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Abstract 

My dissertation covers topics in the economics of migration and labour economics. I 

present three papers focusing on the returns to human capital of a disadvantaged 

population – asylum seekers and refugees – utilising a unique administrative dataset in 

Switzerland.  

The first paper investigates the bounds on employment and wage gaps between 

the asylum population and economic migrants. Despite the two populations sharing 

many similar observable characteristics, they leave their home countries for different 

reasons and they are treated differently upon arrival in Switzerland. Utilizing assumptions 

about the ratio of selection between unobservable and observable characteristics, I find 

that the outcome gaps persist over time. The negative selection into employment of the 

asylum population is an important determinant of the labour-market differences. 

The second paper studies the influence of linguistic proximity on labour-market 

integration. Exploiting the random assignment of asylum seekers to locations in 

Switzerland, I compare outcomes of asylum  seekers from different countries. Using a 

precise linguistic measure, I estimate the effect of phonetic similarities by language 

region. My findings suggest that linguistic proximity plays an important role in obtaining 

employment in the Romance (French and Italian) region, especially for the earlier arrival 

cohorts. I also find that the positive employment effect in the German region is likely 

attributed to selection. 

In the third paper, I examine the impact of waiting time to permit decisions on 

labour-market outcomes of the asylum population. Although asylum seekers can work 

during the waiting phase, the refugee status secures greater access to the labour market 

through reduced restrictions to the types of occupations and residential location. 

Exploiting differences in the timing of granting residence permits, I present new evidence 

that the relative length of stay to waiting time is key to understanding the integration 

trajectory. Different from previous work, I find no discernible impact of the absolute years 

of waiting time on labour-market integration. 
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Chapter 1 Introduction  

As old conflicts continue and new ones emerge, the number of people fleeing for 

humanitarian reasons is at a record high – the highest since World War II.1 Many 

governments within the European Economic Area spend vast amounts of resources to 

improve the economic prospects of the asylum population (asylum seekers and 

refugees). Although the literature on the economic integration of migrants is vast, 

research focusing on both the asylum population and migrants is limited. 

One hypothesis for the problematic integration of the asylum population is related 

to their motivation for leaving their home country. Asylum seekers are defined as 

individuals “who are seeking international protection. Their claims have not been finally 

decided on by the country in which the claim is submitted. Not every asylum seeker will 

ultimately be recognised as a refugee, but every refugee was initially an asylum seeker” 

(UNHCR 2005). In contrast, migrants are generally defined as individuals who move 

away from their usual residence for reasons unrelated to the refugee definition 

(European Commission 2020; UNHCR 2005; IOM 2019). As the asylum population tend 

to have less choice in selecting a host country, they often have fewer country-specific 

employment skills than migrants. 

In the past decades, economists have studied migrant selection, assimilation, and 

consequences of migrants for labour markets in home and host countries (e.g. Roy 1951; 

Chiswick 1978; Borjas 1985; Abramitzky and Boustan 2017; Card 1990). The main 

empirical challenges are migrant self-selection and measurement error in the variables 

of interest. This thesis aims to complement recent work in this area on the i) skill selection 

of migrants based on observable and unobservable attributes (Clemens, Montenegro, 

and Pritchett 2019; Bütikofer and Peri 2017), ii) measurement of transferable skills 

through linguistic proximity (Isphording and Otten 2014; Adserà and Ferrer 2015), and 

iii) consequences of waiting time in early asylum processes (Hainmueller, Hangartner, 

and Lawrence 2016; Hvidtfeldt et al. 2018). 

I ask two questions central to the economics of migration. How does the ‘refugee 

gap’ develop over time? And what determines migrants’ returns to human capital in the 

host country? To understand the extent to which the asylum population assimilates, one 

can compare its labour-market outcomes with a reasonable comparison group. However, 

comparing the asylum population with low-skill natives or similar migrants is far from 

 

1 See recent publication (UNHCR 2019a) and news articles (Cumming-Bruce 2019; Grandi 2019; Portes 
2019). Code files for the three papers are available: https://github.com/lorrainewongmw/PhD-dissertation. 

https://github.com/lorrainewongmw/PhD-dissertation
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ideal as the returns to human capital are heterogeneous. It is also difficult to estimate an 

unbiased gap in employment and wages due to unobserved differences between 

population groups.  

Previous studies show schooling and work experience acquired from foreign 

countries are valued less than those from the domestic labour-market (e.g. Friedberg 

2000; Basilio, Bauer, and Kramer 2017; Gibbons and Mukhopadhyay 2020). Specifically, 

Gibbons and Mukhopadhyay (2020) show that interpersonal, routine, and manual work 

experience has limited transferability among migrants in the United States. As human 

capital is not portable across countries, it would be more reasonable to compare the 

asylum population with similar migrants (e.g. Cortes 2004; Connor 2010; Fasani, Frattini, 

and Minale 2018). However, it is difficult to account for unobservable attributes of the 

asylum population, such as mental health status, in the estimation of productivity. In an 

influential paper, Cortes (2004) highlights that the two populations differ in their ability to 

return home. 

For the second research question, understanding the factors which can foster 

integration has direct policy implications. Scholars study the impact of individual 

characteristics, such as age at arrival (Van Den Berg et al. 2014; Böhlmark 2008) and 

language skills (Bleakley and Chin 2010; Chiswick and Miller 2015; Chin and Cortes 

2015). Other scholars examine the impact of training and policy in the host country. 

Some examples include workplace training in Sweden (Åslund and Johansson 2011) 

and inclusive labour-market policies in Switzerland (Slotwinski, Stutzer, and Uhlig 2019). 

However, it is challenging to identify a causal treatment effect without both a quasi-

experimental design and a precisely measured estimand (e.g. language skills). 

To answer the two research questions, I present three studies using a novel 

dataset combining administrative records and survey responses from Switzerland. The 

data comprises a sample of the asylum population and economic migrants who are 

permanent residents and living in Switzerland from 2010 to 2014.2 The dataset contains 

the asylum application record, residence permit, nationality, and wages reported by 

employers for tax and social security purposes. Thus, I can distinguish between the 

asylum population and economic migrants.3 Combining with socioeconomic information, 

 

2 2010 is the first year with high quality administrative data with synchronized and coherent records of natives 
and foreigners (Steiner and Wanner 2015). Prior to 2014, all integration efforts are independently determined 
and executed by cantonal authorities (State Secretariat for Migration 2016a). Thus, 2010 to 2014 is 
considered a period with high quality data, but without influence of integration policies at the federal level. 
3 The asylum application record is key to accurately distinguish between the asylum population and migrants. 
Previous studies identify refugees either by the country of birth (Damm 2009; Foged and Peri 2016) or by 
self-reported reason for migration (Dustmann et al. 2017; Fasani, Frattini, and Minale 2018). 



 3 

I estimate the asylum-migrant gaps in employment and wages, as well as factors 

influencing the integration of asylum seekers. 

I focus on Switzerland as it is highly attractive to both the asylum population and 

migrants at different skill levels. Within the European Economic Area, Switzerland ranks 

within the top five for refugee employment and the number of non-EU born nationals per 

capita (Eurostat 2017; European Commission and OECD 2016; Eurostat 2014). The 

country follows an asylum application process and dispersal policy similar to some 

Northern European countries (e.g. Denmark (Damm 2009; Foged and Peri 2016) and 

Sweden (Edin, Fredriksson, and Åslund 2003)). Since 1988, asylum seekers have been 

randomly allocated to 26 cantons (administrative regions) centrally by the State 

Secretariat for Migration (SEM). Asylum seekers are subject to work restrictions for an 

average of 2 years until they are recognised as refugees. However, all economic 

migrants must have a job offer to obtain a work permit in Switzerland.4 Economic 

migrants generally cannot work in Switzerland without a work permit, but they enjoy free 

residential mobility. Moreover, Switzerland is a multilingual country with languages 

associated with neighbouring countries. This presents an interesting political, economic, 

and geographic context to study the labour-market integration of both populations. It also 

provides useful evidence to countries operating similar systems or planning to change 

their systems. 

In Chapter 2, I estimate the gaps in economic opportunities between the two 

populations that arrived since the late 1940s. As the two groups are more likely to face 

similar ethnic discrimination than low-skilled natives, I argue that economic migrants are 

a reasonable comparison group. To obtain an unbiased estimate, I apply two non-

experimental methods. First, I use selection on observable characteristics to assess bias 

from unobservables. Second, I use matching techniques to assess the sensitivity of my 

results. I find that the employment and wages of the asylum population is persistently 

worse than those of economic migrants. Moreover, the negative selection effect of the 

asylum population is particularly severe in the early years of arrival. Different from 

previous work that addresses selection using non-experimental techniques, this analysis 

is the first to formally assess selection on unobservable characteristics between the 

 

4 Citizens of an EU member or Schengen State do not require a visa to enter and can work in Switzerland 
for a maximum of 90 days per year (Swiss Confederation 2020b). However, they require a work permit to 
work in Switzerland for longer period. A third-country national (non-EU/EFTA) require i) a visa to enter 
Switzerland and ii) a work permit application approved by Swiss authorities within 14 days upon arrival 
(Swiss Confederation 2020c). 
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asylum population and migrants following the method of Altonji, Elder, and Taber (2005) 

and Oster (2019).5 

In Chapters 3 and 4 I focus on the recently arrived asylum population. In Chapter 

3, I study the role of an intrinsic factor – linguistic proximity from mother tongue to the 

learned language – on the economic integration of the asylum population. The research 

design exploits a random assignment policy which distributes asylum seekers across 

cantons. I use a precise linguistic index from the Automated Similarity Judgement 

Program (ASJP) to assess phonetic similarities between language of the home country 

and the destination municipality. I find that linguistic proximity is associated with positive 

employment outcomes. The effect is driven by the earlier arrival cohorts. Coupled with 

sensitivity checks for omitted variable bias, my findings suggest that the positive 

employment effect in the Romance (French and Italian) region is plausibly causal. But 

results in the German region are likely driven by selection. Previous work on linguistic 

proximity has focused on migrants and mostly in monolingual countries (e.g. Isphording 

and Otten 2014; Beenstock, Chiswick, and Repetto 2001). Only Adserà and Ferrer 

(2015) has examined the effect of linguistic proximity in a multilingual country, Canada. 

This analysis improves our understanding of linguistic proximity in the asylum population 

in another multilingual country.  

In Chapter 4, I investigate the impact of a procedural factor – waiting time between 

the asylum seeker and refugee residence permits – that is common in asylum processes. 

I utilize a quasi-experimental design to investigate the impact of waiting time on labour-

market outcomes by different permit types. While asylum seekers can work, the refugee 

residence permit reduces the occupational and locational restrictions. Previous work 

reports that waiting time in Switzerland and Denmark, measured in days, is associated 

with negative employment outcomes (Hainmueller, Hangartner, and Lawrence 2016; 

Hvidtfeldt et al. 2018). I measure waiting time in years and find no discernible effect on 

employment. I provide several reasons for the different results in the chapter. I also 

employ a novel indicator, the ratio of duration of stay divided by waiting time. Higher ratio 

values indicate longer periods with greater labour-market access, and shorter waiting 

times. My results suggest that shorter waiting time relative to duration of stay is 

associated with positive employment and wages. 

To summarize, I provide three key contributions to the literature. Firstly, I provide 

a more precisely measured outcome gap between the asylum population and economic 

migrants. By considering the ratio of selection between observables and unobservables, 

 

5 Previous work that addresses selection with non-experimental methods include Mckenzie, Stillman, and 
Gibson (2010), Ibarraran and Lubotsky (2007), and Chiquiar and Hanson (2005). 
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my findings question the use of conventional least squares methods in drawing policy 

conclusions. Secondly, I show that linguistic similarity can predict positive labour-market 

outcomes among the asylum population. It has different effects in a multilingual country. 

Thirdly, I am the first to consider the proportional relationship between the total time 

spent and waiting time in the host country. I assess the effect by permit type and show 

that optimizing the ratio is key to the integration process.  

The rest of the thesis is set out as follows. Chapter 2 quantifies the labour-market 

differences between the asylum population and economic migrants. Chapter 3 provides 

evidence on the importance of linguistic proximity on the economic integration of the 

asylum population. Chapter 4 explores whether waiting times for the refugee decision 

affect labour-market outcomes. Chapter 5 concludes. 
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Chapter 2 The labour-market differences between the 

asylum population and economic migrants  

2.1 Introduction  

The global figures for asylum seekers and refugees (hereafter, asylum population) have 

increased threefold in the past decade (UNHCR 2019b). In Europe, the most recent flows 

of refugees from Syria, and previous political turmoil in Africa and the Middle East have 

pushed integration issues to the forefront of political and economic debates (Grandi 

2019).6 Resettlement and integration into economic systems and labour forces represent 

an important concern in receiving countries. Economists have strived to understand how 

the asylum population fare relative to control groups of either low-skill natives (Bratsberg, 

Raaum, and Røed 2017; Dell’Aringa, Lucifora, and Pagani 2015; Dustmann et al. 2017; 

Luik, Emilsson, and Bevelander 2018) or similar migrants (Connor 2010; Cortes 2004; 

Bevelander 2016; Fasani, Frattini, and Minale 2018). However, it is difficult to establish 

a causal relationship without accounting for unobserved heterogeneity and exogenous 

variation in both treatment and control groups. 

