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A Appendix: Overview of the Variables Used in the Analysis

Table A.1 provides an overview of the variables used in the analysis and their respective sources.

Table A.1: Description and Sources of the Variables Used in the Analysis

2



The Labour Force Sample Survey Coverage and Population Scope. The Labour Force
Sample Survey (LFSS), according to its quality report (Czech Statistical Office, 2023a), covers
individuals aged 15 and above living in private households across the country. Below are the key
aspects of the survey’s coverage:

Who Is Included: The survey includes all individuals living in private households, whether they
reside there permanently, temporarily, or even if they are not officially registered. Temporarily absent
individuals, defined as those who plan to be away for no more than one year, are also included,
as well as domestic servants residing in the household. The sample population is stratified by age,
gender, and region using NUTS-3 classifications, ensuring a representative sample across geographic
and demographic groups. In 2020, for example, the total sample size was 95,500 households annually,
with 33,900 households sampled quarterly.

Who Is Excluded: The survey excludes people residing in institutional households, such as
dormitories, hospitals, and prisons. Additionally, individuals living in collective accommodations,
such as migrant workers in communal housing, are not covered. Those in military service or conscripts
are also outside the scope of the survey.

Who Is More Likely to Be Sampled: The survey primarily targets individuals in standard private
living situations. Workers employed under formal, regular contracts are more likely to be captured,
as the survey draws from a continuously updated register of census areas. Stratification by the 77
districts (NUTS-3 level) ensures that labour market data are representative by region and sector.

Potential Underrepresentation: Informally employed workers, particularly those engaged in casual
or undocumented work, risk underreporting or failing to report their employment status, leading to
data gaps. This is especially true for workers in precarious conditions, such as those on short-term
contracts, temporary assignments, or seasonal jobs, who may not be fully captured by the survey
if their employment falls outside the reference week or if they do not consider their employment
significant enough to report. Migrants, especially those living in collective accommodation or
engaged in informal labour, face additional challenges in being accurately captured, as they may not
be included in household-based surveys or may withhold employment details due to fear of legal
repercussions or other barriers.
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B Appendix: Auxiliary Figures and Tables

Table B.1: 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: the MoLSA survey conducted by the Czech Ministry of Labour and
Social Affairs (2022) in July with 50,236 respondents, the IOM (2023) survey, conducted from June to December 2022 with
4,284 responses across all Czech regions, and 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 B.1: Positive Treatment Doses—Probability of Unemployment by Gender

(a) Females

(b) Males

Note: The figure displays coefficient estimates, 95% level 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 4.3 (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.
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Figure B.2: Positive Treatment Doses—Probability of Inactivity by Gender

(a) Females

(b) Males

Note: The figure displays coefficient estimates, 95% level 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 4.3 (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.
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Figure B.3: Positive Treatment Doses—Probability of Employment by Gender

(a) Females

(b) Males

Note: The figure displays coefficient estimates, 95% level 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 4.3 (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.
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Figure B.4: Positive Treatment Doses—Weekly Hours Worked by Gender

(a) Females

(b) Males

Note: The figure displays coefficient estimates, 95% level 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 4.3 (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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Figure B.5: Positive Treatment Doses—Probability of Unemployment by Gender & Education Level

(a) Female (b) Male

Note: Significance levels in the figure: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, the
‘minimum to maximum’ values for each model specification, and 95% level confidence intervals for ATT and nAVSQ across
TWFE model in Section 4.2 (column 2) and the expanded DiD model in Section 4.3 (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 B.6: Positive Treatment Doses—Probability of Inactivity by Gender & Education Level

(a) Female (b) Male

Note: Significance levels in the figure: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, the
‘minimum to maximum’ values for each model specification, and 95% level confidence intervals for ATT and nAVSQ across
TWFE model in Section 4.2 (column 2) and the expanded DiD model in Section 4.3 (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.

14



Figure B.7: Positive Treatment Doses—Probability of Employment by Gender & Education Level

(a) Female (b) Male

Note: SSignificance levels in the figure: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, the
‘minimum to maximum’ values for each model specification, and 95% level confidence intervals for ATT and nAVSQ across
TWFE model in Section 4.2 (column 2) and the expanded DiD model in Section 4.3 (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 B.8: Positive Treatment Doses—Weekly Hours Worked by Gender & Education Level

(a) Females (b) Males

Note: Significance levels in the figure: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, the
‘minimum to maximum’ values for each model specification, and 95% level confidence intervals for ATT and nAVSQ across TWFE
model in Section 4.2 (column 2) and the expanded DiD model in Section 4.3 (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.
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Figure B.9: Positive Treatment Doses—Probability of Employment by Gender & Most Affected Industries

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

Note: Significance levels in the figure: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, the
‘minimum to maximum’ values for each model specification, and 95% level confidence intervals for ATT and nAVSQ across
TWFE model in Section 4.2 (columns 1-2) and the expanded DiD model in Section 4.3 (columns 3-4) for Treatment I, II, and
III. The sample is restricted to local individuals 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 who are 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.
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Figure B.10: Positive Treatment Doses—Probability of Employment by Gender & Across Industries

(a) Females

(b) Males

Note: Only coefficients significant at p ≤ 0.05 are highlighted, while non-significant coefficients are represented by hollow symbols.
The sample is restricted to local individuals 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 who are not employed. The figure displays coefficient estimates for ATT and nAVSQ
across TWFE model in Section 4.2 (columns 1-2) and the expanded DiD model in Section 4.3 (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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Figure B.11: Positive Treatment Doses—Weekly Hours Worked by Gender & Most Affected Industries

