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Abstract

Cross-border work is expanding in the EU, yet its labor-market effects on the cross-border
workers themselves remain largely undocumented. Using linked Belgian administrative
registers that identify cross-border spells in Luxembourg, we estimate the effects of
cross-border employment on post-return labor-market outcomes through dynamic
double machine learning. Returnees face a short-run employment penalty that fades with
cross-border tenure and time since return. They are also more likely to receive Belgian
unemployment benefits than comparable stayers, with higher daily benefit levels among
recipients.
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1 Introduction

Cross-border work (CBW) has become a structural feature of the European Union la-
bor market. In 2024, 2.3 million EU residents were employed outside their country of
residence, more than double the 2005 figure (Eurostat, 2024). Flows are concentrated in
regional clusters where wage differentials, geographic proximity, and the social-security
coordination framework make daily commuting across a national border economically vi-
able. Despite the growing scale of intra-EU cross-border work, little is known about the
labor-market consequences for cross-border workers themselves.

The existing literature examines the consequences of CBW for local labor markets
in destination and origin countries. Prior studies analyze effects on native workers and
firms in the destination country (Dustmann et al., 2017; Beerli et al., 2021), on regional
labor markets, firms, and wages in origin countries (Dicarlo, 2022; Biitikofer et al., 2024;
Hafner and Hedtrich, 2024; Illing, 2025), and on non-movers in sending regions (Dodini
et al., 2024, 2025). None, however, examines the consequences for cross-border workers
themselves upon return.

This study addresses three questions. First, we identify predictors associated with entry
into and exit from CBW. Second, we estimate the employment impact upon return from
CBW. Third, we examine the integration of returning cross-border workers into the welfare
system of their country of residence. Addressing these questions requires longitudinal data
capable of tracking individuals through entry into, duration of, and exit from cross-border
employment, data that are rarely available.

Using linked Belgian administrative registers, we study the Belgium-Luxembourg cor-
ridor, where nearly 30 percent of the active population in the Belgian Province of Luxem-
bourg commutes abroad (Eurostat, 2024) — the highest outgoing cross-border employment
rate in the EU. We identify cross-border work spells in Luxembourg through compulsory
sickness-insurance registries, a source rarely exploited for outbound cross-border employ-
ment because such spells are typically unrecorded in origin-country social-security sys-
tems. The sample covers approximately three-quarters of individuals born between 1973

and 1990 who resided near the Luxembourg border at some point between 2008 and 2013,



with quarterly labor-market histories from 2003 to 2017.

Selection into CBW is non-linear and operates on several margins, as revealed by
random-forest analysis. Commuting time to Luxembourg City accounts for the largest
share of explained variation in entry, with a sharp non-linear gradient. Predicted entry is
elevated at both the bottom and the top of the Belgian earnings distribution, consistent with
the coexistence of a necessity-driven margin and a skill-driven margin. Prior CBW expo-
sure of the worker, the partner, and other household members predicts entry with concave
returns suggestive of learning and network effects. Selection at the exit margin shows anal-
ogous structure: commuting time predicts return with the same non-linearity but reversed
sign, the last Belgian salary shows a similar U-shape, and prior labor-market histories dis-
tinguish instability-driven exits from constrained persistence in CBW. These patterns make
standard low-dimensional conditioning inadequate for causal analysis and suggest the need
for more advanced techniques.

We rely on causal machine learning to provide the first evidence on the labor-market
consequences of CBW upon return. We estimate the average treatment effect of CBW
spells of one to three years followed by return, on outcomes measured up to three years
after return. Identification rests on sequential conditional independence given a covariate
vector that includes ten years of quarterly labor-market history, household and household-
member CBW exposure, and detailed socio-demographic characteristics, totaling more
than 200 predictors. We use dynamic double machine learning (DML) to flexibly control
for this high-dimensional history without imposing a parametric function (Bodory et al.,
2022; Bia et al., 2024). The credibility of the design hinges on the assumption that, con-
ditional on this history, treatment assignment in each period is independent of potential
outcomes. We discuss this assumption explicitly, report covariate-balance and common-
support diagnostics, and quantify robustness to unmeasured confounding through E-values
(VanderWeele and Ding, 2017).

Three main findings emerge. First, the raw post-return employment gap between re-
turnees and stayers exceeds 30 pp, but the conditional dynamic DML estimate is around
10 pp after one year of CBW. About three quarters of the raw difference between returnees

and stayers reflects observable selection on labor-market histories, household structure,



and geographic location, rather than a causal consequence of CBW. Studies that do not
condition on detailed pre-period history are likely to misattribute selection to the CBW
experience itself. The remaining causal employment penalty is short-lived: it shrinks with
CBW duration and fades to close to zero after three years of CBW or three years after re-
turn. Second, returnees are substantially more likely to access the residence-country unem-
ployment insurance (UI) system, and this probability rises with time spent in CBW; among
recipients, returnees receive significantly higher daily benefits than stayers. Longer spells
progressively shift returnees from inactivity into registered unemployment — consistent
with stronger labor-force attachment — so that by a three-year spell, reduced inactivity
accounts for more than half of the total unemployment effect. Third, we find no sizeable
wage premia upon return.

The paper contributes to three literatures. First, we provide individual-level evidence
on post-return labor-market outcomes for cross-border workers. The return-mobility liter-
ature has studied post-return employment, wages, and occupational mobility for residen-
tial migrants (e.g., Co et al., 2000; Reinhold and Thom, 2013; Abramitzky et al., 2019).
However, mechanisms emphasized in these studies — relocation costs, savings under host-
country uncertainty, and re-entry frictions from prolonged absence — do not apply to daily
commuters who retain home networks, consumption, and local labor-market exposure
throughout the spell (Dustmann et al., 2017; Beerli et al., 2021). Commuters and mi-
grants also differ systematically in age, education, and household structure (Huber, 2014),
S0 existing estimates do not translate.

Second, we provide, to our knowledge, the first evidence in any return-mobility lit-
erature on returnees’ uptake of residence-country welfare benefits. The welfare-magnet
and public-transfer-assimilation literatures study migrants’ benefit receipt in destination
countries (e.g., De Giorgi and Pellizzari, 2009; Agersnap et al., 2020; Suari-Andreu and
van Vliet, 2023). Neither this literature nor the return-migration literature speaks to re-
turnees’ uptake of residence-country benefits funded by contributions accrued abroad. Our
estimates quantify this channel.

Third, we analyze the predictors of CBW entry and exit from individual-level adminis-

trative histories, using random forests on a high-dimensional covariate set. Existing work



on CBW determinants relies on cross-sectional surveys, aggregate flows, or stated inten-
tions with parametric specifications (e.g., Ahrens et al., 2020), as does the return-mobility
literature on residential migrants (Dustmann, 1997, 2003; Dustmann et al., 2011; Bijwaard
et al., 2014). We document non-linear selection on commuting time and earnings on both
margins, which standard parametric specifications would miss.

The paper proceeds as follows. Section 2 describes the institutional setting and data.

Section 3 presents the empirical strategy. Section 4 reports results. Section 5 concludes.

2 Setting and Data

2.1 Institutional setting

Cross-border commuting is concentrated in several regional clusters across Europe,
most prominently the Greater Region of Luxembourg, the Swiss border regions, and parts
of the Central and Eastern European frontier.! We conduct our analysis in the Greater Re-
gion of Luxembourg, where cross-border workers account for roughly half of Luxembourg
employment, and for 15 to 30 percent of the active population in the neighboring NUTS-2
regions of France, Belgium, and Germany (Eurostat, 2024; STATEC, 2025). Within this
cluster, the Belgian Province of Luxembourg displays the highest outgoing CBW rate in
the EU, with almost 30 percent of its active population commuting abroad.

The corridor we study is characterized by low cross-border frictions, including a shared
official language, and large wage differentials. In 2016, the median net monthly salary for
a Belgian cross-border worker aged 25 to 43 was around €3,000, against €1,800 for a
resident employed in Belgium’s Province of Luxembourg (IGSS, BCSS data). Commuting
times to Luxembourg are substantial during peak hours (47.5 minutes on average against
24 .4 for local workers), generating a trade-off between higher wages abroad and time costs
at home (Godefroy et al., 2021; Albanese et al., 2022).

Cross-border employment in the EU is governed by Regulation (EC) 883/2004, which

assigns insurance and contributions to the country of work. A Belgian resident employed

! Substantial outgoing CBW rates are observed in Lorraine in France and Trier in Germany (both around 14
percent of the active population), Vorarlberg in Austria (10 percent), Western Transdanubia in Hungary (10
percent), Franche-Comté, Grand Est, and Alsace in France (around 10 percent), Lubuskie in Poland (8 percent),
and Freiburg in Germany (6 percent) (Eurostat, 2024).



in Luxembourg therefore pays Luxembourg contributions and accrues Luxembourg pen-
sion and healthcare rights, while receiving healthcare in Belgium through a sickness fund
financed by the Luxembourg system. Unemployment insurance is the exception. Under
Article 65, unemployed cross-border workers must claim benefits from the country of res-
idence, not the country of work, and insurance periods accrued abroad are aggregated to
satisfy residence-country eligibility.”> A Belgian-resident worker who loses a Luxembourg
job therefore registers as unemployed in Belgium and claims Belgian benefits, with Lux-
embourg work history counted toward Belgian eligibility thresholds. Article 62(3) further
requires that the benefit amount be computed on the gross salary received in Luxembourg.
The Belgian benefit schedule during our sample window is degressive, applied to a ref-
erence wage capped at approximately €2,598 per month in 2017. Because Luxembourg
gross wages systematically exceed Belgian gross wages in comparable occupations, ap-
plying Belgian replacement rates to a Luxembourg reference wage pushes returnees to the

Belgian ceiling more often than stayers.

