,
particularly among females, across all models. This trend underscores the sector-specific impact of
the refugee influx, closely aligned with industries traditionally dominated by, or more adaptable to,
female employment. The predominance of female refugees, coupled with their linguistic challenges
and unfamiliarity with the Czech labour market, has likely driven this trend, as these individuals
typically find employment in sectors facing labour shortages or those more open to new workforce
entrants.

Foreign-Born Individuals in Czechia. So far, we have focused on the effects on all local workers
in the Czech Republic. However, our analysis reveals (in line with the literature) that the influx
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Figure 12: Positive Treatment Doses—Weekly Hours Worked by Gender & Most Affected Industries

(a) Treatment I: Female (b) Treatment I: Male

Note: Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, the ’minimum to
maximum’ values for each model specification, and confidence intervals for ATT and nAVSQ across TWFE model in Section 4.2
(columns 1-2) and the expanded DiD model in Section 4.4 (columns 3-4) for Treatment I, II, and III. The sample is limited to
locals employed in industries such as Manufacturing (C), Construction (F), Wholesale and Retail Trade (G), Transportation
and Storage (H), Accommodation and Food Service Activities (I), and Administrative and Support Service Activities (N), or
those not employed. TWFE models control for: individual and time-fixed effects (TWFE(1)), in addition to individual-level
characteristics (TWFE(2)). DiD models control for: individual and time-fixed effects (DID(3)), in addition to matching on
the (X) individual characteristics (DID(4)). Robust standard errors are clustered at the district level. For columns (3-4), the
p-values were calculated using the standard normal distribution.

of refugees has a heterogenous effect on the local labour force, suggesting that certain workers
might be more vulnerable to the influx (such as workers in most affected sectors or that match the
demographics of the incoming workers). One potentially vulnerable group is foreign-born workers
already residing in the host country. We estimate the models for foreign-born workers only and we
find some evidence supporting this conjecture. As summarized in Figure 16, while the TWFE(2)
model identifies no significant effects, the DiD (3, 4) models indicate a slight decrease in employment
probability for foreign-born individuals, from -0.009 to -0.014, and an increase in unemployment
probability from 0.011 to 0.016, following a 1% increase in officially employed Ukrainians.25

These results suggest that the influx of Ukrainian refugees negatively affected the employment
rates and positively the unemployment rates for foreign-born residents in the short term. However,
given that foreign-born individuals represent only about 0.04% of our dataset, these findings must
be approached with caution as the limited sample size restricts the strength of our conclusions and
underscores the importance of conducting further research with a more extensive dataset.

6 Robustness Check

To ensure robustness of our results and address potential issues from effect normalisation, we cate-
gorised treated districts based on their Average Treatment

I,II, or III
d doses. We then calculated the

AVSQ effect for each Average Treatment Dose — 1%, 2%, 3%, � 4% — without normalization.
Additionally, as the treatment period progressed from the 1st to the 4th quarter of 2022, fewer

districts remained as controls. This reduction might have hindered our ability to identify significant
25We find no significant results for weekly hours worked.
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effects, given the insufficient number of observations to serve as controls later in the year. To
address this, we designated districts experiencing 0% to 1% treatment as ’controls’, recalculated the
Average Treatment Dose labelling them ’adjusted and re-estimated the results.

As depicted in Figures 18—25 in Appendix B, consistently with the results in the main analysis,
among female and male workers the coefficients for the probability of employment remain insignificant
and the coefficients for weekly working hours follow the same pattern, in terms of sign and significance,
although the magnitude is somewhat smaller. We find some evidence of statistically significant
increase in the probabilities of unemployment and inactivity, however, the results are not consistent
throughout the different model specifications and the economic magnitude is very small.

We also acknowledge that the the identified effects of the treatment on labour market outcomes
for locals might have been distorted by secondary effects, primarily due to the potential movement of
locals away from the most affected districts. To adress this point, we regress the net migration figures
(change between 2021 and 2022) by district on the Average Treatment

I,II, or III
d . As shown in

Table 6 all of the coefficients are positive andnot statistically significant suggesting that the districts
have been experiencing stable net migration similar to that in the 2021-2022 period in the previous
years as well. Therefore, we see no conclusive patterns of abnormal population movement in or out
of the treated districts.

Table 6: Local Population Movements Analysis

Note: Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.1. The table presents coefficient estimates and the corresponding
standard errors in parentheses. The dependent variables are Net Migration in Czechia reported in columns (1-3) and Net
Migration among females in Czechia reported in columns (4-6). Data sourced from the (Czech Statistical Office, 2023b).

7 Conclusions

In this paper, we explore the natural experiment of the sudden and forced influx of Ukrainian
refugees to rigorously assess the short-run impact on the locals’ labour market outcomes in the Czech
Republic. On average, we find no (consistently) significant effects on employment, unemployment,
and inactivity probabilities for male and female workers. Moreover, we find that, conditional on
employment, local workers increased their working hours. Individually, the magnitude of these effects
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is small. However, the overall effect on labour supply (along the intensive margin) is certainly not
negligible.

