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1 Introduction

Who benefits and who loses from international trade? While the gains from trade
are well-documented, their distribution across the population remains an important
concern. For policymakers to be able to design effective policies, it is important
to understand what characteristics allow workers to benefit most from trade and,
analogously, what characteristics make workers vulnerable to fall behind. Workers
may, for example, be differentially affected by trade depending on their skills and
human capital, their industry, employer, job, demographics, and various interactions
of these characteristics. In addition, the unequal effects of trade on workers can have
broader implications for earnings inequality.

The recent literature has made substantial progress in documenting heterogeneous
effects of trade on workers, often by focusing on one dimension of heterogeneity
at a time, using sample splitting or interaction effects (e.g., Autor et al., 2014; Utar,
2018; Dauth et al., 2021; Keller and Utar, 2022; Kovak and Morrow, 2023, 2025).
However, these approaches yield a coarse and potentially incomplete picture about
the heterogeneity of effects across individuals. This is because the ’true’ effect on
an individual worker might simultaneously depend on many factors including, e.g.,
employer characteristics such as firm size (Kovak and Morrow, 2025), various types
of skills (Utar, 2018; Dauth et al., 2021), and demographics like gender or age (Keller
and Utar, 2022). Importantly, these factors might not simply add up, but interact
in various and non-expected ways. In addition, the relative importance of different
factors in explaining heterogeneous outcomes is still up to debate. For example, while
workers with certain skills might benefit more from trade than others, it remains
an open question what kind of skills become particularly valuable. Overall, a more
comprehensive approach is needed to fully understand the heterogeneous earnings
effects.

In this paper, we leverage advances in machine learning to better understand the
heterogeneous earnings effects of trade shocks. Using a generalized random forest
(Athey et al., 2019), we analyze the unequal earnings effects of Germany’s exports to
China and Eastern Europe since the 1990s. This method allows the effects of exports on
earnings to differ flexibly across a large number of worker, firm, and job characteristics,
as well as their interactions. We address three key questions. First, how large are the
differences in earnings effects between those who benefit most and those who benefit
least? Second, which characteristics explain who benefits most and who benefits
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least? And third, to what extent do increased exports contribute to overall earnings
inequality between workers? Germany’s trade integration with China and Eastern
Europe in the 1990s and 2000s provides an ideal setting to study these important
questions. Following the fall of the Iron Curtain and China’s transition into a market
economy, Germany’s exports to China and Eastern Europe increased sharply and
unexpectedly fast - much faster than with the rest of the world.

We use detailed administrative data on worker careers and exploit variation
in industry-level exports over time between manufacturing workers who are
observationally identical in terms of their skills, demographics, as well as initial
job and firm characteristics at baseline. Following an influential literature, we
instrument Germany’s industry-level trade flows with industry-level trade flows of
a set of other high-income countries (e.g., Autor et al., 2013, 2014; Dauth et al., 2014,
2021).1

Based on the existing theoretical and empirical literature, we identify 15 variables
that we use to estimate heterogeneities in the effects of exports on workers’ earnings.
Using these variables, the algorithm looks for sample splits that maximize the
heterogeneity in the estimated effect of exports on earnings across the resulting
sub-samples. The algorithm builds a tree by splitting the data into increasingly smaller
sub-samples to detect heterogeneity in the estimated effect. To minimize the risk
of estimating spurious heterogeneities, the algorithm builds a large number of trees
where each tree is based on a bootstrap sample of the original sample. As a result,
we obtain fine-grained estimates of the effect of exports on earnings that vary at
the level of individual workers as a function of worker, firm, and job characteristics.
The method allows for potentially important non-linearities and interaction effects
in a purely data-driven way and does not require us to make ex-ante choices on the
exact functional form of the heterogeneity. Importantly, since the generalized random
forest incorporates a large number of potential drivers of heterogeneity in a unified
way, it enables us to perform a ’horse race’ between different potential drivers of
heterogeneous earnings effects.

Our first main result is that the positive earnings effects of exports are highly
unevenly distributed across workers. We rank all workers according to the size
of their individualized earnings effect, and it turns out that the bottom quartile of

1We focus on the heterogeneous effects of exports, always controlling for the possibly heterogeneous
effects of imports. We make this choice because our results as well as the results in the previous
literature show that, in the context of Germany’s trade with China and Eastern Europe, the effects of
exports are of much larger economic significance than the effects of imports (Dauth et al., 2014, 2021).

2



workers experiences little to no earnings gains due to exports, while the top quartile
experiences considerable positive earnings increases. Taking the estimates at face
value, the export-induced earnings increase for a worker at the 90th percentile is about
nine times larger than the increase for a worker at the 10th percentile and about twice
as large as for a worker at the 50th percentile.

Our second main result is that the heterogeneity of earnings responses is
multidimensional and cannot be summarized by one or two factors alone. As
expected, we find that workers with the largest positive effects tend to be employed
in larger firms and tend to have higher levels of (unobserved) skills, as measured
by AKM worker effects estimated prior to our observation window (Abowd et al.,
1999; Card et al., 2013). This result is consistent with models of firm and worker
heterogeneity where the largest and most productive firms select into exporting and
skilled workers benefit more from exporting through various channels.2 However, we
find that conventionally used firm- and skill-related variables and their interactions
do not explain more than 40% of the total variation across workers in the estimated
effects.

Importantly, we find that workers who benefit most are substantially more likely
to be male, are younger, have lower tenure, and are employed in occupations that are
highly specialized in the respective workers’ industry. Overall, while these factors
have received comparatively little attention in prior research, we show that they are at
least as important as, e.g., measures of worker skills, in explaining who benefits most
and who benefits least from exports. Note that all of these factors remain important
predictors of large positive effects when conditioning on each other, suggesting that
they partly reflect distinct underlying mechanisms.

In a final step, we provide evidence that the export shock had a very modest
positive effect on overall inequality. In back-of-the-envelope calculations, we use
our fine-grained estimates and compute the average estimated effect of exports on
earnings within percentiles of the initial earnings distribution. It turns out that the
earnings effect is most positive between the 50th and the 70th percentile of the initial
earnings distribution. However, the average effect is robustly positive in all percentiles.
We find that the Gini coefficient increases only slightly as a consequence. This is
partly because the direction of the effects of tenure, age, and industry specialization

2See, for example, Egger and Kreickemeier (2009, 2012); Amiti and Davis (2011); Helpman et al.
(2010); Sampson (2014); Burstein and Vogel (2017); Egger et al. (2020).
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works towards a decrease in inequality.3 Put differently, a look at heterogeneity by
skill-related variables alone might lead to an overestimation of the inequality effects of
exports.

Our results provide a couple of novel insights which might be interesting from
a policy perspective. First, while measures capturing unobserved worker skills are
highly predictive of large positive earnings gains, formal education plays only a minor
role. This means that exports might lead to an increase in skill demand, but not
necessarily to an increase in the demand for workers with a university degree. Second,
export shocks might not be gender-neutral. Importantly, we find that the gender
differences cannot be explained by differential sorting into firms or occupations or
gender differences in skills and human capital, suggesting that men and women
differ in terms of their adjustment to export-induced demand shocks. We discuss a
variety of mechanisms, including gender differences in job and geographic mobility,
schedule flexibility, and bargaining behavior. Third, largely unequal earnings effects
of exports do not necessarily translate into large increases in inequality between high-
and low-earnings workers. We find that most of the differences in the effects occur
between workers with similar earnings rather than between high- and low-earnings
workers.

This paper contributes to several strands of the literature. First, it contributes to
the large literature on the labor market effects of trade shocks. Most closely related
to our paper, a number of studies use longitudinal data to analyze the adjustment
of workers to trade shocks and to trace out the consequences for workers’ earnings
(e.g., Autor et al., 2014; Utar, 2018; Dauth et al., 2021; Kovak and Morrow, 2025).4

Most of this literature focuses on import shocks, while a small but growing number of
studies provide evidence on workers’ adjustment to increased export opportunities
(e.g., Huber and Winkler, 2019; Dauth et al., 2021; Kovak and Morrow, 2025). Closely
related to this literature, a number of papers use regional variation to examine the
labor market effects of trade shocks (e.g., Autor et al., 2013; Dauth et al., 2014; Balsvik
et al., 2014; Hakobyan and McLaren, 2016; Dix-Carneiro and Kovak, 2019; Helm,
2020).5

3For example, young and low-tenure workers experience more positive effects (all else being equal),
and have lower earnings to begin with than older and high-tenure workers.

4See also Hummels et al. (2014); Keller and Utar (2022); Arni et al. (2024); Menezes-Filho and
Muendler (2011); Nilsson Hakkala and Huttunen (2018).

5See also the literature which uses a structural approach to study the adjustment of workers and
labor market to trade (e.g., Dix-Carneiro, 2014; Dix-Carneiro and Kovak, 2017; Dix-Carneiro et al.,
forthcoming; Cosar et al., 2016; Traiberman, 2019).
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To the best of our knowledge, this paper is the first one to use machine learning
methods to study the unequal effects of trade shocks on workers’ earnings. While the
existing literature typically investigates one source of heterogeneity at a time in an
isolated way using sample splitting or interaction effects, our approach offers a unified
way to jointly study a large number of potential sources of heterogeneous earnings
outcomes. This way, we can portray the full distribution of the effects across workers
which results from the interplay of a variety of factors. Second, our approach provides
a horse race between different potential drivers of heterogeneous earnings effects
of exports. While the existing literature puts a strong focus on measures of worker
skills or firm heterogeneity, our results point to an important role of factors which
have received comparatively little attention, such as age, gender, or a worker’s skill
specialization. More generally, our results suggest that the heterogeneity of earnings
responses is multidimensional.

We also contribute to the broader literature on trade and inequality. One strand
of the literature uses matched employer-employee data to study the effects of trade
on wages and wage inequality in the context of firm and worker heterogeneity (e.g.,
Schank et al., 2007; Verhoogen, 2008; Amiti and Davis, 2011; Frı́as et al., 2024).6 Much
of this literature focuses on firm-level outcomes rather than worker-level outcomes. A
recent strand of the literature uses a structural approach to quantify the contribution
of trade to the skill premium and earnings inequality more generally (e.g., Burstein
and Vogel, 2017; Cravino and Sotelo, 2019; Adao et al., 2022; Borusyak and Jaravel,
2024). Compared to the existing literature, our approach allows the effects of exports
on earnings inequality to vary along a large number of dimensions.

We also contribute to a small but growing literature emphasizing gender differences
in the effects of trade (e.g., Juhn et al., 2014; Saure and Zoabi, 2014; Bøler et al., 2018;
Autor et al., 2019; Keller and Utar, 2022). Our method enables us to benchmark the
gender inequality in the estimated impact of exports against other dimensions of
inequality, for example by skill group. In addition, we quantify the extent to which
these gender differences arise due to differences in characteristics between men and
women and differential sorting across firms and jobs.