In this paper, I estimate the gaps in economic opportunities between the asylum 

population – individuals who have sought asylum – and comparable economic migrants.7 

The identification hinges on comparison of equally productive workers based upon 

human capital characteristics (Becker 1964). By comparing the asylum population and 

economic migrants of the same nationality, arrival cohort, and region of residence, a 

simple comparison of the two groups would provide a credible exogenous variation in 

the labour-market outcomes only if the two populations share the same pre-arrival 

characteristics. However, the asylum population flees predominantly for humanitarian 

reasons, whereas migrants move because of economic or family reasons (Betts 2013). 

The two populations are likely to possess different transferability of human capital (Luik, 

Emilsson, and Bevelander 2018) and abilities to return to their home countries (Cortes 

 

6 News articles about the migration crisis include Portes (2019), The Economist (2019), and Witte and Beck 
(2019). 
7 The 1951 Refugee Convention defines a refugee as persons with  

“well-founded fear of being persecuted for reasons of race, religion, nationality, membership 
of a particular social group or political opinion, is outside the country of his nationality and is 
unable or, owing to such fear, is unwilling to avail himself of the protection of that country; or 
who, not having a nationality and being outside the country of his former habitual residence 
as a result of such events, is unable or, owing to such fear, is unwilling to return to it.” (UNHCR 
1951).  

Migrant is not a legal definition. It encompasses persons who move away from their usual place of residence 
(IOM 2019).  
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2004; Connor 2010).8 Subsequently, their incentive to invest in host country-specific 

skills can differ (Dustmann and Görlach 2016). This endogeneity leaves the selection 

and treatment effects – being an asylum seeker – indistinguishable in the estimated 

variation. In an experimental setting where two similar foreigners are randomly assigned 

as an asylum seeker or economic migrant, the treatment effect would quantify the extent 

of labour-market inefficiency in the receiving country. In reality, the asylum population 

possess unobservable traits, for example, exposure to traumatic experiences, which 

make them less productive in the labour market. 

To overcome this shortcoming and contribute to the literature, I employ three 

strategies. First, I quantify the effects of selection on labour-market differences that could 

otherwise be explained by unobservable characteristics. Since most previous studies 

cannot control for unobserved heterogeneity, I present a bias-adjusted differential effect 

following Altonji, Elder, and Taber (2005), Krauth (2016), and refined by Oster (2019). 

Second, I use matching techniques to assess selection on observables and evaluate the 

sensitivity of the bias-adjusted results. Third, I apply nationality fixed effects to compare 

outcomes of both groups from the same nationality who arrived at similar times and 

reside in the same canton. This is more detailed than nationality-region fixed effects in 

similar studies, which focus on the employment gap (Dustmann et al. 2017; Fasani, 

Frattini, and Minale 2018).  

Switzerland provides an ideal setting for the analysis of these two groups due to 

its attractiveness to both groups of foreigners, both historically and in present day. 

Historically, it has received refugees since the 1880s (Swiss Federal Archives 2016). 

After the Second World War, it attracted many ‘guest workers’ from Italy and other 

European countries in the expansion of trade and industry (Mayer 1965). In present day, 

Switzerland is ranked in the top five for the number of refugees accepted per 1 million 

population, refugee employment, and non-European Union (EU) born nationals per 

capita in the European Economic Area (Eurostat 2017; European Commission and 

OECD 2016; Eurostat 2014). In Switzerland, asylum seekers have been randomly 

assigned across cantons (administrative regions) following a distribution policy since 

1988, whereas economic migrants enjoy free mobility.9 The two groups are likely to 

experience similar ethnic prejudice from natives (Brunner and Kuhn 2018; Slotwinski and 

 

8 Previous work show that human capital has limited transferability from foreign countries to the domestic 
labour-market (Friedberg 2000; Basilio, Bauer, and Kramer 2017; Gibbons and Mukhopadhyay 2020). This 
makes natives and foreigners even less comparable. 
9 Economic and family migrants are categorised under the same category in this Chapter. This is because 
work and family reunification permits are indistinguishable from the dataset. Spouses often have similar 
experiences as economic migrants as they can enter, seek for work, and register with the canton immigration 
authority (Swiss Confederation 2020a). 
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Stutzer 2019). Descriptive statistics also show the two groups share similar employment 

and wage structures, making them reasonable comparison groups. 

Using permit status and asylum application records from administrative datasets, I 

can identify both groups and estimate their gaps in pursuing economic opportunities and 

assimilation between 2010 and 2014. My analysis draws on 51 nationalities which have 

both groups of foreigners. During the 5-year period under my study, I find the asylum-

migrant employment gap ranges from 2.6% to 9.3%. The annual wage gap ranges from 

10.1% to 17.1%. The asylum-migrant employment differential is comparable to the 

European average (11.6%) (Fasani, Frattini, and Minale 2018) and the asylum-native 

wage gap reported from other European countries (Lundborg 2010; Dell’Aringa, Lucifora, 

and Pagani 2015). The initial employment gap is half of that compared to the European 

average, but the gap persists after 20 years of stay (Dustmann et al. 2017; Fasani, 

Frattini, and Minale 2018). The effect of selection is particularly large in the first six years 

after arrival. Moreover, the estimated outcome gaps are mainly driven by duration of stay 

and age at arrival. Consistent with a job search model, the outcome gaps increase with 

age at arrival.  

Overall, my results underline the effect of selection into migrant category and cast 

doubt on the use of conventional methods of estimating labour-market differences 

between the asylum population and migrants. Moreover, the stark selection effect in the 

early years of migration supports the targeting of integration policies toward recent 

arrivals. Unless there exists exogenous variation in the treatment and control groups 

conditional on the same pre-arrival characteristics, assessing the effect of selection is 

important for two related reasons. Policymakers cannot optimally design resettlement 

programs and integration policies without understanding i) the extent to which and ii) in 

what aspects the asylum population is worse off than similar economic migrants.  

Section 2.2 begins with a review of the literature. Section 2.3 explains the structure 

of the dataset and Section 2.4 proceeds to the empirical framework. In Section 2.5, I turn 

to the main and subpopulation results to explain the variation in labour-market 

differences. In Section 2.6, I conclude by discussing the interpretation of this analysis 

and policy implications. 

 

2.2 Prior empirical findings 

Migrant selection, assimilation, and consequences of migrants for labour-markets in host 

societies have been a concern to economists for decades (e.g. Abramitzky and Boustan 

2017; Altonji and Card 1991; Borjas 1985; Chiswick 1978; Roy 1951). Research on 

labour-market outcomes of the asylum population and economic migrants belongs to the 
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literature on migrant selection and assimilation. The main empirical challenge lies in 

identifying a treatment effect free from selection bias (into migrant category) and 

measurement errors. The Roy (1951) model predicts migrants can be positively or 

negatively selected, which coincides with historical evidence that migrant selection 

pattern in the United States (US) was mixed prior to 1900 (Abramitzky and Boustan 

2017). Early work indicates the foreign-born initially earn less and they would acquire the 

same wage as the US-born workers in 10 to 15 years (Borjas 1987; 1985; Chiswick 

1978). These studies suggest conditions in the country of origin and quality of the cohort 

are strong predictors of skill acquisition. To further understand the reasons and 

consequences of migration, this literature has evolved following three specific strands. 

The first strand of literature disentangles the relationship between self-selection 

and migration decisions. The general consensus is that migration is driven by income 

differences between home and receiving countries, networks, and returns to skills 

(Chiswick 1999; Bertoli and Rapoport 2015; Ibarraran and Lubotsky 2007; Bütikofer and 

Peri 2017). Researchers address the endogeneity problem by, for instance, constructing 

counterfactual wage densities (Chiquiar and Hanson 2005), using instrumental variables 

(Mckenzie and Rapoport 2010), and using cross-border linked registers (Rooth and 

Saarela 2007). To formally assess selection on unobservable characteristics, Clemens, 

Montenegro, and Pritchett (2019) is the only paper that follows Altonji, Elder, and Taber 

(2005) and Oster (2019) to assess selection bias among migrants. They present country-

specific bounds on real wage gain. They compare workers of equivalent skills (years of 

schooling and age at arrival) from the same country working at home versus those in the 

receiving country – the United States. 

The second strand of the literature uses exogenous variations in labour-market 

outcomes. To understand the income gain from migration, Mckenzie, Stillman, and 

Gibson (2010) exploit a random ballot to quantify income gain migrating from Tonga to 

New Zealand. By comparing experimental and non-experimental results, they show 

migrants from Tonga are positively selected based on observed and unobserved skills. 

Sarvimäki and Hämäläinen (2016) exploit the phase-in rule of an active labour-market 

program for immigrants in Finland. Using a fuzzy regression discontinuity design, they 

find skill-specific training (especially language) yields a sizable increase in long-term 

earnings. To assess the effect of language skills on migrants’ wage, previous work 

addressed the endogeneity problem by using age at arrival as an instrument for language 

skills in the US (Bleakley and Chin 2004), and by combing matching and instrumental 

variable estimation in the UK (Dustmann and Fabbri 2003). In terms of internal migration, 

Huttunen, Møen, and Salvanes (2018) show job displacement due to firm closure 

increase regional mobility within Norway. Conditional on comparable observable 
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characteristics between movers and stayers, they find movers suffer a larger decrease 

in earnings than those who stay. However, these laboratory settings are peculiar to 

economic (/internal) migrants in New Zealand, Finland, and Norway. They may not infer 

the general equilibrium effects of refugee assimilation.  

The third strand of literature informs the outcome differences between 

demographic groups.10 The asylum population is often compared to control groups of 

either low-skill natives or similar migrants (Bratsberg et al. 2017). With the availability of 

data on entry categories, recent work shows the asylum-migrant outcome gaps narrow 

slowly over time. In comparative studies across Europe, the employment gap is 11.6% 

and that it converges in 15 years (Dustmann et al. 2017; Fasani, Frattini, and Minale 

2018). The disparity is driven by the dispersal policies and the recognition rates upon the 

year of arrival using fixed effects and difference-in-differences models.  

Although EU-wide wage data is less accessible, several studies document the 

wage assimilation of the asylum population in the US, Sweden, Canada, and Norway. 

Within an OLS framework, Cortes (2004) show asylum seekers in the US earn 6% less 

than economic migrants in 1980, but improvement in English skills contribute to an 

increase in earnings by 20% in 1990. Compared with natives, slow wage assimilation is 

documented among refugees in Sweden (Lundborg 2013; Luik, Emilsson, and 

Bevelander 2018), Canada (Aydemir 2011), and Norway (Bratsberg, Raaum, and Røed 

2017). They suggest that the slow integration is associated with the weak transferability 

of foreign qualifications. Additionally, poor health status, residential location, time spent 

in reception centres, and integration policies are other suggestive explanations for the 

outcome gaps and slow assimilation (Borjas 1987; Bevelander and Pendakur 2014; 

Connor 2010; Ivlevs and Veliziotis 2018; de Vroome et al. 2018). 

This paper extends the literature in several ways. First, I consider the degree of 

selection bias in estimating asylum-migrant outcome differences following Altonji, Elder, 

and Taber (2005) and Oster (2009). This consideration is important because 

unobservable characteristics between the asylum population and economic migrants can 

bias the estimates. Second, I use matching techniques to assess selection on 

observables and evaluate the sensitivity of the bias-adjusted results. Although matching 

only yields consistent estimate under the assumption of no selection on unobservables, 

I find the combination of treatment and selection effect of being an asylum population to 

be strongly significant and negative. Third, I have administrative permit records and I 

apply nationality fixed effects to control the ‘ethnic penalty’. These data represent an 

 

10 More broadly, researchers have also studied wage gaps in other contexts, such as gender (Blau and Kahn 
1997), race (Altonji and Blank 1999), and skills (Bernard and Jensen 1997). 
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improvement over previous work that uses the country of origin as a proxy for refugees, 

or nationality-region fixed effects.11  

 

2.3 Data  

The main data source is the Swiss Longitudinal Demographic Database (SLDD), a linked 

administrative dataset that contains the asylum population and economic migrants in 

Switzerland between 2010 and 2014 (Steiner and Wanner 2015).12 Based on individual 

identifiers, it connects the sampled individuals in the Structural Survey (also known as 

Strukturerhebung or Relevé Structurel) with a selection of population registers. The 

Structural Survey has replaced the traditional census since 2010. It collects socio-

economic information annually from a representative sample of over 200,000 permanent 

residents, who are randomly selected from the population register to respond in writing 

or via telephone (Federal Statistical Office 2017; Federal Statistics Office 2018; Qualité 

2010).13 By definition, permanent residents have resided in Switzerland for at least one 

year before the survey, meaning all asylum seekers – regardless of permit status – would 

have passed the probation period for work. Data from the Structural Survey is a repeated 

cross-section. 

