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ging populations and shortages of labor in cognitive as well as manual

occupations pose challenges in many Organisation for Economic Co-
operation and Development (OECD) countries. Do refugee migrants con-
tribute to alleviate those challenges at the crucial level of jobs and tasks?
What are the lessons learned from Sweden, a significant destination for ref-
ugee immigrants for several decades?

A large body of studies uses differences in workers’ wage premia as an
indicator of the competitiveness of immigrants, partly reflecting the effec-
tiveness of a country’s immigration and labor market policies. Many of the
papers in this field have centered on occupations; however, influenced by
the literature on skill-biased technological change (SBTC), an emerging
strand of immigrant research provides new insights by studying workers’
returns to tasks rather than occupations. Disparities between native and
foreign-born workers are assessed through the utilization of detailed task
data at the occupational level. Recently, researchers have improved the
SBTC literature by employing recentered influence function (RIF) quantile
regressions and the occupational-task-based Oaxaca-Blinder (OB) decom-
position to compare immigrants with native workers across the entire wage
distribution, rather than solely at the mean. Our article contributes to this
literature by being the first to apply a task-based approach to compare
workers across the wage distribution, specifically focusing on refugee
immigrants. Additionally, we leverage unique and rich panel data, which
enables us to offer results with notable policy implications.

We analyze refugees who arrived in Sweden between 1980 and 1996 and
were granted asylum. To assess the significance of cultural distance, dura-
tion on labor market integration, and gender, we classify refugees into three
distinct categories—namely those from European countries arriving during
the period 1990-1996, those from non-European countries arriving during
the same period, and immigrants arriving between 1980-1989 without classi-
fying their country of origin—and provide separate investigations for males
and females.

We apply coarsened exact matching (CEM) and use an extensive set of
individual characteristics to identify a group of the most comparable natives.
CEM identifies a control group of almost 95,000 native-born workers who
are most comparable to the same number of refugees with regard to their
background characteristics (i.e., “endowments”). We also draw a random
sample of natives as an additional benchmark.

In the empirical analysis, we consider only individuals who work as
employees for 12 months a year and have wage earnings as their main
income source. In line with the task-oriented literature, we delineate four
task categories: non-routine cognitive, routine cognitive, non-routine man-
ual, and routine manual. Accordingly, we categorize occupations at the 4-
digit level. The sample includes individuals born between 1964 and 1980.
We have background data from 1990 and estimate regressions over the
period 2011-2015. The workers are observed in six industry classifications,
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five firm sizes, six types of municipalities, and five regions. Using informa-
tion on their highest educational attainment, we separate the individuals
into six categories, from primary school to doctoral degree.

Wage earnings for each worker are expressed relative to the median of
the entire labor market on a yearly basis. Experience is measured as the
cumulative number of years in which an individual has wage earnings as the
main source of income, starting in 1990. Our analysis considers workers at
least 15-20 years after their arrival in Sweden as refugees and who work the
entire year. We estimate the likelihood of belonging to a specific task group
with a panel multinomial logistic (MNL) regression model with random
effects.

Background and Related Literature

Most of the existing research on refugee integration shows that refugees are
disadvantaged socially and economically at their arrival, relative to the
native population, and that several problems tend to persist. This supposi-
tion is reflected in large initial gaps in labor outcomes for refugees com-
pared with native workers, which show slow subsequent improvement. The
large gap observed in wage earnings is well documented in reviews, such as
Kerr and Kerr (2011), Becker and Ferrara (2019), Bevelander (2020), and
Brell, Dustmann, and Preston (2020).

With access to large-scale administrative data, we add to this literature by
focusing on long-term refugee migrants. We find for Sweden a gender-
heterogeneous advantage over comparable natives at the level of
occupations and tasks. Kaida, Hou, and Stick (2020) have also studied long-
term economic integration of refugees using administrative data for Canada
and found that privately sponsored refugees and governmentassisted
refugees were more successful. Akgiindiz and Torun (2020) used both sur-
vey and administrative data to study changes of tasks performed among
natives in Turkey after the recent inflow of Syrian refugees. The substantial
additional low-skilled labor supply increased natives’ task complexity,
thereby reducing the intensity of manual tasks and raising the intensity of
abstract tasks. Like Akgiindiz and Torun (2020), Mayda, Parsons, Peri, and
Wagner (2017) employed administrative data but with a long-term perspec-
tive. They found that exogenous resettlement of refugees had no adverse
effects on natives in the US labor market.

Comprehensive research investigates the underlying reasons for these
discrepancies. The main factors are found to be similar to those for
migrants in general and include education, experience, home-host country
differences, and literacy skills (see, for instance, De Vroome and Van
Tubergen 2010; Chin and Cortes 2015; Barbiano di Belgiojoso 2019;
Bevelander 2020; and Irastorza and Bevelander 2021). Other explanations
include discrimination (Campion 2018), limited social networks (Auer
2018), specific residential areas (Connor 2010), and firm factors (Abowd,
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Kramarz, and Margolis 1999). The literature also highlights distinct
challenges that refugees face in their labor market integration, setting them
apart from other immigrants, such as initial employment bans for asylum
seekers (Marbach, Hainmueller, and Hangartner 2018), uncertainties about
the duration of staying (Schock et al. 2016), physical and mental health
conditions related to incidents before the arrival to the host country, and
discrimination (Ruiz and Vargas-Silva 2018). Nonetheless, some studies con-
tend that refugees might possess especially strong incentives to integrate in
the labor market. For instance, Cortes (2004) suggested that a diminishing
likelihood of returning home enhances their motivation to invest in human
capital. Using longitudinal Swedish register data to study groups of refugees,
Bevelander and Luik (2020) found that country-of-origin differences
decrease to a small degree after regression adjustments. Such findings raise
doubts about the cultural difference hypothesis.

Drawing from the SBTC framework, a burgeoning body of research, initi-
ated by Peri and Sparber (2009), has recognized the significance of task-
based and occupational-sorting perspectives in comprehending wage
disparities between native and foreign workers in contemporary economies.
Our article aligns with this theoretical perspective. Elaborating on the
occupational-task approach, Hurst, Rubinstein, and Shimizu (2021)
suggested that Black-White discrimination varies by the task requirements
of jobs, explaining a persistent racial wage gap in the United States. In a
comparative study for the United States and major European countries,
Kaya (2023) also provided evidence for the relevance of the task-based
approach of SBTC to explain the changes in the overall wage structure and
the gender wage gap. However, although occupational skill prices played a
significant role in reducing the US gender wage gap, this was not confirmed
in most of the European countries that were studied.

To analyze the wage earning differentials in the Swedish labor market,
we adopt the occupational classification scheme of the SBTC literature
based on Autor, Levy, and Murnane (2003), Acemoglu and Autor (2011),
Autor and Handel (2013), and Acemoglu and Restrepo (2018), among
others. This literature highlights the increasing wage gap between non-routine
and routine tasks and, in particular, between cognitive and manual work tasks
as a consequence of technical change and increased skill intensity.

Following scholars using the entire distribution rather than the mean to
study wage gaps, we employ RIF quantile regressions. We explain the wage
earnings differences between refugee immigrants and natives across all
occupations, controlling for occupational task groups and by using the RIF
quantile regression method (Firpo, Fortin, and Lemieux 2009). This
approach allows us to estimate the impact of changes in the distribution of
the explanatory variables on quantiles of the unconditional distribution
of the wage variable. Recent improvements in the flexibility and simplicity
of the RIF methodology, developed by Firpo, Fortin, and Lemieux (2018)
and Rios-Avila (2020), have facilitated a deeper analysis of immigrants’
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relative wage outcomes near the tails and along the entire wage distribution.
Important for the purpose of our study, RIF quantile regressions enable the
inclusion of high-dimensional fixed effects and an application of a decom-
position analysis for population subgroups.

Our article is closely related to a limited number of recent immigration
studies using similar techniques with RIF regressions and an Oaxaca—
Blinder (OB) decomposition approach to study differences between groups
along the distribution of the explanatory variable. Ingwersen and Thomsen
(2019) examined the wage gap between natives and immigrants in
Germany from 1994 to 2015 and report a significant gap between the cate-
gories of foreigners, naturalized immigrants, and comparable native
Germans without a migration background. The gap is largest in the upper
quantiles. Storm (2022) applied a task-specialization perspective on the
native—foreign wage gap in Germany. Using data from the period 1992-
2018, he showed that the wage gap is largely explained by natives specializ-
ing in high-paying interactive activities between and within occupations,
whereas foreign workers are specializing in low-paying manual activities.
Muckenhuber, Rehm, and Schnetzer (2022) used a sample of Austrian
household data for 2014 to investigate the native—migrant wealth gap as an
indicator of integration into society. Controlling for socioeconomic
characteristics, they found that the gap is most pronounced especially in
the upper half of the distribution, with substantial within-group inequality
for migrants and evidence for catching up when second-generation
migrants are considered.