2.2 Data and sample

We use Belgian administrative data from the Crossroads Bank for Social Security
(BCSS), which links Belgian National Registries and Social Security institutions. The
data span 2003 to 2017 and include detailed quarterly labor-market histories and demo-
graphic information. We supplement them with average commuting times by car and
public transport from each individual’s neighborhood to Luxembourg City during peak
hours, computed using Google API Directions and OpenTripPlanner. Cross-border em-
ployment is identified through Belgian health-insurance registries (mutualities), with which
CBW workers are required to register; this information is rarely available in origin-country
social-security data, where outbound CBW spells typically leave no contribution trace. The
data do not include the occupation held in Luxembourg, which limits our ability to mea-

sure within-spell job characteristics. We observe job characteristics and earnings only upon

2 Article 65 requires the country of last employment to reimburse the residence country for the first three months of
payments (five if the worker completed at least twelve months of employment). Because Belgian unemployment-
benefit duration during our sample period was effectively open-ended, Belgium absorbs the bulk of the fiscal cost
of returnee unemployment benefits. Under the EU coordination revision agreed in April 2026 (Council of the
European Union, 2026), cross-border workers with at least 22 uninterrupted weeks of activity in the country of
last employment would instead claim unemployment benefits from that country.



return.

The population of interest comprises individuals born between 1973 and 1990 who
resided in the Belgian provinces of Luxembourg or Liege at some point between 2008 and
2013. The sampling frame is stratified geographically, oversampling residents close to the
Luxembourg border, with design weights equal to the inverse of the inclusion probability
(Albanese et al., 2024). All estimates use these weights. The initial sample contains 86,500
individuals, about 74 percent of the targeted population. We restrict attention to individuals
living in the study area at the end of any year between 2013 and 2015 and not yet employed
in Luxembourg, and we observe their CBW status in subsequent years and their post-return
outcomes for up to three years. Pooling the 2013, 2014, and 2015 cohorts yields a final
sample of 147,102 observations on 48,975 individuals.

About 2.4 percent of the sample transitions into CBW within a year. Among CBW
workers, 19.4 percent return to Belgium after one year. On average, cross-border workers
earn substantially less in their last observed Belgian job than stayers (daily wage of €68
against €91), are more likely to be in the residual inactivity category in the year before
entry (51 percent against 15 percent), and have lower prior employment stability. They
are also younger and more likely to be male. Full descriptive statistics are available in

Appendix Table Al.

3 Empirical Strategy

3.1 Treatment sequences and estimand

Each individual’s CBW status is observed at the end of each year and takes three values:
0 if the individual lives in Belgium and does not work in Luxembourg, 1 if the individual
lives in Belgium and works in Luxembourg, and 2 if the individual no longer appears
in the Belgian registers due to out-migration or death.> The treatment of interest is a
sequence d; = [d),...,dr] that combines a CBW episode and a post-return horizon, for

example [0, 1,0] (one year of CBW, outcome measured one year after return), [0,1,1,0]

3 The end-of-year frequency limits the explosion of possible treatment paths. CBW spells that are not held at
year-end account for about 15 percent of all CBW transitions, generating a modest undercount. Contamination
of the control group is small (0.4 percent).



(two years of CBW, one year after return), or [0, 1,1,1,0] (three years of CBW, one year
after return). The control sequence d7 = [0,0,...,0] corresponds to individuals who never
leave Belgium.

The target parameter is the average treatment effect on the population of first-period
CBW entrants, A(dy,d7) = E[Yr(dy) —Yr(d7) | D1 = 1]. The estimated effects describe
what happens to workers who go to Luxembourg and come back, and should be distin-

guished from the effect of permanent CBW.

3.2 Identification and dynamic DML

Identification rests on sequential conditional independence: in each period, treatment
assignment is independent of potential outcomes conditional on the covariate path realized
up to that point. The credibility of this assumption depends on the richness of the condi-
tioning set. We condition on 213 predictors, derived from roughly 80 explanatory variables,
including ten years of quarterly labor-market history (employment, self-employment, un-
employment with and without job-search exemption, inactivity with and without transfers,
occupation, sector, firm size, individual and firm fixed effects from an AKM model esti-
mated on pre-2013 data, household income, partner and household-member CBW expo-
sure), demographics (age, gender, nationality, education, migrant origin, Luxembourgish
origin, household composition and number of children by age band), and geographic indi-
cators (commuting time to Luxembourg City by car and public transport, local unemploy-
ment rate at the NUTS-3 level). Table 1 lists the full set of control variables.

Two arguments support the plausibility of sequential CIA in this setting. First, the
persistence of unobservables is identified through their reflection in observable trajectories.
Ability, motivation, attachment to the labor market, risk preferences, and informal job-
search effort are typically stable over a decade, and over a ten-year quarterly window they
translate into observable patterns of employment continuity, earnings levels and growth,
occupational mobility, and benefit receipt (Lechner, 2010; Chabé-Ferret, 2015; Daw and
Hatfield, 2018). We condition on all of these. Second, geographic sorting is observed:
commuting time by car and public transport, and local unemployment rates, are explicit

covariates. The remaining threats are post-baseline shocks specific to CBW workers in the



last Belgian period before entry, in particular the arrival of a Luxembourg job offer. Such
offers are unobservable by construction, but the dimensions along which Luxembourgish
employers select workers are themselves captured in the ten-year history we condition on,
limiting the scope for residual selection. Section 4.4 quantifies how strong such residual
selection would have to be to overturn the main estimates.

We estimate the ATE with the dynamic DML procedure of Bodory et al. (2022), ap-
plied to sequences of up to four periods. At each transition node along the sequence, a
period-specific propensity score is estimated conditional on the covariate vector available
at that point, and the mean potential outcome along each path is recovered by reweighting
the observations that actually followed the path by the inverse product of the propensity
scores along it, augmented by nested outcome regressions delivering double robustness. To
target the ATE on first-period CBW entrants, we follow the weighted-score representation
of Bodory et al. (2022, Section 4) and multiply the efficient score by g(Xy)/Pr(D; = 1),
where g(Xp) coincides with the first-period propensity score. Both the outcome and the
propensity-score components are estimated with random forests, with class weights in-
versely proportional to outcome frequencies at each node to address the rare-event nature
of CBW transitions (Chen et al., 2004; Akbani et al., 2004); we report sensitivity to extreme
gradient boosting in the appendix. K-fold cross-fitting ensures out-of-sample nuisance
predictions, with the conditional and nested outcome means fitted in non-overlapping sub-
samples to avoid correlation between successive plug-in steps (Chernozhukov et al., 2018;
Bodory et al., 2022). We cluster at the individual level since the same individual can appear
in up to three cohorts.

When the outcome is observed only for a subset of individuals, as for wages (condi-
tional on employment) or benefit amounts (conditional on UI receipt), conditioning on a
post-treatment selection variable would bias the estimate. We address this within the dy-
namic framework using the equivalence in Bia et al. (2024), expanding the state space at
the outcome period to include the relevant selection node. The credibility of the sample-
selection correction rests on the same sequential CIA invoked for treatment assignment,
since the main drivers of employment selection are themselves observed in the condition-

ing history.



The full formal exposition of the score, the weighted ATE construction, the dynamic

selection diagrams, and the implementation details are in Appendix C.

4 Results

4.1 Selection into and out of cross-border employment

We first describe the selection into and out of cross-border employment, separately
for entry (next-year transition from non-CBW to CBW, N=144,600 with a 2.4 percent
base rate) and for exit (next-year transition from CBW to Belgian residence without CBW,
N=3,708 with a 19.4 percent base rate). To interpret the random-forest predictions, we rely
on variable-importance scores and partial-dependence plots (PDPs) estimated on the same
covariate set as our DML propensity-score models. Full results are in Appendix B.

Figure 1 displays PDPs for the main predictors of entry and exit. PDPs trace how
the predicted probability of the outcome varies with one predictor while averaging over
the empirical distribution of all others, and should be read as descriptive net associations
rather than causal effects (Hastie et al., 2009). Predictive performance is strong for entry
(out-of-bag AUC = 0.867, with PR-AUC of 0.221 against a base rate of 0.024, an eight-
fold improvement over chance) and modest for exit (AUC = 0.665), which is unsurprising
because we observe Belgian-side covariates only and lack information on the Luxembourg
job that would predict its termination.