The Structural Survey is then linked with labour-market outcomes from the Swiss 

Central Compensation register and Unemployment Statistics (PLASTA). This linkage 

makes up the panel dimension of the dataset for which individual-level information on 

employment is linked every year. The permit status and demographic variables come 

from the Central Migration Information System (ZEMIS) and Population and Households 

Statistics (STATPOP). The survey waves between 2010 and 2014 are pooled, which 

represents 20% of the Swiss population who took part in the Structural Survey in this 

dataset. I analyse a panel dataset as I observe the 5-year labour-market outcomes of 

the surveyed individuals. 

  

 

11 The majority of existing work identifies refugees using a country of birth proxy (Damm 2009; Foged and 
Peri 2016) or rely on self-reported reason for migration (Dustmann et al. 2017; Fasani, Frattini, and Minale 
2018). 
12 The dataset is constructed by the Institute of Demography and Socioeconomics at the University of 
Geneva in the framework of the National Center of Competence in Research (NCCR On the Move), and 
with the support of the Swiss Federal Statistical Office and other administrations. 
13 The sample is equivalent to 20% of the Swiss population. The Structural Survey randomly sample 4% of 
the permanent resident in each year. Information of foreigners who arrived prior to 2010 are linked using 
record linkage techniques (Wanner 2015). 
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2.4 Permit status 

A unique feature of this dataset is the permit application records at arrival from the 

Central Migration Information System (ZEMIS) which distinguishes between individuals 

who sought asylum and foreigners who arrived in Switzerland with a work permit. In 

Switzerland, permit statuses are the legal basis for access to the labour market. The 

asylum seeker status (Permit N) is granted within the first three months of entry, and 

they are randomly assigned to one of the 26 cantons following a distribution rule, with 

larger cantons assigned proportionately more asylum seekers (State Secretariat for 

Migration 2018a). The change of cantons is extremely unlikely as it is only permitted 

under the agreement of both cantons, such as under the circumstances of family 

reunification or if another individual is seriously threatened (State Secretariat for 

Migration 2018f). I include the proportion of asylum seekers in each canton under the 

distribution policy in Table A 2-2. In this analysis, I include arrivals in both pre- and post-

policy period as I find no discernible difference in their labour-market outcomes.14 

Permit N holders are strictly prohibited to work between three or six months after 

submitting the application (State Secretariat for Migration 2015b). Since the Structural 

Survey only includes a sample of permanent residents, all Permit N holders in the dataset 

have necessarily stayed for over a year and are eligible to work. Depending on their 

assigned canton, they can only work in various sectors after the probation period, namely 

in agriculture, construction, waste disposal, or cleaning (Office for Economy and Labour 

of Zurich 2019).  

Following evaluation and interviews regarding asylum seekers’ reason for 

migration, SEM can either grant the individual with a positive decision as a Permit B 

recognised refugee, with a provisional decision as Permit F temporarily admitted refugee 

or person, or with a negative decision to be deported (Affolter 2017).15 Holders of Permit 

B and F refugees have access to all kinds of economic activities, whereas Permit F 

temporarily admitted persons need to apply for a work permit from cantonal authorities 

(State Secretariat for Migration 2018c; 2015a). It takes on average two years from the 

time of asylum application to a permit status decision (Hainmueller, Hangartner, and 

Lawrence 2016). The granting of asylum status is case-dependent, for instance, the 

recognition rate was 16.3% in 2009 and 25.6% in 2014 at the peak of the Syrian crisis 

 

14 The nationalities of the asylum population and economic migrants are reported in Table A 2-3. I show the 
interaction between the treatment variable (the asylum population) and randomization policy (that 
differentiates arrivals from before and after 1988) are not statistically significant in all of the cross-section 
regressions for probability of employment in Table A 2-4, and in 1 out of 5 cross-section regressions for log 
annual wage in Table A 2-5.  
15 Permits B and F are only granted if the individual would be persecuted or threatened by definition of the 
Asylum Act, which sets them apart from economic migrants (State Secretariat for Migration 2010). 
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(State Secretariat for Migration 2010; 2014). Permit N holders are legally restricted to 

stay in their cantons, whereas the mobility of Permit B and F holders is low due to 

institutional barriers (State Secretariat for Migration 2018c; SODK 2017; State 

Secretariat for Migration 2015a). See Chapter 4 for more details on permit restrictions 

and early asylum processes. 

Economic migrants are granted with Permit B by providing proof of employment in 

Switzerland.16 Without the permit application records from ZEMIS, Permit B economic 

migrants and the asylum population are indistinguishable in STATPOP. All Permit B 

foreigners can apply for Permit C after 5 years of uninterrupted stay and employment in 

Switzerland or after 10 years of non-continuous residence. All foreigners can apply for 

naturalization after 12 years of legal residency.17 As an exception, children of foreigners 

who stayed between the age of 10 and 20 years are eligible to apply for naturalization 

after 6 years (Swiss Federal Council 2018). In Switzerland, citizenship is not determined 

by the country of birth, but is acquired through paternal or maternal connection (State 

Secretariat for Migration 2018f). Therefore, the availability of both nationality and country 

of birth information allows me to control for labour-market differences across nationalities 

and cultural proximity.  

 

2.4.1 Employment and wages 

Annual wage is directly reported by employers to the Swiss Central Compensation Office 

in the social security system. This data is available from 2010 to 2014 and is linked with 

the pool of participants in the Structural Survey. Incidence and duration of unemployment 

are recorded in the unemployment register (PLASTA). Only individuals with at least two 

years of employment in Switzerland are eligible for unemployment benefits. Using 

income and unemployment information, I define employment as those with non-zero 

income and being absent from the unemployment register in the calendar year.18 In this 

paper, I study employment and the natural log of annual wage as the dependent 

variables.  

Table 2-1 reports the unconditional employment rates and annual wage. In the 5-

year period, the average employment rate for economic migrants is 68.7%, compared 

with 51.3% for the asylum population. The average annual wage for economic migrants 

 

16 Permit B holders also include foreign students and short-term migrant workers. In order to obtain and 
maintain Permit B and C, proof of employment and residential address are the necessary criteria. 
17 Permit N and F holders are not allowed to apply for naturalization unless they have been granted with 
Permit B or C. 
18 An individual with income for part of the year and unemployment (with eligibility for unemployment 
insurance) for part of the year would be classified as unemployed in the calendar year. In both foreigner 
groups, about 20% of the unemployed currently have non-zero income. Note that long-term migrants who 
already became Swiss citizens do not require work permits to stay in Switzerland. 
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is 56,731 CHF (equivalent to €52,596), which is approximately 16,800 CHF higher than 

asylum seekers who earn on average 39,900 CHF per year (equivalent to €36,991).19  

Because I assume the asylum population and economic migrants of the same 

nationality are culturally similar and face ethnic discrimination alike in the Swiss labour 

market, I argue that economic migrants are a reasonable comparison group. There are 

good reasons to question this assumption. For example, Luik, Emilsson, and Bevelander 

(2018) compare the asylum population in Sweden with natives. A potential concern is 

that economic migrants include high-skill individuals and therefore might be positively 

selected compared to Swiss natives. This leads to further examination of the dataset. 

The unconditional employment rate of natives is 80% and their average annual wage is 

70,872 CHF (equivalent to €65,706). By inspecting the unconditional wage distributions, 

I find that economic migrants are negatively selected compared to natives in Switzerland 

(Figure A 2-1). More importantly, the wage distribution of the asylum population strongly 

resembles the one of economic migrants, rather than natives (Figure 2-1). All in all, these 

descriptive statistics lend support to the rationale that economic migrants are a 

reasonable comparison group to the asylum population. 

 

2.4.2 Sample restriction and limitations 

I restrict the sample to individuals between the working-age of 18 and 65. The choice of 

an upper bound of 65 years old is the statutory retirement age in Switzerland. I further 

restrict the sample to non-EU and nationalities with at least 10 individuals per group per 

calendar year. The main analysis includes 51 nationalities with individuals from both 

migrant groups. In the robustness tests, I show my results are insensitive to this choice 

of threshold. I provide descriptive statistics by foreigner type in Table 2-2 and the top 10 

nationalities of foreigners in Table 2-3. The complete list of nationalities and the 

proportion of foreigners is reported in Table A 2-3. 

The main limitation of this dataset is that inactive individuals are indistinguishable 

from unemployed individuals in the analytical dataset. In the Swiss Central 

Compensation register, both inactive and unemployed populations would appear to 

receive zero income. Considering the eligibility criteria for unemployment benefits, 

individuals who never managed to enter the labour market and are actively seeking for 

work would be counted towards the unemployed. Therefore, it is likely that the 

unemployed asylum population exhibit greater heterogeneity as regards the level of 

experience, the desire to work, and disabilities that my model cannot capture.  

 

19 Based on the conversion rate of 1 CHF= € 0.93 on 16 July 2020. 
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The data have other limitations. Since education information is only collected in the 

Structural Survey, the current analysis excludes those who were not selected or did not 

participate in the Survey. Moreover, my results cannot infer the outcome differences for 

the entire foreigner population since the Structural Survey does not provide a 

representative sample for municipalities with less than 15,000 permanent residents 

(Federal Statistics Office 2018). 

Finally, nationality information is sometimes missing, especially among the asylum 

population born in Syria, Iraq, and Egypt.20 This is likely because they did not arrive with 

a passport and they are excluded from the analysis. To test the hypothesis relating to 

the roles of human capital and scarring effect, assimilation, and cultural contexts, the 

following variables are unavailable but would be beneficial: country of education, health 

status (mental and physical), exposure to violence and abuse, level of language 

proficiency, family reunification, amount of social assistance, and the extent of 

integration support provided at the canton or community levels.  

 

2.5 Empirical Model  

2.5.1 The ordinary least squares (OLS) model 

To estimate the difference in labour-market outcomes between the asylum population 

and economic migrants, I consider the following pooled OLS model,21   

𝑌𝑖𝑛𝑐𝑘𝑡 = 𝛽𝐴𝑖 + 𝛾′𝑋𝑖𝑡 + 𝑁𝑛 + 𝐶𝑐 + 𝐾𝑘 + 𝐽𝑡 + 휀𝑖𝑛𝑐𝑘𝑡 (1)  

From 2010 to 2014, 𝑌 is either the probability of employment or log annual wage of 

individual foreigner 𝑖, of nationality 𝑛, arrival cohort 𝑐, who resides in canton 𝑘. 𝛽 is the 

coefficient of interest that captures the observed difference in labour-market outcome 

between the asylum population and economic migrants. Even when the foreigner 

become a naturalized citizen, s/he is still identified by her/his initial foreigner type. 𝑋𝑖𝑡 is 

the vector of observable controls including sex, age, age squared, household size, 

country of birth, highest completed level of education, and main language. Household 

size indicates the number of persons living in the same house. Country of birth is a series 

 

20 I drop a total of 335 individuals (80% of which are asylum seekers) from the analysis. These are individuals 
who have information on country of birth but missing information on nationality. My results are robust to 
assigning their nationality as country of birth. In addition to the above-mentioned countries, other examples 
include individuals who were born in China, Lebanon, Palestine, Saudi Arabia, Turkey, and Ukraine.  
21 I cannot apply individual fixed effects because the variable of interest (being an asylum seeker or economic 
migrant and many observable characteristics are time-invariant. To ensure consistent pooled OLS 
estimates, I cluster standard errors at the individual level. 
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of dummy variables that identify various levels of cultural proximity.22 Following Ruedin 

(2018), the outcomes of foreigners born within the European Union or in the neighbouring 

countries (i.e. France, Italy, Austria, and including Switzerland), are compared to the 

omitted group born elsewhere. Previous work document that country of birth is a 

meaningful indicator for electoral participation and civic engagement in Switzerland 

(Ruedin 2018).23 

Further self-reported information is controlled for. Education is a series of dummy 

variables that allow for different returns to schooling. The labour-market outcomes of 

foreigners who have completed secondary or tertiary education are compared to the 

omitted category of those who have completed primary education. Main language is the 

language that one thinks in and knows best. Foreigners who reported using the language 

of the destination municipality (e.g. French, German, Italian) or English are compared to 

those who reported otherwise.  