We add to the literature studying the importance of occupations, tasks,
skills, and distributional statistics for wage differences. To the best of our
knowledge, this is the first article that applies this approach specifically on
refugee immigrants. We also contribute by considering heterogeneity
among refugee workers depending on cultural distances and time of arrival.
As a unique advantage, our administrative data allow us to control not only
for extensive individual characteristics but also for firm-specific factors and
the place of living. From the full population of refugees being granted asy-
lum in Sweden, we select our study sample based on age, arrival period, and
region of origin.

As background for our empirical analysis, we provide a brief overview of
the institutional framework covering refugee immigration to Sweden.! Of
Sweden’s population, one in five people was born abroad, and roughly half
of them are refugees. The five most common countries of birth are Syria,
Iraq, Finland, Poland, and Iran. In the 1970s, Sweden introduced an estab-
lishment program open to newly arrived immigrants between the ages of 20
and 65 who have been granted residence permits as refugees, resettled
refugees, persons in need of protection, or as close relatives of someone in

ISee https://ec.europa.eu/migrant-integration/country-governance/governance /sweden_en, accessed
November 29, 2023.
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one of these categories. Participants in the program receive a limited allow-
ance to cover their living expenses, well below the minimum wage in the
labor market. The stated aim of the program is that migrants should “learn
Swedish, find a job, and become self-sufficient as quickly as possible.” In
contrast to other European countries, Sweden does not impose any employ-
ment ban that prevents asylum seekers from entering the local labor market
with a waiting period upon arrival. There are no geographical restrictions
regarding where refugees can look for jobs. The Swedish open labor market
entry policy avoids long-term employment delays for refugees that can be
observed in other European countries, such as Denmark (Hvidtfeldt,
Schultz-Nielsen, Tekin, and Fosgerau 2018).

The average employment rate among refugees and their relatives aged
20-64 amounted to almost 60% in the year 2019, which is somewhat higher
than the average for refugees in the European Union. The corresponding
figure for other foreign-born migrants was 77%, compared to the interna-
tionally very high employment rate of 86% among the native-born. Similar
to many other countries, the employment of refugees converges toward the
rest of the population over time. While the employment rate among refu-
gee immigrants who have lived in Sweden for 0-9 years was 56% for men
and 30% for women in 2019, it increased to approximately 80% for both
men and women 20 years after arrival. The large share of refugees staying
in the host country for at least 10 years is notable: The rate is 97% among
women and 94% among men. The corresponding figure for the entire
European Union was below 60% in 2014.%

Nearly the entire Swedish labor market is governed by collective
agreements, spanning both the private and public sectors. The wage struc-
ture is regulated primarily across three tiers. First, overarching central wage
agreements are established by labor market parties (unions and employers’
organizations). The extent of the general salary range is determined by the
bargaining power of these parties. Second, local negotiations occur between
employers and workers’ representatives at the firm level. Third, individual
employees negotiate wages directly with their employers. Following an ear-
lier era characterized by substantial compression of relative wages due to a
centralized “solidarity” bargaining system, the contemporary Swedish wage-
setting model permits notable wage flexibility at local workplaces, resulting
in significant differentials both within and between plants and industries,
albeit still constrained compared to international standards (Hibbs and
Locking 2000; Skans, Edin, and Holmlund 2009; Carlsson, Skans, and Skans
2019; Kjellberg 2022). Consequently, significant variation exists within the
wage distribution across the occupations we examine, using our task-based

%A detailed description of the employment of refugees in the Swedish labor market is provided in
https:/www.scb.se/en/finding-statistics/statistics-by-subject-area/labour-market/labour-force-surveys/
labour-force-surveys-lfs/pong/statistical-news/labour-force-surveys-lfs—theme-the-labour-marketsituation-
for-refugees-and-refugee-family-members-20102018/, accessed November 30, 2023.


https://www.scb.se/en/finding-statistics/statistics-by-subject-area/labour-market/labour-force-surveys/labour-force-surveys-lfs/pong/statistical-news/labour-force-surveys-lfs&ndash;theme-the-labour-market-situation-for-refugees-and-refugee-family-members-20102018/
https://www.scb.se/en/finding-statistics/statistics-by-subject-area/labour-market/labour-force-surveys/labour-force-surveys-lfs/pong/statistical-news/labour-force-surveys-lfs&ndash;theme-the-labour-market-situation-for-refugees-and-refugee-family-members-20102018/
https://www.scb.se/en/finding-statistics/statistics-by-subject-area/labour-market/labour-force-surveys/labour-force-surveys-lfs/pong/statistical-news/labour-force-surveys-lfs&ndash;theme-the-labour-market-situation-for-refugees-and-refugee-family-members-20102018/

ESTIMATING THE WAGE PREMIA OF REFUGEE IMMIGRANTS 7

research method. Notably, our analysis incorporates controls for company,
regional, and individual characteristics.

Data

We use administrative register data provided by Statistics Sweden and
accessed through the remote MONA (microdata online access) delivery sys-
tem. The full population-level databases exploited encompass six adminis-
trative registers, which are possible to merge through unique employer and
employee codes. These databases are the longitudinal integration database
for health insurance and labor market studies (LISA),? register-based activ-
ity statistics (RAKS), the dynamics of firms and workplaces (FAD), register-
based labor market statistics (RAMS), a longitudinal database for integra-
tion studies (STATIV), and migration and asylum statistics (MOA).4

The variables constructed from the data sets include population groups
(natives, various refugee groups), demographics (gender, age, marital sta-
tus, preschool children), education, citizenship, work characteristics (occu-
pational tasks, work experience, annual wage earnings), firm characteristics
(industry, firm size), and geography (place of living, place of firm).

Work experience is measured as the cumulative number of years with
labor income as the main source of income. This measurement commences
in 1990, as we lack access to pre-1990 data for refugees who arrived from
1990 on. We observe workers in six industry classifications, five firm sizes,
six types of municipalities, and five regions. Using information on the
highest educational attainment, we classify the individuals into six catego-
ries, from primary school to doctoral degree.

We impose several restrictions on the data. First, we exclude self-
employed individuals since they are obviously not comparable with
employed workers. Second, we focus on individuals born between 1954 and
1980. Thus, we compare wage levels for workers aged from 31 to 61 years.
Third, we study only refugee immigrants who arrived before 1997 and were
granted asylum. Refugees are separated into three subgroups: those from
European countries arriving during the period 1990-1996, those from non-
European countries arriving during the same period, and immigrants arriv-
ing in Sweden between 1980-1989 without classifying their country of
origin.

We delineate the first two groups because it is possible that European ref-
ugee immigrants may be subject to less discrimination in the labor market

3See Ludvigsson et al. (2019).

4All databases are retrieved from Statistics Sweden (SCB) and accessed through the remote MONA
(microdata online access) delivery system. See also the MONA user guide at https:/www.scb.se/cont
entassets/267929cafbe5497788868¢f25a87837¢c/handledning_eng 20231025.pdf, accessed November 28,
2023. The project database at Statistics Sweden is titled “Economic integration of refugee immigrants,”
KTH-P807. The project number can be used for obtaining access to the data at SCB (rather than paying
a fee) for either replication purpose or for obtaining an update of the database for future research.


https://www.scb.se/contentassets/267929cafbe5497788868cf25a87837c/handledning_eng_20231025.pdf
https://www.scb.se/contentassets/267929cafbe5497788868cf25a87837c/handledning_eng_20231025.pdf
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than non-European refugees. However, differences may be attributable to
level of local knowledge rather than discrimination. It is nevertheless of pol-
icy concern whether such differences exist independent of their exact
sources. The justification for our third group is to investigate whether a lon-
ger time in the new country improves conditions on the labor market.

As a fourth constraint, we consider only individuals who were employed
for the entire year (i.e., worked 12 months) and derived their primary
income from wages. Their annual wage earnings are calculated as a relative
measure, normalized with respect to the median wage earnings for the
corresponding year. This measure has a number of advantages. First, we
have no need to deflate it each year, as one would do when using log (wage
earnings).5 Second, using the median for normalization is less prone to
being affected by outliers and skewness in the wage distribution.
Additionally, the normalized value directly indicates whether an individual’s
earnings are below or above the median. Third, differences in normalized
wage earnings can be interpreted as percentage differences, similar to how
estimated coefficients indicate a percentage difference in the dependent
variable with log transformation. The normalization is not done separately
for subgroups, enabling a direct comparison of wage earnings differences
across groups.

Following Acemoglu and Autor (2011), we classify all workers into the
four occupational task categories: 1) cognitive non-routine work tasks
(professionals, managers, and technicians), 2) cognitive routine tasks (office
and administrative support and sales), 3) manual non-routine tasks (per-
sonal care, personal service, protective service, food, and cleaning), and 4)
manual routine tasks (production, craft, repair, operators, fabricators, and
laborers). These occupational categories are established at the 4-digit level
in line with the method suggested by Mihaylov and Tijdens (2019), and we
map the Swedish Standard Classification of Occupations (SSYK) 2012 classi-
fication to the prior SSYK 1996 occupation codes.’