Three patterns emerge from the PDPs, each highly non-linear. First, commuting time
to Luxembourg City is the dominant predictor on both margins, with opposite signs: pre-
dicted entry declines steeply at short commutes and flattens beyond a threshold, while
predicted exit is flat at short commutes and rises rapidly beyond it (Figure 1, panels (a)
and (g)), consistent with a tipping point at which commuting burdens become difficult to
sustain. Second, earnings-related variables predict both margins with U-shaped profiles.
Predicted entry is elevated at both ends of the current Belgian labor-income distribution
(panel b), consistent with the coexistence of a necessity-driven margin (workers pushed
by limited domestic options) and a skill-driven margin (workers attracted by the Luxem-

bourg wage premium). An inverted U-shape appears for ten-year average earnings (panel



¢). Atexit, last salary in Belgium and annual household revenue show analogous U-shapes
(panels h and 1), with high return propensities at both ends of the distribution. Third, prior
CBW exposure predicts entry with concave returns suggestive of learning effects: short ini-
tial spells substantially raise the predicted probability of subsequent entry, but additional
exposure adds little (panel d).

Two further patterns reinforce these readings. Education shows a positive gradient at
entry (panel e) and a negative gradient at exit (panel j), consistent with skill differentiation
on both margins. Labor-market history differentiates the exit margin: prior residual inactiv-
ity predicts longer spells (panel k, declining gradient), while prior unemployment predicts
shorter spells (panel 1, rising gradient), distinguishing constrained persistence with limited
outside options from instability-driven exit. Current-status indicators reinforce these read-
ings: workers currently inactive at baseline are substantially more likely to enter CBW
(panel f), consistent with the residual-category margin already absorbed by the condition-
ing set.

The implications for identification are direct. Selection into CBW is jointly governed
by accessibility, dual-margin earnings dynamics, and current labor-market status. With 213
predictors and unknown functional forms, parametric specification would require ad hoc
choices across nonlinearities and interactions. The DML procedure with random forests

learns the functional form from the data without parametric restrictions on functional form.

4.2 Effect on labor-market states

Figure 2a-2c reports the effect of CBW experience on three mutually exclusive labor-
market states one year after return, by CBW spell length. The three states are employment,
registered unemployment (with or without UI receipt), and inactivity. Without controls,
returnees show a raw employment penalty exceeding 30 pp (Panel a, blue bars). Once ob-
servable selection is accounted for through dynamic DML, the employment penalty shrinks
substantially. After one year of CBW, returnees are about 10 pp less likely to be employed
than comparable stayers. The penalty falls to about 7 pp after two years of CBW and is
statistically indistinguishable from zero after three years.

The corresponding registered-unemployment effects (Panel b) are positive and signifi-

10



cant across spell lengths: about +12 pp after one or two years of CBW and about +17 pp
after three years. Inactivity effects (Panel c) are not statistically distinguishable from zero,
although point estimates trend negative with spell length, from about -3 pp after one year
to -12 pp after three.

Because employment, unemployment, and inactivity are exhaustive and mutually ex-
clusive, the estimates approximately sum to zero in finite samples and yield a natural de-
composition. For one-year CBW spells, about 80 percent of the increase in registered un-
employment comes from reduced employment, with the remainder from reduced inactivity.
For two- and three-year spells, this share falls to roughly 55 and 45 percent respectively.
Under a pure job-loss story, the rise in unemployment would be matched one-for-one by
a fall in employment, with no contribution from inactivity. The data depart from this
benchmark, with a falling employment share and an increasingly negative point estimate
on inactivity, consistent with individuals detached from the labor force becoming visible
in the Ul register after a longer CBW spell.

Figure 3 extends the analysis up to three years after return for one-year CBW spells,
and up to two years for two-year spells. For one-year CBW, the employment penalty is
roughly -10 pp at one and two years after return and attenuates to about -7 pp by the
third year. For two-year CBW spells, the penalty falls from about -7 pp at one year to a
value indistinguishable from zero at two years. Unemployment effects similarly attenuate.
Inactivity effects remain insignificant throughout. Sample sizes shrink with the horizon,
particularly for two-year spells, so medium-run estimates should be read with caution.

These patterns are similar to post-return employment dips for residential migrants
(Saarela and Finnas, 2009; Piracha and Vadean, 2010; Xia et al., 2025), but the underlying
mechanisms differ. Because commuters live in Belgium throughout the spell, they do not
lose the broader home-country capital that residential migrants forfeit during prolonged ab-
sence, nor are their choices during the spell shaped by planned-return dynamics that drive
residential migrants’ savings and labor-supply decisions (Chabé-Ferret et al., 2018). What
commuters do lose is the employment side of this capital: domestic employer relation-
ships, sectoral exposure, and recruitment channels interrupted during the CBW spell. Two

mechanisms specific to this setting are consistent with the attenuation we estimate. First,
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attenuation with time since return reflects job-search frictions in the home labor market,
with the penalty decaying as the worker rebuilds these connections (Topa, 2011). Second,
attenuation with CBW duration reflects the value of the Luxembourg experience itself:
longer matches involve greater accumulation of general and employer-specific human cap-
ital, and a completed multi-year contract is a stronger signal to Belgian employers than a
brief commuting episode that may read as a failed match. Both channels point to frictional

reallocation rather than structural depreciation.

4.3 Effect on working conditions and unemployment benefits

Working conditions. Conditional on being employed after return, dynamic DML esti-
mates of the effect of CBW on log daily wages are negative for one-year spells (-0.08 log
points), close to zero for two-year spells (-0.03), and positive for three-year spells (+0.07,
Figure 2d). None is statistically distinguishable from zero, and confidence intervals widen
sharply with spell length, reflecting the small employed-returnee samples (203, 74, and 29
observations respectively).

Despite the imprecision, the data rule out large positive wage premia at short spell
lengths: the upper bound of the 95% CI is +0.03 log points for one-year spells and +0.10
for two-year spells. The three-year estimate is too imprecise to discriminate, with an upper
bound of +0.24 log points. Effects on part-time work are also indistinguishable from zero
(Figure 2e). Tables and longer-horizon plots are in the Appendix.

The absence of a large wage premium at short spell lengths is consistent with the res-
idential return-migration literature. Abramitzky et al. (2019), in linked Norwegian-US
census data, find no premium for one-to-three-year return migrants once premigration oc-
cupation is controlled for, and El-Mallakh and Wahba (2021) document substantial het-
erogeneity in returnees’ occupational trajectories, with both upward and downward shifts
depending on origin context. Premia in the residential literature accumulate over longer
horizons: Wahba (2015) estimates a peak at six years of 27 percent for Egyptian returnees,
and Reinhold and Thom (2013) finds 2.2 percent per year of US experience for Mexi-
can returnees. The wage-premium mechanisms in this literature, foreign skill acquisition

that compounds with duration (Dustmann et al., 2011) and occupation-specific experience
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matched to home-country jobs (Reinhold and Thom, 2013), are not detectable at the dura-

tions we observe.

Unemployment benefits. Figures 2f to 2h report the effects on UI outcomes one year
after return. Among non-employed individuals, returnees are 8 pp more likely than com-
parable stayers to receive unemployment benefits after one year of CBW, 12 pp after two
years, and 21 pp after three years. The duration of benefit receipt among recipients (in
log days) shows no significant effect of CBW experience. Daily benefit levels in logs are
about 0.11 higher for one- and two-year CBW spells (significant at the 10 percent level)
and imprecise at three-year CBW spells due to the smaller sample of returnees on benefits.

The pattern, higher receipt rates and higher daily benefit levels, is consistent with the
Article 62(3) wage-portability rule, under which Belgian benefits are computed on the
Luxembourg gross wage that exceeds comparable Belgian wages. The fiscal incidence of
these claims falls on the residence country: Luxembourg reimburses the first three months
of benefits, extendable to five months when the worker has been employed in Luxembourg
for at least one year, and Belgium bears the cost thereafter. Our estimates therefore imply
substantial fiscal exposure on the residence-country Ul system under the current rule. The
estimates are consistent with the labor-market-state decomposition above: longer Lux-
embourg spells likely satisfy the residence-country eligibility thresholds that shorter or
fragmented prior histories may not have met, moving returnees who would otherwise have
remained inactive into the formal Ul register. The opposite direction is documented for res-
idential migrants in destination countries, who tend to under-claim UI relative to natives

(Strockmeijer et al., 2020).

4.4 Validation and sensitivity

We assess the results through a battery of diagnostics reported in Appendix D. Inverse-
probability reweighting sharply improves covariate balance: the pooled mean absolute
standardized mean difference (SMD) across 495 covariate-node pairs falls from 0.116 to
0.048, the median falls from 0.049 to 0.032, and the 95th percentile falls from 0.466 to
0.145, so 95 percent of all covariate-node pairs are below the standard 0.15 threshold af-

ter reweighting. Residual imbalances concentrate on spatial variables at the CBW-entry
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node, in particular peak commuting time to Luxembourg (|]SMD| = 0.41), the local un-
employment rate (0.24), and public-transport connectivity (0.18 to 0.20), reflecting strong
geographic sorting near the border that is difficult to eliminate through reweighting alone.
Common support is adequate along the treatment path. Along the control path, the joint
generalized propensity score is more separated, which means the doubly robust estimator
relies more on the outcome model in that part of the support; cross-fitting disciplines the
outcome model’s out-of-sample predictions and prevents overfitting to thin regions (Cher-
nozhukov et al., 2018). Sensitivity to propensity-score trimming is small: more aggressive
trimming delivers minor balance gains at substantial sample loss, including the loss of up
to 48 treated units, and is therefore not adopted.