Finally, our paper is related to a growing literature that applies machine learning
methods to study treatment effect heterogeneity in other settings. Recently, the
generalized random forest has been applied to study the impact of summer jobs

6See also Munch and Skaksen (2008); Baumgarten (2013); Irrarazabal et al. (2013); Krishna et al.
(2014); Helpman et al. (2017); Garin and Silverio (2023).
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(Davis and Heller, 2017, 2020), the effects of job loss on crime (Britto et al., 2022), the
earnings effects of job loss (Gulyas and Pytka, 2022; Athey et al., 2024), the effectiveness
of training programs for unemployed individuals (Cockx et al., 2023), and to study
education choices (Carlana et al., 2022). A small literature uses machine learning
methods to study heterogeneities in the impact of trade agreements on trade flows
(Breinlich et al., 2022; Baier and Regmi, 2023).

The remainder of this paper is structured as follows. In section 2, we introduce
the data. In section 3, we then estimate the average effect of exports on earnings,
using conventional IV methods. In section 4, we explain the use of machine learning
to estimate the heterogeneous earnings effects of exports. Section 5 provides the
results on heterogeneous earnings effects. Section 6 provides back-of-the-envelope
calculations on the link between exports and inequality. Finally, section 7 concludes.

2 Data

We use two main data sets in our analysis. First, we use the ‘Sample of Integrated
Labour Market Biographies (SIAB)’, provided by the Institute for Employment
Research in Nuremberg (IAB) (version 7519 v1). The SIAB is a 2% random sample
of the administrative social security records and covers about 80% of the German
workforce, excluding self-employed persons, civil servants, and military personnel.
The SIAB provides panel data on workers and allows us to follow career trajectories
on a daily basis, with information on the employment status and daily wages. In
addition, the data set provides information on individual characteristics, such as age,
gender, nationality, education, and attributes of the establishment of a worker (e.g.,
industry, location, number of employees). Since wages in the SIAB are right-censored
at the social security contribution ceiling, we use the imputation procedure of Card
et al. (2013).7 We convert earnings into 2010 Euros using the consumer price index
of the German Bundesbank. Following Dauth et al. (2021), we use two observation
periods: 1990-2000 and 2000-2010. We focus on workers who are full-time employed
in the manufacturing sector in the base year of each period (i.e., 1990 or 2000), who
have at least two years of tenure, and who are aged between 22 and 55 years. We then
follow these workers over ten years and do not impose any restrictions for the years
following the base year. This means that workers might move between industries
or sectors or become unemployed during the subsequent 10-year period. For each

7Around 13 % (15 %) of wage observations are censored in our base years 1990 (2000).
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worker, we compute cumulative earnings during the 10-year period following the base
year (1991-2000 and 2001-2010). Table A.1 in the Appendix shows descriptive statistics
on the estimation sample.

Second, we combine the administrative labor market data with international trade
data from the United Nations Commodity Trade Statistics Database (Comtrade).
The Comtrade Database entails annual trade data for over 170 countries. Using the
correspondence between the SITC rev.3 and the NACE codes provided by the UN
Statistics Division, we can match the trade flows with the SIAB using the three-digit
industry codes. Trade flows are also converted into 2010 Euro. To construct our main
explanatory variables, we focus on Germany’s exports (and imports) vis-à-vis China
and a group of countries which we call ’Eastern Europe’.8 Panel (a) of Appendix
Figure A.1 shows how Germany’s trade with these countries has evolved over time.
Before 1990, trade flows stagnated at a relatively low level. However, after 1990, during
our period of analysis, trade flows increased rapidly and substantially. This rise in
trade coincides with the sudden fall of the Iron Curtain and China’s transformation
into a market economy. Panel (b) of Appendix Figure A.1 shows that the share in total
trade increased from below 5% before 1990 to 15-20% in 2010. This reflects the fact
that Germany’s trade with these countries increased substantially more than with the
rest of the world during that period. Appendix Table A.2 shows the manufacturing
industries with the largest increase in exports or imports, respectively. Note that we
focus on the period 1990 to 2010 and do not include later years in order to obtain
results that are comparable to the existing literature, which focused on this period of
time (Dauth et al., 2021, 2014; Autor et al., 2013, 2014).

3 The average effect of exports on earnings

3.1 Empirical specification

In this section, we estimate the average effect of industry-level export (and import)
exposure on cumulative earnings, using the empirical strategy along the lines of Autor
et al. (2013, 2014) and Dauth et al. (2014, 2021). We estimate variants of the following
specification:

8Following Dauth et al. (2014, 2021), we define ’Eastern Europe’ as the set of the following countries:
Bulgaria, Czech Republic, Hungary, Poland, Romania, Slovakia, Slovenia, the former USSR, and
its successor states the Russian Federation, Belarus, Estonia, Latvia, Lithuania, Moldova, Ukraine,
Azerbaijan, Georgia, Kazakhstan, Kyrgyzstan, Tajikistan, Turkmenistan, and Uzbekistan.
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Earnijt = βExpExpjt + βImp Impjt + Ω→
ijtγ + εijt (1)

Earnijt denotes normalized earnings of worker i who was initially employed
in 3-digit industry j in the base year (i.e., the first year) of period t (1990-2000 or
2000-2010). We compute Earnijt as cumulative earnings over ten years (1991-2000
or 2001-2010), divided by base year earnings. We normalized by base year earnings
instead of taking logs to allow workers with zero cumulative earnings after the base
year to remain in the sample, following Autor et al. (2014).

Expjt and Impjt are our measures of the change in export and import exposure,
respectively, in industry j in which worker i was employed in the base year. To
construct these variables, we compute the change in exports or imports, respectively,
over ten years (1991-2000, 2001-2010), divided by the industry’s base year wage sum
to account for size differences across industries:

Expjt =
∆Exportsjt

WageSumjt
and Impjt =

∆Importsjt

WageSumjt
(2)

Ω→
ijt contains an extensive set of worker, firm, and job/occupation controls, all

measured in the base year. It includes education (university degree, vocational degree,
less than vocational degree), gender, foreign nationality, age, experience (measured
as total days in employment), firm tenure, industry tenure, occupation tenure, firm
size (measured in number of total employees), pre-estimated AKM worker and firm
effects, dummies for manager status and blue-collar workers, the routine share of
the worker’s 2-digit occupation, dummies for four broad industry groups (food
products, consumer goods, industrial goods, capital goods), dummies for 141 labor
market regions, and a dummy to differentiate between the two time windows, and the
occupational employment share in the initial industry, respectively. We explain the
construction of (and the intuition behind) the AKM effects, the routine share, and the
occupational employment share in the initial industry in section 4.

The idea behind equation 1 is to compare the outcomes of workers who are very
similar in terms of their socio-economic and demographic background, their previous
labor market experience, as well as in terms of their initial plant and occupation, but
are differently affected by the rise in trade with China and Eastern Europe because
they happen to be employed in different 3-digit industries in the base year. Following
Dauth et al. (2021), we cluster standard errors at the 3-digit industry x base year x
labor market region level.
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3.2 Instrument

A remaining threat to identification are industry-level demand and productivity
shocks, which might be correlated with measured export and import exposure, and at
the same time influence the workers’ labor market outcomes. We implement the IV
strategy proposed by Autor et al. (2013, 2014) and adapted to the German context by
Dauth et al. (2014, 2021). More specifically, we instrument export and import exposure
in Germany by export and import exposure in a set of third countries. To construct the
instrument, we replace the change in German exports and imports in the numerator of
equation 2 by the change in exports and imports in the following countries: Australia,
Canada, Japan, Norway, New Zealand, Sweden, Singapore, and the United Kingdom.
In addition, we lag the denominator by one further year, following Dauth et al.
(2021). The idea of the IV strategy is that China and Eastern Europe experienced
rapid productivity growth due to their transition to a market economy which went
along with capital accumulation, migration to rural areas and improvement of the
infrastructure. The productivity growth translated into a strong increase in import
demand and in export capabilities. For China, this effect was amplified through its
entry into the WTO at the beginning of the 2000s. This effect should not only be
present for Germany, but also in other high-income countries. Then, instrumenting
German industry-level trade with industry-level trade of these high-income countries
should isolate the exogenous increase in export opportunities and import competition
that is related to the productivity growth in China and Eastern Europe. For this
strategy to be valid, export and import exposure of the instrument countries must not
have a direct impact on German industries and industry-level supply and demand
shocks in these countries should not be strongly correlated with those for German
industries. The instrument group therefore does not contain any direct neighbors to
Germany, no members of the European Monetary Union, and excludes the USA. It
is noteworthy, however, that our heterogeneity estimates remain very similar when
employing OLS rather than IV regressions.

3.3 Average effect of exports on earnings

Table 1 provides the results of the estimated average effect of increased exports on
workers’ cumulative earnings. The OLS estimate in column (1) points to a highly
statistically significant positive link between export exposure and earnings. Column (2)
shows that the point estimate becomes slightly larger when we apply our instrument.
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The coefficient of 0.722 implies that a one standard deviation increase in export
exposure (23.80, see Table A.1), translates into a cumulative earnings gain of about
17.2% of a workers’ base year earnings over ten years (0.722 ↑ 23.80 ↓ 17.2). For a
worker with mean base year earnings (44,762.66 EUR, see Table A.1), this implies a
cumulative earnings gain of roughly 7,700 EUR over ten years (44, 762.66 ↑ 17.2/100 ↓
7, 700) or on average 770 EUR per year. The OLS estimate of import exposure on
earnings is substantially smaller in magnitude and statistically insignificant. The IV
estimate is larger than the OLS estimate and statistically significant, consistent with
the notion that unobserved demand shocks are biasing the coefficient towards zero.
According to the estimated coefficient of -0.150, a one standard deviation increase in
import exposure (40.92, see Table A.1) translates into a cumulative earnings loss of
6.1% of workers’ base year earnings over ten years. The estimated negative effect of
imports therefore is very modest, for example compared to estimates on the negative
effects of automation of workers’ cumulative earnings in the literature.9 Columns (3)
and (4) provide a look at the first-stage estimates. The coefficients of the instruments
are relevant, with F-statistics well beyond 100.