Nationality (𝑁𝑛), year-of-arrival cohort (𝐶𝑐), canton (𝐾𝑘), and outcome year (𝐽𝑡) 

fixed effects are applied. Nationality fixed effects account for differences in labour-market 

performance across 51 nationalities. Factors that influence hiring decisions, such as the 

cost and duration of visa applications, perceived work ethics, and the recognition of one’s 

education degree, are frequently captured at the nationality level (Friberg and Midtbøen 

2017). The nationality fixed effects also control for the ‘ethnic penalty’ for which 

foreigners of different nationalities and ethnic origins subject to different levels of labour-

market disadvantage (Piore 1979; Steiner and Wanner 2019; Kalleberg and Sørensen 

1979). While one may be concerned that nationality is a choice variable and endogenous 

to consumption and saving decisions, I show in section 2.6.4.3 that my results are robust 

to the use of country of birth fixed effects. Arrival cohort fixed effects capture the variation 

in the economic and political situation of one’s home country and Switzerland at the time 

of arrival. Canton fixed effects adjust for regional heterogeneity in economic 

opportunities and attitudes towards foreigners across 26 cantons. Finally, outcome year 

fixed effects account for the same individual being repeated for five times (years). Thus, 

𝛽 can be interpreted as the 5-year average difference between the asylum population 

 

22 As I will discuss later, the main regression includes nationality fixed effects. Because county of birth and 
nationality are highly correlated, I cannot include both country of birth and nationality fixed effects in the 
same regression. See section 2.6.4.3 for further investigation on country of birth. 
23 In the current chapter, I focus on long-term economic migrants and asylum seekers/refugees. As they 
have stayed in Switzerland for up to 20 years, their residential locations are likely endogenous to labour-
market outcomes. Therefore, I do not control for residential location (e.g. rural/urban). I control for rural/urban 
in other chapters because I focus on recently arrived asylum seekers. In other chapters, the sample of 
asylum seekers have stayed for about 3 years and the mandatory locational restriction lasts about 2 years.  
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and economic migrants in a pooled OLS regression. Standard errors apply multi-way 

clustering at the individual, nationality, and canton levels throughout the analysis.24 

 

2.5.2 Estimating the bias-adjusted treatment effect 

The OLS regression specified in Equation (1) would be unbiased if the treatment 𝐴𝑖, 

having sought asylum or being an economic migrant, and the error term 휀𝑖𝑛𝑐𝑘𝑡 are not 

correlated. Due to selection into migrant category, the treatment and the error term are 

likely correlated. The OLS estimate would be upward biased. To further investigate the 

relative contribution of the unobservables and observed controls to the outcome, I follow 

the methodology of Altonji, Elder, and Taber (2005) (hereafter, AET) and the recent 

extension of Oster (2019). Equation (1) can be rewritten as, 

𝑌𝑖𝑛𝑐𝑘𝑡 = 𝛽𝐴𝑖 + 𝑊𝑖𝑛𝑐𝑘𝑡 + 휀𝑖𝑛𝑐𝑘𝑡 (2) 

𝑊𝑖𝑛𝑐𝑘𝑡 = 𝜓𝑊1 + 𝑊2 (3) 

𝑊𝑖𝑛𝑐𝑘𝑡 comprises the observed (𝑊1) and the unobserved (𝑊2) variables that are related 

to the treatment but are exogenous to the outcome. By assuming 𝑊1 and 𝑊2 are 

orthogonal components of individual characteristics, without loss of generality,25 

𝛿
𝑐𝑜𝑣(𝑊1, 𝐴𝑖)

𝑣𝑎𝑟(𝑊1)
=  

𝑐𝑜𝑣(𝑊2, 𝐴𝑖)

𝑣𝑎𝑟(𝑊2)
(4) 

Equation (4) can be simplified as 𝛿
𝜎1𝐴

𝜎1
2 =  

𝜎2𝐴

𝜎2
2 , where 𝜎𝑗

2 = 𝑉𝑎𝑟(𝑊𝑗) for 𝑗 ∈ {1, 2} as 

denoted in Oster (2019). The first key component of this approach is the computation of 

𝛿, the coefficient of proportionality that explains the proportional selection relationship 

between the unobserved and observed variables. The estimated value of 𝛿, 𝛿, informs 

the relevance of the unobservables that would be valid under the null of a zero outcome 

gap (𝛽 = 0). Equal selection (𝛿 = 1) is considered as a sensible cut-off for 𝛿 because 

observed variables are selected based on economic theory, thus the variance in 

treatment effect influenced by the unobservables should normally be smaller than the 

observables (Altonji, Elder, and Taber 2005; 2008; Oster 2019). Consistent with the 

unrestricted estimator of Oster (2019), I assume proportional selection and that the 

 

24 The advantage of multi-way clustering is that it improves robustness by allowing for correlation within two 
or more groups of clusters (Cameron, Gelbach, and Miller 2011). 
25 The orthogonality condition is used in both AET and Oster (2019). Oster (2019) illustrated that there is 

always a way to define 𝑊2 such that it is orthogonal to 𝑊1 in Appendix A.1 of the paper. 
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unobservables and observables are correlated with the treatment in the same direction.26 

The latter assumes the lower bound of 𝛿 = 0, namely 𝛿 cannot be negative.27 

The second key component entails specifying the maximum value of r-squared in 

Equation (2), 𝑅𝑚𝑎𝑥, that could be attained if the unobservables are included. Although 

AET assume that 휀 = 0 and that observables can fully explain the outcome variable 

(𝑅𝑚𝑎𝑥 = 1), Oster (2019) proposes to use r-squared from the controlled regression (�̃�) 

in Equation (1) and set 𝑅𝑚𝑎𝑥 = �̃� ∗ 𝑘 with 𝑘 = 1.3. Even though 𝑅𝑚𝑎𝑥 can vary across 

datasets and models, Oster (2019) demonstrates that the value of 𝑘 = 1.3 is a 

reasonable cut-off for 90% of the 65 recently published experimental studies in highly 

ranked journals where the treatment is exogenous. Subsequently, I specify 𝑅𝑚𝑎𝑥 with 𝑘 

at 1.3 in my referred results. Together the values of 𝛿 and 𝑅𝑚𝑎𝑥 provide identifying 

information on the treatment effect. 

The last key component concerns the computation of the bounding set for 𝛽, 

[�̃�, 𝛽∗]. The lower bound (�̃�) is the coefficient from Equation (1) including all observed 

characteristics. The upper bound (𝛽∗) assumes equal selection (that is, 𝛿 = 1) and 

𝑅𝑚𝑎𝑥 at �̃� ∗ 1.3. I present the unique 𝛽∗ in which i) 𝛿 > 0, and ii) the one with minimum 

distance to the estimated treatment effect.28 Following Oster (2019), standard errors 

around the upper bound 𝛽∗ are bootstrapped with 200 samples drawn with replacement 

within individual, canton, and nationality clusters. 

 

2.5.3 Interaction effects 

Theoretically, adaptation to new socioeconomic contexts takes place the most rapidly in 

the early years of arrival. To estimate the speed of cultural assimilation and labour-

market integration among recent and long-term arrivals, I add interactions of the 

foreigner category 𝐴𝑖 with duration of stay 𝐷𝑡 to measure the average assimilation rate, 

such that,29 

 

26 The restricted estimator is so named because it has two stringent assumptions: i) 𝛿 = 1, i.e. equal 
selection between the unobservables and observables, and ii) the relative contributions of each control 
variable to 𝐴 and 𝑌 are the same. In empirical settings, the restricted estimator can only be satisfied with 
one control variable (Oster 2019). 
27 This follows Assumption 3 under section 3.3.2 from Oster (2019), that the 𝑐𝑜𝑣(𝐴𝑖 , 𝑊1) and 𝑐𝑜𝑣(𝐴𝑖 , �̂�1) are 

of the same sign. I ignore the results with negative 𝛿. I apply the unrestricted estimator because it relaxes 
the equal selection assumption and allows proportional selection. 
28 Results from this paper are estimated under the Stata command -psacalc-. The upper bound of the 

treatment effect (under equal selection) may not be unique since it results from a cubic equation. While 
alternative solutions are shown, the default solution minimizes the distance to the estimated treatment effect, 
and that the unobservables and observables are correlated in the same direction. I treat this as the unique 
solution following Oster (2019). 
29 Note that Equation (5) includes 𝐷𝑡 rather than the year-of-arrival cohort fixed effects. 
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𝑌𝑖𝑛𝑐𝑘𝑡 = 𝛽𝐴𝑖+휁𝐷𝑡 + 𝜌𝐴𝑖 ∗ 𝐷𝑡 + 𝛾′𝑋𝑖𝑡 + 𝑁𝑛 + 𝐾𝑘 + 𝑆𝑡 + 휀𝑖𝑛𝑐𝑘𝑡 (5)  

The interaction between subgroup membership 𝐺𝑖 (for example, by age at arrival and 

demographic characteristics) and foreigner category 𝐴𝑖 may explain heterogeneity in 

labour-market participation. Therefore, I consider, 

𝑌𝑖𝑛𝑐𝑘𝑡 = 𝛽𝐴𝑖+휂𝐺𝑖 + 𝜎𝐴𝑖 ∗ 𝐺𝑖 + 𝛾′𝑋𝑖𝑡 + 𝑁𝑛 + 𝐾𝑘 + 𝑆𝑡 + 휀𝑖𝑛𝑐𝑘𝑡 (6)  

In Equations (5) and (6), 𝛽 captures the ‘pure’ effect of having sought asylum on the 

labour-market outcome. 𝜌 (and 𝜎) provides information if the relationship between 

assimilation (subgroup identity) and labour-market outcomes is different among the 

asylum population as compared to economic migrants.  

 

2.6 Results 

2.6.1 Labour-market differences 

2.6.1.1 Pooled OLS results 

Table 2-4 contains the OLS regressions from Equation (1). Columns (1) and (2) present 

the difference in the probability of employment. Columns (3) and (4) present the 

difference in log annual wage. For each outcome, the first column is the uncontrolled 

regressions (baseline effects) by regressing the outcomes on having sought asylum as 

the treatment variable with outcome year fixed effects. The second column presents the 

controlled regression that is used to inform selection on unobservables. I apply multi-

way cluster standard errors by individual, canton, and nationality to allow for correlations 

among foreigners residing in the same canton, of the same nationality, who are observed 

in five years.30 

In the controlled regressions, I estimate that the asylum population is 6.0 

percentage points (hereafter, pps) less likely to find work, and earn 0.19 log units (17.1%) 

annually less than economic migrants.31 Because the asylum population is likely 

negatively selected and they do not have a locational choice, the OLS estimates are 

likely to be lower bounds. The magnitude of outcome differences is comparable in the 

cross-section regressions. The employment gap decreases from 6.6 pps in 2010 to 5.3 

pps in 2014 (Table A 2-8). The wage gap decreases from 0.20 log units in 2010 to 0.16 

 

30 My results are insensitive to year-of-arrival cohort × nationality fixed effects, and year-of-arrival cohort × 
canton fixed effects (Table A 2-6). Because the inclusion of these interactions could be overfitting the data, 
the controlled regression includes separate fixed effects rather than any year-of-arrival interactions. 
31 I verify that employment estimates from the linear probability models, and maximum likelihood estimates 
from logit and probit regressions yield the same significance level, sign, and similar marginal (treatment) 
effects in Table A 2-7. 
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log units in 2014 (Table A 2-9). The pooled OLS regressions essentially present the 5-

year average difference. Since a fixed effect model would eliminate the effect of the time-

invariant characteristics, an average effect is calculated throughout this analysis. 

 

2.6.1.2 Bias-adjusted effects 

I investigate the potential role of selection on unobservables for the overall population. 

Figure 2-2 demonstrates OLS yields a lower bound estimate, whereas the value of 

coefficients moves towards zero when accounting for selection effects.32 My results are 

presented in greater detail in Table 2-5. Column (1) displays the baseline effect that is 

used to calculate coefficient and r-squared improvement. Columns (2) and (3) then 

present the bounding set for 𝛽, the estimated treatment effect.33 Column (4) reports the 

coefficient of proportionality 𝛿, the ratio of selection on observables versus 

unobservables given the maximum value of r-squared, 𝑅𝑚𝑎𝑥 = 𝑘 ∗ �̃�, where 𝑘 is 1.3. 

Column (5) summarizes whether the treatment effect excludes zero (𝛿 > 1). To be 

conservative, the standard errors are bootstrapped with 200 samples drawn with 

replacement within individual, canton, and nationality clusters. 

In Table 2-5, I show the asylum-migrant employment gap is between 1.7 pps and 

6.0 pps. This is equivalent to an average employment gap of between 2.6% and 9.3% 

from 2010 to 2014 (considering the average conditional employment rate for economic 

migrants is 64.2%). Given 𝛿𝑘=1.3= 1.3, it indicates that selection on unobservables needs 

to be 1.3 times greater than selection on observables to take away the distinguishable 

treatment effect. Drawing on previous evidence, the employment disparity in Switzerland 

is greater than Sweden (a raw difference of 2 pps (Luik, Emilsson, and Bevelander 

2018)), but it is lower than the EU average (7.8 pps or 11.6% reported in Fasani et al. 