E-values (VanderWeele and Ding, 2017) report the minimum strength of association on
the risk-ratio scale that an unmeasured confounder would need to have with both treatment
and outcome, beyond the observed covariates, to fully explain away the estimated effects.
For the one-year employment penalty, the CI-bound E-value is 1.75; for the unemployment
effect after one year of CBW, 2.76; for the unemployment effect after two years of CBW,
2.61; for the UI receipt effect, 1.56 to 1.89 depending on spell length. These values can
be benchmarked against the strongest observed predictor of CBW entry, commuting time
to Luxembourg, which moves predicted entry probabilities by a factor of about 2.8 across
its support. To overturn our headline conclusions, residual confounding would need to
(i) correlate with treatment at least as strongly as the most informative observable in our
data, (ii) correlate with the outcome by a comparable margin, and (iii) be orthogonal to
the 213 conditioning variables, which span ten years of quarterly labor-market history,
household structure, and geographic controls. A confounder satisfying all three conditions
seems implausible in this setting. Wage and part-time effects are imprecisely estimated
regardless of confounding, with CI-bound E-values equal to one. Replicating the analysis
with extreme gradient boosting yields estimates aligned with the random-forest baseline,

indicating the findings do not hinge on the choice of learner.
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5 Conclusion

The labor-market consequences of cross-border work for cross-border workers them-
selves have been largely undocumented, in part because outbound CBW spells are not
systematically recorded in origin-country registries. Using linked Belgian administrative
data that identify cross-border spells through compulsory sickness-insurance registries, and
a dynamic DML design conditioning on ten years of quarterly labor-market history, this
paper provides the first causal estimates of post-return labor-market outcomes for cross-
border workers. To our knowledge, this is also the first evidence in any return-mobility or
welfare-receipt literature on returnees’ uptake of origin-country welfare benefits.

Three findings stand out. First, returnees face a short-run employment penalty that at-
tenuates with both CBW duration and time since return. Second, returnees are more likely
to receive Belgian unemployment benefits than comparable stayers, with higher daily ben-
efit levels among recipients. Third, we find no evidence of a sizeable post-return wage
premium in the short run, consistent with the residential return-migration literature. Two
further selection patterns emerge from the analysis. Commuting time is a first-order deter-
minant of entry, persistence, and return, suggesting that transport investments and hybrid-
work arrangements would shift both the incidence and the stability of cross-border em-
ployment. Cross-border employment also operates as a mobility channel at both ends of
the skill distribution, providing an employment pathway for workers with weaker domestic
prospects alongside the high-skill margin already documented in the migration literature.

Two caveats bound the study. Sequential CIA is untestable; the E-value bounds quan-
tify the confounding strength required to overturn the main results, but cannot rule it out.
Sample sizes shrink at longer spells and for wage outcomes, so those estimates should be
read as exploratory.

Intra-EU mobility is increasingly central to EU labor-market integration: 2.3 million
EU residents were employed outside their country of residence in 2024 (Eurostat, 2024).
The post-return frictions we document are likely to extend across this population. Under
the current EU social-security coordination framework, unemployed cross-border workers

claim benefits from their country of residence, with only the first few months reimbursed
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by the country of work. The provisional EU agreement of April 2026 (Council of the
European Union, 2026) shifts competence to the country of last employment, aligning the
financing of benefits with the location in which contributions were paid, thereby addressing
only the fiscal channel we document in this study. The worker-side cost, however, remains.
The employment penalty we identify calls for a separate response, such as reintegration
policies, so that the costs of free movement within the EU do not fall on the workers

themselves.
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Table 1: Full list of explanatory variables

Demographics:

Household:

Labor-Market
History:

Geography:

Age, Gender, Being dependent in household, Nationality, Migrant origin (par-
ents/grandparents), Luxembourgish origin (parents/grandparents), Internal mi-
grant, Years in Belgium, Education level

Household composition, Household size, Nr children by age group (0, 1-5, 6-17
years), Work intensity, Partner cross-border worker, Any household member
cross-border worker, Other household earners

Work history (1-10 years): Average quarterly remuneration conditional on work-
ing (log), Quarters as: employed, self-employed, unemployed (with/without
job search exemption), inactive (with/without transfers, minimum integration in-
come); Months as: cross-border worker (self, partner, household); share of quar-
ters in: public sector, blue-collar, white-collar

Previous job: Type (no job, employee, self-employed), Collar (blue, white, public
servant), Part-time status, Firm size, Industry sector (NACE 2-digit), Last salary
(log), No last salary indicator, Firm fixed effects, Individual fixed effects

Current status:  Private sector employee, Self-employed, Unemployed
(with/without job search exemption), Inactive (with/without transfers, minimum
integration income), Public Servant, Current quarterly remuneration (log), Cur-
rent total revenue (log), Unemployment benefit days (log)

Distance to Luxembourg City (car), Distance by public transport, Missing public
transport indicator, Local unemployment rate
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Figure 1: Selection into and out of cross-border employment: partial dependence plots
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Note: Partial dependence plots for the strongest predictors of CBW entry (Panel A) and return within one year
of entry (Panel B), estimated by random forest. Panel A: pooled 2013-2015 sample, N = 144,600. Panel B:
pooled 2014-2016 sample of individuals in CBW one year earlier, N = 3,708. Each curve traces the model’s
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of the remaining covariates. Continuous covariates standardized to mean zero and unit standard deviation. PDPs
are descriptive net associations, not causal effects. Additional predictors and variable-importance rankings in
Appendix B.



Figure 2: Effects One Year after Return, by CBW Spell Length
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Note: Point estimates and 95% confidence intervals for the effect of CBW one year after return, by spell length.
Top row: labor-market states (employment, unemployment, inactivity). Middle row: job quality conditional
on employment (log daily wages, part-time status). Bottom row: UI outcomes (receipt conditional on non-
employment, log days of receipt, log daily benefit level among recipients). Pooled 2013-2015 samples for one
year of CBW; 2013-2014 for two years; 2013 for three years. Blue bars: raw differences. Red bars: dynamic
DML with random forests. Standard errors clustered at the individual level. Stayer (returnee) sample sizes: top
row: 136,646 (740), 88,734 (241), 43,428 (79); middle row: 81,178 (203), 53,826 (74), 26,731 (29); panel (f):
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Figure 3: Evolution of effects on labor-market states up to three years after return
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Appendix

A Variable construction

Explanatory variables are grouped into four blocks: demographics, household charac-
teristics, labor-market history and current status, and geography (for a literature review, see
Tsiopa et al., 2024). Table A1 reports descriptive statistics on the analysis sample.

Demographics. Age, gender, educational attainment, nationality, migrant and Luxem-
bourgish origin, internal migration within Belgium, and years of residence in Belgium.
These capture flexibility, expected lifetime earnings, household responsibilities, and trans-
action costs through language skills, networks, and institutional familiarity (Huber and
Nowotny, 2013; Gottholmseder and Theurl, 2007; Mathd and Wintr, 2009).

Household characteristics. Household composition (type, size, and children by age
band), household work intensity, the presence of another earner, and indicators for CBW
by the partner and any other household member. Household structure and childcare respon-
sibilities are expected to influence commuting choices by raising time constraints, while
CBW among household members may facilitate transitions through information sharing
and network effects (Gottholmseder and Theurl, 2007; Albanese et al., 2022).

Labor-market history and current status. Using the BCSS nomenclature, we assign
each individual a quarterly socio-economic position and aggregate over ten years to com-
pute quarters spent in employment (private and public), self-employment, unemployment,
and inactivity. We also measure the share of quarters by occupational category (blue-collar,
white-collar, public servant), months in CBW (individual, partner, household), and aver-
age remuneration (log) conditional on employment. We include characteristics of the most
recent Belgian job: employment type, occupational category, part-time status, firm size,

industry (NACE 2-digit), last wage (log), a missing-wage indicator, and worker and firm



fixed effects estimated on pre-2013 data (Bonhomme et al., 2019). Last-quarter status in-
cludes labor-market position, minimum-income receipt, unemployment-benefit days (log),
current remuneration (log), and household income (log) (Nowotny, 2014).

Geographical factors. Commuting time to Luxembourg City by car and by public
transport, and the local unemployment rate in the municipality of residence (Rouwendal
and Meijer, 2001; Clark et al., 2003; Mathd and Wintr, 2009; Broersma et al., 2022).