Table 1 provides a comprehensive overview of the variables used for
matching and the calculation of relative frequencies of the occupational
task category, the RIF regressions, and decomposition analysis. It explains
how the administrative data encompass both employer—employee statistics
as well as regional information such as settlement type of municipality the
person has registered as the living place.

The top row of Table 2 indicates that during the period 2011-2015,
matched natives had a 24% higher normalized mean wage compared to
refugees who arrived in Sweden between 1990 and 1996 and a 18% higher
wage compared to refugees who arrived during the period 1980-1989.
Among European refugees who were granted asylum after 1989, half are

®Note that log annual wage earnings (log W) and normalized annual wage earnings (W/m) with
median m are related. Since (W/m) = 1 + (W-m)/m and log (W/m) ~ (W-m)/m, we have log W~W/m+
log m-1.

5This corresponds to ISCO-88 and ISCO-08, with some Swedish particularities.
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Table 1. Variable Descriptions

Variable

Definition

Population group

Occupational task category

Education

Female

Age

Married
Citizenship
Children age 0-3
Children age 4-6
Wage

Experience

Industry

1=group of matched native-born, 2=European refugees, 3=non-
European refugees, 4=pre-1990 refugees

1=non-routine cognitive, 2=routine cognitive, 3=non-routine manual,
4=routine manual; classification of Mihaylov and Tijdens (2019)

Highest educational attainment: 1=primary school, 2=secondary
school, 3=professional education (no university degree),
4=bachelor’s degree, b5=master’s degree, 6=doctoral degree

I=women, 0=men

Current year minus birth year

Marital status: 1=married, 0=unmarried

Swedish citizenship: 1=yes, 0=no

Number of children age 0-3 years, ref category 0

Number of children age 4-6 years, ref category 0

Annual wage earnings relative to median annual wage earnings in
respective year

Cumulative number of years with labor income as main source of
income

1=high-tech manufacturing, 2=medium-tech manufacturing,

3=medium-low-tech manufacturing, 4=low-tech manufacturing,
5=market knowledge-intensive services (kis), 6=high-tech kis,
7=financial kis, 8=other kis, 9=non knowledge-intensive market
services, 10=less kis, 11=construction, 12=utilities and waste

Firm size Number of firm’s employees: 1=micro <1-9, 2=small 1049,
3=medium 50-249, 4=large 250-999, 5=big = 1,000 employees

Region type Settlement type of municipality where a person has registered the
living place: I=metropolitan area/larger city; 2=densely populated,
close to larger city; 3=rural region, close to larger city; 4=densely
populated, remote region; b=rural, remotely located region;
6=rural, very remotely located region

Notes: Reference category of a categorical variable is shown in bold.

women. The corresponding proportion for the other two refugee groups is
approximately 40%. The average age in the population groups studied was
47 years during the period of our wage estimations. Occupational sorting
and disparities in work experience represent two key factors contributing to
the discernible wage distinctions between native-born and refugee workers.
Natives typically possess an additional 4-6 years of working-life experience,
and a significant proportion of them (47% of matched natives) engage in
non-routine cognitive occupations, which often offer the highest-paying
positions. Conversely, among refugee groups, non-routine manual tasks pre-
vail, with more than half of the post-1989 cohort refugees and nearly 50%
of other refugee workers engaged in this occupational category. In terms of
average education levels, the most significant finding shown in Table 2 is
that, overall, the refugee groups exhibit a higher proportion of well-
educated individuals compared to native-born workers.

Table 3 further dissects the sample by gender, focusing on the same
variables as in Table 2. On average, women’s mean wages are only 80% of
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Table 2. Descriptive Statistics by Population Group, Sample Period 2011-2015

Matched European Non-European Pre-1990
natives refugee refugee refugee Total
Annual wage earnings 1.19 0.95 0.95 1.01 1.09
(0.56) (0.34) (0.42) (0.44) (0.50)
Female 0.44 0.50 0.40 0.41 0.44
(0.50) (0.50) (0.49) (0.49) (0.50)
Age 47.3 46.4 46.6 48.1 47.1
(7.37) (7.55) (7.04) (7.15) (7.36)
Experience 18.4 13.7 12.7 14.9 16.3
(3.58) (3.56) (4.10) (4.43) (4.44)
Non-routine cognitive 0.47 0.21 0.25 0.31 0.37
(0.50) (0.41) (0.43) (0.46) (0.48)
Routine cognitive 0.17 0.10 0.10 0.12 0.14
(0.37) (0.30) (0.31) (0.32) (0.35)
Non-routine manual 0.32 0.53 0.58 0.49 0.42
(0.47) (0.50) (0.49) (0.50) (0.49)
Secondary school 0.49 0.56 0.42 0.47 0.49
(0.50) (0.50) (0.49) (0.50) (0.50)
Tertiary school 0.13 0.11 0.14 0.13 0.13
(0.33) (0.32) (0.34) (0.33) (0.33)
Professional education 0.11 0.11 0.14 0.13 0.12
(0.31) (0.32) (0.35) (0.33) (0.32)
University degree 0.086 0.078 0.12 0.11 0.092
(0.28) (0.27) (0.32) (0.31) (0.29)
Doctoral degree 0.0094 0.0059 0.012 0.014 0.0095
(0.096) (0.077) (0.11) (0.12) (0.097)

Notes: Sample size N = 560,325, mean coefficients; standard deviations reported in parentheses. Annual
wage earnings normalized. For definitions, see Table 1.

Table 3. Descriptive Statistics by Gender, Sample Period 2011-2015

Men Women Total
Annual wage earnings 1.20 0.95 1.09
(0.55) (0.40) (0.50)
Age 47.2 47.0 47.1
(7.36) (7.35) (7.36)
Experience 16.9 15.4 16.3
(4.31) (4.46) (4.44)
Non-routine cognitive 0.38 0.35 0.37
(0.49) (0.48) (0.48)
Routine cognitive 0.11 0.17 0.14
(0.32) (0.38) (0.35)
Non-routine manual 0.39 0.44 0.42
(0.49) (0.50) (0.49)
Secondary school 0.51 0.47 0.49
(0.50) (0.50) (0.50)
Tertiary school 0.14 0.11 0.13
(0.34) (0.32) (0.33)
Professional education 0.10 0.13 0.12
(0.30) (0.34) (0.32)
University degree 0.090 0.093 0.092
(0.29) (0.29) (0.29)
Doctoral degree 0.011 0.0080 0.0095
(0.10) (0.089) (0.097)

Notes: Sample size N = 560,325, mean coefficients; standard deviations reported in parentheses. Annual
wage earnings normalized. For definitions, see Table 1.



ESTIMATING THE WAGE PREMIA OF REFUGEE IMMIGRANTS 11

their male counterparts’ mean wages. Additionally, when examining other
variables, it is noteworthy that men and women are nearly equally distrib-
uted in non-routine cognitive occupations, with just over a third in each cat-
egory. A larger proportion of women are engaged in routine cognitive and
non-routine manual occupations, however; for the women’s rate is 61%,
compared to men’s 50%.

Additional background statistics are reported in the Appendix. Tables
A.1 and A.2 provide matching statistics based on the year 2010 observations.
(Hereafter, numbering for all Appendix material is prefaced with an “A.”)
From a population consisting of 2,544,665 natives, we match 94,136
individuals with an equivalent number of refugee immigrants divided into
35,666 European and 30,684 non-European refugees who arrived after
1989, as well as 27,786 European and non-European refugees who arrived
between 1980 and 1989.

Tables A.3 and A.4 report labor market activities and main incomes for
the four population groups in our sample as well as a group consisting of a
random sample of native-born workers. The purpose of the latter group is
to examine how representative the matched sample is for the entire
Swedish labor market. Both tables exhibit a remarkable consistency in the
reported variables between refugees and the matched native sample, indi-
cating the feasibility of deriving comprehensive labor market policy insights
from our analysis. Working as a yearround employee is the predominant
occupation across all groups as shown in Table A.3. Note that post-1989
European refugees display a stronger resemblance to the native population
compared to the other two refugee groups. During the period 2011-2015,
nearly 90% of native-born individuals primarily relied on paid work as their
main income source, in contrast to approximately 70% for the three refu-
gee groups. Notably, more than a quarter of the refugees derived their
main income from sources other than paid work. See Table A.4.

Focusing on full-year workers might create a selection bias for native—
migrant comparisons when natives have lower unemployment rates. We may
therefore overestimate the impact of work experience. The potential bias is
limited, however: In Table A.3, we see that between European refugees and
the matched natives (those having similar characteristics) the difference in
full-year employment rate is negligible, 68.4% compared to 67.8%. Only for
non-European refugees does the rate drop to 53.3%. Truncation is also an
issue, as we do not know the work experience of migrants prior to arrival in
Sweden. This condition could imply that we may underestimate the true
work experience of migrants. It is possible that the sum of the two potential
biases leads to an underestimate of native-migrant differences.