The estimated positive effects of exports on earnings are in line for example with
models of rent sharing, where the additional rents from increased exports are partly
shared with the workforce (Egger and Kreickemeier, 2009, 2012; Amiti and Davis,
2011). In Appendix Table A.3, we show that the positive earnings effects arise partly at
the initial employer and partly at a different employer in the same 2-digit industry.10

This result is in line with a broad range of models with heterogeneous firms along the
lines of Melitz (2003) which predict intra-industry reallocation of workers in response
to trade. The negative estimates of import exposure on earnings are consistent with
the notion that workers in import-competing industries experience increased rates of
displacement and lose parts of their specific human capital upon moving between
industries and sectors (e.g., Utar, 2018; Traiberman, 2019). Indeed, Appendix Table
A.3 shows that import exposure is associated with a sharp decline in earnings at the
initial employer. This is compensated partly (but not fully) by increased earnings at
different employers, in particular in the service sector.

9For example, Bessen et al. (2025) find that automation events at firms trigger a cumulative earnings
losses of around 9% of incumbent workers’ base year earnings over only five years (rather than 10
years).

10We obtain these estimates by decomposing the dependent variable into different sources, e.g.,
counting only earnings that arise at the initial employer or counting only earnings that arise at a
different employer in the same industry). This method is based on Autor et al. (2014) and Dauth et al.
(2021).
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Table 1: The average effect of exports on earnings

(1) (2) (3) (4)
OLS IV

2nd stage 1st stage 1st stage
Dependent variable: Earnings Earnings Exports Imports
Exports 0.653↑↑↑ 0.722↑↑↑

(0.063) (0.127)
Imports -0.056 -0.150↑↑

(0.037) (0.062)
Exports (instrument) 0.203↑↑↑ 0.159↑↑↑

(0.015) (0.022)
Imports (instrument) 0.016↑↑↑ 0.227↑↑↑

(0.005) (0.018)
Observations 159,213 159,213 159,213 159,213
R2 0.111 0.111 0.417 0.504
F-Stat. of excl. instrument 189.457 150.618

Note: In columns (1) and (2), the dependent variable is 100 x normalized cumulative
earnings, i.e., cumulative earnings over 10 years divided by base year earnings. See
equations 1 and 2 for the empirical specification. Standard errors, clustered by 3-digit
industry x base year x local labor market, in parentheses. * p<0.10, ** p<0.05, *** p<0.01

Overall, the finding that the positive earnings effects of exports is substantially
larger in magnitude than the negative earnings effects of imports is in line with
previous evidence for Germany by Dauth et al. (2014, 2021). Due to the much
larger economic significance of exports in this context, we choose to focus on the
heterogeneity of export-induced earnings gains in the remainder of the paper, always
controlling for the (possibly heterogeneous) earnings effects of imports.
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4 Using machine learning to estimate the heterogeneous

effects of exports

4.1 The generalized random forest

In order to analyze heterogeneities in the earnings effects of exports, we use recent
advances in causal machine learning by Athey and Imbens (2016) and Athey et al.
(2019). Generalized random forests (GRFs), as proposed by Athey et al. (2019), allow us
to combine an instrumental variable regression with causal machine learning tailored
for capturing meaningful differences in effects.

Intuitively, the GRF creates trees by splitting the sample into sub-samples based
on the characteristics of the unit of observation in order to maximize differences in
estimated effects between the resulting sub-samples. The resulting sub-samples at
the bottom of the tree are called ’leaves’ and the tree is grown deeper by recursively
splitting into smaller and smaller sub-samples until a stopping criterion (e.g., a
minimum number of observations within a leave) is reached. By construction, the
tree allows for interaction effects and non-linearities in a data-driven way, without
the need to ex-ante specify the functional form of the interaction of non-linearity. We
employ the same control variables as in the previous section where we estimated the
average effect of exports

Splitting the sample into many sub-samples may lead to a problem typically called
’overfitting’. This means that we might obtain estimates of heterogeneous effects which
result from the peculiarities of the data set at hand and which may not hold in other
samples. The GRF takes several steps to mitigate this risk. First, the GRF estimates a
large number of trees, where each tree is based on a bootstrap sample of the original
sample. The final estimates are an aggregation of the results of the single trees, making
the final estimates less sensitive against the influence of single observations in the
data. In addition, for a given tree, the GRF applies a principle called ’honesty’. This
means that it splits the sample and uses different observations for constructing the tree
and for estimating the heterogeneous effects across the leaves of the tree. We employ
a GRF with 15,000 trees with a minimum leave size of 150 and otherwise standard
settings of the package ’grf’ in R. A more detailed description of the GRF and our
chosen specification is provided in Appendix A.1.

Using a GRF, we obtain estimates of the effect of exports on earnings which
vary across individual workers as a function of worker, firm, and job characteristics
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and their interactions. We refer to the outcome of the GRF as the ’individualized
effect of exports on earnings’, denoted by β̂(xi), where xi denotes the characteristics
of individual i.11 Compared to the conventional approach of sample splitting or
interaction effects based on one or two variables at a time, the GRF provides a much
more fine-grained picture of the heterogeneous effects of exports on earnings. In
our main analysis, we work with the individualized effects in order to study the
characteristics which are associated with large/small earnings effects and to analyze
the link between exports and earnings inequality.

4.2 Variables to study heterogeneous earnings effects

In what follows, we describe the set of worker, job and firm characteristics that we
feed into the GRF in order to study the heterogeneous effects of exports. While the
GRF is in principle able to accommodate a very large number of variables to study
heterogeneous effects, we focus on 15 variables for which we have a prior (based
on existing theories or empirical work) that these might play a role in explaining
heterogeneous earnings effects. In what follows, we describe these priors. All of these
variables are measured in the base year and are also used as control variables. Table 2
provides an overview of all variables.

4.2.1 Firm-level variables

We allow the earnings effects of industry-level exports to differ across workers initially
employed in different firms. Models with heterogeneous firms along the lines of
Melitz (2003) predict that the largest and most productive firms select into exporting.
A range of models that combine firm heterogeneity with labor market frictions predict
that workers employed in exporting firms benefit from increased revenues through
different forms of rent sharing (e.g., Egger and Kreickemeier, 2009, 2012; Amiti and
Davis, 2011).12

While we cannot measure or estimate productivity directly, we use two alternative
proxies. Our preferred proxy for firm productivity is firm size, measured as the total

11We omit the superscript ’Exp’ and the time and industry subscripts for simplicity.
12One strand of the literature incorporates a fair-wage mechanism into a Melitz (2003)-type model of

firm heterogeneity (e.g., Egger and Kreickemeier, 2009, 2012; Egger et al., 2020; Amiti and Davis, 2011).
In these models, only the most productive firms within an industry select into exporting and thereby
increase their profits. Increased profits in exporting firms go along with increased wages due to the
fair-wage mechanism. A closely related strand of the literature combines the Melitz (2003)-framework
with search frictions and bargaining of the surplus of the firm (Helpman et al., 2010, 2017).
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number of employees (Kovak and Morrow, 2025). Firm size is strongly correlated with
firm productivity (e.g., Syverson, 2011) and with export status (e.g., Bernard et al.,
2012). Additionally, following recent work by Dauth et al. (2021), we also include
the AKM firm wage premium into our analysis as a proxy for productivity.13 While
the AKM firm wage premium is often used as a proxy for productivity, it might
also reflect mechanisms unrelated to productivity. For example, it might capture
strategic wage-posting behavior of firms (Burdett and Mortensen, 1998), compensating
wage differentials for disamenities (Sorkin, 2018), or institutional factors such as
collective bargaining agreements and the existence of works councils (Hirsch and
Müller, 2020). While our firm variables are measured in the base year, some workers
initially employed in small and unproductive firms might endogenously move towards
exporting firms in response to trade and reap earnings gains. Our analysis allows for
this type of mobility within the estimation window. Nevertheless, in a frictional labor
market, the earnings effects might still depend crucially on the type of firm in which a
worker is starting at baseline.

4.2.2 Human capital and skills

Existing theory suggests that increased international trade might lead to a rise in
the return to skills or human capital. First, relative demand for skills might increase
because trade favors a reallocation of employment towards the most productive firms
which typically produce with higher skill-intensity (e.g., Burstein and Vogel, 2017).
Second, more skilled workers might benefit relatively more from reallocation towards
the most productive firms due to strong complementarities between worker skills and
firm productivity (e.g., Sampson, 2014). Third, exports can make good worker-firm
matches more valuable, leading to an increase in assortative matching between workers
and firms and favoring more skilled workers (e.g., Davidson et al., 2014; Bombardini
et al., 2019). Fourth, firms might endogenously become more skill-intensive due to

13AKM firm wage premia are obtained from the following regression: yit = ϱi + ψJ(it) + z→itγ + rit,
where yit denotes the log daily wage of worker i in year t. ϱi reflects the worker effect. It captures all
time-invariant observable and unobservable worker characteristics and the return to these characteristics.
z→it is a vector of year dummies and a cubic term in age fully interacted with education dummies. ψJ(it)
is the AKM firm wage premium which reflects a proportional wage premium or wage discount that
firm J pays to all its employees, regardless of their characteristics or skills. Estimated AKM effects
for different time intervals are provided by the Institute for Employment Research (Lochner et al.,
2023). In the base year 1990 (2000), we use the wage premia estimated based on the interval 1985-1992
(1993-1998).
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trade-induced innovation and technical progress (e.g., Lilleeva and Trefler, 2010; Coelli
et al., 2022).

While theory makes clear predictions on the rise in returns to skill due to trade,
it is less clear what kind of skills or human capital are most relevant in this context.
Our method is well-suited to run a horse race between alternative measures of skills
and human capital. Following a vast empirical literature, we include a worker’s
formal education, differentiating between three levels of education: university degree,
vocational degree, and low-skilled (i.e., less than a vocational degree). We also include
the AKM worker fixed effect as a measure of workers’ unobserved skills into the
analysis, following (Dauth et al., 2021).

Increased exports might not only lead to a rise in the return to general skills or
human capital (e..g., formal education), but also trigger an increase in the return to
specific human capital and skills. This is because specific skills are costly to replace
and a positive labor demand shock therefore generates rents for workers possessing
specific skills as their bargaining position improves (e.g., Lazaer, 2009).

We include a measure of industry-specificity into the analysis, following recent
work by Utar (2018) and Dauth et al. (2021). It is computed as the share of total
employment of a 2-digit occupation which falls into a 3-digit industry. The idea of
this measure is that the human capital of an occupation is more specific to a certain
industry if its employment is very concentrated in that industry (Utar, 2018).

We also allow the effect of exports to vary depending on workers’ initial
firm, occupation, and industry tenure and experience (measured as total days
in employment). Tenure is a potential measure of accumulated specific human capital.
In addition, experience and tenure reflect a worker’s labor market attachment. Existing
research shows that the effects of industry-level trade shocks vary across workers with
high versus low labor market attachment (e.g., Autor et al., 2014; Kovak and Morrow,
2025). More broadly, exporting might change the experience-wage profile of workers
(Ma et al., forthcoming).