In the causal analysis, we use the full specification with 213 parameters as potential
confounders. For the predictive analysis, we adopt a more parsimonious specification with
159 parameters, removing or aggregating highly correlated variables.! This enhances the
interpretability of partial dependence plots in the presence of multicollinearity, since they
depict how the predicted probability of CBW varies with a given explanatory variable
while keeping the remaining covariates fixed, which becomes difficult to interpret with

highly correlated explanatory variables.

Table Al: Descriptive Statistics

All Time 1 For CBW in time 1, time 2
Stayers CBW Remain CBW Returnees
Women 0.516 0.521  0.392 0.377 0.451
No previous CBW exp. 0.886 0.891  0.649 0.660 0.600
Employee 0.580 0.598  0.211 0.213 0.212
Self-employed 0.092 0.094 0.042 0.041 0.047
Unemployed 0.097 0.094 0.210 0.195 0.265
Inability 0.035 0.036  0.007 0.005 0.015
Minimum income 0.014 0.014  0.003 0.002 0.006
Other unempl. 0.016 0.016 0.014 0.014 0.015
Other inactivity 0.167 0.148  0.512 0.529 0.439
Daily salary (€) 89.7 91.2 68.4 67.1 76.7
Age 32.6 32.6 314 314 31.3
Years of education 12.0 12.0 12.3 12.5 11.9
CBW in next year 0.024 0.000  1.000 1.000 1.000
Returning from CBW in 2 0.194 0.000 1.000
Remain CBW in 2 0.782 1.000 0.000
N 147,102 140,805 3,795 2,968 740

Pooled 2013-2015 cohorts, design weights applied. “Time 1” refers to CBW status at the end of the first obser-
vation year. “For CBW in time 1, time 2” restricts to those in CBW at end of year 1, then splits by year-2 status.
“Inability” denotes disability, “Other unempl.” denotes unemployment without active job search.

'In an OLS regression on the transition to CBW with the explanatory variables, the mean VIF is reduced by a
factor of 2.7 in the parsimonious specification, from 9.21 to 3.44.
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B Predictive Analysis

We implement Random Forest classification (Breiman, 2001) to predict transitions into
and out of CBW within a one-year horizon. We cluster individual identifiers to ensure that
the same individual is not included in both the training and test samples, and reweight
observations to balance the outcome distribution given the rare-event nature of CBW tran-
sitions (Chen et al., 2004; Akbani et al., 2004). The model achieves an out-of-bag area
under the ROC curve (AUC) of 0.867 for entry (PR-AUC of 0.221 against a base-rate
prevalence of 0.024, an eightfold improvement over chance) and 0.665 for exit. The lower
performance for exit is unsurprising: our covariates are measured on the Belgian side, and
we lack information on the Luxembourg job (contract type, occupation, sector, wages) that

is likely relevant for return decisions.

B.1 Variable importance

Figure A1 reports permutation-based variable-importance scores for all predictors of
entry (Panel a) and exit (Panel b). Importances reflect predictive contribution rather than

causal relevance.

B.2 Partial dependence plots: entry

Figure A2 reports PDPs for predictors of entry that complement those displayed in the
main text. The patterns are consistent with the discussion in Section 4.1 of the main paper.

Four additional patterns emerge. Public transport time to Luxembourg shows a sim-
ilar negative gradient to car commuting time, confirming that mobility frictions operate
through both modes. Local unemployment rates at the NUTS-3 level are positively as-
sociated with entry, consistent with a push effect of weaker domestic opportunities (Got-
tholmseder and Theurl, 2007). Entry propensities are higher at younger ages and among
men, consistent with longer horizons for amortizing fixed mobility costs and gender dif-
ferences in commuting constraints (Rouwendal and Rietveld, 1994; Clark et al., 2003;
Albanese et al., 2022). The presence of children, particularly infants, is negatively asso-
ciated with entry, consistent with higher commuting time costs (Rouwendal and Rietveld,

1994; Clark et al., 2003; Albanese et al., 2022). Individuals of Luxembourgish origin are
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Figure Al: Variable importance scores

(a) Entry into CBW

Distance to Luxembourg city by car (min.)

Inactive without social transfers

N months CBW 1 to 10 years before

Total household income (log)

Distance to Luxembourg city by public transport (min.)

Total quarterly labour income(log) |

N quarters inactive without social transfers 1 to 10 years before

% FTE of household {

Unemployment rate in living NUTS-3 area

Age

Gender

Last job: sector (NACE)

N quarters any CBW in HH 1 to 10 years before

N quarters employed 1 to 10 years before

Year

N quarters unemployed 1 to 10 years before

Level of education {

Total quarterly labour income 1 to 10 years before

Last salary in BE (log)

N months partner CBW 1 to 10 years before

Years in Belgium

Family type

HH size

N days receiving unemployment benefits (log)

Nationality {

Last status: Unemployed {

Last job: firm size { [l

Another earner in the HH{ [l

Last status: Public servant{ [l
Last status: Employed{ [l
Share of quarters as blue collar 1 to 10 years before{ [l
N quarters integration income 1 to 10 years before{ [l
Share of quarters as white collar 1 to 10 years before{ [l
Child aged 6-17 in HH{ [l

N quarters inability 1 to 10 years before{ [l

Child aged 1-5in HH{ [l

N quarters self-employed 1 to 10 years before{ [l

N quarters unemployed exempted from jobsearch 1 to 10 years before{ [l

Internal migrant: current arrondissement different from first arrondissement{
Distance to Luxembourg city by public transport (min.) (missing)

Last status: Self-employed{

Partner works in Lux

2nd/3rd generation migrant

Share of quarters as public servant 1 to 10 years before

Last job: no salary available

Last status: Integration income

Another member of household works in Lux

N quarters in an activation policy 1 to 10 years before

Child aged 0 in HH

L origin or
Last status: Inability

% FTE of household (missing) {

Last status: Unemployed exempted {

Last status: Receiving an activation policy

0 25 50 75
Importance scores

Higher values indicate a stronger contribution to predicting the outcome at a one-year horizon. Panel (a): pooled
sample 2013-2015, N = 144,600. Panel (b): pooled sample 2014-2016 of individuals in CBW one year earlier,

N = 3,708. Clustering by individual identifiers.
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more likely to enter CBW, suggesting that language and institutional familiarity reduce

transaction costs (Huber, 2014). Finally, household income shows a negative gradient con-

sistent with a financial-pressure margin, reinforcing the necessity-driven channel discussed

in the main text. The sectoral profile (last NACE division of the Belgian job) reinforces the

dual-margin reading: predicted entry is concentrated in construction and market-oriented

activities, remains elevated through transport and market services, and is lowest in public

administration, education, and health and social work, consistent with the negative gradi-

ent on public-sector employment histories. Predicted entry is also elevated among workers

from extraterritorial organisations, reflecting Luxembourg’s concentration of European and

other international institutions.

B.3 Partial dependence plots: exit

Figure A3 reports PDPs for additional predictors of return.
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Figure A2: Partial dependence plots: additional predictors of entry into CBW
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Note: Partial dependence plots for additional predictors of entry into CBW. Continuous covariates standardized to
mean zero and unit standard deviation. PDPs are descriptive net associations, not causal effects.

The age profile declines into mid-career and then flattens, suggesting that younger indi-
viduals hold less stable Luxembourg positions. Women are more likely to return, consistent
with household constraints that limit the ability to remain in CBW. Family constraints are
most visible for infants: the presence of children aged zero predicts higher return, con-
sistent with tighter time constraints and higher value of proximity to home. Household
structure and cross-border networks contribute to persistence, consistent with information
advantages that reduce search and adaptation costs. Prior CBW exposure of the worker,
partner, or other household members is negatively associated with return, mirroring the
positive association with entry: the same network and learning channels that pull work-

ers into CBW also stabilize them within it. Finally, the sectoral profile is asymmetric to
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Figure A3: Partial dependence plots: additional predictors of return from CBW
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the entry margin: predicted return is highest among workers whose last Belgian job was in

market-oriented activities and public administration, and lowest in cultural and recreational

services and extraterritorial organisations, consistent with greater persistence among en-

trants from sectors with weaker domestic outside options and with high match stability in

international-institution employment.

C Dynamic Double Machine Learning Framework

This appendix collects the formal definitions and implementation details underlying

the dynamic DML estimator described in Section 3 of the main paper.
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C.1 Treatments, sequences, and the ATE

We consider the time-varying treatment D,, which can take three values d, at time ¢,
defined as the status at the end of the year: 0 if the individual lives in Belgium while not
working in Luxembourg, 1 if the individual lives in Belgium while working in Luxem-
bourg, and 2 if the individual no longer lives in Belgium or is deceased.?

The key object of interest is the average treatment effect (ATE) of a sequence of treat-
ments Dy = [Dy,...,Dr]. This is retrieved by comparing the potential outcome Yr(d;)
under a specific treatment sequence d = [d,...,dr] to the potential outcome Y7 (d7) un-
der a control sequence d7. In the potential outcome framework, the ATE of two distinct

treatment sequences is defined as

ATEr = A(dr,dr) = E[Yr(dr) = Yr(d7)]. (AD)

In our setting, the control sequence corresponds to individuals who never leave Bel-
gium, so d7 = [0,0,...,0]. To assess how the effects vary with spell length and time since
return, we evaluate sequences [0, 1,0], [0,1,0,0], [0,1,0,0,0] (one year of CBW; outcome
measured one, two, three years after return); [0,1,1,0], [0,1,1,0,0] (two years of CBW;
outcome one and two years after); and [0,1,1,1,0] (three years of CBW; one year after

return).