Empirical Strategy

We use coarsened exact matching (CEM) (Blackwell, Iacus, King, and
Porro 2009; Iacus, King, and Porro 2012; King, Lucas, and Nielsen 2017) to
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find native individuals with characteristics similar to those of refugee
immigrants. CEM is a non-parametric technique that requires fewer
assumptions compared to other matching approaches. It uses the feature of
monotonic imbalance bounding to ensure that adjusting maximum
imbalances on one variable does not impact others, eliminating the need
for a distinct process to confine data to common support. Moreover, it
adheres to the congruence principle, approximates invariance to measure-
ment errors, and effectively balances nonlinearities and interactions within
the sample.”

The matching is performed on year 2010 values—the year before the out-
come wage earnings are observed in the period 2011-2015. The variables
considered in the matching are gender, marital status, education, parent-
hood, region type where the person lives, and birth year.® Variables that are
included in the matching are also included as control variables in the
regression models. Since refugee migrants in Sweden can allocate early on
in the labor market, our long-term integrated sample is unlikely to be more
mobile than the native sample.

In addition, we define a comparison group of randomly selected natives.
Consequently, this group is representative of the Swedish population of the
respective age cohort, and as such its endowments differ from those of refu-
gee immigrants.

As explained above, in a RIF regression, the dependent wage earnings
variable y is calculated by the recentered influence function, RIF (y: G),
where G (Gateaux derivative) is the distributional wage earnings in our
analysis, formally expressed as:

(1) G = E(RIF(y; G)) = Ex[E(RIF(y; G)|X] = E(X)B

Xis the vector of explanatory variables, Ex the law of iterative expectations,
and the beta coefficients capture the marginal impact of a small change in
E(X) on wage earnings. While the expected value of the influence function
is equal to zero, by the law of iterated expectations the distributional statis-
tics of wage earnings can be expressed as expectations of the RIF given the
covariates.

To investigate how wage earnings vary depending on workers’ status as
refugee or native, we specify the following model with multiple fixed effects:

(2) Wi = a1 + ,Ble + BQXQit + BSXM + ,34X4it + V1Ziz + PlQit + Vi + €,

where W is the normalized annual wage earnings of individual ¢ in year ¢,
Xj denotes the task group category, Xo work experience, X3 education, X
individual characteristics such as gender or age, Z region, Q industry, V

"In addition to identification, computational considerations factor into using matching before
performing estimations since it significantly reduces the sample size.

8We are aware that the ideal match requires the consideration of a broader range of pre-migration
characteristics; however, those are not available within the Swedish administrative register data we utilize.
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firm characteristics, and € the error term. For a detailed description of the
RIF approach and its implementation with Stata, see Rios-Avila (2020). We
estimate Equation (2) with ordinary least squares (OLS) and with our key
estimator, RIF quantile regressions (RIF-p(q)), where p(g) corresponds to
the respective quantile, pooling the yearly observations from 2011-2015 and
adding year fixed effects.

Building on unconditional quantile regression, we finally apply the RIF
generalization of the OB decomposition for analyzing differences of out-
come distributions across groups. The model decomposes observed wage
earnings differences between matched natives and refugee workers into an
explained and unexplained part and can be expressed as:

[

) k= {[Ex) -~ BB} + {EX) (By—B") + ECX) (B~ B) }

{explained part} {unexplained part}

R is the difference in wage earnings between the refugee group and natives.
Since B, = B, the second term disappears. Thus, the first term shows how
differences in characteristics (endowments) explain wage earnings
differences, whereas differences in coefficients imply unexplained wage
differences.

We estimate a multinomial logit (MNL) model to examine the likelihood
that a person belongs to a specific occupational task category. The MNL
model determines the impact of variables on the probability of observing
each of four alternative outcomes of each characteristic. For worker ¢ in
group j at time ¢, the probability of membership in the alternative task cate-
gory kis conditional on regressors x;;, g;;, and z;:

(4)  Prly,t = k] =Wy + pymi + yoxiy + ysqi T pazi) + € k=1, ...,4

In Equation (4), y, captures the effects of a group (matched natives,
European refugees, non-European refugees, and pre-1990 refugees), while
7o denotes effects of individual characteristics, y; the effects of firm
characteristics, y, the impact of regional characteristics, and ¢; is an idiosyn-
cratic error term.

Econometric Results

Table 4 reports the estimates of Equation (2) and presents our baseline
results, with annual normalized wage earnings for 2011-2015 as the depen-
dent variable. We report results for both OLS (mean) and RIF quantile
(median) and distinguish between the total sample (all) as well as women
and men separately.

Our first finding is that work with non-routine cognitive occupational
tasks is awarded with a substantial wage premium, particularly pronounced
among men when compared to those in routine manual occupations, our
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reference group. The OLS point estimate is 0.311 (0.384 for men) and the
corresponding RIF estimate is 0.239 (0.292 for men). Both estimators also
show a wage premium, albeit much smaller, for routine cognitive
occupations.

Turning to the relative wages for refugees and using matched natives as
the reference category, the full sample estimates in column (1) and column
(4) suggest a positive wage gap, ceteris paribus, for the two refugee groups
arriving between 1990 and 1996. The OLS mean estimate is 0.029 for
European refugees and 0.008 for non-European refugees. The
corresponding results from the median RIF regression are 0.031 and 0.026.
Only the relative point estimates for the group of refugees who arrived
before 1990 have deviating results between the OLS and RIF regressions.
The OLS coefficient is negative (-0.018), while the RIF estimate is positive
(0.012). All estimates are significantly different from zero.

Columns (2) and (5) estimate the wage equation separately for women,
and columns (3) and (6), separately for men. Note that the estimates from
these subsamples suggest that the positive overall outcome for refugees is
driven by female workers. Compared to their female native-born
counterparts, the point estimates for the three immigrant groups are in the
range of 4.1-7.9 (OLS) and 3.6-6.6 (RIF), corresponding to approximately
4-8% higher wages. The OLS findings indicate a 3-6% negative gap in
mean wages for male refugees, whereas the RIF regressions reveal only a
slightly negative median wage differential of approximately 1%.

A notable gender advantage concerning the female native—immigrant
wage gap in comparison with the male native—immigrant gap has been
established in a previous RIF-based study on Swedish data (Nilsson 2021).
We show that this also applies to refugee immigrants, and that the gap takes
on a distinct dimension when studying occupational tasks instead of employ-
ment in general. The controls show that the level of education, experience,
and engagement in cognitive work tasks are positively associated with higher
wages. Conversely, the results indicate an inverse relationship between age
and gender (being female).

The unconditional RIF quantile regression plots of population group
dummy estimates in the wage equation (see Figure 1) provide further
insights into the relationship between wages and immigration by consider-
ing the entire wage earnings distribution. The model specification is the
same as reported in Table 4. Two key observations can be made from this
figure. First, the average OLS estimates (horizontal line below zero) suggest
that native-born Swedes have higher wages than refugees, on average.
However, the RIF estimates reveal a more nuanced picture when consider-
ing the entire wage distribution. Refugees have higher full-year salaries
across the wage distribution up to approximately the 60th quantile.

?Note that the OLS estimates in Figure 1 do not include fixed effects and therefore differ slightly from
the OLS estimates reported in Table 4.
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Table 4. Baseline Results of Wage Earnings Equation, Dependent Variable
Normalized Annual Wage Earnings, Sample Period 2011-2015
(1) 2) 3) ) 4) (6)
All Women Men All Women Men
OLS OLS OLS RIF(q50)  RIF(g50)  RIF(g50)
Non-routine cognitive 0.317%** 0.2207%** 0.384%** 0.239%** 0.196%** 0.292%**
[0.003] [0.004] [0.004] [0.002] [0.003] [0.003]
Routine cognitive 0.086*** 0.078%** 0.108%** 0.109%** 0.133%** 0.109%**
[0.002] [0.003] [0.004] [0.002] [0.003] [0.004]
Non-routine manual —0.001 0.013** 0.036%** 0.065%** 0.079%** 0.045%**
[0.003] [0.006] [0.004] [0.003] [0.006] [0.004]
European refugee 0.029%** 0.079%**  —(.028%** 0.031%** 0.066%**  —(0.013%**
[0.003] [0.004] [0.004] [0.002] [0.003] [0.004]
Non-European refugee 0.008** 0.072%**  —0.041%** 0.026%** 0.057***  —0.007*
[0.004] [0.005] [0.005] [0.003] [0.003] [0.004]
Pre-1990 refugee —0.018%** 0.041%*%  —0.061%** 0.012%** 0.036%**  —(0.013%**
[0.003] [0.004] [0.005] [0.003] [0.003] [0.004]
Secondary school 0.053%** 0.0547%** 0.056%** 0.037%** 0.043%** 0.039%**
[0.002] [0.003] [0.003] [0.002] [0.003] [0.003]
Tertiary school 0.106%** 0.098%** 0.125%** 0.070%** 0.073%** 0.080%**
[0.004] [0.005] [0.005] [0.003] [0.004] [0.004]
Professional education 0.161%** 0.156%** 0.201%** 0.111%** 0.118%** 0.107%**
[0.005] [0.006] [0.007] [0.003] [0.004] [0.005]
University degree 0.347%%% 0.326%** 0.398%** 0.178*** 0.164%** 0.173%**
[0.006] [0.008] [0.009] [0.003] [0.004] [0.005]
Doctoral degree 0.526%** 0.550%** 0.537%** 0.195%** 0.167*** 0.210%**
[0.018] [0.028] [0.024] [0.006] [0.007] [0.008]
Female —0.161%** — — —0.125%** — —
[0.002] [0.002]
Married 0.040***  —0.007** 0.073%** 0.009%***  —0.016%** 0.039%**
[0.002] [0.003] [0.003] [0.002] [0.002] [0.002]
Experience 0.004%** 0.015%** 0.006%** 0.006%** 0.014***  —0.001
[0.001] [0.001] [0.002] [0.001] [0.001] [0.001]
Experience2 0.001%** 0.000%** 0.001%** 0.001%** 0.000%** 0.001%**
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]
Age —0.002%*%  —0.002***  —0.002%**  —0.003***  —0.002***  —0.004***
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]
Adjusted R 0.415 0.361 0.411 0.342 0.284 0.324
Observations 560,325 246,383 313,942 560,325 246,383 313,942