Our empirical evidence is valuable not only because it is the first to document the effects of the
most recent refugee crisis in Europe but also because there are clear policy implications. We identify
two groups of workers, particularly vulnerable to the large and sudden influx of workers into the
labour market: workers in industries mostly affected by the influx of and foreign-born individuals.
We find evidence of a decrease in the probability of employment and an increase in the probability of
unemployment for these two groups. However, these results are of very small magnitude. They are
also based on relatively small sample sizes, inviting further research focusing on EU-wide analysis
to better capture the impact on most affected groups. Furthermore, we believe that this paper’s
results shed light on the potential outcomes of policies extending the rights to immediate access
to the labour market to refugee workers. By doing so, though still in the short run, we contribute
to the objective and data-driven body of knowledge, providing insights into the effects of refugees’
active participation in labour markets on the local workers.
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A Appendix: Overview of the Variables Used in the Analysis

In this appendix, we provide an overview of the terminology used throughout the paper, describe
the variables used in the analysis and state their sources. Refer to Table 7 for the information on
the variables.

Table 7: Description and Sources of the Variables Used in the Analysis
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Terminology Used Throughout the Paper:

’Locals’ – This group comprises Czech nationals and foreign nationals with permanent residency,
excluding Ukrainian refugees. The age range for this demographic is 15 years or older.

’Refugees’ – Individuals who were forced to leave Ukraine following the Russian Federation’s
invasion on February 24th, 2022. This includes all individuals protected under the Temporary
Protection scheme.

’Diaspora’ – Ukrainian nationals residing in Czechia under temporary or permanent legal statuses
who arrived in the country prior to the 2020 refugee wave.
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B Appendix: Auxiliary Figures and Tables

Table 8: Educational Attainment of Ukrainian Refugees Compared to the Czech Population

Note: Data on locals is sourced from the 2021 Census (Czech Statistical Office, 2021); data on the socio-economic profiles of
Ukrainian refugees comes primarily from three surveys: (a) conducted by the Ministry of Labour and Social Affairs (2022)
in July with 50,236 respondents, (b) the IOM (2023a) survey , conducted from June to December 2022 with 4,284 responses
across all Czech regions, and (c) the UNHCR (2022) survey, conducted from May to September 2022, yielding 4,800 global
responses and 721 responses specific to Czechia. The non-representative nature of the last two surveys suggests that their
results are indicative rather than conclusive. Please refer to the original reports for detailed methodologies. To compare
educational attainment across the surveys, some categories were merged. "No Education" remains unchanged. "Primary/Basic"
combines "Primary" (UNHCR), "Basic" (MoLSA), "Lower Secondary" (IOM), and "Lower secondary/primary education"
(CR). "Secondary" encompasses "Secondary" (UNHCR), "High school without diploma" (MoLSA), "High school with high
school diploma" (MoLSA), "Upper secondary/Vocational" (IOM), and "Secondary, incl. vocational (no graduation)" (CR).
"Post-Secondary" merges "Technical/Vocational" (UNHCR), "Post/Upper secondary/Vocational" (IOM), "Higher Professional"
(MoLSA), "Upper/post-secondary education", and "Post-secondary professional education, Conservatoire" (CR). "Tertiary"
includes "Doctorate", "Master", "Bachelor" (UNHCR), "PhD", "Tertiary" (IOM), "University"(MoLSA), and "Tertiary
education" (CR). "Not Identified" comprises "Prefer not to answer" (UNHCR) and "Not identified" (CR).
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Figure 13: Positive Treatment Doses—Probability of Employment by Gender & Education Level

(a) Female (b) Male

Note: Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, the ’minimum to
maximum’ values for each model specification, and confidence intervals for ATT and nAVSQ across TWFE model in Section 4.2
(column 2) and the expanded DiD model in Section 4.4 (columns 3-8) for Treatment I, II, and III. TWFE models control for:
individual and time-fixed effects in addition to individual-level characteristics (TWFE(2)). DiD models control for: individual
and time-fixed effects (DID(3)), in addition to matching on the (X) individual characteristics (DID(4)), or matching on both the
(X) individual characteristics and district-specific (DID(7)), or district-, gender-, and education-specific (DID(8)) pre-treatment
trends of the dependent variable. Robust standard errors are clustered at the district level. For columns (3-8), the p-values were
calculated using the standard normal distribution.
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Figure 14: Positive Treatment Doses—Probability of Unemployment by Gender & Education Level