4.2.3 Job characteristics

The literature on knowledge-based hierarchies within a firm suggests that the wage
effects of export-induced demand shocks might differ across the layers of hierarchy
within a firm (e.g., Friedrich, 2022). We therefore include a dummy variable to
differentiate between managers and non-managers. In addition, we include a dummy
to differentiate between blue-collar and white-collar workers. First, this distinction
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might also be relevant in terms of level of hierarchy. Second, the existing literature
suggests that trade-induced increases in the skill premium might also show up as
an increase in the relative wage for white-collar workers (e.g., Verhoogen, 2008). In
addition, we include a variable capturing the routine-intensity of the initial 2-digit
occupation of the worker.14 The routine content of a worker’s job might be relevant in
the context of trade-induced technological change (Lilleeva and Trefler, 2010), which
might be routine-biased (Acemoglu and Autor, 2011).

4.2.4 Demographic characteristics

Finally, we allow the effects to vary across workers’ age, gender, and nationality
(German vs. foreign nationality). For example, differences in schedule flexibility
between men and women might give rise to differential earnings effects of export-driven
demand shocks (Bøler et al., 2018). Keller and Utar (2022) point to important
interactions between gender and age in the context of trade shocks. Finally, workers
with foreign nationality might be valuable for firms engaged in an international
market (Parrotta et al., 2016).

14We compute this variable based on the BIBB/BAuA employment survey in 1992, in which workers
indicate the tasks they perform on the job. The variable is computed as the share of routine tasks which
are performed frequently among all tasks which are performed frequently. We aggregate the measure
at the 2-digit industry-level. The following tasks are included: operating machines, manufacturing,
storing, researching, programming, buying/selling, organizing, teaching, repairing, accommodating,
caring, cleaning, protecting, writing, calculating, applying law, promoting, managing. The following
tasks are coded as routine tasks: operating machines, manufacturing, storing, writing, and calculating.
These data have recently been used to analyze the effects of AI on job tasks (Gathmann et al., 2024) and
to study the wage premium to work-related stress (Nagler et al., 2024).
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Table 2: List of variables to estimate heterogeneous effects

Variable Explanation

Firm-level variables

Firm size Number of full-time employees in plant
AKM firm FE Estimated firm wage premium

Human capital and skills

Education 3 groups: university, vocational, <vocational
AKM worker FE Estimated worker component of wage
Industry specificity Share of occupational employment in industry
Firm tenure Number of years in current plant
Industry tenure Number of days in current 3-digit industry
Occupation tenure Number of days in current 2-digit occupation
Experience Total days in employment

Job characteristics

Manager Dummy, based on occupation classification
Blue collar Dummy, based on occupation classification
Routine-intensity Routine task share of 2-digit occupation

Demographic characteristics

Age Measured in years
Gender Dummy
Foreign nationality Dummy

Note: The table provides a list of all variables used to estimate heterogeneous effects with
the generalized random forest. All of these variables are also used as control variables in
the IV regressions and are measured in the worker’s base year. We use AKM firm wage
premia and worker effects estimated by Lochner et al. (2023). For the base year of 1990
(2000), we use AKM effects estimated using the years 1985-1992 (1993-1998).
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5 The heterogeneous earnings effects of exports

5.1 Individualized effects

Figure 1 shows the distribution of the individualized effects of exports on earnings
across all workers in the sample. Table 3 shows selected descriptive statistics on the
distribution. The mean individualized effect of 0.69 is very close to the average effect
estimated using a conventional IV estimation (0.72, see Table 1).

The results suggest that there is considerable heterogeneity in the effect of exports
on earnings. A worker at the 90th percentile of the distribution has a coefficient of
1.25, whereas a worker at the 10th percentile has a coefficient of 0.14. To understand
the magnitude of this difference, consider a one standard deviation increase of export
exposure (23.80, see Table A.1). Taken at face value, for a worker at the 90th percentile
of the effect, this implies a cumulative earnings gain of 29.75% of her base year
earnings over 10 years (1.25 ↑ 23.80 ↓ 29.75). For a worker at the 10th percentile of the
effect, the corresponding cumulative earnings gain is 3.33% of her base year earnings
(0.14 ↑ 23.80 ↓ 3.33). For a worker with mean base year earnings (44.762.44 EUR, see
Table A.1), these effects translate to earnings gains of 13,317 EUR and 1,491 EUR,
respectively, over ten years. Appendix Figure A.2 shows that a wide distribution also
arises when we directly take individual differences in base year earnings into account
and compute the implied absolute earnings effects. The individualized effects and
base year earnings are virtually uncorrelated, with a correlation coefficient of ↔0.06. In
this section, we stick to the relative interpretation (i.e., relative to base year earnings),
which is in the spirit of looking at changes in log earnings. However, when we analyze
the contribution to earnings inequality in section 6, we also take differences in base
year earnings across workers into account. Finally, Appendix Figure A.3 shows that
we obtain a similar distribution across individuals when we run the GRF with an OLS
instead of an IV regression.

Table 3: Descriptives of individualized effects

Mean SD p10 p25 p50 p75 p90 N
Individualized effect β̂(xi) 0.69 0.53 0.14 0.38 0.64 0.92 1.25 159,213

The table shows selected descriptive statistics of the individualized effect of exports on earnings
(β̂(xi)).
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Figure 1: Distribution of individualized effects of exports on earnings

Coefficient of export exposure β̂(xi)

Note: This Figure shows the distribution of the individualized effect of exports on earnings (β̂(xi))
across all individuals in the sample, based on the generalized random forest estimation. The dotted
line reflects the sample mean of the individualized effect (0.68). Due to data disclosure regulations, the
tails of the distribution are capped in order to ensure that every bin is based on at least 20 observations.

To what extent are the machine learning-based estimates β̂(xi) predictive of ’actual’
differences in the effect of exports on earnings? A potential concern is that the
distribution shown in Figure 1 reflects just noise around the mean effect of exports on
earnings. Testing the accuracy of the generalized random forest is difficult since we do
not observe a ’ground truth’ that we can use our estimates to test against. To provide
evidence on the reliability of the GRF-based estimates, we group our sample into four
quartiles, based on the individualized effect β̂(xi). We then estimate conventional
IV regressions of the effect of exports on earnings, separately for each quartile. If
the machine learning-based method ’works’, we would expect the estimates of the
conventional IV regressions to follow the ranking that we obtain using the generalized
random forest (i.e., highest estimate in the 4th quartile, lowest estimate in the 1st
quartile).

Figure 2 shows that there is a close link between the ranking of effects implied by
the generalized random forest and the corresponding conventional IV estimates. First,
reassuringly, the quartile which is predicted by the GRF to have the largest (smallest)
effect also has the largest (smallest) effect in a conventional IV estimation. The
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confidence intervals show that the differences between the first and the fourth quartile
are statistically significant. In addition, the results show that the point estimates of
the conventional IV estimation are very close to the mean coefficients based on the
GRF. The GRF estimate is somewhat more conservative than the conventional IV
estimate in the top quartile. A potential explanation is that the GRF, compared to the
conventional IV estimation, is more robust against the influence of individual outlier
observations. More specifically, the bootstrap approach and the honest approach of the
GRF make sure that the estimate only captures heterogeneity in the estimates which
arises consistently across different bootstrapped sub-samples. Overall, we conclude
from Figure 2 that the GRF identifies actual differences in the effect of exports on
earnings.

Finally, Figure 2 stresses an important quantitative point on the extent of
heterogeneity in the effects of exports. According to the estimates, workers in
the bottom quartile see little to no nominal earnings gains due to increased exports,
whereas workers in the top quartile experience considerable positive effects.15 The
point estimate of the conventional IV for the top quartile is around three times larger
than the point estimate for the second quartile. A similar (but somewhat more
extreme) conclusion on the existence of workers who see no nominal earnings gains
is reached when looking at individualized t-values. The GRF yields an estimated
variance of the individualized effect for each worker, and Appendix Figure A.4 shows
the distribution of individualized t-statistics. It turns out that the point estimate is not
statistically different from zero at the 5% (10%) significance level for 47.8% (38.7%)
of workers in the sample. However, of course, we cannot rule of the existence of
type-2-errors for individual observations. In what follows, we aim to understand
which characteristics make workers likely to enter the top or bottom of the distribution
of estimated effects, respectively.

15We stress the term ’nominal’ because we cannot rule out trade-induced decreases in prices which
translate into a real earnings increase also for workers in the bottom group.
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Figure 2: Conventional IV, by quartile of machine learning-based estimate

Note: This Figure shows estimates of conventional IV-regressions of the effect of exports on earnings,
separately by quartiles of the individualized effects (β̂(xi), see Figure 1). The green circle reflects the
mean individualized effect of the GRF within the respective quartile.

5.2 Who benefits most and who benefits least from exports?

In a first step, we simply compare the characteristics of workers who, according
to the GRF, benefit most from exports to the characteristics of workers who benefit
least. To this end, we compute differences in characteristics between the top and the
bottom quartile or decile of the effect size distribution. To facilitate comparison across
variables, we standardize all continuous variables to a mean of zero and a standard
deviation of one.16

Figure 3 illustrates that workers in the top and bottom of the distribution differ
in a variety of worker, job, and firm characteristics. Panel (a) shows that workers
who benefit most from increased exports on average are employed in larger firms, are
employed in occupations which are more specialized on the workers’ initial industry,
are younger, have less labor market experience, and have lower levels of firm, industry,

16See Appendix Table A.5 for the corresponding values of all variables.
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and occupation tenure. The magnitude of the difference in characteristics is substantial.
For example, firm size differs by 0.9 standard deviations between the best and the
worst decile. Age differs by 0.7 standard deviations between the best and the worst
decile.

Figure 3: Differences in characteristics between top and bottom groups

(a) Continuous variables (b) Dummy variables

Note: This Table shows differences in characteristics between workers in the top and bottom quartile
(decile) of the distribution of the individualized effects of exports on earnings (β̂(xi), see Figure 1). To
facilitate comparison between variables, the continuous variables in Panel (a) are standardized to have
a mean of 0 and a standard deviation of 1.