(2018)) and in Norway (a raw difference of 11.6 pps (Bratsberg, Raaum, and Røed 

2017)).34 

 

32 Recall: 𝐸(𝑌𝑖𝑛𝑐𝑘𝑡|𝐴𝑖𝑛𝑐𝑘𝑡 = 1) − 𝐸(𝑌𝑖𝑛𝑐𝑘𝑡|𝐴𝑖𝑛𝑐𝑘𝑡 = 0) = 𝛽 +  𝐸(휀𝑖𝑛𝑐𝑘𝑡|𝐴𝑖𝑛𝑐𝑘𝑡 = 1) − 𝐸(휀𝑖𝑛𝑐𝑘𝑡|𝐴𝑖𝑛𝑐𝑘𝑡 = 0). 
Overall, I find the upper bound outcome gaps to be smaller which confirms the OLS estimates are upward 
biased and the selection effect is negative. 
33 In Column (1), I regress outcome (𝑌) on the indicator variable for the asylum population (𝐴) with outcome 

year fixed effects. In Column (2), outcome (𝑌) is regressed on the indicator variable for the asylum population 

(𝐴), all relevant controls, and fixed effects. Column (2), in fact, presents the pooled OLS results in Table 2-4. 
34 The EU average is estimated in a similar regression framework in Fasani et al. (2018). The employment 
differential in Sweden is calculated based on unconditional employment rates of male humanitarian and 
family immigrants (Luik, Emilsson, and Bevelander 2018). The raw difference in Norway compares between 
refugees and family migrants (Bratsberg, Raaum, and Røed 2017). 
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I estimate the asylum-migrant annual wage gap is between 0.11 log units and 0.19 

log units (10.1%-17.1%), given 𝛿𝑘=1.3= 1.9.35 This equates to between 4,013 and 6,838 

CHF (€3,721 to €6,340) for an asylum seeker who earns the average annual wage of 

39,900 CHF (equivalent to €36,992). Cortes (2004) reports that the refugee-migrant 

wage gap in 1980 was 6% in the United States. Many recent studies use the EU Labour 

Force Survey which does not report wages. Recent studies report non-EU migrants earn 

10.4% less than natives in Italy (Dell’Aringa, Lucifora, and Pagani 2015) and that the 

refugee-native wage gap in Sweden starts at 15% in the first year and reduces to 6% 

fourteen years after arrival (Lundborg 2010). One would expect the refugee-native wage 

differential to be greater when compared with migrants, and the current refugee-migrant 

wage gap is comparable to the refugee-native wage gap in other EU countries. 

 

2.6.2 Assimilation effect 

Following the analytical method of Chiswick (1978), Figure 2-3 illustrates that outcome 

gaps (both lower and upper bounds) in employment and wage decline with the duration 

of stay. The employment gap (top) starts at 15.6 pps in the first three years of stay. The 

wage gap (bottom) starts at 0.55 log units in the first three years of stay. The effect of 

selection is particularly visible in the first six years of arrival.36 Both the employment and 

wage differentials persist after 20 years of stay.37 Even though this method cannot 

identify if the convergence or divergence in outcomes is associated with cohort (due to 

the composition of foreigners) or assimilation (due to effective integration) effects, my 

results are comparable to other EU countries. The lower bound of the initial employment 

gap in Switzerland is 15.6 pps, which is halved of the EU average of 28 pps (Dustmann 

et al. 2017; Fasani, Frattini, and Minale 2018). However, the outcome gaps in 

Switzerland persist, whereas the EU employment gap closes in 15 years. 

Then I focus on the outcomes of recent arrivals who arrived since 2006. In Figure 

2-4, I limit the sample to recent arrivals and show that the employment differential 

 

35 Suppose w is the log of annual wage, then annual wage is 𝑒𝑤. Here, having sought asylum is associated 
with the upper bound of 0.089 unit decrease in log unit. The percentage decrease in annual` wage can be 
calculated as follows: 

(𝑒𝑥 − 𝑒𝑥−0.089) 𝑒𝑥⁄ =  𝑒𝑥 ∙ (1 − 𝑒−0.089) 𝑒𝑥⁄ =  (𝑒0.089 − 1) 𝑒0.089⁄ = 0.085 
Since the asylum indicator is a binary variable, the percentage increase equates to 100 percentage points 
for the original unit. This equates to 8.5% decrease in annual wage. 
36 Table A 2-10 reports findings in the full sample. Table A 2-11 and Table A 2-12 report separate regressions 
by duration of stay cohort (same as Figure 2-3). Duration of stay is included as a control variable in each 
regression. Estimation using arrival cohort fixed effects provides similar results and are available upon 
request.  
37 One may be concerned about the role of return migration. Among arrivals during the study period (2010-
2014) who have a full set of individual characteristics available (except canton), I did not observe exits from 
Switzerland. It is difficult to comment on selection in return migration since I do not observe entries and exits 
for earlier arrival cohorts. 
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decreases over time (in cross-section regressions), but the wage differential fluctuates.38 

In Table 2-6, I present the assimilation rate by estimating Equation (5) with the inclusion 

of the duration-of-stay variable, interacted with the indicator variable for the asylum 

population. Columns (1) and (3) include the overall foreigner sample. The remaining 

columns are restricted to recent arrivals. I find the catch-up rate in employment and 

wages to be much faster among recent rather than early arrivals. The employment 

assimilation rate increases by 3.6 pps per year among the recent arrivals in Column (2), 

as compared to 0.5 pps per year among the overall foreigner sample in Column (1). 

Similarly, the wage assimilation rate is higher among the recent arrivals at 0.09 log units 

in Column (4), than 0.02 log units among the overall foreigner sample in Column (3). 

These results are the first of which I am aware of comparing the wage assimilation 

between recent migrants and asylum seekers. One potential explanation is that 

economic migrants often have a job before arrival, whereas the asylum population often 

face labour-market restrictions at the early stage of immigration (Bratsberg, Raaum, and 

Røed 2017).  

Consistent with migration theory, assimilation occurs most rapidly as foreigners 

overcome linguistic, social, and information barriers in the years immediately following 

arrival. Moreover, my lower bound results suggest the employment differential between 

recent asylum seekers and economic migrants in Switzerland to converge faster than 

the rate of 2.7 pps per year in other EU countries (Fasani, Frattini, and Minale 2018). On 

the other hand, my results show a slower convergence rate than the reduction of refugee-

native employment gap in Norway, which is 5.8 pps per year (Bratsberg, Raaum, and 

Røed 2017).39 

 

2.6.3 Subgroup analysis 

In this section, I explore whether asylum-migrant gaps vary by subgroup identity. I 

provide the unconditional outcome results for the analytical and subpopulation samples 

in Table A 2-15. Table 2-7 contains the results of this subgroup analysis. Conditional on 

the effect of all other covariates equal across subgroups (such as age at arrival and 

gender), I compare differences in the labour-market outcomes within groups. I find 

asylum seekers who arrived between the age of 10 and 40 years are significantly more 

likely to be employed, whereas asylum seekers who arrived above the age of 41 years 

 

38 I present the cross-section and pooled OLS coefficients for recent arrivals in Table A 2-13 (employment) 
and Table A 2-14 (wage). 
39 In Figure 6 of Bratsberg et al. (2017), the authors present the employment differential by immigrant 
category as compared to natives since their year of entry. I calculate the assimilate rate by the average 
difference among men (30 pps) and women (28 pps) in the first 5 years. I divide 29 pps by 5 years. 
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would earn significantly less than arrivals between 0 and 9 years (Panel A). This is 

consistent with assimilation theory that the cost of migration increases as age increases.  

The wages of female are greater than male asylum seekers, suggesting that 

females may be (more) positively selected into the labour market (Panel B).40 As recently 

arrived asylum seekers lack cultural knowledge and recognizable work experience, they 

are significantly worse off than long-term stayers (Panel C). Finally, I exploit the timing 

of entry of former Yugoslavia nationals who arrived before, during, or after the Yugoslav 

Wars between 1991 and 2001 (see the flow of former Yugoslavia nationals in Figure A 

2-2 and results in Panel D). I find no discernible differences across asylum seekers 

coming from the former Yugoslavia countries.  

 

2.6.4 Sensitivity tests 

2.6.4.1 Matching results 

Propensity score matching (PSM) and coarsened exact matching (CEM) are 

nonparametric methods that are commonly applied to measure the intention-to-treat 

effect (see, for examples of PSM, Abadie and Imbens 2006; Caliendo and Kopeinig 

2008; Rosenbaum and Rubin 1983; Dehejia and Wahba 2002; Elder and Jepsen 2014; 

Gerfin et al. 2002, for examples of CEM, Iacus, King, and Porro 2011; King and Nielsen 

2019). The underlying identifying assumption is selection on observables or conditional 

independence; the treatment and control groups should not differ along unobservable 

measures. Because foreigners are not randomly assigned as an economic migrant or 

asylum seeker, selection bias comes into play. Individuals who fall outside the region of 

common support are deleted. As the names suggest, PSM relies on the balancing score 

and a sample with balanced covariates (Caliendo and Kopeinig 2008), whereas CEM 

requires each variable to be recoded into categories and the matched units are assigned 

into strata with assigned weights (Blackwell et al. 2010). 

Conditional on the propensity score, the balanced sample contains 35,810 treated 

units (asylum seekers) and 313,286 controlled units (economic migrants). This is 

equivalent to 42% of the original sample of the asylum population and 62% of the original 

sample of economic migrants.41 As different PSM approaches have their tradeoff 

between bias and variances, I apply four matching algorithms: nearest neighbour, 

caliper, kernel, and local linear regression. I impose the common support condition and 

matching with replacement in all matching estimations. In the application of CEM, I match 

 

40 To further investigate, I explore interactions with marital status, household type, number of children, and 
household size. However, I could not find conclusive results. 
41 The overall sample has 54,994 asylum seekers/refugees and 417,046 economic migrants. 
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the treatment and control groups by stratifying their i) pre-arrival and ii) all observable 

characteristics.42 In the second specification, the matched sample is reduced to 39,736 

treated individuals (asylum seekers) and 197,258 controlled individuals (economic 

migrants).43  

In Figure 2-5, I present the distribution of propensity scores for all foreigner 

individuals before and after matching. Although the standard biases are minimized 

(Figure A 2-3), there is a lack of balance across some covariates. The unbalanced 

dimensions include gender, age, main language, as well as some nationalities, arrival 

cohorts, and cantons (Table A 2-16). In Table 2-8, I present estimates based on nearest 

neighbour, caliper, kernel, and coarsened exact matching.44 All of these matching 

methods estimate the employment gap is between 1.3 pps and 9.7 pps, and the annual 

wage gap is between 0.08 log units and 0.18 log units. The PSM estimates are similar 

to the upper bound outcome gaps following Oster (2019), whereas the CEM estimates 

are similar to the lower bound OLS estimates. All in all, my referred bias-adjusted results 

are robust to the propensity score and coarsened exact matching methods. However, 

the lack of balance across all covariates shows that the observables have limited 

explanatory power. 

 

2.6.4.2 Relaxing the assumptions on selection on unobservables 

I adopt several other approaches to account for selection bias. Following Oster (2019) 

and Clemens et al. (2019), I adjust the value of r-max by setting 𝑘 = 2. I also apply the 

methods of Altonji, Elder, and Taber (2005). The key differences between Oster (2019) 

and AET’s approach are that AET assume equal (instead of proportional) selection 

between the unobservable and observed variables, and AET assume that Rmax is 1 

(instead of a value of k).45 Although I include nationality fixed effects and detailed 

 

42 In the first specification, the matched observation contains 54,994 treated individuals (asylum seekers) 
and 405,831 controlled individuals (economic migrants). The CEM weight is generated based on age (6 
groups), nationality region (4 groups, classification following the Swiss Statistical Office), country of birth, 
year of arrival cohort, canton, and outcome year. Then, I adjust for the remaining imbalance in post-arrival 
characteristics (education, main languages, and household size) in the regression. In the second 
specification, I include education, main languages, and household size (3 groups) in the calculation of the 
CEM weight.  
43 I use nationality region in the CEM specification, which is the reason for which the asylum population 
sample is smaller in PSM. In the second CEM specification, some economic migrants are dropped from the 
analysis as a higher share of economic migrants have obtained tertiary education. 
44 In Column (1), I use four nearest neighbours following Abadie and Imbens (2006) in order to reduce the 
mean-squared errors in the estimator. I verify my results are robust to the application of one to five nearest 
neighbors. In Column (2), I set the radius as one-fourth of the standard deviation of the propensity score. In 
Column (3), I apply the Epanechnikov kernel with a bandwidth of 0.08 (Elder and Jepsen 2014; Silverman 
1986). I implement the propensity score and coarsened exact matching algorithm with the Stata commands 
-psmatch2- (Leuven and Sianesi 2003) and -cem- (Blackwell et al. 2010).  
45 δRmax=1 and the AET ratio are not directly comparable. In the case of unrestricted estimator, Oster (2019) 

considers proportional selection, importance of both coefficient and r-squared movements, and that 𝑅𝑚𝑎𝑥 

<1 or 𝑅𝑚𝑎𝑥 = 𝑘 ∗ �̃� obtained from the controlled regression. 
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individual level controls, Table 2-5 reports the values of r-squared are on average 1.4 

times lower than the application in Oster (2019). When I allow a greater value of Rmax, 

where 𝛿𝑘=2 and Rmax = 1 (following AET’s approach), my results in Table 2-9 Panels A 

and B suggest the employment and wage gaps are driven by selection. 