C.2 Sequential propensity scores and dynamic selection

The dynamic DML estimator models selection at each transition node along the se-
quence, with the number of nodes equal to the length of the treatment sequence 7. At

the first node, we model selection into cross-border employment (D; = 1 vs. Dy € {0,2}),

2 The analysis is conducted at the end-of-year frequency to avoid an explosion in the number of possible treatment
paths. Individuals who change CBW status within a calendar year, whether entering, exiting, or briefly interrupt-
ing a spell, but do not hold that status at year-end are classified according to their December status, which leads
to a modest undercount of short or interrupted spells. Short spells transitioning to CBW within the year but not
maintained at year-end account for around 15 percent of all transitions to CBW. Contamination of the control
group is minimal at 0.4 percent.

3 We do not report treatment effects for sequences involving exit from the Belgian administrative registers (out-
migration or death), as outcomes are not observed. We model exit as a separate treatment value at each period
when estimating propensity scores, so selection into exit is accounted for in the reweighting across in-sample
sequences. Cross-border workers are somewhat more likely to exit subsequently (87/3,795 = 2.3 percent against
1,713/140,805 = 1.2 percent per period), but these shares are small.
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estimating a propensity score conditional on the baseline covariate vector Xy. At each
subsequent node t = 2,..., T, a further propensity score is estimated conditional on the up-
dated covariate vector X;_, which is progressively enriched with labor-market outcomes
observed during the preceding period. For the treatment sequences involving CBW, these
subsequent nodes model continuation in CBW versus exit (D, = 1 vs. D, € {0,2}) dur-
ing the spell, and the return decision (D; = 0 vs. D, € {1,2}) at the end of the spell,
with additional nodes appended for each post-return year over which the outcome is mea-
sured. The same sequential logic applies symmetrically to the control sequence: at each
node t =1,...,T, conditional on having remained in Belgium, a propensity score is esti-
mated to account for selection into continued domestic employment versus exit (D; = 0 vs.
D, € {1,2}). For each sequence of interest, including the control sequence, the mean poten-
tial outcome is estimated from the observations that actually followed that path, reweighted
by the inverse of the product of period-specific propensity scores along the path and aug-
mented by nested outcome regressions. Figure A4 graphically represents the dynamic

causal paths for the baseline two-period case.

C.3 Weighted ATE on first-period entrants

The estimates we identify are average treatment effects on the subpopulation of first-
period CBW entrants, S = 1{D; = 1}, rather than on the full population of potential
movers. This is the policy-relevant estimand, as it describes the effect of cross-border
experience among workers who actually take up CBW, and it is also the population on
which common support is strongest. Estimation follows the weighted-score representation
of Bodory et al. (2022, Section 4): the efficient score w4 is multiplied by g(Xo)/Pr(S=1),
where g(Xo) = Pr(S =1 Xp) is the conditional probability of belonging to the subgroup.
In our setting, S is a deterministic function of Dy, so g(Xo) = p*'=!(Xo) coincides with the
first-period propensity score we already estimate at Node 1, and no additional nuisance pa-
rameter is introduced. Mechanically, the weighted score leaves treated-path observations
reweighted by inverse propensity-score products as usual, while control-path observations
are reweighted to match the covariate distribution of first-period entrants. Under Assump-

tion 4.1 of Bodory et al. (2022), which reduces in our case to the rate conditions imposed
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Figure A4: Dynamic selection for labor-market states with 2013-2015 samples
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The figure illustrates the empirical setup for the baseline case of one year of CBW experience (d; = [0, 1,0]),
used to analyze the effect on labor-market states (employment, unemployment, or inactivity). At the end of each
year t, individuals are observed in Belgium (BE, d,=0), employed in Luxembourg (CBW, d,=1), or no longer
in the Belgian registers due to migration or death (OUT, d;=2). Propensity scores pdl (Xo), pd2 (dy=1,X;), and
pdz(dl =0,X;) are estimated at the indicated nodes. The variables Xy and X; denote the observed covariates at
the corresponding time points. For longer treatment sequences, the same structure is extended by adding further
nodes, each associated with an additional propensity score estimated on the correspondingly updated covariate
vector. Sample sizes for each group are indicated by n.

on the period-specific propensity-score and outcome estimators, Theorem 4.1 of that paper

delivers /n-consistency and asymptotic normality for the resulting weighted ATE.

C.4 Sample selection correction

When the outcome is observed only for a subset of individuals, such as wages or
unemployment-benefit amounts, an additional selection challenge arises. Since CBW itself
affects subsequent employment, conditioning on post-return employment is conditioning
on a post-treatment variable, which can introduce sample selection bias. We address this
within the existing dynamic DML framework by exploiting the equivalence, shown in Bia
et al. (2024), between modeling sample selection as a separate propensity score and incor-
porating it directly into the dynamic treatment sequence. As Proposition 4 of that paper
demonstrates, the efficient score function under sequential conditional independence for
sample selection has the same structure as the score for dynamic treatment effects. We

expand the state space at the outcome period to include employment (or unemployment)
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status, so that the sequential propensity scores estimated at each node jointly correct for
selection into the treatment path and selection into employment or unemployment. The
credibility of this approach rests on the same sequential CIA invoked for treatment as-
signment: conditional on the full covariate history X,_; and the treatment sequence dr,
potential outcomes are independent of the selection indicator. Given the richness of the
conditioning set, including ten years of quarterly employment, earnings, and benefit his-
tories, this is plausible because the main drivers of employment selection are themselves
observable in the trajectories we control for.

Figure AS illustrates the dynamic paths for wage outcomes.

Figure A5: Dynamic selection for working conditions, 2013-2015 samples
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Empirical setup for the effect of one year of CBW on log daily wages and part-time employment. At t=2, em-

ployment status enters as an additional node: BE individuals split into employed (BE, employed) and other (BE,
other) to correct for sample selection into the wage outcome.

C.5 Neyman-orthogonal score

The dynamic DML estimator is doubly robust through the Neyman-orthogonality con-
dition, achieved by combining the outcome and treatment models. The potential outcome
E[Yr(d;)] is estimated by the score function yw4r, which we extend to sequences of up to

four periods, building on the general multi-period formula of Bodory et al. (2022, footnote
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score of treatment d,, p%(d, |,X,_,), is conditional on the sequence of covariates until
the previous period X, ; and the realized treatment sequence d, ;. The expected out-
come at 7', conditional on the treatment sequence d; and the covariate sequence Xy _,
is u'7(dy,Xr_,), with nested conditional means represented by v'7(d;,Xy_,) down to
&Y (dr,X,) and ¥'7(dy,Xp). For the weighted ATE on first-period entrants, the score is

multiplied by g(Xo)/Pr(S=1).

D Validation and Sensitivity

This appendix reports validation diagnostics summarized in Section 4.4 of the main

paper.

D.1 Covariate balance

Under sequential CIA, the relevant balance diagnostic is node-specific: at each decision
node, the period-specific propensity score should equalize the covariate distributions of the
groups that diverge at that node.’ Table A2 reports the mean, median, and 95th percentile
of the absolute standardized mean differences (SMD) at each node and pooled across all
495 covariate-node pairs. After inverse-probability reweighting, the pooled mean |[SMD]|

falls from 0.116 to 0.048, the median from 0.049 to 0.032, and the 95th percentile from

4 We update the R package causalweight from the two-period framework accordingly.

3 At Node 1, the comparison is D1 = 1 vs. D; = 0, reweighted by the first-period propensity score, with balance
assessed on Xp. At Node 2, the comparison is Dy = 0 vs. D # 0 conditional on Dy, reweighted by the second-
period propensity score, with balance assessed on X.
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0.466 to 0.145, indicating that 95 percent of all covariate-node pairs exhibit imbalance
below the standard 0.15 threshold. Balance is strongest at Node 2 conditional on Dy = 0,
where the 95th percentile drops from 0.492 to 0.094. Figure A6 confirms these patterns:
the distribution of [SMD| shifts sharply toward zero after reweighting, with the right tail
largely eliminated.

Table A2: Covariate balance at each decision node

Raw IPW-weighted
Node Covariate set (K) Mean Med. P95 Mean Med. P95
Node 1: =1vs. =0 (170) 0.135 0.057 0.512 0.057 0.032 0.178
Node 2 | D1=1: =0vs. #0 (155) 0.075 0.048 0.254 0.049 0.035 0.130
Node 2 | D1=0: =0vs. #0 (170) 0.134 0.049 0.492 0.037 0.028 0.094
Pooled All (495) 0.116 0.049 0466 0.048 0.032 0.145

Mean, Med., P95: mean, median and 95th percentile of |[SMD| across covariates. Raw: design weights W, only.
IPW: W? x inverse node-specific propensity score. Categorical covariates are expanded into indicator dummies
(one base omitted).