Notes: For RIF estimation details, see Rios-Avila (2020). Clusterrobust (by worker) standard errors in
brackets. For OLS estimations, the dependent variable annual income is winsorized at 1 and 99% percentiles.
For variable definitions and reference categories, see Table 1. Fixed effects (degrees of freedom) for year (5),
region type (5), industry (12), firm size (4), and number of children categories (6) included. OLS, ordinary
least squares; RIF(q50), recentered influence function quantile regression at median.
*p < 0.10; **p < 0.05; ***p < 0.01.

Overperformance is greatest for the European refugees who arrived in
1990-1996 (higher wages up to the 70th quantile), second highest for the
non-European group who arrived during the same period (65th quantile),
and lowest for the earliest refugee group with granted asylum 1980-1989

(60th quantile).
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Figure 1. RIF Quantile Regression Plots of Population Group Dummy Coefficient in the
Wage Earnings Equation, Sample Period 2011-2015

European refugee non-European refugee

2 T T 1 T
0 20 40 60 80 100 0 20 40 60 80 100
Quantile Quantile

pre-1990 refugee

T T 1
0 20 40 60 80 100
Quantile

Notes: Model specification same as reported in Table 4. The horizontal line shows the OLS coefficient
from a model without fixed effects, and the dashed lines show the 95% confidence interval of the OLS
estimate. OLS, ordinary least squares; RIF, recentered influence function.

Table 5 presents the twofold OB decomposition based on the RIF
quantile regressions for the 50th quantile (median) for the overall occupa-
tional task groups as well as the separate task groups. Table 6 replicates this
analysis for women and Table 7 for men. Matched natives are the reference
group in the upper part of both tables. The OB decomposition examines
how much of the observed differences in wage earnings between matched
natives and refugees can be explained by their observed characteristics.
Table 7 shows striking differences compared to Table 6. While the observed
wage earnings difference for non-routine cognitive occupations is approxi-
mately 6% for women, it is nearly 24% for men. Overall, wage earnings
differences between natives and refugees are more pronounced for men. As
shown in Table 7, the difference between male refugees and native men
can almost be explained by differences in endowments, and refugees per-
form better than expected given their endowment in all task groups except
non-routine cognitive tasks.

Figures 2-8 show plots illustrating the unconditional OB RIF quantile
decomposition across the wage distribution for both the overall sample and
subsamples categorized by occupational tasks and gender. Commencing
with Figure 2, the 50th quantile (median) decomposition corresponds to
the outcomes detailed for the total sample in Table 5. The lower curve in
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Table 5. Two-fold Oaxaca-Blinder RIF(q50) Decomposition,
Overall and by Occupational Task Group

(1) 2) 3) (4) 4)
All Non-routine cognitive Routine cognitive Non-routine manual Routine manual
Matched natives 1.064%** 1.317%** 0.980%** 0.892%** 1.050%**
[0.001] [0.002] [0.001] [0.001] [0.002]
Refugees 0.924%** 1.126%** 0.944%** 0.836%** 0.993%**
[0.001] [0.002] [0.002] [0.001] [0.001]
Difference 0.140%** 0.185%** 0.036%** 0.056%** 0.057%**
[0.001] [0.002] [0.002] [0.001] [0.003]
Explained 0.151%** 0.195%** 0.084%#* 0.104%** 0.075%**
[0.001] [0.003] [0.002] [0.001] [0.004]
Unexplained —0.011%** —0.010%** —0.047%** —0.048%** —0.018%**
[0.001] [0.003] [0.003] [0.002] [0.004]
# Matched natives 302,828 141,695 50,675 96,059 14,399
# Refugees 256,867 64,538 27,214 136,496 28,619

Notes: For RIF estimation details, see Rios-Avila (2020). Cluster-robust (by worker) standard errors in
brackets. Same control variables as in Table 4. Fixed effects for year, region type, industry, firm size,
and number of children categories included. RIF(q50), recentered influence function quantile
regression at median.

*p < 0.10; ¥*p < 0.05; ***p < 0.01.

Table 6. Two-fold Oaxaca-Blinder RIF(q50) Decomposition, Overall and by Task
Group, Subsample of Women

(1) ) (3) (4) (5)
All Non-routine cognitive Routine cognitive Non-routine manual Rouline manual
Matched natives 0.921%** 1.097#*x* 0.929%** 0.777%%* 0.927%**
[0.001] [0.002] [0.002] [0.001] [0.005]
Refugees 0.854*** 1.037%*x* 0.900%** 0.786%** 0.899%**
[0.001] [0.002] [0.002] [0.001] [0.003]
Difference 0.066%** 0.060%** 0.030%** —0.009%** 0.028%**
[0.001] [0.003] [0.003] [0.001] [0.005]
Explained 0.098%** 0.088%** 0.082%** 0.076%** 0.046%**
[0.001] [0.003] [0.003] [0.002] [0.007]
Unexplained —0.032%** —0.028%** —0.053%** —0.085%** —0.018**
[0.002] [0.003] [0.003] [0.002] [0.008]
# Matched natives 131,961 55,526 30,279 43,472 2,684
# Refugees 114,140 31,452 11,918 65,364 5,406

Notes: For RIF estimation details, see Rios-Avila (2020). Cluster-robust (by worker) standard errors in
brackets. Same control variables as in Table 4. Fixed effects for year, region type, industry, firm size,
and number of children categories included. RIF(q50), recentered influence function quantile
regression at median.

*p < 0.10; **p < 0.05; ***p < 0.01.

Figure 3 demonstrates that immigrants with non-routine occupational tasks
perform better than expected up to the 60th quantile, but there is an unex-
plained difference from native workers at the upper tail of the distribution.
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Table 7. Two-fold Blinder-Oaxaca RIF (q50) Decomposition, Overall and by Task
Group, Subsample of Men

(1) (2) 3) (4) 4)
All Non-routine cognitive Routine cognitive Non-routine manual Routine manual
Matched natives 1.190%** 1.478%** 1.082%** 1.006%** 1.074%**
[0.001] [0.002] [0.003] [0.001] [0.002]
Refugees 0.979%** 1.239%** 0.981%** 0.898%** 1.014%**
[0.001] [0.003] [0.002] [0.001] [0.001]
Difference 0.2171%** 0.239%** 0.107%** 0.109%** 0.060%**
[0.001] [0.004] [0.004] [0.002] [0.003]
Explained 0.194%%** 0.177%** 0.158%** 0.128%** 0.082%**
[0.002] [0.004] [0.004] [0.002] [0.004]
Unexplained 0.017%** 0.061%** —0.057%** —0.019%** —0.022%**
[0.002] [0.005] [0.005] [0.002] [0.005]
# Matched natives 170,867 86,169 20,396 52,587 11,715
# Refugees 142,727 33,086 15,296 71,132 23,213

Notes: For RIF estimation details, see Rios-Avila (2020). Cluster-robust (by worker) standard errors in
brackets. Same control variables as in Table 4. Fixed effects for year, region type, industry, firm size,
and number of children categories included. RIF(q50), recentered influence function quantile
regression at median.

*p < 0.10; #%p < 0.05; ***p < 0.01.