Even though AET and Oster (2019) assume equal selection (𝛿 = 1) as the 

appropriate cut-off, perhaps one should assume a higher degree of selection on 

unobservables that would explain away the treatment effect. In Table 2-9 Panel C, I 

adjust the value of 𝛿 (the relevance of unobserved variables) which would produce 𝛽 =

0 given k=1.3. I report that the estimates of 𝛽∗, the upper bound outcome differential, 

increasing the cut-off to 𝛿 = 2. I increase the value of 𝛿  from 1 (equal selection) to 2 by 

assuming selection on unobservables can be twice as strong as selection on 

observables to explain employment and wages. I report the values of 𝛽∗ start off at -1.7 

pps for employment and at -0.11 log units for annual wage conditional on equal selection. 

As I allow the degree of unobservables to increase, both upper bound values increase 

and that the outcome gaps are reduced to zero.  

Furthermore, Figure A 2-4 presents the values of 𝛽∗ ranging 𝛿 (proportional 

selection) from 1 to 2.25 by holding 𝑘 at 1.3, and ranging 𝑘 (explanatory power of the 

model) from 1.3 to 3.0 by holding 𝛿 at 1. When selection on unobservables is greater 

than double that of the observables, the standard errors increase and the coefficients for 

outcome gaps become implausibly large. The figure supports the notion that coefficient 

stability is more likely achieved if the initial explanatory power (r-squared) of the models 

are already high. 

In Figure 2-6 I provide a summary of estimates by methodology and specification. 

The approach of Oster (2019) (with the cut-off of 𝛿 = 1 and 𝑘 = 1.3) and matching 

methodologies yield similar estimates for employment and wage gaps. After I account 

for a greater degree of selection on unobservables, I find little evidence that economic 

migrants perform better than the asylum population, and that the negative differences in 

labour market outcomes are likely driven by selection bias. 

 

2.6.4.3 Country of birth fixed effects 

The nationality and country of birth of a person can be different, especially amongst 

naturalised citizens.46 Unlike most surveys that report a broader term ‘country of origin’ 

(for example, the European Labour Force Survey), I test the sensitivity of OLS results 

with the country of birth fixed effects. Table A 2-17 details both the magnitude of labour-

 

46 81.1% of the asylum population has the same country of birth and nationality. On the other hand, only 
25.8% of the economic migrants have the same country of birth and nationality. 
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market difference and explanatory power of the regressions are comparable to my 

referred results. Moreover, my results are similar when I include interactions of the 

asylum population and duration of stay (Table A 2-18) and by arrival cohorts (Table A 

2-19). Considering comparable coefficients and values of r-squared of the OLS 

controlled effects regression, specifications using country of birth fixed effects would 

yield comparable upper bound estimates. 

 

2.6.4.4 Conditional quantile regression 

Conditional quantile regression considers the relationship between treatment – whether 

an individual is an asylum seeker or economic migrant – and wage gap on the entire 

distribution. It is more robust to non-normal errors and outliers, whereas OLS only 

considers the mean effects (Koenker and Hallock 2001; Koenker 2005).47 Figure 2-7 

shows the pooled log annual wage gap is greater at the bottom of the distribution. It 

indicates the referred OLS results underestimate the wage differential at the 10th and 

25th quantiles, and overestimate at the 75th and 90th quantiles. In Table A 2-20, I present 

in detail that the estimates reject equality of the coefficients for the 25th quantile and the 

median, the 75th quantile and the median, and all the quantiles. Cross-section results are 

broadly comparable to the pooled estimates, with the exception that the lower end of the 

distribution (10th and 25th quantiles) have larger standard errors than other quantiles 

(Figure A 2-5 and Table A 2-21). This is consistent with my main results. I find that the 

asylum population is negatively selected into employment and that conventional 

methods could understate their labour-market disadvantages. 

 

2.6.4.5 Further sample restrictions 

Currently, the selection criteria for the main analysis is a minimum number of 10 asylum 

seekers and economic migrants of each nationality. To test the sensitivity of this criteria, 

I conduct my analysis by adjusting the criteria to 15 (with 45 nationalities) and 20 (with 

36 nationalities). Table A 2-22 shows my results are robust to the selection criteria. I 

indicate the nationalities excluded from these criteria in Table A 2-3.  

In the main analysis, I limit the sample to individuals between the working-age of 

18 and 65 years. To eliminate individuals who are attending universities and vocation 

training, and those who decide not to work, I consider an age restriction of 25 to 64 years 

old. Table A 2-23 reports my results are insensitive to the age restriction. The current 

wage regression includes those who receive unemployment benefits at some point in 

 

47 I did not apply unconditional quantile regression because my setting cannot satisfy its key assumption, 
which is independence between the error term and treatment (Firpo, Fortin, and Lemieux 2009). 
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the calendar year. To address the concern for measurement error in the wage 

regression, I exclude unemployment benefit recipients in Table A 2-24. The magnitude 

of the wage gap and the explanatory power of the regression remains stable. 

 

2.7 Conclusion  

This analysis documents the labour-market differences between the asylum population 

and economic migrants in Switzerland. Since asylum seekers and economic migrants 

are admitted for different reasons, productivity differences based on conventional human 

capital parameters would be inconsistent and are less meaningful. To assess selection 

on unobservables, I build on existing literature by calculating a bias-adjusted estimate 

and using nationality fixed effects. By linking administrative datasets, I am able to control 

for both cultural proximity (based on country of birth) and differences across nationalities 

to adjust for the ‘ethnic penalty’. The combination of the country of birth and nationality 

data is often unavailable in survey data.  

During the study period from 2010 to 2014, I show that the asylum-migrant 

employment differential (2.6%-9.3%) is lower than the European average, but the 

asylum-migrant wage gap (10.1%-17.1%) is comparable to the asylum-native wage gap 

in other European countries. My results signal that the Swiss labour-market can absorb 

asylum labour supply, but they would either require more work or higher wages to be as 

financially independent as economic migrants – which I cannot infer without social 

assistance data.  

Consistent with assimilation theory, I find the outcome gaps reduce in a concave 

manner – the fastest in the first 5-years and more slowly over time. Compared to other 

EU countries, the initial employment gap is less, but the catch-up process takes much 

longer in Switzerland. Importantly, the subgroup estimates suggest that cumulative 

disadvantage, unemployment scarring, and age at arrival can likely exacerbate the 

outcome differentials. A battery of robustness tests confirms the asylum population is 

negatively selected based on (observable and unobservable) skills. However, my point 

estimates are not entirely conclusive because selection and treatment effects are 

indistinguishable. 

The analysis is first to consider the ratio of selection on unobservables and 

observables to estimate the asylum-migrant outcome gaps. The method allows me to 

estimate a less biased labour-market difference as compared to the conventional least 

squares methods common in policy research. Building on this analysis, further studies 

and more data can help answer why the two groups are different and guide policy 

decisions. First, the incorporation of mental and physical health measures would 
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strengthen the explanatory power of the models. Second, changes in canton-specific 

policies may provide a creditable exogenous variation. Third, selection effects can be 

closely related to risk adversity and motivation (Caliendo et al. 2019; Jaeger et al. 2010). 

In an experimental setting, researchers can randomize individuals within the two 

populations to understand their beliefs and preferences.  

From a policy perspective, this paper reveals the importance of assessing the 

effect of selection in estimating labour-market differences. Considering negative 

selection is the most pronounced in the first six years of arrival, streamlining integration 

services immediately following arrival (e.g. vocational and language training, improve 

recognition of education and work experience from home country) would benefit the 

asylum population into the future. My findings parallel the efficiency argument to reduce 

institutional barriers (e.g. improve communications during the asylum-seeking process 

and reduce the waiting time).48 More importantly, the current pushback of the asylum 

population in EU policies may amplify the risk and vulnerability in their journeys and 

deteriorate their human capital capabilities. 

  

 

48 Asylum seekers in Sweden express ‘feelings of ambiguity and mistrust’ towards the Swedish health care 
system (Jonzon, Lindkvist, and Johansson 2015). In Switzerland, the reduction of waiting time increases 
employment, which help refugees transition through the state of limbo (Hainmueller, Hangartner, and 
Lawrence 2016).  
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Tables and Figures 

 
Figure 2-1 Log annual wage distribution for the asylum population, economic migrants, and natives, 2010-2014 

 
Notes: The histograms compare the log annual wage distribution between the asylum population and economic 
migrants (left), and between the asylum population and natives – Swiss-born or citizens (right). Source: Swiss 
Longitudinal Demographic Database 2010-2014. 
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Figure 2-2 Employment and wage gaps between the asylum population and economic migrants, 2010-2014 

 
Notes: The figures present the percentage point and log unit differences in employment probability (top) and log 
annual wage (bottom) in the cross-section and the pooled OLS models. The regressions are conditional on age, 
age squared, gender, education, country-of-birth, main language, household size, and fixed effects for outcome 
year, year-of-arrival cohort, canton, and nationality. In the cross-section regressions, I cluster the standard errors 
by canton and nationality. In the pooled OLS regressions, I apply multi-way cluster standard errors by individual, 
canton, and nationality. Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Figure 2-3 Employment and wage differences by year since arrival, 2010-2014 

 
Notes: The figures present the lower and upper bound percentage point and log unit differences in employment 
probability (top) and log annual wage (bottom) by year-of-arrival cohorts. The pooled OLS regression follows 
the base specification (except without year-of arrival cohort fixed effects). The model is conditional on age, age 
squared, gender, education, country-of-birth, main language, household size, duration of stay, and fixed effects 
for outcome year, canton, and nationality. I apply multi-way cluster standard errors at the year, canton, and 
nationality levels. Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Figure 2-4 Employment and wage differences among the recent arrivals (since 2006), 2010-2014 

 
Notes: The figures present the percentage point and log unit differences in employment probability (top) and log 
annual wage (bottom) amongst recent arrivals by outcome year and in the pooled OLS model. These 
regressions are conditional on age, age squared, gender, education, country-of-birth, main language, household 
size, duration of stay, and fixed effects for outcome year, canton, and nationality. In the cross-section 
regressions, I apply two-way cluster standard errors by canton and nationality. In the pooled OLS regressions, 
I apply multi-way cluster standard errors by individual, canton, and nationality. Source: Swiss Longitudinal 
Demographic Database 2010-2014. 
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Figure 2-5 Propensity score before and after matching, 2010-2014 

 
Notes: This figure presents the propensity scores of the treatment (the asylum population) and control (economic 
migrant) groups before and after the matching procedure. The logistic regression used to calculate the 
propensity scores is the controlled regression, which includes all individual level variables (age, age squared, 
gender, education, country-of-birth, main language, household size) and fixed effects (outcome year, canton, 
year-of-arrival cohort, and nationality). Standard errors are multi-way clustered by individual, canton, and 
nationality. Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Figure 2-6 Robustness tests: Summary of outcome differences by methods, 2010-2014 

 
Notes: This figure illustrates a summary of the employment (top row) and wage gaps (bottom row) by different 
methodology. The first column presents the OLS estimates, the bias-adjusted results by changing the values of 
k, and the coefficients by adjusting the values of 𝛿. The second column presents the coefficients from propensity 
scores and coarsened exact matching (from Table 2-8). These regressions are conditional on age, age squared, 
gender, education, country-of-birth, main language, household size, and fixed effects for outcome year, year-
of-arrival cohort, canton, and nationality. I apply multi-way cluster standard errors by individual, canton, and 
nationality. Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Figure 2-7 Conditional quantile regression on log annual wage gap, 2010-2014 

 
Notes: This figure shows how the pooled log annual wage gap varies over quantiles, and how the magnitudes 
of the differential at various quantiles differ from the pooled OLS coefficient. These regressions are conditional 
on age, age squared, gender, education, country-of-birth, main language, household size, and fixed effects for 
outcome year, year-of-arrival cohort, canton, and nationality. I apply multi-way cluster standard errors by 
individual, canton, and nationality. Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Table 2-1 Annual employment rate and wages, 2010 – 2014  

  Asylum Population   Economic Migrant   

Year Employment rate, % Annual wage, CHF Employment rate, % Annual wage, CHF 

2010 47.4 39,189  67.2 55,152  

2011 50.6 39,232  68.8 55,872  

2012 51.6 40,111  69.6 56,969  

2013 53.0 40,393  69.7 57,624  

2014 54.0 40,577  68.4 58,040  

5-year 
average  

51.3 39,900  68.7 56,731  

Note: Employment is defined as non-zero income and being absent from the unemployment register in the 
calendar year. Thus, individual i) who is employed for part of the year but is receiving unemployment 
insurance for some time in the year or ii) is inactive, would be considered as non-employed. Even though 
economic migrants necessarily enter Switzerland with a job, they could be unemployed sometime in the year, 
or they can be students (i.e. inactive). Source: Swiss Longitudinal Demographic Database 2010-2014.  
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Table 2-2 Descriptive statistics, 2010-2014  