(a) Female (b) Male

Note: Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, the ’minimum to
maximum’ values for each model specification, and confidence intervals for ATT and nAVSQ across TWFE model in Section 4.2
(column 2) and the expanded DiD model in Section 4.4 (columns 3-8) for Treatment I, II, and III. TWFE models control for:
individual and time-fixed effects in addition to individual-level characteristics (TWFE(2)). DiD models control for: individual
and time-fixed effects (DID(3)), in addition to matching on the (X) individual characteristics (DID(4)), or matching on both the
(X) individual characteristics and district-specific (DID(7)), or district-, gender-, and education-specific (DID(8)) pre-treatment
trends of the dependent variable. Robust standard errors are clustered at the district level. For columns (3-8), the p-values were
calculated using the standard normal distribution.
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Figure 15: Positive Treatment Doses—Probability of Inactivity by Gender & Education Level

(a) Female (b) Male

Note: Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, the ’minimum to
maximum’ values for each model specification, and confidence intervals for ATT and nAVSQ across TWFE model in Section 4.2
(column 2) and the expanded DiD model in Section 4.4 (columns 3-8) for Treatment I, II, and III. TWFE models control for:
individual and time-fixed effects in addition to individual-level characteristics (TWFE(2)). DiD models control for: individual
and time-fixed effects (DID(3)), in addition to matching on the (X) individual characteristics (DID(4)), or matching on both the
(X) individual characteristics and district-specific (DID(7)), or district-, gender-, and education-specific (DID(8)) pre-treatment
trends of the dependent variable. Robust standard errors are clustered at the district level. For columns (3-8), the p-values were
calculated using the standard normal distribution.
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Figure 16: Labour Market Outcomes: Positive Treatment Doses—Among Foreign Born Individuals Residing
in Czechia

(a) Probability of Employment (b) Probability of Unemployment

(c) Probability of Inactivity (d) Weekly Hours Worked

Note: Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, the ’minimum to
maximum’ values for each model specification, and confidence intervals for ATT and nAVSQ across TWFE model in Section 4.2
(column 1-2) and the expanded DiD model in Section 4.4 (columns 3-4) for Treatment I, II, and III. TWFE models control for:
individual and time-fixed effects (TWFE(1)) in addition to individual-level characteristics (TWFE(2)). DiD models control
for: individual and time-fixed effects (DID(3)), in addition to matching on the (X) individual characteristics (DID(4)). Robust
standard errors are clustered at the district level. For columns (3-4), the p-values were calculated using the standard normal
distribution.
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Figure 17: Summary of the Results: Negative Treatment Doses—Probability of Employment, Unemployment,
Inactivity & Weekly Hours Worked by Gender

(a) Probability of Employment: Female (b) Probability of Employment: Male

(c) Probability of Unemployment: Female (d) Probability of Unemployment: Male

(e) Probability of Inactivity: Female (f) Probability of Inactivity: Male

(g) Weekly Hours Worked: Female (h) Weekly Hours Worked: Male

Note: Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, the ’minimum to
maximum’ values for each model specification, and confidence intervals for ATT and nAVSQ across TWFE model in Section 4.2
(column 1-2) and the expanded DiD model in Section 4.4 (columns 3-4) for Treatment I, II, and III. TWFE models control for:
individual and time-fixed effects (TWFE(1)) in addition to individual-level characteristics (TWFE(2)). DiD models control
for: individual and time-fixed effects (DID(3)), in addition to matching on the (X) individual characteristics (DID(4)). Robust
standard errors are clustered at the district level. For columns (3-4), the p-values were calculated using the standard normal
distribution.
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C Appendix: Labour Market Conditions in Czechia

At the beginning of 2022, the Czech labour market was among the tightest in the EU. By the end
of 2022, the unemployment rate, albeit marginally higher than the previous year’s 2.20%, stood at
2.22% — the lowest within the EU with the average recorded at 6% (Ministry of Labour and Social
Affairs, 2023b; Eurostat, 2023). Refer to Figure 26d. There was notable regional heterogeneity,
especially concerning central and more peripheral districts. The unemployment rate peaked at 8.47%
in Karviná in 2021 and at 6.89% in Bruntál in 2022 over the years 2019-2022.

Figure 26: Snapshot of Czechia’s Labour Market Conditions

(a) Employment Rate (b) Participation Rate

(c) Weekly Hours Worked (d) Unemployment Rate

Note: The plot was created by the authors using the data reported by the Czech Statistical Office (2021, 2023e).

Despite global economic challenges, such as the COVID-19 pandemic, Czechia maintained
relatively stable employment and participation rates throughout these years (Figures 26a and 26b).
Although the employment data from 2020, registering 5,235 thousand locals, reveal a dip — likely a
consequence of the COVID-19 pandemic — the 2021 census data, standing at 5,290 thousand locals,
resembled the figures from the pre-pandemic years of 2019 and 2018, signalling recovery. These
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stood at 5,303 thousand and 5,293 thousand, respectively (Czech Statistical Office, 2022, 2021).
The demand for labour remained high in the years leading up to and including 2022, with the

number of job vacancies often surpassing job seekers. By December 2021, there were a total of 266,783
open vacancies, the vast majority of which required only basic education (including uncompleted)
- 73%, followed by 21% requiring secondary education and 6% tertiary or higher education levels
(Ministry of Labour and Social Affairs, 2021). Employment opportunities were most prevalent in
sectors such as retail trade, specialised construction activities, public administration, and education,
among others. The highest demand for new employees was noted in Prague and the Central Bohemia
Region, with significant vacancies in building construction, forklift operation, and assembly work,
suitable for both local and foreign candidates (EURES, 2023).