The residual imbalances at Node 1 are concentrated among spatial variables, peak com-
muting time to Luxembourg (|SMD| = 0.41), local unemployment rate (0.24), and public-
transport connectivity (0.18 to 0.20), reflecting strong geographic sorting of cross-border
workers into Belgian municipalities near the Luxembourg border, which is difficult to elim-
inate through reweighting alone. At Node 2, residual imbalances are smaller and dispersed

across demographic and sectoral indicators.

D.2 Common support

Figure A7 shows kernel density estimates of the joint generalized propensity score
(GPS), computed as the product of period-specific propensity scores, for the treatment se-
quence (1,0) and the control sequence (0,0). Panel (a) shows substantial overlap for the
treatment-sequence GPS: the two realized-path groups have similar distributional shapes
over the region where the GPS places most mass. Panel (b) reveals that for the control-
sequence GPS, the distributions are shifted: path-(0,0) observations concentrate at high
values (median around 0.70), while path-(1,0) observations concentrate near 0.10, re-
flecting the fundamentally different covariate profiles of cross-border and purely domestic

workers.
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Figure A6: Distribution of absolute standardized mean differences before and after reweighting
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0 A 2 3 4 .5 6 7 8 9 1
Absolute standardized mean difference
Pooled across all three decision nodes (K=495 covariate-node pairs).

Distribution of absolute standardized mean differences across all covariate-node pairs, before (dashed) and after
(solid) inverse-probability weighting. The vertical line marks the 0.10 threshold. The distribution pools 495
covariate-node pairs across the three decision nodes reported in Table A2.

Two remarks are in order. First, the separation in Panel (b) does not imply that inverse-
probability weights are generally extreme. Each observation is weighted by the inverse
of its own-path GPS: path-(0,0) observations typically have joint GPS values near 0.70
and thus receive moderate weights. A left tail of control-path observations, predominantly
individuals in border municipalities with low estimated probability of remaining purely
domestic, has joint GPS below 0.10, generating larger weights. The effective sample size
(ESS) for path 000 is approximately 44,000 (32 percent of 136,574 realized controls),
against 463 (63 percent of 740) for path 010.° Second, the separation indicates that the
doubly robust estimator relies partly on the outcome model to bridge the covariate gap be-
tween the two populations for the control counterfactual. Node-specific balance, reported
above, provides reassurance: the propensity score equalizes covariate distributions within
each period’s selection margin, even though the joint GPS distributions appear separated.
Cross-fitting further disciplines the outcome model’s out-of-sample predictions and pre-

vents overfitting to thin regions (Chernozhukov et al., 2018).

OESS = (¥;w;)?/¥L;w?, where w; = Wi/ (EFS; combines design weights with inverse-probability weights. During
estimation, 75 control observations with first-period predicted probability of exactly zero were excluded to avoid
infinite weights.
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Figure A7: Common support diagnostics
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(a) Joint GPS for d, = (1,0) (b) Joint GPS for d; = (0,0)

Note: Each panel displays kernel density estimates of the joint generalized propensity score, p (Xo) x p%2(d,X;),
for individuals who followed the treatment sequence (1,0) and the control sequence (0,0).

D.3 Sensitivity to trimming

Following Bodory et al. (2022), we apply symmetric trimming on the normalized first-
period propensity score at thresholds p; € {0.01,0.02,0.05,0.10}. Table A3 reports the
results. Mild trimming (p; € [0.01,0.99] and [0.02,0.98]) removes 3,600 to 8,200 obser-
vations but slightly worsens balance (pooled P95 of 0.155 and 0.151 vs. 0.145 without
trimming). More aggressive trimming (p; € [0.05,0.95] and [0.10,0.90]) modestly im-
proves balance (pooled P95 to 0.139 and 0.125), at the cost of excluding 27,000 to 63,000
observations, including up to 48 treated units, and discarding up to 44 percent of the sam-
ple. Given the modest balance gains and the sample loss, we retain the full untrimmed
sample as the baseline. The doubly robust structure of the score provides an additional

safeguard, as consistency requires only that either the propensity score or the outcome

model be correctly specified (Chernozhukov et al., 2018).

D.4 Sensitivity to unobserved confounding (E-values)

We compute E-values (VanderWeele and Ding, 2017) as a partial sensitivity check on
sequential CIA. The E-value answers the question: what minimum strength of association
would an unmeasured confounder need to have simultaneously with treatment assignment
and outcome, on the risk-ratio scale, to fully explain away a result? We convert additive

ATEs to approximate risk ratios using the DML-estimated control potential outcome as
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Table A3: Sensitivity of covariate balance to propensity-score trimming

Pooled IPW Node 1 IPW
Threshold N Nyeated Nirimmed Mean  Med. P95 Mean Med. P95
None 147,027 740 0 0.048 0.032 0.145 0.057 0.032 0.178
f)‘fl (QO,XO) €[0.01,0.99] 140,907 740 3,619 0.050 0.034 0.155 0.065 0.042 0.215
ﬁﬁh (QO,L(O) €10.02,0.98] 136,349 740 8,177 0.050 0.034 0.151 0.063 0.040 0.195
ﬁfl (QO,XO) €10.05,0.95] 117,432 731 27,094 0.047 0.032 0.139 0.059 0.036 0.180
f)‘fl (QO,L(O) € [0.10,0.90) 81,529 692 62,997 0.044 0.032 0.125 0.049 0.031 0.164

Notes: Symmetric trimming is applied to the estimated first-period propensity score ﬁ‘f' (QO,L( 0). N is the number

of observations retained; Nyeateq cOunts treated-path observations (path 010) retained; Nirimmeq counts excluded

observations. Pooled IPW reports the mean, median and 95th percentile of |[SMD| pooled across the three
node-specific balance files after IPW reweighting. Node 1 IPW reports the same statistics for node 1 only.

the baseline risk. The headline magnitudes (CI-bound E-values of 1.75 for the one-year
employment penalty, 2.76 for the one-year unemployment effect, 2.61 for the two-year
unemployment effect, with the strongest observed predictor moving entry by a factor of
2.8) are reported in Section 4.4 of the main paper.

The breakdown by spell length and outcome reveals where confounding bites and
where it does not. For UI receipt (Table A9), CI-bound E-values rise with spell length:
1.56 for one year of CBW, 1.70 for two years, 1.89 for three years. The longer-spell
estimates are therefore the most resilient to unobserved confounding among the benefit
outcomes. For inactivity (Table A6), wages and part-time work (Tables A7 and AS8), and
UI duration and amount (Tables A10 and A11), all CI-bound E-values equal 1, indicating
these results are statistically fragile irrespective of confounding.

Two caveats. E-values are derived for a single unmeasured confounder in a static set-
ting; in our sequential framework, multiple period-specific confounders with individually
weaker associations could jointly produce equivalent bias, so the reported values are best
read as a lower bound. For outcomes measured on a log scale, the risk-ratio conversion is

approximate.

D.5 Alternative estimator: Extreme Gradient Boosting

We replicate the analysis using Extreme Gradient Boosting (XGBoost) instead of Ran-

dom Forests. XGBoost is a boosting algorithm that constructs predictive models by se-
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Average Treatment Effect

quentially combining a large number of weak learners, typically shallow decision trees,

such that each new tree corrects the errors of the previous ensemble (Athey and Imbens,

2019; Mullainathan and Spiess, 2017). Whereas random forests primarily mitigate over-

fitting through tree decorrelation, XGBoost addresses both bias and variance by explic-

itly optimizing the loss function and incorporating regularization on tree depth and leaf

weights, making it a well-suited alternative learner within dynamic DML (Chernozhukov

et al., 2018; Bodory et al., 2022). Figure A8 reports the corresponding estimates. The

findings mirror those from Random Forests, indicating that the results are not sensitive to

the choice of machine learning algorithm.

Figure A8: One year after return: XGBoost replication
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Effects of CBW one year after return, by spell length, estimated by dynamic DML with XGBoost. Top row: labor-
market states (compare to top row Figure 2 of the main paper). Bottom row: log daily wages and unemployment
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E Full estimate tables

Tables A4 to A11 report point estimates, standard errors, p-values, and E-values for the

main outcomes and treatment sequences considered in the paper. Long-run effects on log

daily wages and part-time work follow the same patterns as the main-paper estimates and
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are not separately graphed: all such estimates are statistically indistinguishable from zero
across the relevant horizons, and the corresponding numerical values are contained in the
tables below.