  Asylum population Economic migrant 

Demographic characteristics Mean Standard 
Deviation 

Mean Standard 
Deviation 

Female 0.41 0.49 0.56 0.50 

Year of arrival 1999 7.41 1997 9.55 

Age  41.65 11.53 42.70 11.92 

Age of arrival 28.52 10.04 27.21 11.05 

Highest education: Primary 0.65 0.48 0.44 0.50 

Highest education: Secondary 0.25 0.43 0.34 0.47 

Highest education: Tertiary 0.11 0.31 0.22 0.42 

Main language: No match (excl. English) 0.54 0.50 0.41 0.49 

Main language: Match 0.45 0.50 0.55 0.50 

Main language: English 0.02 0.14 0.04 0.20 

Household size 1.68 1.35 1.63 1.19 

Country of birth: non-EU 0.99 0.09 0.84 0.37 

Country of birth: EU member states 0.00 0.05 0.10 0.30 

Country of birth: neighbors (inc. Swiss) 0.01 0.08 0.06 0.24 

Timing of arrival (former Yugoslavia nationals):       

Former Yugoslavia nationals 0.21 0.41 0.37 0.48 

Arrived before the wars 0.03 0.18 0.23 0.42 

Arrived during the wars 0.80 0.40 0.50 0.50 

Arrived after the wars 0.16 0.37 0.27 0.45 

Length-of-stay indicators:         

Recent arrivals (since 2006) 0.24 0.43 0.21 0.40 

Permit N or F 0.19 0.40 0.00 0.00 

Permit C 0.47 0.50 0.44 0.50 

Naturalised citizen 0.09 0.29 0.38 0.49 

Residential location characteristics:         

Rural municipalities 0.13 0.34 0.17 0.37 

Romance region 0.37 0.48 0.34 0.47 

Notes: Country of birth: neighbours (inc. Swiss) include Austria, France, Italy, and Switzerland. The 
Yugoslavia wars took place between 1991 and 2001. Source: Swiss Longitudinal Demographic Database 
2010-2014.  
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Table 2-3 Top 10 nationalities in the sample, 2010-2014  

    Observations   % within nationality 

Rank Nationality Asylum Migrant Total Asylum Migrant 

1 Switzerland 3,911 165,012 168,923 2.3 97.7 

2 Serbia 3,925 49,825 53,750 7.3 92.7 

3 Kosovo 2,866 37,666 40,532 7.1 92.9 

4 Turkey 6,624 27,492 34,116 19.4 80.6 

5 Macedonia 231 31,168 31,399 0.7 99.3 

6 Bosnia and 
Herzegovina 

4,458 17,485 21,943 20.3 79.7 

7 Croatia 201 19,037 19,238 1.0 99.0 

8 Sri Lanka 8,473 4,916 13,389 63.3 36.7 

9 Russia 365 7,418 7,783 4.7 95.3 

10 China 1,249 5,058 6,307 19.8 80.2 

All Total 54,994 417,046 472,040 11.7 88.4 

Notes: I report the nationality of individuals in the study period (2010-2014). A total of 51 nationalities are 
included in the main analysis. This includes a total of 472,042 person-year observations from 2010 to 
2014, of which 417,046 observations are economic migrants and 54,994 observations are asylum 
seekers. The within-nationality percentages are presented. Source: Swiss Longitudinal Demographic 
Database 2010-2014 
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Table 2-4 Labour-market differences between the asylum population and economic migrants, 2010-2014 

Outcome Probability of employment Log annual wage 

  (1) (2) (3) (4)  
Base Control Base Control 

          
Asylum population -0.130*** -0.060*** -0.323*** -0.188***  

(0.004) (0.005) (0.010) (0.012) 
Female 

 
-0.123*** 

 
-0.629***   

(0.002) 
 

(0.006) 
Age 

 
0.044*** 

 
0.147***   

(0.001) 
 

(0.002) 
Age-squared 

 
-0.001*** 

 
-0.002***   

(0.000) 
 

(0.000) 
Education, Secondary 

 
0.070*** 

 
0.161***   

(0.003) 
 

(0.006) 
Education, Tertiary 

 
0.102*** 

 
0.488***   

(0.003) 
 

(0.009) 
Main language, of the municipality 

 
0.044*** 

 
0.101***   

(0.003) 
 

(0.006) 
Main language, English 

 
0.004 

 
0.297***   

(0.007) 
 

(0.019) 
Household size  

 
-0.005*** 

 
-0.013***   

(0.001) 
 

(0.002) 
EU-born, member states 

 
0.067*** 

 
0.153***   

(0.005) 
 

(0.012) 
EU-born, neighbours (including Swiss) 

 
0.082*** 

 
0.185***   

(0.006) 
 

(0.014)   
  

  

Observations 472,040 472,040 350,631 350,631 
R-squared 0.008 0.113 0.009 0.220 
Individual characteristics No Yes No Yes 
Fixed effects (outcome year) Yes Yes Yes Yes 
Fixed effects (arrival cohort, canton, 
nationalities) 

No Yes Yes Yes 

Sample mean 0.642 0.642 10.52 10.52 

Notes: Multi-way cluster standard errors at individual, canton, and nationality level in parentheses. *** 
p<0.01 ** p<0.05 * p<0.1. See Table A 2-1 for a detailed description of the variables. Source: Swiss 
Longitudinal Demographic Database 2010-2014. 
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Table 2-5 Bias adjusted labour-market differences, 2010-2014  

  (1) (2) (3) (4) (5) (6) 

  Baseline Effect Controlled Effect 𝛽∗ for 𝛿 =1 𝛿 for 𝛽=0 Null reject? N 

Outcome   (Std. Error), [R2] (Std. Error), [R2] Given k=1.3 (Std. Error) Given k=1.3 𝛿 >1   

Probability of employment  -0.130*** (0.004) [0.010] -0.060*** (0.005) [0.113] -0.017** (0.006) 1.296 Yes 472,040 

Log wage, annual -0.323*** (0.010) [0.010] -0.188*** (0.012) [0.220] -0.106*** (0.017) 1.853 Yes 350,631 

Notes: Baseline effect only controls for outcome year fixed effects. The controlled effect includes all the individual level control variables (female, age, age squared, 
education attainment, main language, household size, country of birth) and fixed effects (outcome year, year-of-arrival cohort, canton, nationality). Column (3) is the upper 

bound of the treatment estimate (the difference between the asylum population and economic migrant) calculated based on 𝛿=1 and 𝑅𝑚𝑎𝑥 given by 𝑘 ∗ �̃�. �̃� is the value 

of r-squared from the controlled regression. Column (4) presents the value of 𝛿 (the relevance of unobserved variables) which would produce 𝛽=0 given 𝑅𝑚𝑎𝑥=1.3*�̃�. 

Standard errors in Columns (1) and (2) are clustered at the individual, canton, and nationality level. Standard errors for 𝛽∗ in Column (3) are bootstrapped with 200 samples 
draw with replacement within individual, canton, and nationality clusters. *** p<0.01 ** p<0.05 * p<0.1. Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Table 2-6 The interaction of labour-market differences and duration of stay, 2010-2014  

Outcome Probability of employment Log annual wage  
(1) (2) (3) (4)  
All Recent All Recent 

          

Asylum population  -0.122*** -0.247*** -0.394*** -0.835***  
(0.009) (0.013) (0.026) (0.068) 

Duration of stay 0.005*** 0.028*** 0.012*** 0.063***  
(0.000) (0.001) (0.000) (0.004) 

Asylum population X Duration of stay 0.005*** 0.036*** 0.014*** 0.089***  
(0.001) (0.003) (0.001) (0.012)      

Observations 472,040 99,369 350,631 64,852 

R-squared 0.108 0.141 0.219 0.265 

Individual characteristics Yes Yes Yes Yes 

Fixed effects (outcome year, canton, 
nationality) 

Yes Yes Yes Yes 

Fixed effects (arrival cohort) No No No No 

Sample mean 0.642 0.538 10.52 10.36 

Notes: Individual level controls include female, age, age squared, education attainment, main language, 
household size, country of birth. Multi-way cluster standard errors at individual, canton, and nationality 
level in parentheses. *** p<0.01 ** p<0.05 * p<0.1. See Table A 2-1 for a detailed description of the 
variables. Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Table 2-7 Labour-market differences and interaction with subgroup identity, 2010-2014  

  (1) (2) (3) (4)  
Employment (Std. Error) Log annual 

wage 
(Std. Error) 

Panel A: Age at arrival [Emp r2=0.095; Wage r2=0.193]       

Asylum population -0.163*** (0.014) -0.322*** (0.050) 

Age arrive 10-20 years 0.065*** (0.005) 0.356*** (0.013) 

Age arrive 21-30 years 0.076*** (0.005) 0.499*** (0.013) 

Age arrive 31-40 years 0.008* (0.005) 0.518*** (0.013) 

Age arrive 41-50 years -0.055*** (0.006) 0.569*** (0.018) 

Age arrive 51 years and above -0.110*** (0.010) 0.543*** (0.032) 

Asy.Pop. X 10-20 years 0.090*** (0.017) 0.144*** (0.055) 

Asy.Pop. X 21-30 years 0.116*** (0.016) 0.223*** (0.052) 

Asy.Pop. X 31-40 years 0.113*** (0.016) 0.097* (0.053) 

Asy.Pop. X 41-50 years 0.068*** (0.019) -0.260*** (0.065) 

Asy.Pop. X 51 years and above 0.025 (0.029) -0.389*** (0.150) 

Panel B: Gender [Emp r2=0.113; Wage r2=0.220]       

Asylum population -0.058*** (0.006) -0.211*** (0.013) 

Female -0.123*** (0.002) -0.635*** (0.006) 

Asy.Pop. X Female -0.004 (0.007) 0.062*** (0.021) 

Panel C: Recent [Emp r2=0.109; Wage r2=0.215]       

Asylum population -0.046*** (0.005) -0.174*** (0.012) 

Recent -0.114*** (0.003) -0.169*** (0.009) 

Asy.Pop. X Recent arrivals (>2006) -0.063*** (0.009) -0.207*** (0.030) 

Panel D: Former Yugoslavia [Emp r2=0.112; Wage r2=0.213]     

Asylum population -0.103** (0.044) -0.290** (0.114) 

Arrived during the wars -0.194*** (0.018) -0.563*** (0.041) 

Arrived after the wars -0.199*** (0.012) -0.612*** (0.028) 

Asy.Pop. X during the wars (1991-2001) 0.032 (0.045) 0.088 (0.116) 

Asy.Pop. X after the wars (>2001) 0.014 (0.047) -0.020 (0.125) 

Observations 472,040 350,631 

Notes: Each panel presents a separate regression. Asy.Pop. is the abbreviation of the asylum population. 
Panel F is restricted to former Yugoslavia nations, N=350,631 in the employment regression, and 
N=125,391 in the wage regression. The comparison groups are the age of arrival between 0 and 9 years 
(vs. others), male (vs. female), the full sample (vs. recent arrivals), former Yugoslavia nationals who 
arrived before the wars (vs. the rest). Multi-way cluster standard errors at individual, canton, and 
nationality level in parentheses. *** p<0.01 ** p<0.05 * p<0.1. See Table A 2-1 for a detailed description 
of the variables. Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Table 2-8 Robustness test: Matching results, 2010-2014  

Matching method Propensity score matching Coarsened exact matching 

  (1) (2) (3) (4) (5) 

  Nearest 
neighbor 
(n=4)  

Caliper/ 
radius 

Kernel Pre-arrival 
covariates 

All 
covariates 

Employment -0.014*** -0.013*** -0.018*** -0.096*** -0.097***  
(0.004) (0.004) (0.003) (0.002) (0.003) 

Log annual wage -0.083*** -0.080*** -0.095*** -0.156*** -0.177***  
(0.009) (0.009) (0.008) (0.005) (0.006)       

N asylum population 35,810 35,810 35,810 54,994  39,736 

N economic migrants 313,286 313,286 313,286 405,831 197,258 

Notes: The estimated propensity scores compare the outcome of individuals in the treatment group 
(asylum seeker) to the control group (economic migrants). The propensity scores are created based on 
the controlled regression. Standard errors are in parentheses and they are clustered at the individual, 
canton, and nationality levels. *** p<0.01 ** p<0.05 * p<0.1 Source: Swiss Longitudinal Demographic 
Database 2010-2014. 
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Table 2-9 Robustness test: Adjusting assumptions and the AET ratio, 2010-2014  

  (1) (2) 

  Probability of employment Log annual wage 

Panel A: 𝛿 by adjusting the value of 𝑅𝑚𝑎𝑥, for 𝛽 = 0   

k=2 0.397 0.566 

Panel B: AET ratio     

AET ratio 0.051*** 0.157***  
(0.005) (0.012) 

Panel C: 𝛽∗by adjusting the value of 𝛿, for 𝛽 = 0 given 𝑘 = 1.3   

𝛿 =1 -0.017*** -0.106***  
(0.007) (0.017) 

𝛿 =1.25 -0.003 -0.080***  
(0.008) (0.018) 

𝛿 =1.5 0.013 -0.050**  
(0.009) (0.022) 

𝛿 =1.75 0.033*** -0.016  
(0.010) (0.022) 

𝛿 =2 0.057*** 0.025 

  (0.013) (0.027) 