However, the labour market in Czechia is not without its challenges. Certain demographic groups,
such as women (particularly those with young children), older workers, low-skilled labourers, and
individuals with disabilities, consistently show low employment rates (OECD, 2020). Specifically,
women’s employment rates are on average about 15% lower than men’s, highlighting a significant
disparity.
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D Appendix: Deterministic & Probabilistic LFSS Data Matching

Due to regulatory changes implemented by the Czech Statistical Office (CZSO), unique identifiers
(IDs) for individuals were no longer disclosed in the third and fourth quarters of 2022. However,
the methodology remained consistent, ensuring that the subset of individuals observed in Q3 and
Q4 was the same as those in Q2 and earlier. We restored the panel structure of the data through a
two-step matching process:

(i) First, deterministic matching was employed to identify unique pairs of individuals based on
available time-invariant variables.

These variables included the sequence number of the observation period for each individual in
the rotating panel (1st, 2nd, 3rd, 4th or 5th wave), gender, year of birth, country of birth, and
employment status from all previously observed periods, which are always reported at each wave for
each individual, as well as district of residence. We treated the district of residence as a time-invariant
variable, considering that in the dataset where unique identifiers for individuals were available, only
111 out of approximately 130,000 individuals changed their district of residence over a span of four
years. While acknowledging that this approach could introduce a slight bias—especially if individuals
were more prone to moving in the last two quarters—our analysis of population movements between
2021 and 2022, discussed in Section 6, revealed no significant increase in migration. This confirms
that the bias is minimal, enabling us to successfully match around 67% of the observations in Q3
and Q4 2022 with their corresponding observations from the previous quarter.

(ii) Second, for the remaining 33% of observations, where duplicates arose due to individuals
having identical time-invariant characteristics, we employed probabilistic matching.

We utilised a Random Forest model, which is highly suitable for this classification task, to calculate
the likelihood of two individuals being a match. At this stage, we included most of the remaining
time-variant variables, such as the highest level of education achieved, the year of achieving the
highest education level, type of degree, education field code, industry of employment (NACE) with
778 unique categories, weekly hours worked, marital status, parental status, and others. Previously,
these variables could not be relied upon for deterministic matching since some might change within a
quarter. However, with over 200 variables in our dataset, using probabilistic matching to distinguish
between a few duplicate individuals became straightforward. This approach is feasible because their
time-invariant variables are usually very different and, on average, remain constant over time, such
as the level of education, for example.

For the Random Forest model, we first prepared our data by taking the LFSS dataset, which
provided unique identifiers for individuals from 1Q 2019 to 2Q 2022, and transformed it to include
rows listing all variables for the same individual across two adjacent waves of the LFSS. We generated
interaction terms between gender and marital status, age and marital status, age and weekly hours
worked, gender and weekly hours worked, and marital status and weekly hours worked for each wave
separately. We then calculated the rate of change for each variable; for continuous variables, we
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subtracted the later value from the earlier value for the same variable. For categorical variables, we
generated a binary variable: 1 if the category had changed and 0 otherwise. This process yielded
844,094 ’correct’ matches and the rate of change for their variables between two adjacent quarters.

A ’false’ dataset was generated in a similar manner as for the correct matches, but in this case,
we paired individuals who, based on their IDs, were not the same people, yet shared the same
time-invariant variables. This method produced 509,232 ’false’ matches and the rate of change for
their variables between two adjacent quarters. The datasets for both ’correct’ and ’false’ matches
were then merged and reshuffled.

To build, train and employ the Random Forest model for our probabilistic matching task, we
split our dataset into predictor variables X, consisting of rates of change for various variables, and
a target variable y, a binary indicator where 1 represents a ’correct’ match and 0 a ’false’ match.
The data was further divided into a training set, comprising 70% of the data, and a testing set,
comprising the remaining 30%. This standard division allowed us to train the Random Forest model
on a substantial portion of the data while retaining a significant subset for evaluation, ensuring
the model was not tested on the data it was trained on to avoid overfitting and overly optimistic
performance estimates.

An extensive grid search for hyperparameter tuning was conducted, focusing on adjustable
parameters that control the model’s training process. The search was critical for fine-tuning the
model to enhance its prediction accuracy. The best parameters, selected based on their performance
in cross-validation, are reported in Table 13.