Panel (b) of Figure 3 reveals a striking gender difference in the estimated effect
of exports on earnings. The share of females in the top decile is 40 percentage
points lower than in the bottom decile, suggesting that females are considerably
underrepresented among the ’winners’ of increased exports. This result suggests
that exports might increase gender inequality among manufacturing workers. We
discuss the potential underlying mechanism in more detail in the following sections.
In addition, interestingly, the Figure shows that workers at the top of the distribution
are more likely to be blue-collar workers. In terms of formal education, the Figure
shows a slightly non-linear pattern. Low-skilled workers (i.e., those with less than a
vocational degree) are underrepresented among the most positively affected group.
When looking at the difference between the top and bottom decile, workers are less
likely to have a university degree and more likely to have a vocational degree.
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5.3 Accounting for the potential correlation between characteristics

The previous section provides information on which worker, job, and firm characteristics
are highly predictive of large or small export-induced earnings gains. However,
since these characteristics might be correlated, an unconditional comparison of
characteristics of the top and bottom groups is not fully informative about the
underlying mechanism. For example, higher earnings gains for workers in larger firms
might be the result of ’pure firm effects’ where workers in large and highly productive
firms benefit from increased export opportunities due to rent sharing (e.g., Amiti and
Davis, 2011; Egger and Kreickemeier, 2012). Alternatively, higher earnings gains in
larger firms might be driven by a composition effect where firm size is correlated with
worker or job characteristics that are associated with higher gains (such as measures
of worker skills). Analogously, it is a relevant question to what extent the gender
differences in export-induced earnings gains reflect differential sorting of men and
women into jobs or firms which make them more or less likely to see large earnings
gains. Note that these types of questions typically also arise in the case of conventional
sample splits or interaction effects as soon as the interaction or splitting variable of
interest is correlated with other potentially important variables. Appendix Table A.7
shows the correlation between all variables that we use to estimate heterogeneous
effects.

To account for the potential correlation between variables, we report estimates of
regressions of the individualized effects on worker, job, and firm characteristics in
Figures 4 and 5. The Figures report bivariate regressions as well as regressions in
which we control for the other respective variables.17 By conditioning on the other
variables, we ask how the effect of exports on earnings changes if we change one
variable, holding all other variables constant. We rank all variables by the size of the
conditional coefficient.

17We make two exceptions. First, in the case of firm size, we do not control for the AKM firm wage
premium (and vice versa), since these two variables are both used as a proxy for firm productivity.
Second, in the case of the tenure variables, we do not control for the respective other tenure variables,
due to the very high positive correlation and given that we consider all tenure variables as measures of
a similar underlying mechanism.
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Figure 4: Individualized effects and worker/job/firm characteristics (metric variables)

Note: This Figure shows results of regressions of the individualized effect β̂(xi) on worker/job/firm
characteristics. The blue circle shows estimates based on a bivariate regression. The red diamond shows
estimates where we control for all other variables, with three exceptions. In case of the tenure variables,
we do not control for the other tenure variables. In case of firm size and AKM firm wage premium, we
do not control for the respective other variable. The same is true for education and AKM worker effect.
The lines reflect 95% confidence intervals. Standard errors are clustered at the 3-digit industry x base
year x labor market region level.

Figure 4 confirms the importance of firms in understanding the heterogeneous
earnings effects of exports. Interestingly, the coefficient of firm size hardly changes
after conditioning on the other variables, suggesting that workforce or job composition
do not play a big role in explaining why workers in larger firms see larger earnings
gains. The conditional coefficient of firm size is the largest among all continuous
variables in Figure 4. The coefficient of industry specialization decreases only slightly
after conditioning on other worker, job and firm characteristics. This reinforces the
notion that workers in more specialized occupations benefit more from exports. The
coefficient of the AKM worker effect becomes even larger after conditioning for worker,
job, and firm variables. A potential interpretation is that unobserved skills rather than
observed skills (e.g., education) become more valuable due to exports (e.g., Helpman
et al., 2010). Interestingly, higher AKM firm effects are associated with lower earnings
gains, both unconditionally and conditionally. Finally, and not surprisingly, the
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coefficients for age, experience, and the tenure variables decrease after conditioning,
reflecting the correlation between these variables.

Figure 5: Individualized effect and worker/job/firm characteristics (dummy variables)

Note: This Figure shows results of regressions of the individualized effect β̂(xi) on worker/job/firm
characteristics. The blue circle shows estimates based on a bivariate regression. The red diamond shows
estimates where we control for all other variables, with three exceptions. In case of the tenure variables,
we do not control for the other tenure variables. In case of firm size and AKM firm wage premium, we
do not control for the respective other variable. The same is true for education and AKM worker effect.
The lines reflect 95% confidence intervals. Standard errors are clustered at the 3-digit industry x base
year x labor market region level.

Figure 5 confirms the existence of an important gender difference in the earnings
effects of exports. On average, the individualized coefficient between men and women
differs by 0.27. The gender differences might reflect differences in skills or differential
sorting into jobs and firms. When we control for all other worker, job, and firm
characteristics, the gender difference shrinks from 0.27 to 0.20. This implies that
sorting into different jobs and firms as well as differences in other characteristics
cannot fully explain why men benefit more from exports than women. This finding
also holds when we control for firm variables more non-parametrically and when we
control for interactions between firm and job as well as firm and worker characteristics
in Appendix Table A.6. In other words, the evidence suggests that men reap higher
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earnings gains from exports than women even when starting out in the same or similar
firm and job and conditional on having the same socio-demographic characteristics.
We discuss potential reasons for this in section 5.6.

The estimates in Figure 5 also suggest that the earnings effects are non-linear in
education as workers with medium levels of education (i.e., those with a vocational
degree) exhibit more positive earnings effects than workers with a university degree
and low-skilled workers. In line with these result, Figure 5 also shows that blue-collar
workers (and non-managers) tend to have higher positive effects. However, the
conditional regression for blue-collar status suggests that the positive effects for
blue-collar workers are mostly not due to blue-collar status per se but rather due to a
correlation with other characteristics.

In Appendix Figures A.5, A.6, A.7, and A.8 we provide estimates of linear
probability models where the dependent variable is an indicator for being in the
top/bottom quartile of individualized effects. The pattern is qualitatively very similar.
For example, a one standard deviation increase in firm size is associated with a 10
percentage points increase of reaching the top quartile (see Figure A.7). In addition,
for comparison to our machine learning-based method, Appendix Figures A.9 and
A.10 provide conventional IV estimates with interaction effects with one variable at a
time.

5.4 Non-linearity in firm size

In light of selection of the most productive firms into exporting, the heterogeneity by
firm size might be highly non-linear. More specifically, one might expect the positive
link between firm size and earnings to be driven mostly by workers in the largest
firms. The data-driven approach of the GRF flexibly allows for non-linearities and is
therefore well-suited to identify the shape of the heterogeneity by firm size.

Figure 6 shows that the heterogeneity by firm size is indeed highly non-linear. The
Figure shows the results of a regression of the individualized effect on dummies for
firm size decile, controlling for all other worker, job, and firm characteristics. It turns
out that the heterogeneity by firm size is relatively flat below the 9th decile. In line
with selection of the largest firms into exporting, positive earnings effects of exporting
are substantially larger in the 9th and 10th decile. According to the estimates, the
individualized effect among workers in the 10th decile of firm size is on average
around 0.7 higher than the individualized effect of workers in the 5th decile (the
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reference group). This difference corresponds to a switch from the median to the 90th
percentile of the overall distribution of individualized effect (see Table 3).

Figure 6: Link between individualized effects and firm size deciles.

Note: The Figure shows estimates of a regression of individualized effects β̂(xi) on firm size deciles,
controlling for all other variables excpect for the AKM firm wage premium. Firm size decile 5 is the
reference group. The lines reflect 95% confidence intervals. Standard errors are clustered at the 3-digit
industry x base year x labor market region level.

5.5 What do we miss when focusing on conventional firm- and

skill-related variables?

The previous sections point to an important role of firm heterogeneity and worker
skills in understanding who benefits most. However, the results also show that other
dimensions, including demographics, matter for the understanding of heterogeneous
earnings effects. A natural question is to what extent do we ’miss’ part of the
unequal earnings effects of exports when focusing on conventionally used firm- and
skill-related variables alone.

In Table 4, we provide evidence that a focus on conventional skill- and firm-related
variables misses a substantial share of the total heterogeneity detected by the GRF.
The table shows the R2 and adjusted R2 of a regression of the individualized effects
on firm size, AKM worker effects, AKM firm wage premia, and formal education.
Even in column (5) where we allow the effects of firm size to be non-linear and where
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we account for all possible interactions between the respective variables, we cannot
explain more than 40% of the total variation of export-induced earnings effects.

A potential concern is that the remaining 60% of the variation reflect noise
generated by the GRF rather than factors like demographics or occupational
characteristics. However, in Figure 7, we show that the remaining 60% of the
variation in GRF-based estimates do have explanatory power of ’actual’ differences in
export-induced earnings effects. In this graph, we show estimates of conventional IV
regressions, based on quartiles of the GRF-based individualized effects, analogously to
Figure 2. However, in contrast to Figure 2, we first residualize the individualized effects
from the skill- and firm-related variables and their interactions in column (5) of Table
4. Therefore, by construction, the residual captures variation which is uncorrelated
to the variables mentioned in column (5) of Table 4. As expected, the difference in
estimates across quartiles becomes smaller, but in particular the difference between
the first and the fourth quartile is still sizable and highly statistically significant.18 In
other words, there are systematic differences in export-induced earnings effects which
can be explained by variables other than conventionally used firm- and skill-related
variables, including for example demographic variables such as gender and age, or
occupational characteristics.

Table 4: Explanatory power of conventional firm- and skill-related variables

Dep. var.: Individualized effect

(1) (2) (3) (4) (5)
R2 0.06 0.13 0.20 0.32 0.39
Adj. R2 0.06 0.13 0.20 0.32 0.39
Firm size (metric) X X
Firm size (10 dummies) X X X
AKM worker FE (metric) X X X
AKM worker FE (10 dummies) X X
Education X X X X
AKM firm FE (metric) X X X X
Interaction effects X

Note: The Table shows the R2 and adjusted R2 of a regression of the
individualized effects β̂(xi) on firm- and skill-related variables. Metric
variables are standardized to have a mean of zero and standard deviation
of one. The last column includes all possible interactions between the
variables.

18In Figure 2, the difference between the estimate in the fourth and first quartile is roughly 1.8. In
Figure 7, it is roughly 1.0.
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Figure 7: Conventional IV by quartile of GRF-based estimate, residualized from firm-
and skill-related variables

Note: This Figure shows estimates of conventional IV-regressions of the effect of exports on earnings,
separately by quartiles of the individualized effects (β̂(xi), residualized from the skill- and firm-related
variables and their interactions in column (5) of Table 4.

5.6 Interpretation and discussion of heterogeneities

The previous results suggest that the heterogeneity in the effects of exports on earnings
is multidimensional and cannot be summarized by one or two variables alone. In
what follows, we put the results into perspective and discuss potential underlying
mechanisms.