Table A4: Causal DML.: effect on Employment

010 0100 0110 01000 01100 01110
Dynamic ATE -0.098*** -0.109*** -0.067** -0.074** 0.006 -0.076
Std. error 0.015 0.020 0.028 0.034  0.061 0.056
p-value <0.001 <0.001 0.016 0.030 0923 0.177

Mean outcome (treated) 0.274 0.279 0.322 0.312 0391 0.310
Mean outcome (control) 0.371 0.388 0.388 0.386 0.386 0.386

N treated 740 446 241 184 98 79
N control 136,646 88,734 88,734 43,428 43,428 43,428
E-value (point estimate) 2.05 2.13 1.71 1.78 1.14 1.80
E-value (CI bound) 1.75 1.74 1.22 1.16 1.00 1.00

Notes: This table reports Dynamic Double Machine Learning (DML) estimates using Random Forests for the
effect of cross-border employment (CBW) on Employment along the treatment sequences (paths) shown in the
column headings. Standard errors are clustered at the individual level. E-values report sensitivity to
unobserved confounding and are computed from the ATE, its standard error, and the estimated control mean
outcome. Significance: *** <0.01,*x < 0.05, * <0.10.

Table AS: Causal DML.: effect on Unemployment

010 0100 0110 01000 01100 01110

Dynamic ATE 0.121%** 0.069*** (0.121*** 0.108*** 0.070 0.165%**
Std. error 0.018 0.021 0.031 0.035 0.050  0.050
p-value <0.001 0.001 <0.001 0.002  0.161 0.001

Mean outcome (treated)  0.244 0.168 0.221 0.191 0.153 0.248
Mean outcome (control)  0.124 0.099 0.099 0.083 0.083 0.083

N treated 740 446 241 184 98 79
N control 136,646 88,734 88,734 43,428 43,428 43,428
E-value (point estimate) 3.36 2.78 3.87 4.06 3.10 5.44
E-value (CI bound) 2.76 1.87 2.61 2.32 1.00 3.01

Notes: This table reports Dynamic Double Machine Learning (DML) estimates using Random Forests for the
effect of cross-border employment (CBW) on Unemployment along the treatment sequences (paths) shown in
the column headings. Standard errors are clustered at the individual level. E-values report sensitivity to
unobserved confounding and are computed from the ATE, its standard error, and the estimated control mean
outcome. Significance: *** <0.01, xx < 0.05, * <0.10.
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Table A6: Causal DML.: effect on Inactivity

010 0100 0110 01000 01100 01110

Dynamic ATE -0.027 0.035 -0.048 -0.024 -0.091 -0.124
Std. error 0.019 0.024 0.042 0.043 0.064 0.076
p-value 0.147 0.146 0.245 0.586 0.152 0.102

Mean outcome (treated) 0.399 0.469 0.386 0.433 0.365 0.333
Mean outcome (control) 0.426 0.434 0434 0457 0.457 0457

N treated 740 446 241 184 98 79
N control 136,646 88,734 88,734 43,428 43,428 43,428
E-value (point estimate)  1.34 1.37 1.50 1.29 1.81 2.09
E-value (CI bound) 1.00 1.00  1.00 1.00 1.00 1.00

Notes: This table reports Dynamic Double Machine Learning (DML) estimates using Random Forests for the
effect of cross-border employment (CBW) on Inactivity along the treatment sequences (paths) shown in the
column headings. Standard errors are clustered at the individual level. E-values report sensitivity to
unobserved confounding and are computed from the ATE, its standard error, and the estimated control mean
outcome. Significance: *** <0.01,*x < 0.05, * <0.10.

Table A7: Causal DML.: effect on Log of Daily Wages

010 0100 0110 01000 01100 01110

Dynamic ATE -0.083 -0.082* -0.030 -0.172 0.091 0.067
Std. error 0.056 0.045 0.068 0.144 0.104 0.089
p-value 0.142 0.070 0.657 0.231 0.381 0.453

Mean outcome (treated) 4.132 4.161 4.214 4.098 4.362 4.337
Mean outcome (control) 4.214 4243 4244 4270 4271 4.270

N treated 203 150 74 71 34 29
N control 81,178 53,826 53,826 26,731 26,731 26,731
E-value (point estimate) 1.16 1.16 1.09 1.25 1.17 1.14
E-value (CI bound) 1.00 1.00 1.00 1.00 1.00 1.00

Notes: This table reports Dynamic Double Machine Learning (DML) estimates using Random Forests for the
effect of cross-border employment (CBW) on Log of Daily Wages along the treatment sequences (paths)
shown in the column headings. Standard errors are clustered at the individual level. E-values report sensitivity
to unobserved confounding and are computed from the ATE, its standard error, and the estimated control mean
outcome. Significance: *** <0.01,*x < 0.05, * <0.10.
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Table A8: Causal DML.: effect on Part-time Working Hours

010 0100 0110 01000 01100 01110

Dynamic ATE -0.073 -0.017 0.093 0420 0.200 -0.093
Std. error 0.065 0.118 0.133 0.334 0.161 0.107
p-value 0.259 0.884 0.483 0.208 0.216 0.387

Mean outcome (treated) 0.245 0.264 0.374 0.717 0.498 0.206
Mean outcome (control) 0.318 0.281 0.281 0.297 0.298 0.298

N treated 203 150 74 71 34 29
N control 81,178 53,826 53,826 26,731 26,731 26,731
E-value (point estimate) 1.92 1.33 200 426 273 226
E-value (CI bound) 1.00  1.00 1.00 1.00 1.00 1.00

Notes: This table reports Dynamic Double Machine Learning (DML) estimates using Random Forests for the
effect of cross-border employment (CBW) on Part-time Working Hours along the treatment sequences (paths)
shown in the column headings. Standard errors are clustered at the individual level. E-values report sensitivity
to unobserved confounding and are computed from the ATE, its standard error, and the estimated control mean
outcome. Significance: *** <0.01,*x < 0.05, * <0.10.

Table A9: Causal DML.: effect on Receiving Unemployment Benefits

010 0100 0110 01000 01100 01110

Dynamic ATE 0.078*** (0.053** 0.120*** 0.112** 0.118 0.209%**
Std. error 0.022 0.027 0.038 0.048 0.073  0.078
p-value <0.001  0.050 0.002 0.021 0.108  0.007

Mean outcome (treated)  0.313 0.273 0.340 0.311  0.317 0.408
Mean outcome (control)  0.235 0.219 0.220 0.199 0.199 0.199

N treated 498 272 155 96 50 42
N control 38,259 23432 23432 10,979 10,979 10,979
E-value (point estimate) 2.00 1.79 2.47 2.50 2.57 3.52
E-value (CI bound) 1.56 1.01 1.70 1.39 1.00 1.89

Notes: This table reports Dynamic Double Machine Learning (DML) estimates using Random Forests for the
effect of cross-border employment (CBW) on Receiving Unemployment Benefits along the treatment
sequences (paths) shown in the column headings. Standard errors are clustered at the individual level. E-values
report sensitivity to unobserved confounding and are computed from the ATE, its standard error, and the
estimated control mean outcome. Significance: *** <0.01, *xx < 0.05, * <0.10.
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Table A10: Causal DML: effect on Number of Days Receiving Unemployment Benefits (log)

010 0100 0110 01000 01100 01110

Dynamic ATE -0.147 -0.024 0.166 -0.010 0.250 0.043
Std. error 0.145 0.125 0.173 0.197 0.206 0.243
p-value 0.311 0.846 0.336 0.958 0.227 0.860

Mean outcome (treated) 3.521 3.538 3.729 3453 3.712 3.506
Mean outcome (control) 3.668 3.562 3.563 3.464 3.463 3.463

N treated 187 77 64 30 20 22

N control 9,274 5,603 5,603 2,598 2,598 2,598
E-value (point estimate) 1.25 1.09 127 106 135 1.12
E-value (CI bound) 1.00 1.00 1.00 1.00 1.00 1.00

Notes: This table reports Dynamic Double Machine Learning (DML) estimates using Random Forests for the
effect of cross-border employment (CBW) on Number of Days Receiving Unemployment Benefits (log) along
the treatment sequences (paths) shown in the column headings. Standard errors are clustered at the individual
level. E-values report sensitivity to unobserved confounding and are computed from the ATE, its standard
error, and the estimated control mean outcome. Significance: *** <0.01, xx < 0.05, * <0.10.

Table A11: Causal DML: effect on Daily Unemployment Benefits in Euros (log)

010 0100 0110 01000 01100 01110

Dynamic ATE 0.113* -0.121 0.113* -0.331** -0.092 0.139
Std. error 0.067 0.082 0.060 0.165 0.174 0.158
p-value 0.089 0.143 0.058 0.045 0.597 0.380

Mean outcome (treated) 3.486 3.241 3.475 3.134 3.373 3.604
Mean outcome (control) 3.372 3.362 3.362 3465 3.465 3.465

N treated 187 77 64 30 20 22

N control 9,274 5,603 5,603 2,598 2,598 2,598
E-value (point estimate)  1.22 1.23 1.22 1.45 1.19 124
E-value (CI bound) 1.00 1.00  1.00 1.05 1.00  1.00

Notes: This table reports Dynamic Double Machine Learning (DML) estimates using Random Forests for the
effect of cross-border employment (CBW) on Daily Unemployment Benefits in Euros (log) along the treatment
sequences (paths) shown in the column headings. Standard errors are clustered at the individual level. E-values
report sensitivity to unobserved confounding and are computed from the ATE, its standard error, and the
estimated control mean outcome. Significance: *** <0.01, *xx < 0.05, * <0.10.
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