Table 13: Best Parameters from the Grid Search

Parameter Range

n_estimators [100, 200, 300, 400, 600]
max_depth [None, 20, 40, 60, 80, 100]
min_samples_split [2, 5, 10, 15, 25]
min_samples_leaf [1, 2, 4, 6, 10]
max_features [sqrt, ’log2’, None]
bootstrap [True, False]
criterion [gini, ’entropy’]

Note: The best parameters are underscored. The table reports the range of values explored during the grid
search process.

Evaluating the model on the test set involved metrics such as accuracy, ROC AUC score, F1
score, precision, and recall. These metrics collectively provided a succinct overview of the model’s
robustness and predictive precision, detailed in Table 14. The model achieved high performance
across all metrics, indicating its strong predictive capability. An accuracy of 99.58% and a ROC
AUC score of 99.59% suggest that the model is highly effective in distinguishing between ’correct’
and ’false’ matches. The high F1 score of 99.48% illustrates a balanced precision-recall trade-off,
with precision at 99.33% and recall at 99.63%, showcasing the model’s accuracy and sensitivity.
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Table 14: Predictive Performance Metrics (Out of Sample)

Metric Value

Accuracy 0.9958
ROC AUC Score 0.9959
F1 Score 0.9948
Precision 0.9933
Recall 0.9963

Support

Correct Match 67454
False Match 101365

To mitigate the risk of data leakage, we performed a feature importance analysis, identifying
the features that significantly contributed to the model’s predictions and ensuring that the high
performance was not due to leaked information. The visualization, as shown in Figure 27, ranks
the features by their relative importance, highlighting those crucial in the model’s decision-making
process. Notably, the file code assigned by the CZSO to each individual was a highly effective
predictor, with 281 unique values and remaining constant for the same individual in 93.01% of cases
in the subset of data where IDs were provided. Other significant predictors included the year of
highest education, highest education level, and municipal apartment counts—variables that tend not
to change frequently within a single quarter.

Figure 27: Top 20 Feature Importances in the Random Forest Model

Note: This figure visualizes the relative importance of the top 20 features used by the Random Forest model. Features are
ranked based on their impact on model performance, offering insights into the variables most predictive of match accuracy.

The best parameters from the grid search were then applied to predict the likelihood of ’correct’
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matches for individuals without an ID. Consequently, we successfully matched the remaining
observations from the deterministic matching step, with only 0.8% of observations unmatched in Q3
and 2.2% in Q4 2022.

Figure 28: Rate of Change in Categorical Variables

This figure contrasts the rates of change in categorical variables—each column represents a variable—for matched individuals
with known IDs against those without IDs. This comparison serves as a quality check, indicating the high accuracy of the
matching process.

Figure 29: Rate of Change in Continuous Variables

(a) Low Variance Variables (b) High Variance Variables

Note: This figure contrasts the rates of change in continuous variables—each column represents a variable—for matched
individuals with known IDs against those without IDs. Panel (a) reports on variables with low variance, and panel (b) focuses
on those with high variance. We report them separately because combining them would obscure the trends in variables with low
variance. This comparison serves as a quality check, indicating the high accuracy of the matching process.

To evaluate the accuracy of our matching for individuals without known IDs, we compared the
rate of change in variables against those from ’correct’ matches. This comparative analysis for
continuous and categorical variables, presented in Figures 29 and 28 respectively, showed that the
distributions of variable changes for matched individuals were remarkably similar to those in the
’correct’ matches dataset. Any slight variances in continuous variables were likely due to the smaller
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sample size of matched individuals, less than 10% of the ’correct’ matches dataset. This comparison
serves as a quality check, reassuring us that the matching process was highly accurate.
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E Appendix: Calculating the Average Treatment

We calculate the Average Treatment
I,II, or III
d as the mean treatment dose received by each district

during the third and fourth quarters of 2022. This method provides a consistent average treatment
dose for each district, capturing the intensity level at which it is treated. The decision to average the
doses over the last two quarters, rather than all four quarters of 2022, more accurately differentiates
between districts that maintained consistent treatment levels and those whose treatments were
discontinued in the latter half of the year. Tables 15 to 17 list the districts categorised by their
average treatment doses for Average TreatmentI,II, or IIId, respectively.

Table 15: Districts by Average Treatment DosesI
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Table 16: Districts by Average Treatment DosesII

Table 17: Districts by Average Treatment DosesIII
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F Appendix: Overview of the Extended Difference-in-Difference

Estimators (DiD)

Testing for Potential Bias from Negative Weights in TWFE Regression Treatment

Effects. Utilising the test proposed by de Chaisemartin and d’Haultfoeuille (2017), we evaluate
the influence of negative weights on our treatment effects.26 This command calculates weights and
sensitivity measures for the fixed-effects regression under the common trends assumption, indicating
potential bias in our Average Treatment on the Treated (ATT) estimates due to negative weights,
particularly with regard to weekly hours worked.