5.6.1 Firm size and AKM worker effect

In line with the vast theoretical and empirical literature in trade, we find that workers
initially employed in larger firms and workers with higher skill levels (reflected by
higher AKM worker effects) reap larger gains from increased industry-level exports.
For example, a prominent class of models predicts that the largest and most productive
firms select into exporting and workers employed by these firms benefit in terms of
higher wages due to rent sharing (e.g., Egger and Kreickemeier, 2009, 2012; Amiti
and Davis, 2011). Importantly, the link between positive earnings effects and firm
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size holds also after accounting for a potential correlation between firm size and
worker and job characteristics which might be linked to higher earnings gains. Our
results are therefore related to a large literature in labor economics which points to
the existence of sizable firm wage premia (conditional on worker composition) (e.g.,
Card et al., 2013; Song et al., 2019) and with recent evidence finding that exports lead
to an increase in these wage premia (Frı́as et al., 2024). The positive between AKM
worker effects and exports is in line with a large literature in economics pointing to an
increase in the skill premium due to trade (e.g., Burstein and Vogel, 2017; Dauth et al.,
2021).19

Interestingly, the AKM worker effect, which captures unobserved skills in
addition to observed skills, turns out to be more relevant than formal education
for understanding who benefits most from exports. In other words, while export
expansion goes along with an increase in the demand for skills, it might not
necessarily go along with a strong increase in the demand for university-educated
workers. Instead, the rise in skill demand might be more subtle, reflecting an increased
need for workers with high levels of unobserved skills. This finding may be of interest
from the perspective of policymakers.20

The previous section suggests that these variables explain at most 40% of the total
heterogeneity of earnings effects due to exports. In what follows, we discuss a variety
of factors which turn out to be important for understanding the unequal earnings
effects of exports, but have received much less attention in the existing literature.

5.6.2 Gender

On the more surprising end of the results, we find that men see larger earnings gains
from exports than women. What explains this gender difference? First, it might
be driven by differential sorting across firms and jobs or differences in skills. For
example, women might be less likely to be employed by large firms. However, the
conditional coefficients in Figure 5 and Table A.6 suggest that only a small share of

19Higher AKM firm effects are associated with lower earnings gains, in contrast to the notion that
they are a proxy for firm productivity. A potential explanation is that AKM firm effects also reflect
other factors unrelated to productivity, such as strategic wage-posting behavior of firms (Burdett and
Mortensen, 1998), compensating wage differentials for disamenities (Sorkin, 2018), or institutional
factors such as collective bargaining agreements and the existence of works councils (Hirsch and Müller,
2020).

20While analyzing the exact nature of these unobserved skills is beyond the scope of this paper, the
literature in labor economics for example point to increased returns for social skills (Deming, 2017).
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the gender difference seems to be driven by differential sorting across jobs and firms
or by differences in other characteristics such as skills.

Second, the literature points to important gender differences in job mobility and
job search behavior (Le Barbanchon et al., 2021; Cortes et al., 2023). Men might be
more able or might be more willing to take advantage of higher earnings possibilities
by switching to exporting firms. In Appendix Table A.4, we estimate conventional IV
regressions, splitting the sample between men and women. We decompose overall
earnings into earnings at the initial employer and earnings at a different employer.
It turns out that the gender difference in export-induced earnings effects arises
exclusively at the initial employer, suggesting that differences in job mobility are
not a main driver either.

Gender differences in earnings effects at the initial employer might be driven by
differences in bargaining behavior between men and women (Caldwell et al., 2024).
Men could therefore be able to reap a larger share of the rents accruing from increased
export opportunities. Alternatively, gender differences in earnings outcomes might
arise due to a higher schedule flexibility of men compared to women. Increased
exports, especially to different time zones, might require more temporal flexibility
among employees, translating into gender differences in earnings outcomes (Bøler
et al., 2018).

5.6.3 Age, experience, tenure

The results point to a substantial heterogeneity of the effects in terms of age, experience,
and firm/occupation/industry tenure. Similar to gender, these variables have received
little attention in the existing research on the heterogeneous earnings effects of exports,
but turn out to be quantitatively important. We consider all of these heterogeneities as
capturing the same or a very similar underlying mechanism.

First, low age, experience, and tenure are proxies for low labor market attachment
of workers (Kovak and Morrow, 2025). These workers tend to be more vulnerable
to negative shocks, e.g., from import competition (Autor et al., 2014). The presence
of tenure-based layoff rule in Germany makes low-tenure workers more likely to
be laid off due to negative shocks. Therefore, these workers might benefit more
from a positive shock due to exports, especially in light of declining manufacturing
employment and associated costs for laid-off workers (Helm et al., 2024). Second,
a potential explanation is that young workers accumulate more human capital at
exporting firms and industries than at non-exporting firms and industries (Ma et al.,
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forthcoming). Third, in light of steeper wage growth at younger ages, the possibilities
to negotiate higher wages and participate in the rents from exports might be higher
for younger workers.

5.6.4 Industry specialization

Our results also show that workers employed in occupations which are more
specialized on their industry see larger earnings gains due to exports. Our measure
can be interpreted as a measure of industry-specific human capital and has been
employed prominently by Utar (2018) who shows that workers in more specialized
occupations incur larger earnings losses from import competition. The positive
interaction between industry specialization and exports is in line with findings by
Dauth et al. (2021). One way to interpret our results is that specific human capital could
be more important or at least as important as general human capital in explaining the
heterogeneous effect of exports. A potential mechanism behind the strong positive
interaction with exports is that workers who are more specialized on their industry
become particularly valuable in light of a positive demand shock (Lazaer, 2009). This
is true especially in a world with search frictions where replacing skilled workers is
costly and time-consuming.

6 Exports and inequality

In a last step, we use our granular estimates to provide back-of-the-envelope
calculations on the link between exports and overall earnings inequality. Based
on the heterogeneous effects found in the previous sections, it is not clear to what
extent the export shock contributes to overall inequality. A look at the correlations
of the variables of interest with base year earnings in Appendix Table A.7 suggests
that some factors could work towards an increase in inequality (e.g., firm size, AKM
worker effect, gender), while others could work towards a decrease of inequality (e.g.,
age, experience, tenure, industry specilization). To shed light on the link between the
export shock, we perform different exercises, building on the individualized effects as
well as the actual export exposure on workers.

For each worker in our sample, we compute three alternative versions of an
estimated effect of exports on cumulative earnings:
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β̂(xi)↗ Expj (3)

β̂(xi)↗ Expj (4)

β̂(xi)↗ Expj (5)

where i denotes a worker and j denotes the industry in which worker i is initially
employed.21 β̂(xi) denotes the sample average of individualized effects of exports
(0.68, see Table 3) and Expj denotes the sample mean of increased export exposure
(26.97, see Table A.1).

Expression 3 employs the sample mean of both, the individualized effects and the
export exposure measures. The corresponding predicted effect on cumulative earnings
is therefore, by construction, the same across all individuals and can be considered as
an estimate of the average effect on cumulative earnings. Expression 4 allows the beta
coefficient to be person-specific and holds the increase in export exposure constant
across workers. Finally, expression 5 also allows the increase in export exposure to
vary across individuals, based on their initial industry.

In Figure 8, we plot the average estimated effect within percentiles of the base year
earnings distribution separately for all three measures. The green crosses show that
the average estimated effect amounts to roughly 19% of workers’ base year earnings
over ten years. When we allow the effects of a one-unit increase in export exposure to
be individual-specific (blue circles), it turns out that workers between the 60th and the
80th percentile are most positively affected on average. The estimated effect increases
monotonically between the 20th and the 70th percentile and decreases above the 80th
percentile. Finally, when we also allow the export exposure to vary across individual,
based on their industry affiliation (red diamonds), the pattern is qualitatively similar
but becomes more pronounced. This is because workers with base year earnings
above the median tend to be employed in industries with a larger increase in export
exposure, on average.

Overall, Figure 8 suggests that the inequality-increasing effect of exports is much
less pronounced than expected based on the existing literature. Looking at the average
estimate by percentile, it turns out that no percentile exhibits a mean estimated
effect below 10%, suggesting that even workers at the bottom of the initial earnings

21We pool both time windows and drop the subscript t for simplicity.

33



distribution on average gain from exports. This result reflects the fact that some factors
which predict large export-induced earnings gains are in fact negatively correlated with
base year earnings (e.g., age, tenure, experience, industry specialization). Nevertheless,
workers in the upper part of the earnings distribution benefit more on average. The
bootstrap estimates in Panel (A) of Table 5 suggest that the differences, for example
between the 75th and the 25th percentile, are also statistically significant.

Figure 8: Earnings effects by initial earnings percentile

Note: This Figure plots the mean earnings effect, by percentile of initial earnings, for different scenarios.
The green crosses show the effects, holding the coefficients constant at the sample mean (0.68) and
holding export exposure constant at the sample mean (26.97). The blue circles reflect the effect using
individualized betas, holding export exposure constant at the sample mean. The red diamonds show
the effects using individualized betas and using actual export exposure, based on the individual’s initial
industry. The lines reflect a local polynomial smoothing.

Based on the differences across percentiles, it is not clear what the export shock
implies for measures of aggregate inequality like the Gini coefficient. In a next step, we
provide a back-of-the-envelope calculation on the consequences for the Gini coefficient.
To this end, we have to translate our estimated earnings effect, which is measured as
percent of base year earnings, into an absolute value. We do this by multiplying our
estimate by base year earnings:

β̂(xi)↗ Expj

100
↗ BaseEarningsi ↗

1
10

(6)

34



Note that we divide by ten in order to obtain the average annual earnings change
over ten years. We compare the Gini of base year earnings to the Gini of base year
earnings plus the annual earnings change from equation 6.

Table 5: Exports and earnings inequality

(A) Earnings effects by initial earnings percentile

estimate (SE) [95%-CI]

p10 13.16↑↑↑ (0.64) [11.90 ; 14.42]

p25 13.54↑↑↑ (0.50) [12.56 ; 14.53]

p50 20.65↑↑↑ (0.57) [19.52 ; 21.78]

p75 26.67↑↑↑ (0.67) [25.36 ; 27.98]

p90 14.68↑↑↑ (0.45) [13.79 ; 15.56]

(B) Gini coefficient

estimate (SE) [95%-CI]
Base year 0.2785↑↑↑ (0.0010) [0.2765 ; 0.2806]

Base year + exports 0.2794↑↑↑ (0.0010) [0.2774 ; 0.2814]

Difference 0.0008↑↑↑ (0.0000) [0.0008 ; 0.0009]

Note: The table shows the estimated earnings effects (individual coefficients and individual
exposure) for selected percentiles of initial earnings (Panel (A)) and a back-of-the-envelope
calculation for the effects on the Gini coefficient (Panel (B)). Standard errors and confidence
intervals are computed using 200 bootstrap replications. * p<0.10, ** p<0.05, *** p<0.01

In Panel (B) of Table 5 we provide evidence that the export shock goes along with
a very modest increase in the Gini coefficient of earnings. The Gini of base year
earnings is equal to 0.2785. After adding the estimated cumulative earnings change,
the Gini amounts to 0.2794. While the difference is statistically significant based
on the bootstrap standard errors, it is quantitatively small and, depending on the
prior, smaller than expected. This finding is of interest for policymakers who worry
that unequal earnings effects of exports translate into a sharp increase in inequality
between workers at the top and workers at the bottom of the earnings distribution.
Our results suggest that most of the differences in the effects occur between workers
with similar earnings rather than between high- and low-earnings workers.
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7 Conclusion

How do labor markets and workers adjust to international trade and what are
the distributional consequences? This question is of large importance in a highly
globalized world. From the perspective of policymakers, it is particularly important
to understand what characteristics make workers likely to reap large gains from
international trade and what characteristics make workers vulnerable to incur (relative)
earnings losses. The goal of this paper is to use novel machine learning methods
to better understand the full heterogeneity of the effects of trade along a variety of
dimensions and to study the extent to which positive export shocks influence existing
earnings inequalities. To do so, we focus on a major episode of globalization from
the perspective of the German economy, namely the substantial increase in trade with
China and Eastern European countries starting in the 1990s.