The two upper curves in Figures 4-6 show a smaller observed wage gap
between immigrants and natives along the entire distribution within non-
routine cognitive, routine cognitive, and non-routine manual occupations
compared to the interpretation of the corresponding curves for the task cat-
egory non-routine cognitive in Figure 2. The lower curve in Figure 4
suggests that the refugees who work with routine cognitive tasks perform
better than expected up to the 60th quantile. Figure 5 indicates that the
corresponding level is 80% for immigrants with both non-routine and rou-
tine manual tasks.

Having confirmed significant evidence of better-than-expected wage
earnings performance for refugee immigrant workers across job tasks at the
lower and medium part of the income distribution and finding unexplained
differences at the upper tail, controlling for individual, firm, and regional
characteristics, we turn to the gender perspective in Figures 7 and 8. The
two upper curves in Figures 7 and 8 distinctly illustrate the difference in
observed wages between male and female migrant workers compared to
their respective native peers. The observed wage earnings gap is notably
smaller for female refugees compared to their male counterparts. While the
turning point for an unexplained difference in wages is typically around the
40th quantile for men, immigrant women sustain higher wage earnings
than expected all the way up to the 80th quantile.

Although the main focus of our article is the wage premium of refugee
workers, we are also interested in occupational sorting, since an extensive
literature has shown that this is a main explanation to wage differentials
between groups in the labor market. Table 8 reports the marginal
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Figure 2. Oaxaca-Blinder RIF Quantile Decompositions Based on Full Sample,
Period 2011-2015
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Notes: Decomposition results at the median are shown in Table 5, column (1). RIF, recentered influence
function.

Figure 3. Oaxaca-Blinder RIF Quantile Decompositions Based on Subsample of Non-routine
Cognitive Occupations over the Period 2011-2015

native
refugee
difference
explained
unexplained

SEEE

T T T 1

0 20 40 60 80 100
Quantile

Notes: Decomposition results at the median are shown in Table 5, column (2). RIF, recentered influence
function.

probability of being employed in one of the four occupational task catego-
ries, using the MNL model. Reference groups are matched native workers
and males. Controlling for education, experience, age, region, marital



20 ILR REVIEW

Figure 4. Oaxaca-Blinder RIF Quantile Decompositions Based on Subsample of Routine
Cognitive Occupations over the Period 2011-2015
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Notes: Decomposition results at the median are shown in Table 5, column (3). RIF, recentered influence
function.

Figure 5. Oaxaca-Blinder RIF Quantile Decompositions Based on Subsample of Non-routine
Manual Occupations over the Period 2011-2015
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Notes: Decomposition results at the median are shown in Table 5, column (4). RIF, recentered influence
function.

status, and the number of children, refugee immigrants exhibit a sizeable
and significantly lower likelihood, compared to their native-born peers, of
employment in better-paid non-routine and routine cognitive occupational
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Figure 6. Oaxaca-Blinder RIF Quantile Decompositions Based on Subsample of Routine
Manual Occupations over the Period 2011-2015
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Notes: Decomposition results at the median are shown in Table 5, column (6). RIF, recentered influence
function.

Figure 7. Oaxaca-Blinder RIF Quantile Decompositions Based on Subsample of Women,
Sample Period 2011-2015
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Notes: Decomposition results at the median are shown in Table 6, column (1). RIF, recentered influence
function.

task categories. The opposite applies to manual tasks. The lower part of the
table shows that women are more likely than men to work with routine cog-
nitive tasks and non-routine manual tasks compared to men, and they are
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Figure 8. Oaxaca-Blinder RIF Quantile Decompositions Based on Subsample of Men,
Sample Period 2011-2015
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Notes: Decomposition estimation results for men, see Table 7, column (1). RIF, recentered influence
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Table 8. Marginal Probability of Being Employed in Occupational Task
Category k, MNL Model

(1) (2)
Non-routine cognitive  Routine cognitive
European refugee —0.178%** —0.067***
[0.002] [0.001]
non-European refugee —0.200%** —0.065%**
[0.002] [0.001]
Pre-1990 refugee —0.135%** —0.050%**
[0.002] [0.001]
Female —0.007%*** 0.061***
[0.001] [0.001]
# Observations
df (model)
X
pvalue

) (4)
Non-routine manual  Routine manual
0.128%** 0.117%**
[0.002] [0.001]
0.202%** 0.063%**
[0.002] [0.001]
0.123%** 0.062%**
[0.002] [0.001]
0.030%** —0.083%**
[0.001] [0.001]
561,702
54
301,503.4
0.000

Notes: Cluster-robust (by worker) standard errors in brackets. Control variables education, experience,
age, region, married, and number of children included but not reported. MNL, multinomial logistic.

df, degrees of freedom.
*p < 0.10; **p < 0.05; ***p < 0.01

less likely to be employed in routine manual occupations. However, we
observe a small but statistically significant negative difference between
women and men regarding the task category non-routine cognitive

occupation.
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Robustness Tests

We now proceed to the robustness tests documented in the Appendix. Our
baseline results reported in Table 4 provide estimates of the wage earnings
from Equation (2), controlling for occupational tasks. As an initial robust-
ness test, Table A.5 replicates the model by replacing task groups (four cate-
gories) with occupation fixed effects (426 categories based on the 4-digit
SSYK 2012 classification) and narrowing the sample period to 2014-2015."
The table illustrates the robustness of the results when replacing work tasks
with occupation groups. The estimates for the mean (OLS) and for the
median (RIF) remain significant across the three refugee groups and gen-
der specifications, with only one exception: The OLS estimate for pre-1990
refugee males is not significantly different from zero.

Our second robustness test uses the Autor et al. (2003) and Autor and
Handel (2013) classification instead of the one suggested by Mihaylov and
Tijdens (2019). In alignment with Table 4, the point estimates presented in
Table A.6 are both positive and statistically significant using OLS mean and RIF
median for post-1989 refugees when considering the total sample of refugees
and exclusively female refugees. The outcomes for the pre-1990 refugees
resemble those in Table 4. The OLS estimates imply lower relative wages for
the entire refugee group, while the RIF median indicates higher wages. In both
the OLS mean and RIF median regression, the table presents statistically signifi-
cant positive estimates for women and negative estimates for men.

Supplementary Results

We report three supplemental sets of results also included in the Appendix.
The first is the propensity to work in specific industries, firm sizes, and
regions. The second is quantile plots for various task groups, education
groups, and other individual characteristics. Our final analysis considers an
OB RIF quantile decomposition by industry.

Table A.7 displays the marginal propensity for all refugees and women to
work in 12 distinct industries, using matched natives (and men for women) as
reference groups. All three refugee groups exhibit a higher propensity than
natives to work in both the high-tech and medium-to-low-tech manufacturing
industries. The likelihood of employment in knowledge-intensive services (KIS)
is lower for individuals with a refugee background compared to native-born
workers. This outcome also applies to jobs in construction and utilities. The
gender analysis reveals that women are less likely than men to be employed in
almost all segments of the labor market, except for the KIS sector.

Table A.8 reveals a consistent pattern in which all three immigrant
groups are less likely to work in small companies than are Swedish-born
individuals. Conversely, they exhibit an elevated likelihood of being

The 4-digit SSYK 2012 classification of occupations is available from 2014. For years 2011-2013, we
mapped the SSYK 1996 classification to the SSYK 2012 codes.
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employed in medium-sized and large companies. Notably, women are less
inclined than their male counterparts to work in the smallest companies,
and they tend to have a greater probability of securing employment in
medium-sized companies.

A heterogenous pattern in the probability of employment across specific
regional areas is shown in Table A.9. In comparison to natives, post-1989
European refugees are less inclined to work in metropolitan cities and show
a higher likelihood of employment in the other five regions included in our
analysis. The relationship is the opposite for post-1989 non-European
refugees and all pre-1990 refugees.

Figures A.1, A.2, and A.3 show RIF quantile plots of the estimates of sev-
eral variables in wage Equation (2). For non-routine cognitive occupational
tasks, Figure A.1 shows that, relative to the reference non-routine manual,
the OLS coefficient is too high in the lower tail of the wage distribution and
too low in the upper tail. This means that OLS underestimates wage
differences in non-routine cognitive tasks in the upper tail. By contrast,
OLS overestimates expected wage levels in the upper tails for routine cogni-
tive and routine manual work tasks, but is otherwise close to the RIF
estimates. Figure A.2 shows a clear tendency that OLS underestimates
expected wage earnings in the upper tails for all levels of education. Figure
A.3 suggests that OLS overestimates wage performance for females in the
lower part but overestimates in the upper part. OLS overestimates the
importance of experience in the upper tail of the wage distribution. The
opposite is shown for age and being married.

Our final supplementary regression results encompass the OB RIF
decomposition across various industries. The first set of analyses concerns
manufacturing, for which Figure A.4 suggests higher than expected wages
for refugee workers between the 40th (high-tech) and the 80th (low-tech)
quantile. Our second analysis, reported in Figure A.5, considers knowledge-
intensive services. Except for the financial sector, refugee workers in KIS
have higher than expected wages in the lower and middle quantiles of the
wage distribution. In the financial sector, a distinct pattern emerges, reveal-
ing a widening wage gap in the upper half of the wage distribution. Figure
A.6 suggests small wage differences along the wage distribution for refugees
in other industries, apart from the upper tails.