In the case of “employment status” and considering only a sub-sample of the data experiencing
positive treatment doses, the ATT is the weighted sum of 106 999, 114 948, and 86 576 effects
for TreatmentI , TreatmentII , and TreatmentIII , respectively. Here, 53 572 (53 373 and 58 822)
effects receive positive weights, while 53 427 (61 575 and 27 754) receive negative weights. The total
negative weight is �0.1519 (�0.1899 and �0.1541), affecting the overall ATT, given that all weights
sum to unity. The TWFE coefficient (�fe) is noted as �0.0000 (0.0001 and �0.0005), suggesting a
negligible negative average effect of the treatment on the treated. The minimum standard deviation
(�(�)) compatible with both a zero average treatment effect (�TR = 0) and an average treatment
effect of a different sign is 0.0000 (0.0000 and 0.0002), and 0.0000 (0.0001 and 0.0008), respectively,
indicating that minor heterogeneity in treatment effects could cause the TWFE coefficient to deviate
from the ATT. Despite the predominance of positive weights, the slight negative influence highlighted
by �fe suggests a potentially adverse average effect of the treatment, albeit minimal. The findings
for “unemployment and inactivity statuses” follow a similar pattern.

Concerning the “weekly hours worked status”, the situation becomes even more pronounced. For
instance, Treatment I shows a nearly even division between positive (28 355) and negative (28 314)
weights, leading to a modestly positive TWFE coefficient (�fe = 0.0262). The minimum standard
deviations (�(�)) needed to correspond with a non-existent average treatment effect (�TR = 0)
and one of an opposing sign are relatively low at 0.0074 and 0.0389, respectively, highlighting slight
yet notable heterogeneity in treatment effects. Treatment II features more negative (32,830) than
positive weights (28 011), with a TWFE coefficient of 0.0253. The minimum �(�) for a null effect
and for an effect of a different sign are 0.0069 and 0.0325, suggesting that even minimal variations in
treatment effects could alter the observed positive TWFE coefficient. Treatment III is distinguished
by a larger number of positive weights (31 082) compared to negative ones (14 703), and the TWFE
coefficient increases to 0.0630, indicating a significantly positive treatment effect. The necessary �(�)

for a null effect and for one of a different sign are notably higher at 0.0201 and 0.0986, demonstrating
greater heterogeneity in treatment effects for this group.

These results, especially the considerable proportion of negative weights, underline the importance
of closely examining the TWFE coefficients’ sensitivity to treatment effect heterogeneity. Such a
balance of weights could reflect underlying differences in the treatment’s effectiveness across various

26Implemented with the Stata command “twowayfeweights”. For details, see de Chaisemartin et al. (2023a).
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sub-populations and periods. Based on the assumption of uniform treatment effects, which might
not align with reality, these variances could challenge the causal interpretation of �fe.

The Extended Difference-in-Difference Estimators (DiD) in our Setting. The notation
used below aligns with that of de Chaisemartin and d’Haultfoeuille (2024), with slight modifications
for compatibility with the TWFE section of our paper. We observe labour market outcomes for an
individual (’local’), denoted as i, in district d, across multiple quarters t, as reported by the LFSS
dataset. Since the LFSS is a rotating panel, only data from the 1st quarter of 2021 to the 4th quarter
of 2022 are used to estimate the AVSQ effects of the 2022 Ukrainian refugees’ employment on the
labour market outcomes for Czech locals. The LFSS tracks an individual for up to five consecutive
periods, allowing us to estimate the AVSQ effect by observing the same individual at least once
pre-treatment and once during the treatment period. Individuals begin treatment at the earliest in
the 1st quarter of 2022; therefore, data on individuals recorded before the 1st quarter of 2021 are
disregarded as their observations would not coincide with the treatment period. Consequently, we
utilise data from the 1st quarter of 2021 to the 4th quarter of 2022, resulting in a sample of 338,627
observations across 77 districts. Treatment is assigned to locals at the district level d, meaning all
individuals within a district receive identical treatment doses at time t. To simplify notation, we
exclude d and denote treatment as Di,t for individual i at time t.

The individual AVSQ effect for ` periods, for every ` 2 {1, . . . ,max(`)} is estimated by:

DIDi,` = Yi,Fi�1+` � Yi,Fi�1 �
1

N i
Fi�1+`

X

i0:Di0,1=Di,1,Fi0>Fi�1+`

�
Yi0,Fi�1+` � Yi0,Fi�1

�
, (10)

where i and t index individuals and time, respectively. The dependent variable, Yi,t, is the labour
market outcome of interest: employment, unemployment, inactivity, statuses, and hours worked.
Fi denotes the period in which the treatment changes for individual i for the first time. N i

t is the
number of individuals i0 whose treatment either never change or has not yet changed by Fi � 1 + `

and who share the same baseline treatment as i from the beginning of our panel to Fi � 1. These
individuals form the control group for treated individual i at time Fi � 1 + `.