The finding that the earnings effects of exports are vastly heterogeneous is not
surprising in light of existing research. However, a main takeaway from our analysis
is that the heterogeneity of the earnings effects is multidimensional and therefore
cannot be summarized by one or two factors alone. The important role of firm size
and workers’ unobserved skills is largely consistent with a large body of research
on the distributional effects of trade. Yet, our results point to further important
dimensions of heterogeneity which have received much less attention in prior research,
including demographic variables like age and gender. In addition, our results point to
an important role of a workers’ skill specialization. Workers employed in occupations
that are more concentrated in the respective industry reap larger gains from exports.
In contrast, workers with a university degree do not necessarily fare better than those
without a university degree in the context of export shocks. From a policy perspective,
this result is interesting as it implies that a worker’s skill specialization might be more
important than her degree per se in determining the extent to which she benefits from
exports.

Our results also suggest that exports are not a major driver of inequality across
initial earnings percentiles. In fact, most of the heterogeneity of the earnings effects
occur within groups with similar initial earnings rather than between earnings groups.
This result is valuable from the perspective of policymakers who might worry about
substantially widening gaps in earnings across the earnings distribution.
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A Appendix

Figure A.1: The evolution of trade with China and Eastern Europe over time

(a) Absolute (b) Share of total trade

Note: Panel (a) shows annual exports to and imports from China and Eastern Europe, measured in
billions of 2010-euros. Panel (b) shows the share of exports to and imports from China and Eastern
Europe in total German exports and imports. The vertical solid line indicates the start of our period
of main analysis. Following Dauth et al. (2014, 2021) define ’Eastern Europe’ as the following set of
countries: Bulgaria, Czech Republic, Hungary, Poland, Romania, Slovakia, Slovenia, the former USSR,
and its successor states the Russian Federation, Belarus, Estonia, Latvia, Lithuania, Moldova, Ukraine,
Azerbaijan, Georgia, Kazakhstan, Kyrgyzstan, Tajikistan, Turkmenistan, and Uzbekistan.
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Figure A.2: Distribution of individualized effects: absolute earnings effects

Cumulative earnings effects over 10 years

Note: This Figure shows the distribution of implied earnings effects over ten years of a one standard
deviation increase in export exposure (23.80). The values are obtained by the following formula:
β̂(xi)↗23.80

100 ↗ BaseEarningsi. The dotted line reflects the sample mean. Due to data disclosure regulations,
the tails of the distribution are capped in order to ensure that every bin is based on at least 20
observations.
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Figure A.3: Distribution of individualized effects: OLS Forest

Coefficient of export exposure β̂(xi)

Note: This Figure shows the distribution of the individualized effect of exports on earnings (β̂(xi))
across all individuals in the sample, based on an OLS Forest. The dotted line reflects the sample mean
of the individualized effect. Due to data disclosure regulations, the tails of the distribution are capped
in order to ensure that every bin is based on at least 20 observations.
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Figure A.4: Distribution of individualized t-statistics

Coefficient of export exposure β̂(xi)

Note: This Figure shows the distribution of the individualized t-statistics which are computed by
dividing the individualized effect (β̂(xi)) by the individualized standard error. The dashed line reflects
the threshold of 1,96. Due to data disclosure regulations, the tails of the distribution are capped in
order to ensure that every bin is based on at least 20 observations.
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Figure A.5: Probability of belonging to the bottom quartile and worker/job/firm
characteristics (metric variables)

Note: This Figure shows results of regressions of an indicator of belonging to the top quartile based
on the ranked individualized effect β̂(xi) on worker/job/firm characteristics. The blue circle shows
estimates based on a bivariate regression. The red diamond shows estimates where we control for all
other variables, with three exceptions. In case of the tenure variables, we do not control for the other
tenure variables. In case of firm size and AKM firm wage premium, we do not control for the respective
other variable. The same is true for education and AKM worker effect. The lines reflect 95% confidence
intervals. Standard errors are clustered at the 3-digit industry x base year x labor market region level.
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Figure A.6: Probability of belonging to the bottom quartile and worker/job/firm
characteristics (dummy variables)

Note: This Figure shows results of regressions of an indicator of belonging to the top quartile based
on the ranked individualized effect β̂(xi) on worker/job/firm characteristics. The blue circle shows
estimates based on a bivariate regression. The red diamond shows estimates where we control for all
other variables, with three exceptions. In case of the tenure variables, we do not control for the other
tenure variables. In case of firm size and AKM firm wage premium, we do not control for the respective
other variable. The same is true for education and AKM worker effect. The lines reflect 95% confidence
intervals. Standard errors are clustered at the 3-digit industry x base year x labor market region level.
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Figure A.7: Probability of belonging to the top quartile and worker/job/firm
characteristics (metric variables)

Note: This Figure shows results of regressions of an indicator of belonging to the bottom quartile based
on the ranked individualized effect β̂(xi) on worker/job/firm characteristics. The blue circle shows
estimates based on a bivariate regression. The red diamond shows estimates where we control for all
other variables, with three exceptions. In case of the tenure variables, we do not control for the other
tenure variables. In case of firm size and AKM firm wage premium, we do not control for the respective
other variable. The same is true for education and AKM worker effect. The lines reflect 95% confidence
intervals. Standard errors are clustered at the 3-digit industry x base year x labor market region level.
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Figure A.8: Probability of belonging to the top quartile and worker/job/firm
characteristics (dummy variables)

Note: This Figure shows results of regressions of an indicator of belonging to the bottom quartile based
on the ranked individualized effect β̂(xi) on worker/job/firm characteristics. The blue circle shows
estimates based on a bivariate regression. The red diamond shows estimates where we control for all
other variables, with three exceptions. In case of the tenure variables, we do not control for the other
tenure variables. In case of firm size and AKM firm wage premium, we do not control for the respective
other variable. The same is true for education and AKM worker effect. The lines reflect 95% confidence
intervals. Standard errors are clustered at the 3-digit industry x base year x labor market region level.
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Figure A.9: Interaction effects of worker/job/firm characteristics and export exposure
with conventional IV regressions (metric variables)

Note: This Figure shows the interaction effects of the export exposure with standardized
worker/job/firm characteristics, estimated with conventional IV regressions. The lines reflect 95%
confidence intervals. Standard errors are clustered at the 3-digit industry x base year x labor market
region level.
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Figure A.10: Interaction effects of worker/job/firm characteristics and export exposure
with conventional IV regressions (dummy variables)

Note: This Figure shows the interaction effects of the export exposure with worker/job/firm
characteristics, estimated with conventional IV regressions. The lines reflect 95% confidence intervals.
Standard errors are clustered at the 3-digit industry x base year x labor market region level.
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Table A.1: Sample descriptives

Mean SD p25 p75 N
Cumulative earnings (10 years) 388,520.63 261,682.12 227,150.89 467,824.69 159,213
Base year earnings 44,762.66 33,045.27 30,289.71 47,742.27 159,213
100 x Normalized earnings 888.53 386.08 679.41 1081.80 159,213
University degree 0.09 0.28 0.00 0.00 159,213
Vocational degree 0.74 0.44 0 1.00 159,213
Low-skilled 0.18 0.38 0.00 0.00 159,213
Female 0.22 0.41 0.00 0.00 159,213
Age 39.42 8.55 32.00 47.00 159,213
Foreign nationality 0.11 0.31 0.00 0.00 159,213
Experience (years) 13.19 5.94 9.00 16.00 159,213
Firm tenure 9.87 6.01 5.00 15.00 159,213
Industry tenure 10.65 6.10 5.00 15.00 159,213
Occupation tenure 10.18 6.06 5.00 15.00 159,213
Firm size 3,675.35 9,426.59 97.00 1,678.00 159,213
Routine share 0.56 0.20 0.35 0.74 159,213
Blue-collar job 0.71 0.45 0.00 1.00 159,213
Manager 0.02 0.14 0.00 0.00 159,213
Industry specialization 0.74 0.99 0.09 0.89 159,213
AKM worker FE 4.33 0.30 4.16 4.48 159,213
AKM firm FE 0.25 0.16 0.18 0.35 159,213
Export exposure 26.97 23.80 10.88 38.20 159,213
Import exposure 24.80 40.92 5.30 32.72 159,213

Note: The table shows descriptive statistics on the estimation sample. Cumulative earnings are
computed as the sum of total earnings within the 10-year period (1991-2000, 2001-2010). Base year
earnings are earnings in the first year of the interval (1990, 2000). Normalized earnings are computed
as cumulative earnings divided by base year earnings.

Table A.3: Worker Adjustment

Dep. Var.: 100 x Normalized cumulative earnings
All employers Same sector Other sector

Same employer Yes No No No
Same 2-digit industry Yes Yes No No

(1) (2) (3) (4) (5)
Exports 0.722↑↑↑ 0.523↑↑↑ 0.411↑↑↑ 0.041 -0.253↑↑↑

(0.127) (0.257) (0.164) (0.077) (0.108)
Imports -0.150↑↑↑ -0.532↑↑↑ -0.128↑↑↑ 0.074↑↑↑ 0.436↑↑↑

(0.062) (0.133) (0.068) (0.032) (0.071)

Obs. 159,213 159,213 159,213 159,213 159,213
R2 0.111 0.053 0.027 0.036 0.050

Note: The table shows the estimated link between industry-level import and export competition and
normalized cumulative earnings. See equation 1 and section 3 for the empirical specification, the list of
control variables, and an explanation of the IV strategy. * p<0.10, ** p<0.05, *** p<0.01
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Table A.2: Change in exports and imports, by industry

3-digit industry Change 1990-2010 (Bil.)