Conclusions

Aging populations and shortages of labor in cognitive as well as manual
occupations pose challenges in many OECD countries. Using administrative
register data for Sweden and observations at the work-task level, this article
offers a comparative analysis of wage earnings, focusing on the disparity
between native-born workers and immigrants with a refugee background. The
empirical wage earnings analysis employs the unconditional quantile regression
method in conjunction with the Oaxaca-Blinder decomposition approach.
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The study unveils results that have not been previously documented. Our
key finding suggests that immigrants earn a wage premium at the lower and
middle part of the wage distribution a couple of decades after being
granted asylum than comparable Swedes with similar job tasks. The uncon-
ditional quantile partial effect continues to be positive above the median
and up to almost the 70th quantile of the wage earnings distribution.
Female refugees contribute significantly to this result. The regression analy-
sis also reveals a striking resemblance in the relative wage earnings distribu-
tion across various refugee groups, suggesting that factors such as cultural
differences and the duration of their stay in the host country do not have a
major impact on the wage premium.

Our task-based study contributes to the lively debates among migration
researchers and the general public by shedding more light on refugees’ rel-
ative labor market performance. We study individuals several decades after
being granted asylum in a country that, relative to its size, hosts a large
share of refugee immigrants. To do so, we apply very rare administrative
data and use a quantile regression technique that captures the entire wage
earnings distribution instead of solely the conditional mean. Further
research is expected to provide even deeper insights into the factors
explaining the competitiveness of workers with a refugee background.

Appendix

Table A.1. Coarsened Exact Matching (CEM) Summary (Native and Refugee
Individuals), Year 2010

Number of strata: 19,325
Number of matched strata: 6,810

Refugee 0 1
All 2,544,665 94,754
Matched 94,136 94,136
Unmatched 2,450,529 618

Multivariate L1 distance: 0.03327

Univariate imbalance:

L1 mean min 25% 50% 75% max
female 0 0 0 0 0 0 0
married 0 0 0 0 0 0 0
educ 0 0 0 0 0 0 0
kids0_3 0 0 0 0 0 0 0
kids4_6 0 0 0 0 0 0 0
region 0 0 0 0 0 0 0
birthyear 0.00882 —0.001 0 0 0 0 0

Notes: The upper panel reports the number of individuals that are matched; the lower panel reports
univariate imbalance measures. Refugees arrived in Sweden before 1996 and all individuals are born
between 1954 and 1980. For all variables except birthyear, CEM finds perfect matches of refugee
immigrants and natives, indicated by the zero imbalance measures shown in the lower panel. L1 is
multivariate distance; see Iacus, King, and Porro (2011).
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Table A.2. Population Group Sizes After Coarsened Exact Matching (CEM)

Group Frequency Percentage Cumulative
matched natives 94,136 50.0 50.0
European refugees 35,666 18.9 68.9
non-European refugees 30,684 16.3 85.2
pre-1990 refugees 27,786 14.8 100.0

Notes: Based on results reported in Table A.1.

Table A.3. Labor Market Activity, Share of Population Group (%), Sample Period

2011-2015
Matched — European — non-European  pre-1990
Native-born  natives refugee refugee refugee Total

employee entire year 70.4 68.4 67.8 53.3 58.4 66.4
new employee 1.51 1.53 2.51 3.30 2.67 1.95
part-year employee 1.26 1.33 2.09 2.25 2.09 1.57
exit employee 0.44 0.39 0.63 0.83 0.71 0.52
employee and entrepreneur 11.3 10.7 2.69 4.75 5.14 8.70
entrepreneur 7.14 8.70 3.61 7.77 7.80 7.35
without work 7.89 9.0 20.7 27.8 23.2 13.5
Total 466,712 466,026 176,522 148,862 136,375 1,394,497

Notes: First group is a random sample of the native-born.

Table A.4. Source of Main Income, Share of Population Group (%), Sample
Period 2011-2015

Matched European non-European pre-1990

Native-born natives refugee refugee refugee Total
paid work 87.1 86.4 73.1 64.9 69.8 81.0
other income 10.4 10.7 24.8 28.7 25.9 15.8
student 0.52 0.47 0.35 0.80 0.50 0.51
retirement income 0.28 0.37 0.025 0.063 0.087 0.24
no income 1.75 2.08 1.74 5.48 3.74 2.45
Total 466,712 466,026 176,522 148,862 136,375 1,394,497

Notes: First group is a random sample of the native-born.
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Table A.5. Robustness Test of Wage Earnings Equation with Occupation Fixed
Effects Instead of Task Groups, Dependent Variable Normalized Annual Wage
Earnings, Sample Period 2014-2015

(1) 2) 3) 4 4) (6)
All Women Men All Women Men
OLS OLS OLS RIF(¢50) RIF(¢50) RIF(¢50)
European refugees 0.045%** 0.077%%* 0.008* 0.049%** 0.075%** 0.027%**
[0.003] [0.003] [0.004] [0.003] [0.003] [0.005]
non-European refugees 0.041%** 0.077%%* 0.011%* 0.062%#* 0.071%%* 0.052%**
[0.003] [0.004] [0.005] [0.003] [0.004] [0.005]
pre-1990 refugees 0.023%** 0.055%**  —0.003 0.046%*** 0.049%** 0.042%**
[0.003] [0.004] [0.005] [0.003] [0.004] [0.005]
secondary school 0.027%** 0.022%** 0.035%** 0.017%** 0.013%** 0.026%**
[0.003] [0.003] [0.004] [0.003] [0.003] [0.004]
tertiary school 0.086%** 0.072%** 0.098%#* 0.042%** 0.035%** 0.053%**
[0.004] [0.005] [0.006] [0.004] [0.005] [0.005]
professional education 0.158%** 0.141%** 0.167%** 0.068%** 0.064*** 0.078%**
[0.005] [0.006] [0.007] [0.004] [0.005] [0.006]
university degree 0.245%** 0.204%** 0.276%** 0.103*** 0.091%** 0.114%**
[0.006] [0.008] [0.009] [0.004] [0.005] [0.006]
doctoral degree 0.332%** 0.312%** 0.346%+* 0.107%** 0.087*** 0.121%**
[0.018] [0.026] [0.023] [0.007] [0.010] [0.010]
female —0.115%** —0.075%**
[0.003] [0.002]
married 0.017%*%  —0.014*** 0.043%** 0.002 —0.019%** 0.023%**
[0.002] [0.002] [0.003] [0.002] [0.002] [0.003]
experience 0.001 0.011***  —0.001 0.001 0.010***  —0.009%***
[0.001] [0.001] [0.002] [0.001] [0.001] [0.002]
experience2 0.001*** 0.000%** 0.001*** 0.000%** 0.000%** 0.001***
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]
age —0.001%**  —0.001***  —0.001*** —0.001*** —0.001*** —0.002%**
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]
Adjusted R 0.603 0.571 0.592 0.431 0.381 0.423
Observations 184,022 83,950 100,062 184,022 83,950 100,062

Notes: For RIF estimation details, see Rios-Avila (2020). Cluster-robust (by worker) standard errors in
brackets. For OLS estimations, the dependent variable annual income is winsorized at 1 and 99%
percentiles. For variable definitions and reference categories, see Table 1. Fixed effects (degrees of
freedom) for year (2), occupation (426), region type (5), industry (12), firm size (4), and number of
children categories (6) included. OLS, ordinary least squares; RIF(q50), recentered influence function
quantile regression at median.