The pre-treatment period (or baseline treatment) for an individual i begins sometime before
2022, depending on when i is observed for the first time in the rotating panel. In our setting, it is
always zero. This period continues until i experiences the first change in treatment. For instance,
an individual might have been experiencing a treatment corresponding to 0% of refugees employed
in their respective district for multiple quarters. Only when this treatment level changes for the
first time does the individual begin to receive the "treatment" whose effect we aim to estimate.
The timing of this change can vary among individuals. The DiD estimator then compares the
Fi�1-to-Fi�1+ ` outcome evolution of individual i, for whom the treatment changes, to the average
outcome evolutions of individuals i0 with the same baseline treatment level as i, who are either never
treated or whose treatment has not changed yet by Fi � 1 + `. We can estimate the instantaneous,
dynamic and inter-temporal effects of the treatment for all feasible ` 2 {1, . . . ,max(`)} periods. In
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our setting, max(`) is 4 periods, i.e., from the 1st to the 4th quarter of 2022. But for those individuals
who start receiving the treatment later than the 1st quarter of 2022, it is less.

Using the individual AVSQ effects estimated by DID for each individual i and location `, we
calculate the average effects for all treated individuals, distinguishing between ’Switchers in’ and
’Switchers out’. ’Switchers in’ are defined as districts where, at a specific time, the treatment level
increases for the first time from zero to a positive value or remains above the baseline in subsequent
periods. Conversely, ’Switchers out’ refer to districts that have experienced a reduction in treatment
dose at any point.

The estimated values for each individual and location are aggregated and then averaged across
all individuals for each location, taking into account the total number of individuals the estimates
were derived from. This process involves summing the individual effects and weighting them by the
total number of individuals, adjusting the sign of the estimated effect based on whether the district
is classified as ’Switchers in’ (positive sign) or ’Switchers out’ (negative sign).

Under such specification, the estimator does not distinguish between individuals treated more
or less intensely. TTo compare the estimated average AVSQ effects for each location with results
from the TWFE regression, we follow a suggested by de Chaisemartin and d’Haultfoeuille (2024)
and divide the estimated effects obtained with DIDi,` by the difference between the total treatment
dose received by individual i from Fi to Fi � 1 + `, and the total treatment dose he/she would have
received in the status-quo counterfactual.

For instance, if the maximum number of periods under consideration is 4, the normalization
involves calculating the total treatment dose received by an individual over these periods and
comparing it to the baseline scenario where no treatment was administered. This comparison yields
the normalized actual-versus-status-quo (nAVSQ) effect, which we interpret as an average total effect
per unit of treatment, as suggested in the literature.
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G Appendix: Calculating the Pre-Treatment Trends for the Vari-

ables of Interest

We estimate the seasonally adjusted trends of weekly hours worked, the employment rate, the
unemployment rate, and the inactivity rate for each of the 77 districts within the Czech Republic.
The analysis utilises LFS panel data limited to the pre-treatment period from the first quarter of 2019
to the fourth quarter of 2021. The approach involves estimating the slope of weekly hours worked
over time for each district separately, allowing for district-specific temporal trends and controlling
for seasonal effects. The econometric model used to estimate these slopes, adjusted for seasonal
variations, is specified as follows:

yi,d,t = ↵d + �d · t+
4X

q=1

�d,q · I(Qt = q) + ✏i,d,t, t 2 {1Q 2019, . . . , 4Q 2021}, (11)

where yi,d,t represents the outcome of interest for individual i in district d at time t, indicating
one of the four variables of interest: hours worked, employment, unemployment, and inactivity
rates. The model is estimated separately for each variable of interest. The parameter ↵d is the
district-specific intercept, and �d signifies the slope of the respective outcome over time, delineating
the temporal trend within each district for that particular labour market variable. The quarter fixed
effects, �d,q, adjust for seasonal variations, ensuring the trend represented by t accurately reflects
the underlying changes. The error term, ✏i,d,t, captures unobserved factors affecting each outcome
for individual i in district d at time t, over the specified period.

The resulting variable is continuous. We transform it into a categorical variable through ’scaled
discretisation’, which involves multiplying the continuous variable by a selected factor and rounding
the result to the nearest integer to create categories. Tables 18 to 21 report the generated categories,
with the minimum and maximum values for the continuous variable, the number of observations,
mean, standard deviation, and the average for the variable of interest in districts categorised into
the same category cell.

Table 18: District-Specific Pre-Treatment Trends for Unemployment Rate

Note: This figure depicts district-specific pre-treatment trends for the employment rate. The continuous variable was transformed
into categories using a process of ’scaled discretisation’, where it was multiplied by a factor of 500 and then rounded to the
nearest integer. The table reports the resulting categories along with the minimum and maximum values for the continuous
variable, the number of observations, mean, standard deviation, and the average for the variable of interest in districts that were
categorised into the same category cell.
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Table 19: District-Specific Pre-Treatment Trends for Employment Rate

Note: This figure depicts district-specific pre-treatment trends for the employment rate. The continuous variable was transformed
into categories using a process of ’scaled discretisation’, where it was multiplied by a factor of 500 and then rounded to the
nearest integer. The table reports the resulting categories along with the minimum and maximum values for the continuous
variable, the number of observations, mean, standard deviation, and the average for the variable of interest in districts that were
categorised into the same category cell.