(a) Change in exports

Manufacture of motor vehicles 17.92
Manufacture of parts and accessoires of motor vehicles 12.85
Manuf. of machinery for production & use of mechanical power 8.42
Other special purpose machinery 7.72
Manufacture of electricity distribution and control apparatus 3.66
(b) Change in imports

Manufacture of office machinery and computers 13.56
Manufacture of motor vehicles 8.69
Manufacture of parts and accessoires of motor vehicles 8.60
Manufacture of velves and tubes 8.22
Manufacturing of radio, television, sound and video 6.50

Notes: The table shows the top 3-digit industries, in terms of change in exports or imports
between 1990 and 2010, respectively, measured in billions of Euros.

Table A.4: Adjustment to Exports: Differences by Gender

Dep. Var.: 100 x Normalized cumulative earnings
All employers Same sector Other sector

Same employer Yes No No No
Same 2-digit industry Yes Yes No No

(1) (2) (3) (4) (5)
Males 0.765↑↑↑ 0.690↑↑↑ 0.370↑↑↑ 0.031 -0.327↑↑↑

(0.124) (0.262) (0.167) (0.089) (0.115)
Females 0.413 0.008 0.467↑ 0.019 -0.081

(0.259) (0.394) (0.240) (0.114) (0.172)

Note: The table shows the estimated link between industry-level export exposure and normalized
cumulative earnings, separately by gender. See equation 1 and section 3 for the empirical specification,
the list of control variables, and an explanation of the IV strategy. * p<0.10, ** p<0.05, *** p<0.01
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Table A.5: Descriptives for quartiles of β̂(xi)

Quartile: (1) (2) (3) (4)
B: Dummy variables

University degree 0.10 0.07 0.09 0.09
Low-skilled 0.28 0.16 0.12 0.14
Female 0.38 0.20 0.16 0.15
Foreign nationality 0.13 0.11 0.09 0.11
Blue-collar job 0.62 0.69 0.72 0.80
Manager 0.04 0.02 0.02 0.01

B: Metric variables
Experience (years) 0.39 0.14 -0.19 -0.35
Firm tenure 0.36 0.06 -0.24 -0.18
Industry tenure 0.35 0.07 -0.23 -0.19
Occupation tenure 0.36 0.11 -0.19 -0.28
Firm size -0.16 -0.15 -0.09 0.39
Age 0.52 0.04 -0.27 -0.30
Routine share 0.03 -0.04 -0.12 0.13
Industry specialization -0.11 -0.10 -0.06 0.27
AKM worker FE -0.13 0.03 0.07 0.04
AKM firm FE 0.09 0.05 -0.01 -0.13

The table shows mean descriptive statistics for quartiles of the
ranked β̂i predicted by the GRF. Metric variables are normalized.

Table A.6: Gender differences: the role of differences in characteristics and sorting

Dep. var.: Individualized effect

(1) (2) (3) (4) (5)
Female -0.27*** -0.25*** -0.28*** -0.20*** -0.19

(0.01) (0.01) (0.01) (0.01) (0.00)
R2 0.04 0.12 0.33 0.38 0.57
Skills & Demographics X X X X
Firms X X X
Occupations X X
Firms x Skills & Demographics X
Firms x Occupations X

The Table shows estimates of a regression of the individualized effect on a gender
dummy and control variables. Skill and demographic controls include education, AKM
worker effects, age, firm/occupation/industry tenure, experience, and nationality. Firm
controls include dummies for deciles of firm size and AKM firm wage premium. *
p<0.10, ** p<0.05, *** p<0.01
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A.1 Details on the Generalized Random Forest

A.1.1 Regression trees

We shortly introduce the concept of a regression tree, adapted to the purpose of
finding heterogeneity in treatment effects by Athey and Imbens (2016). A tree starts
with the entire sample of observations and recursively splits the sample into smaller
sub-samples. The sub-samples are selected in order to maximize the heterogeneity of
the treatment effects between the resulting groups.

Figure A.11 shows an example of a simple regression tree. Here, the tree first splits
on the variable x1. Each observation with values x1 ↘ t1 will be part of the sub-sample
in the left branch of the tree, and each observation with x1 > t1 will be part of the
sub-sample in the right branch of the tree. The sub-samples after the last split of
this tree are called leaves or final regions (R1 to R5 in Figure A.11). It is common
practice to specify a stopping criterion, e.g., a minimum number of observations in a
leaf, to avoid spurious estimates and over-fitting. A tree is greedy in that with each
new split it chooses the variable and value that maximizes the heterogeneity of the
effect between the groups without considering later splits (so-called top-down greedy
approach). The final estimates of the treatment effect are estimated within the leaves
and are estimates of observations with similar characteristics.

Figure A.11: Example of a regression tree

Note: This Figure shows a simple example of a regression tree, provided by James et al. (2021). The
variables X1 and X2 are used to estimate heterogeneous effects. R1-R5 are called leaves or final regions.
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A.1.2 Building a (generalized) forest

A single regression tree is prone to provide unreliable or spurious estimates of the
true heterogeneity in the estimated impact of the variable of interest. A more reliable
estimate can be obtained by using so-called random forests. Random forests, first
proposed by Breiman (2001), build a large number of trees, where each tree uses a
bootstrap sample of the original sample to reduce the influence of single observations.
In addition, each split within a tree only uses a randomly chosen subset of all available
variables. The final estimate is a combination of the results of all trees. A key concept
in the context of causal trees and forests is called honesty (Athey and Imbens, 2016).
Honesty refers to the practice of using two different samples for building a tree and for
estimating the effect of interest within the final leaves of the tree. In the case of a causal
random forest, the bootstrap sample is used to construct the tree and the observations
which have not been drawn into the bootstrap sample are used to estimate the effects
within the leaves.

The generalized random forest (GRF) procedure proposed by Athey et al. (2019)
enables us to combine a causal random forest with an instrumental variable regression
(instrumental forest). Let us denote the effect of exports on earnings as β. In addition,
considering a set of variables x used to study heterogeneities in the effect of exports on
earnings. With the GRF, we can estimate a local version of our instrumental variable
regression within the leaves of the trees and learn how the export-induced earnings
effect β is distributed over the values (x)

β(x) =
Cov[Yi, Zi|Xi = x]
Cov[Wi, Zi|Xi = x]

. (7)

An important new feature in the GRF algorithm is the inclusion of similarity
weights, showing the importance of a single observation for the estimation of the local
treatment effect. Analogously to traditional local estimation, β(x) is estimated by
weighting each observation by its importance (e.g. in kernel regression as the distance
to a local point x). In the GRF procedure, weights ϱi(x) are found in a data-driven
way. Given a forest where the set of grown trees is indexed by b = 1, ..., B, the weights
are obtained as the average of the importance of a single worker i for the estimation of
the local effect β(x). In a single tree b, the estimation is given as follows:

ϱbi(x) =
1({Xi ≃ Lb(x)})

|Lb(x)| , (8)
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which equals 1 for a single worker in a final region of a tree divided by Lb(x), the
number of workers falling into that region. Coming to the forest, the weight for a
single worker i is given by:

ϱi(x) =
1
B

B

∑
b=1

ϱbi(x). (9)

The final weights represent the average of the importance of a worker for estimating
the local effect β(x) over all trees the worker was part of. Having these (similarity)
weights, we are able to estimate a weighted local conditional average treatment effect
by:

(β̂(x), ν̂(x)) ≃ arg min
β,ν

{∥∥∥∥∥

i=1

∑
n

ϱi(x)ψβ,ν(Oi)

∥∥∥∥∥
2

}
, (10)

where ν(Oi) is a nuisance parameter and Oi contains the information required
for the estimation of β̂(x). In the instrumental forest Oi includes the outcome Yi, the
endogeneous variable of interest Wi (in our case export exposure) and the instrument
Zi. Estimating (10) with the forest-based weights as in (9), we receive the local effect
of an increased export exposure at every worker characteristic Xi = x. An important
feature of the GRF is that we obtain a fine-grained estimate at the individual level, the
individualized effect of exports on earnings β(xi) for a worker i.

Similar to the procedure proposed by Athey and Imbens (2016) and Wager and
Athey (2018), the trees still split observations to maximize the difference between
the treatment effect of the estimated data partitions. In a nutshell, at a new split,
the maximum of the difference is found but estimating the effects for the potential
sub-groups (referred to as the children Cj) based on every partitioning variable and
their realizations Xi = x.22 The splitting criterion is given by:

∆̂(C1, C2) =
2

∑
j=1

1∣∣{i : Xi ≃ Cj
}
|



 ∑
{i:Xi≃Cj}

ρi




2

. (11)

Even if only allowing a random subset of partitioning variables this procedure
would be very computationally expensive. Instead of maximizing the difference
of the resulting treatment effects directly, Athey et al. (2019) use a gradient-based
approximation of the true effect. These pseudo effects ρi are based on the moment

22This is a simplification of the splitting criterion described in Athey et al. (2019) which also includes
an error term stabilizing the construction of trees as well as keeping them from favoring splits that
would complicate the estimation of the model.
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conditions of the sample before conducting the split (called parent P). Taking the first
split in a tree as an example and referring to an application of an instrumental forest,
a tree would conduct possible splits and build potential child nodes (C1, C2). But
instead of solving the instrumental regression in the child nodes directly, the pseudo
outcomes are estimated by relying on the treatment effect β̂P and moment conditions
of the parent node as the best possible approximation of the true effect, with ρi:

ρi = (Zi ↔ Z̄P)((Yi ↔ ȲP)↔ (Wi ↔ W̄P)β̂P), (12)

where Yi is the outcome, Wi is the endogeneous variable of interest and Zi is the

instrument of a worker i who is part of the child node Cj. ȲP, W̄P and Z̄P denote
the moments the parent node P. After having found the split where ∆̂(C1, C2) is
maximized, the true effect β as in (10) can be estimated in the child nodes with the
forest weights as in (8) and (9).

In the GRF, we do not use the original outcomes but conditionally centered versions
by leave-one-out estimations, with Ỹi = Yi ↔ ŷ(↔i)(Xi), W̃i = Wi ↔ ŵ(↔i)(Xi) and
Z̃i = Zi ↔ ẑ(↔i)(Xi), to regress out the marginal effect of Xi. This step is done by
running three separate linear regressions to obtain ŷ(↔i)(Xi), ŵ(↔i)(Xi) and ẑ(↔i)(Xi)

and estimating the centered outcomes Ỹi, W̃i, Z̃i. The orthogonalization of Yi, Wi and Zi

before the estimation of the GRF has the advantage of allowing us to consider variables,
such as regional indicators, without having to include them in the instrument forest
and making the moment conditions more robust to confounding effects.
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