*p < 0.10; ** p < 0.05; *** p < 0.01.
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Table A.6. Robustness Test of Wage Earnings Equation Using Autor et al. (2003);
Autor and Handel (2013)’s Occupational Task Group Definitions, Dependent
Variable Normalized Annual Wage Earnings, Sample Period 2011-2013

(1) 2) 3) ) &) (6)
All Women Men All Women Men
OLS OLS OLS RIF(q50) RIF(¢50) RIF(¢50)
non-routine cognitive 0.284%** 0.223%** 0.387%** 0.273%** 0.218%** 0.308%**
[0.003] [0.004] [0.005] [0.003] [0.003] [0.004]
routine cognitive —0.027%** 0.001 0.005 0.053%** 0.078%** 0.033%**
[0.003] [0.004] [0.005] [0.003] [0.004] [0.005]
routine manual —0.069%**  —0.022%** 0.005 0.065%** 0.065%** 0.029%**
[0.003] [0.006] [0.004] [0.003] [0.005] [0.004]
European refugee 0.036%** 0.082***  —0.016%** 0.036%** 0.066***  —0.004
[0.003] [0.004] [0.005] [0.003] [0.003] [0.004]
non-European refugee 0.007* 0.071***  —0.036%** 0.0317%** 0.057%** 0.002
[0.004] [0.005] [0.006] [0.003] [0.004] [0.004]
pre-1990 refugee —0.021%** 0.040***  —0.060%** 0.016%** 0.037%*%*  —0.007*
[0.003] [0.005] [0.005] [0.003] [0.003] [0.004]
secondary school 0.054*** 0.055%** 0.054*** 0.036%** 0.045%** 0.036%**
[0.002] [0.003] [0.004] [0.002] [0.003] [0.003]
tertiary school 0.098*** 0.083*** 0.114%** 0.053%** 0.059%** 0.063%**
[0.004] [0.005] [0.006] [0.003] [0.004] [0.004]
professional education 0.151%** 0.134%%* 0.185%** 0.082%** 0.097%** 0.085%**
[0.005] [0.006] [0.008] [0.003] [0.004] [0.005]
university degree 0.341%** 0.307%** 0.387%** 0.148%** 0.135%** 0.150%**
[0.006] [0.008] [0.009] [0.003] [0.004] [0.005]
doctoral degree 0.522%#* 0.536%** 0.526%** 0.170%** 0.141%** 0.194***
[0.019] [0.029] [0.025] [0.006] [0.008] [0.008]
female —0.169%** —0.115%**
[0.003] [0.002]
married 0.039%**%  —(0.007*** 0.071%** 0.007**%  —0.017%** 0.034%**
[0.002] [0.003] [0.003] [0.002] [0.002] [0.002]
experience —0.000 0.014%** 0.000 0.003*** 0.013%**  —0.005%**
[0.001] [0.001] [0.002] [0.001] [0.001] [0.001]
experience2 0.001*** 0.001%** 0.001%** 0.001%** 0.000%** 0.001%**
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]
age —0.001***  —0.002%**  —0.001***  —0.003***  —0.002%**  —0.003%**
[0.000] [0.000] [0.000] [0.000] [0.000] [0.000]
Adjusted R 0.424 0.369 0.416 0.355 0.290 0.331
Observations 334,116 147,230 186,886 334,116 147,230 186,886

Notes: For RIF estimation details, see Rios-Avila (2020). Cluster-robust (by worker) standard errors in
brackets. For OLS estimations, the dependent variable annual income is winsorized at 1 and 99%
percentiles. For variable definitions and reference categories, see Table 1. Fixed effects (degrees of
freedom) for year (3), region type (5), industry (12), firm size (4), and number of children categories
(6) included. OLS, ordinary least squares; RIF(q50), recentered influence function quantile regression

at median.

< 0.10; ¥* p < 0.05; *** p < 0.01.
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Additional Results
Table A.7. Marginal Probability of Working in Industry &
(1) 2) 3) (4) 4) (6)
medium medium market high-tech
high-tech high-tech low-tech low-tech KIS KIS
European refugees 0.015%** 0.076%** 0.050%** 0.036%**  —0.032***  —(.029%**
[0.001] [0.001] [0.001] [0.001] [0.001] [0.001]
non-European refugees 0.007%** 0.026%** 0.020%** 0.005***  —0.026™**  —0.028***
[0.001] [0.001] [0.001] [0.001] [0.001] [0.001]
pre-1990 refugees 0.011%%* 0.031%** 0.015%** 0.009%**  —0.022%**  -(.020%**
[0.001] [0.001] [0.001] [0.001] [0.001] [0.001]
female —0.006***  —0.055%**  —0.047***  —0.019%**  —0.015%** —0.017***
[0.000] [0.001] [0.001] [0.001] [0.001] [0.000]
(7) 3) (9) (10) (11) (12)
financial other market other construction utilities
KIS KIS LKIS LKIS and wasle
European refugees —0.020%**  —0.047*** 0.019%**  —0.017%*¥*  —0.005%**  —0.046%**
[0.000] [0.002] [0.002] [0.001] [0.000] [0.001]
non-European refugees  —0.021%*** 0.056%** 0.030***  —0.008***  —0.007*** —0.053%**
[0.001] [0.002] [0.002] [0.001] [0.000] [0.001]
pre-1990 refugees —0.019%** 0.062%** 0.002 —0.011%**  —0.008***  —0.050%**
[0.001] [0.002] [0.002] [0.001] [0.000] [0.001]
female 0.007#** 0.323%**  —(.090%** 0.002%**  —0.010%**  —0.074***
[0.000] [0.001] [0.001] [0.000] [0.000] [0.001]
# Observations 558,960
df (model) 198
X 258363.7
pvalue 0.000

Notes: Cluster-robust (by worker) standard errors in brackets. Control variables education, experience,
age, region, married, and number of children categories included but not reported. KIS, knowledge-
intensive services; LKIS, low-knowledge-intensive-services. df, degrees of freedom.
*p < 0.10; ** p < 0.05; *** p < 0.01.
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Table A.8. Marginal Probability of Working in a Firm with Size &

(1) 2) & (4) (&)
micro 1-9 small 10-49  medium 50-249  large 250-999  big = 1,000
European refugees —0.081***  —0.053%** 0.086%** 0.040%** 0.008%**
[0.001] [0.002] [0.002] [0.002] [0.001]
non-European refugees ~ —0.054***  —0.064*** 0.048%** 0.057%%* 0.014%**
[0.001] [0.002] [0.002] [0.002] [0.001]
pre-1990 refugees —0.049%**  —0.065%** 0.040%** 0.053%** 0.021%**
[0.001] [0.002] [0.002] [0.002] [0.001]
female —0.037%** 0.000 0.048%** —0.017%** 0.007%**
[0.001] [0.001] [0.001] [0.001] [0.000]
# Observations 560,325
df (model) 72
P 32342.7
pvalue 0.000

Notes: Cluster-robust (by worker) standard errors in brackets. Control variables education, experience,
age, region, married, and number of children categories included but not reported. df, degrees of
freedom.

*p < 0.10; ** p < 0.05; *** p < 0.01.

Table A.9. Marginal Probability of Working in a Firm Located in Region Type k

(1) 2) ) 4) ) (6)
metropolitan  dense close  rural close dense rural rural very
city to city to city remote remote remote
European refugees —0.172%** 0.077%%* 0.053%** 0.020%** 0.022%** 0.001***
[0.002] [0.002] [0.001] [0.001] [0.001] [0.000]
non-European refugees 0.105%***  —0.084***  —0.012%**  —0.008*** 0.003***  —0.002%**
[0.002] [0.002] [0.001] [0.001] [0.001] [0.000]
Pre-1990 refugees 0.116%**  —0.096%**  —0.005%** —0.012%** —0.002*** —0.002%**
[0.002] [0.002] [0.001] [0.001] [0.001] [0.000]
female —0.025%** 0.020%** 0.000 0.002%** 0.002***  —0.000*
[0.001] [0.001] [0.001] [0.001] [0.000] [0.000]
# Observations 559,971
df (model) 65
X’ 36648
pvalue 0.000

Notes: Cluster-robust (by worker) standard errors in brackets. Control variables education, experience,
age, married, and number of children categories included but not reported. df, degrees of freedom.
*p < 0.10; ** p < 0.05; *** p < 0.01.
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Appendix Figures

Figure A.1. Quantile Plots of Occupational Task Group Dummy Coefficient in the Wage
Earnings Equation, Sample Period 2011-2015
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Notes: Model specification same as reported in Table 4. The horizontal line shows the ordinary least
squares (OLS) coefficient from a model without fixed effects, and the dashed lines show the 95% confi-
dence interval of the OLS estimate.

Figure A.2. Quantile Plots of Education Group Dummy Coefficient in the Wage Earnings
Equation, Sample Period 2011-2015
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Notes: Model specification same as reported in Table 4. The horizontal line shows the ordinary least
squares (OLS) coefficient from a model without fixed effects, and the dashed lines show the 95% confi-
dence interval of the OLS estimate.
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Figure A.3. Quantile Plots of Selected Variable Coefficients in the Wage Earnings Equation,
Sample Period 2011-2015
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Notes: Model specification same as reported in Table 4. The horizontal line shows the ordinary least
squares (OLS) coefficient from a model without fixed effects, and the dashed lines show the 95% confi-
dence interval of the OLS estimate.

Figure A.4. Oaxaca-Blinder RIF Quantile Decompositions by Industry over the Period
2011-2015 (1)
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Notes: Oaxaca-Blinder (OB) estimation results not reported; available upon request from the authors.
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Figure A.5. Oaxaca-Blinder RIF Quantile Decompositions by Industry over the Period
2011-2015 (2)
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Notes: Oaxaca-Blinder (OB) estimation results not reported; available upon request from the authors.
KIS, knowledge-intensive services.
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Figure A.6. Oaxaca-Blinder RIF Quantile Decompositions by Industry over the Period
2011-2015 (3)
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Notes: Oaxaca-Blinder (OB) estimation results not reported; available upon request from the authors.
KIS, knowledge-intensive services; KI MS, knowledge-intensive market services; RIF, recentered influence
function.
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