Table 20: District-Specific Pre-Treatment Trends for Inactivity Rate

Note: This figure depicts district-specific pre-treatment trends for the employment rate. The continuous variable was transformed
into categories using a process of ’scaled discretisation’, where it was multiplied by a factor of 500 and then rounded to the
nearest integer. The table reports the resulting categories along with the minimum and maximum values for the continuous
variable, the number of observations, mean, standard deviation, and the average for the variable of interest in districts that were
categorised into the same category cell.

Table 21: District-Specific Pre-Treatment Trends for Weekly Hours Worked

Note: This figure depicts district-specific pre-treatment trends for the employment rate. The continuous variable was transformed
into categories using a process of ’scaled discretisation’, where it was multiplied by a factor of 10 and then rounded to the nearest
integer. The table reports the resulting categories along with the minimum and maximum values for the continuous variable, the
number of observations, mean, standard deviation, and the average for the variable of interest in districts that were categorised
into the same category cell.
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Demographic Analysis: To further explore the impact of demographic factors, we extend the
model for gender (Pohl) and education level (ISCED) as follows:

yi,d,t,p,e = ↵d,p,e + �d,p,e · t+
4X

q=1

�d,q,p,e · I(Qt = q) + ✏i,d,t,p,e, (12)

where p and e index gender and education level, respectively, adding a further level of detail.
Tables 22 to 25 report the generated categories, along with the minimum and maximum values for
the continuous variable, the number of observations, mean, standard deviation, and the average for
the variable of interest in districts categorised into the same category cell.

Table 22: District-, Gender-, Education-Specific Pre-Treatment Trends for Employment Rate

Note: This figure depicts district-, gender-, and education-specific pre-treatment trends for the employment rate. The continuous
variable was transformed into categories using a process of ’scaled discretisation’, where it was multiplied by a factor of 500 and
then rounded to the nearest integer. The table reports the resulting categories along with the minimum and maximum values for
the continuous variable, the number of observations, mean, standard deviation, and the average for the variable of interest in
districts that were categorised into the same category cell.
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Table 23: District-, Gender-, Education-Specific Pre-Treatment Trends for Unemployment Rate

Note: This figure depicts district-, gender-, and education-specific pre-treatment trends for the employment rate. The continuous
variable was transformed into categories using a process of ’scaled discretisation’, where it was multiplied by a factor of 500 and
then rounded to the nearest integer. The table reports the resulting categories along with the minimum and maximum values for
the continuous variable, the number of observations, mean, standard deviation, and the average for the variable of interest in
districts that were categorised into the same category cell.

Table 24: District-, Gender-, Education-Specific Pre-Treatment Trends for Weekly Hours Worked

Note: This figure depicts district-, gender-, and education-specific pre-treatment trends for the employment rate. The continuous
variable was transformed into categories using a process of ’scaled discretisation’, where it was multiplied by a factor of 5 and
then rounded to the nearest integer. The table reports the resulting categories along with the minimum and maximum values for
the continuous variable, the number of observations, mean, standard deviation, and the average for the variable of interest in
districts that were categorised into the same category cell.
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Table 25: District-, Gender-, Education-Specific Pre-Treatment Trends for Inactivity Rate

Note: This figure depicts district-, gender-, and education-specific pre-treatment trends for the employment rate. The continuous
variable was transformed into categories using a process of ’scaled discretisation’, where it was multiplied by a factor of 500 and
then rounded to the nearest integer. The table reports the resulting categories along with the minimum and maximum values for
the continuous variable, the number of observations, mean, standard deviation, and the average for the variable of interest in
districts that were categorised into the same category cell.

Sectoral Analysis: The model is further refined to examine sector-specific dynamics within
each district, accounting for the main industry sector (NACE):

yi,d,t,n = ↵d,n + �d,n · t+
4X

q=1

�d,q,n · I(Qt = q) + ✏i,d,t,n, (13)

with n indexing the NACE-level 1 industry sector (21 categories). Table 26 presents the
generated categories, alongside the minimum and maximum for the continuous variable, the number
of observations, mean, standard deviation, and the average for the variable of interest in districts
categorised into the same category cell.
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Table 26: District- and Industry-Specific Pre-Treatment Trends for Weekly Hours Worked

Note: This figure depicts district-, gender-, and education-specific pre-treatment trends for the employment rate. The continuous
variable was transformed into categories using a process of ’scaled discretisation’, where it was multiplied by a factor of 1 and
then rounded to the nearest integer. The table reports the resulting categories along with the minimum and maximum values for
the continuous variable, the number of observations, mean, standard deviation, and the average for the variable of interest in
districts that were categorised into the same category cell.
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