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

Note: Significance levels in the figure: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, the
‘minimum to maximum’ values for each model specification, and 95% level confidence intervals for ATT and nAVSQ across
TWFE model in Section 4.2 (columns 1-2) and the expanded DiD model in Section 4.3 (columns 3-4) for Treatment I, II, and
III. The sample is restricted to local individuals 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 who are 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.
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Figure B.12: 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 in the figure: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, the
‘minimum to maximum’ values for each model specification, and 95% level confidence intervals for ATT and nAVSQ across
TWFE model in Section 4.2 (column 1-2) and the expanded DiD model in Section 4.3 (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 B.13: 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 in the figure: *** p < 0.01, ** p < 0.05, * p < 0.1. The figure displays coefficient estimates, the
‘minimum to maximum’ values for each model specification, and 95% level confidence intervals for ATT and nAVSQ across
TWFE model in Section 4.2 (column 1-2) and the expanded DiD model in Section 4.3 (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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Table B.6: Alternative Treatment Variable—Local Females by Education Level

Note: Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.1. The table presents coefficient estimates of model 11. The table
presents coefficient estimates of the alternative treatment models. Models (1, 4, 7, 10) are the most parsimonious, controlling for
fixed effects at the individual and time levels. Models (2, 5, 8, 11) also control for individual characteristics. Models (3, 6, 9,
12) further include lagged-by-one-year variables for the unemployment rate and the rate of labour market tightness. Robust
standard errors clustered at the district level are in parentheses.

22



Table B.7: Alternative Treatment Variable—Local Males by Education Level

Note: Significance levels: *** p < 0.01, ** p < 0.05, * p < 0.1. The table presents coefficient estimates of model 11. The table
presents coefficient estimates of the alternative treatment models. Models (1, 4, 7, 10) are the most parsimonious, controlling for
fixed effects at the individual and time levels. Models (2, 5, 8, 11) also control for individual characteristics. Models (3, 6, 9,
12) further include lagged-by-one-year variables for the unemployment rate and the rate of labour market tightness. Robust
standard errors clustered at the district level are in parentheses.
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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, 2023; Eurostat, 2023). Refer to Figure C.1d. 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 C.1: 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, 2023b).

Despite global economic challenges, such as the COVID-19 pandemic, Czechia maintained
relatively stable employment and participation rates throughout these years (Figures C.1a and C.1b).
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
stood at 5,303 thousand and 5,293 thousand, respectively (Czech Statistical Office, 2022, 2021).
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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).

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 thousand 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 D.1.

Table D.1: 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 D.2. 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 D.2: 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 D.1, 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 D.1: 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 D.2: 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 D.3: 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 D.3 and D.2 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 TreatmentI,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 E.1 to E.3 list the districts categorised by their
average treatment doses for Average TreatmentI,II, or III

d , respectively.

Table E.1: Districts by Average Treatment DosesI
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Table E.2: Districts by Average Treatment DosesII

Table E.3: Districts by Average Treatment DosesIII
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F Appendix: Overview of the Extended Difference-in-Differences
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.1 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 (βfe) 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
(σ(∆)) 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 βfe 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 (βfe = 0.0262). The minimum standard
deviations (σ(∆)) 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 σ(∆) 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 σ(∆)

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

1Implemented with the Stata command ‘twowayfeweights’. For details, see de Chaisemartin et al. (2023).
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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 βfe.

The Extended Difference-in-Differences Estimators (DiD) in our Setting. The notation
used below aligns with that of de Chaisemartin and D’Haultfœuille (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 ℓ periods, for every ℓ ∈ {1, . . . ,max(ℓ)} is estimated by:

DiDi,ℓ = Yi,Fi−1+ℓ − Yi,Fi−1 −
1

N i
Fi−1+ℓ

∑
i′:Di′,1=Di,1,Fi′>Fi−1+ℓ

(
Yi′,Fi−1+ℓ − Yi′,Fi−1

)
, (1)

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 i′ whose treatment either never change or has not yet changed by Fi − 1 + ℓ

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 + ℓ.

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+ ℓ

outcome evolution of individual i, for whom the treatment changes, to the average outcome evolutions
of individuals i′ with the same baseline treatment level as i, who are either never treated or whose
treatment has not changed yet by Fi − 1 + ℓ. We can estimate the instantaneous, dynamic and
inter-temporal effects of the treatment for all feasible ℓ ∈ {1, . . . ,max(ℓ)} periods. In our setting,
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max(ℓ) 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 ℓ, 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’Haultfœuille (2024)
and divide the estimated effects obtained with DiDi,ℓ by the difference between the total treatment
dose received by individual i from Fi to Fi − 1 + ℓ, 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 = αd + βd · t+
4∑

q=1

γd,q · I(Qt = q) + ϵi,d,t, t ∈ {1Q 2019, . . . , 4Q 2021}, (2)

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 αd is the
district-specific intercept, and βd 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, γd,q, adjust for seasonal variations, ensuring the trend represented by t accurately reflects
the underlying changes. The error term, ϵi,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 G.1 to G.4 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 G.1: 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 G.2: 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 G.3: 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 G.4: 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 = αd,p,e + βd,p,e · t+
4∑

q=1

γd,q,p,e · I(Qt = q) + ϵi,d,t,p,e, (3)

where p and e index gender and education level, respectively, adding a further level of detail.
Tables G.5 to G.8 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 G.5: 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.

46



Table G.6: 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 G.7: 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 G.8: 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 = αd,n + βd,n · t+
4∑

q=1

γd,q,n · I(Qt = q) + ϵi,d,t,n, (4)

with n indexing the NACE-level 1 industry sector (21 categories). Table G.9 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 G.9: 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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