Notes: Panel A presents the value of 𝛿 (the relevance of unobserved variables) which would produce 𝛽 =
0 given a higher value of 𝑅𝑚𝑎𝑥 at 2*�̃�. In Panel B, the estimates for the AET ratio are obtained from 
dividing OLS estimate by estimated bias following Elder and Jepsen (2014). Bootstrapped standard errors 
in parentheses with 200 samples drawn with replacement within individual, canton, and nationality 
clusters. *** p<0.01 ** p<0.05 * p<0.1. Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Appendix  

 

Figure A 2-1 The distribution of log annual wage between natives and economic migrants, 2010-2014 

 

Notes: The blue line describes the kernel density distribution of log annual wage for Swiss natives. The red line 
describes the wage distribution for economic migrants. Source: Swiss Longitudinal Demographic Database 2010-
2014. 
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Figure A 2-2 Former Yugoslavia nationals by year of arrival 

 

Notes: The vertical lines indicate the first year for the implementation of the random assignment policy for asylum 
seekers in 1988, and the Yugoslav Wars between 1991 and 2001. Source: Swiss Longitudinal Demographic 
Database 2010-2014. 
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Figure A 2-3 Robustness test: Standardized bias across covariates, 2010-2014 

 

Notes: This figure presents the standardized bias across all observable control variables among the matched and 
unmatched sample. The logistic regression used to calculate the propensity scores is the controlled effect 
regression, which includes all individual level variables (age, age squared, gender, education, country-of-birth, 
main language, household size) and fixed effects (outcome year, canton, and nationality). Standard errors are 
multi-way clustered by individual, canton, and nationality. Source: Swiss Longitudinal Demographic Database 
2010-2014. 
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Figure A 2-4 Changes in upper bound (β*) by adjusting δ (where k=1.3) and k (where δ=1) 

 

Notes: The top figure describes the upper bound estimates when I adjust the value of 𝛿 (proportional selection) by 

setting k=1.3. The bottom figure describes the upper bound estimates when I adjust the value of Rmax (through k) 

up to 1. Standard errors (shaded) for 𝛽∗ are bootstrapped with 100 samples draw with replacement within individual, 
canton, and nationality clusters. Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Figure A 2-5 Conditional quantile regression on log annual wage, pooled and cross-section, 2010-2014 

 

Notes: This figure shows how the log annual wage differential varies over quantiles, and how the magnitudes of 
the differential at various quantiles differ from the OLS coefficient. The figure in the top left shows the pooled 
quantile results, and it proceeds to cross-section results from 2010 (top right) to 2014 (bottom right). These 
regressions are conditional on age, age squared, gender, education, country-of-birth, main language, household 
size, and fixed effects for outcome year, year-of-arrival cohort, canton, and nationality. I apply multi-way cluster 
standard errors by individual, canton, and nationality. Source: Swiss Longitudinal Demographic Database 2010-
2014.  
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Table A 2-1 Complete list of variables  

Description  Definition min, max  Source 

Outcome 

Employment Employment is being defined as individuals who were 
not receiving unemployment (full or partial) benefits in 
the outcome year. At the same time, they earn non-
zero income as reported in the social security register 
from the Central Compensation Office. 

[0,1] Unemployment 
register 
(PLASTA), social 
security register 
(CCO) 

Annual wage  Natural log of annual wage. (0, 16.93) Social security 
register (CCO) 

Variable of interest 

Asylum 
population  

1 = Asylum population; 0= Economic migrants. (0,1) ZEMIS, 
STATPOP 

Individual characteristics 

Education 
attainment 

This is classified into three levels: primary, secondary, 
and tertiary. Thus, the comparison groups for 
secondary and tertiary education are primary 
education. 

[1,2,3] Structural Survey 

Gender  0= Male; 1= Female. [1,2] STATPOP 

Age Between 18-65 years. (18,65) STATPOP 

Age squared Age-squared to illustrate the diminishing relationship 
between age and labour-market outcomes. 

(344,4225) STATPOP 

Main 
language 

0 = No language match; 1 = Perfect language match 
when one’s main language is German, French, or 
Italian, and that matches with the main language of the 
municipality; 2 = English as the main language. 

[0,1,2] Structural Survey 

Household 
size 

The number of persons living in the same house. Note 
that this does not necessarily indicate family members. 
I capped it at 6 individuals. 

(1,...,6) STATPOP 

Country of 
birth 

0 = Born outside of EU; 1 = Born within the European 
Union; 2 = Born in the neighbouring countries (i.e. 
France, Italy, Austria) or Switzerland. 

[0,1,2] ZEMIS, 
STATPOP 

Fixed effects 

Outcome year Outcome year between 2010 and 2014. [2010,…,2014] Structural Survey 

Canton of 
residence 

26 cantons of Switzerland.  [1,…, 26] STATPOP 

Nationality The 51 nationalities with at least 10 economic migrants 
and asylum seekers in the study period. 

[1,…, 47] ZEMIS, 
STATPOP 

Arrival cohort Individuals arrived from 1948 to 2014. The population 
is divided into 9 cohorts based on the year of arrival. 

[1,…, 9] ZEMIS 

Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Table A 2-2 The distribution of asylum population across Swiss cantons  

Canton Proportion of asylum 
seekers, in per cent 

  Canton Proportion of asylum 
seekers, in per cent 

Zurich (ZH) 17.0 
 

Schaffhouse (SH) 1.1 

Berne (BE) 13.5 
 

Appenzell Rh.-Ext. (AR) 0.8 

Lucerne (LU) 4.9 
 

Appenzell Rh.-Int. (AI) 0.2 

Uri (UR) 0.5 
 

Saint-Gallen (SG) 6.0 

Schwyz (SZ) 1.8 
 

Grisons (GR) 2.7 

Unterwald-le-Haut (OW) 0.5 
 

Argovie (AG) 7.7 

Unterwald-le-Bas (NW) 0.5 
 

Thurgovie (TG) 2.8 

Glaris (GL) 0.6 
 

Tessin (TI) 3.9 

Zoug (ZG) 1.4 
 

Vaud (VD) 8.4 

Fribourg (FR) 3.3 
 

Valais (VS) 3.9 

Soleure (SO) 3.5 
 

Neuchâtel (NS) 2.4 

Bâle-Ville (BS) 2.3 
 

Genève (GE) 5.6 

Bâle-Campagne (BL) 3.7   Jura (JU) 1.0 

Source: State Secretariat of Migration (2018).  
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Table A 2-3 Nationalities of the asylum population and economic migrants, ranked, 2010-2014  

    Observations % within nationality 

Rank Nationality Asylum Migrant Total Asylum Migrant 

1 Switzerland 3,911 165,012 168,923 2.3 97.7 
2 Serbia 3,925 49,825 53,750 7.3 92.7 
3 Kosovo 2,866 37,666 40,532 7.1 92.9 
4 Turkey 6,624 27,492 34,116 19.4 80.6 
5 Macedonia 231 31,168 31,399 0.7 99.3 
6 Bosnia and Herzegovina 4,458 17,485 21,943 20.3 79.7 
7 Croatia 201 19,037 19,238 1.0 99.0 
8 Sri Lanka 8,473 4,916 13,389 63.3 36.7 
9 Russia 365 7,418 7,783 4.7 95.3 
10 China 1,249 5,058 6,307 19.8 80.2 
11 Romania** 72 5,977 6,049 1.2 98.8 
12 Eritrea 5,070 807 5,877 86.3 13.7 
13 Hungary* 30 5,803 5,833 0.5 99.5 
14 India* 38 5,372 5,410 0.7 99.3 
15 Tunisia 407 4,276 4,683 8.7 91.3 
16 Iraq 3,139 754 3,893 80.6 19.4 
17 Colombia 303 3,167 3,470 8.7 91.3 
18 Cameroon 170 3,120 3,290 5.2 94.8 
19 Congo (Kinshasa) 1,216 1,649 2,865 42.4 57.6 
20 Algeria 239 2,548 2,787 8.6 91.4 
21 Iran 1,179 1,289 2,468 47.8 52.2 
22 Chile 104 2,328 2,432 4.3 95.7 
23 Vietnam 740 1,589 2,329 31.8 68.2 
24 Afghanistan 1,886 380 2,266 83.2 16.8 
25 Somalia 1,948 198 2,146 90.8 9.2 
26 Angola 1,345 537 1,882 71.5 28.5 
27 Ethiopia 942 618 1,560 60.4 39.6 
28 Pakistan 197 1,271 1,468 13.4 86.6 
29 Syria 971 472 1,443 67.3 32.7 
30 Nigeria** 64 1,215 1,279 5.0 95.0 
31 Egypt* 40 1,143 1,183 3.4 96.6 
32 Montenegro** 64 1,105 1,169 5.5 94.5 
33 Côte d'Ivoire 100 955 1,055 9.5 90.5 
34 Bangladesh 97 883 980 9.9 90.1 
35 Togo 515 464 979 52.6 47.4 
36 Central Serbia** 79 797 876 9.0 91.0 
37 Albania* 40 798 838 4.8 95.2 
38 Guinea 116 478 594 19.5 80.5 
39 Cambodia 215 309 524 41.0 59.0 
40 Armenia 138 235 373 37.0 63.0 
41 Congo (Brazzaville) 141 231 372 37.9 62.1 
42 Mongolia* 55 301 356 15.4 84.6 
43 Georgia** 85 206 291 29.2 70.8 
44 Libya 148 103 251 59.0 41.0 
45 Rwanda 148 103 251 59.0 41.0 
46 Yemen* 199 47 246 80.9 19.1 
47 Sudan 117 101 218 53.7 46.3 
48 Burundi** 120 81 201 59.7 40.3 
49 Azerbaijan** 77 113 190 40.5 59.5 
50 Laos** 65 80 145 44.8 55.2 
51 Tibet** 72 66 138 52.2 47.8 

All Total 54,994 417,046 472,040 11.7 88.4 

Note: A total of 51 nationalities are included in the main analysis. This includes a total of 876,071 
foreigners from 2010 to 2014, of which 814,691 are economic migrants and 61,380 had/ have been 
asylum seekers. Within-nationality percentages are presented. A total of 6 nationalities (*) are excluded 
in the robustness test with criteria of a minimum of 15 foreigners of each group per calendar year. A total 
of 9 additional nationalities (**) are excluded in the robustness test with criteria of a minimum of 20 
foreigners of each group per calendar year. Source: Swiss Longitudinal Demographic Database 2010-
2014. 
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Table A 2-4 The interaction between employment differential and policy period, 2010-2104  

Outcome Probability of employment 

  (1) (2) (3) (4) (5) (6)  
2010 2011 2012 2013 2014 pool 

              

Asylum population -0.065*** -0.061*** -0.062*** -0.060*** -0.055*** -0.060***  
(0.009) (0.009) (0.008) (0.007) (0.008) (0.005) 

Pre-assignment policy (<1988) 0.002 0.007 0.005 -0.008 0.009 0.004  
(0.013) (0.012) (0.011) (0.012) (0.012) (0.010) 

Asylum population  -0.004 0.011 0.015 0.018 0.024 0.012 

X Pre-assignment policy(<1988) (0.022) (0.025) (0.023) (0.024) (0.025) (0.018)        

Observations 92,798 94,742 95,504 95,125 93,871 472,040 

R-squared 0.122 0.120 0.122 0.110 0.097 0.113 

Individual characteristics Yes Yes Yes Yes Yes Yes 

Fixed effects (arrival cohort, 
canton, nationality) 

Yes Yes Yes Yes Yes Yes 

Fixed effects (outcome year) No No No No No Yes 

Sample mean 0.628 0.639 0.643 0.649 0.648 0.642 

Note: Pre-assignment policy is a dummy variable indicating 1 for individuals arrived before 1988, since 
then asylum seekers are randomly assigned across cantons. Individual level controls include female, age, 
age squared, education attainment, main language, household size, country of birth. Columns (1) to (5) 
are cross-section models with two-way cluster standard errors at canton and nationality level in 
parentheses. Column (6) is a pooled OLS model with multi-way cluster standard errors at individual, 
canton, and nationality level in parentheses. *** p<0.01 ** p<0.05 * p<0.1. See Table A 2-1 for a detailed 
description of the variables. Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Table A 2-5 The interaction between wage differential and policy period, 2010-2014  

Outcome Log annual wage 

  (1) (2) (3) (4) (5) (6)  
2010 2011 2012 2013 2014 pool 

              

Asylum population -0.203*** -0.207*** -0.199*** -0.187*** -0.164*** -0.192***  
(0.026) (0.026) (0.025) (0.024) (0.020) (0.012) 

Pre-assignment policy (<1988) 0.000 0.012 -0.005 0.049* 0.033 0.018  
(0.035) (0.029) (0.029) (0.026) (0.032) (0.022) 

Asylum population  0.074 0.076 0.115** 0.048 0.075 0.075* 

X Pre-assignment policy(<1988) (0.045) (0.053) (0.049) (0.053) (0.057) (0.039)        

Observations 68,264 70,363 70,869 71,101 70,034 350,631 

R-squared 0.225 0.225 0.221 0.218 0.219 0.220 

Individual characteristics Yes Yes Yes Yes Yes Yes 

Fixed effects (arrival cohort, 
canton, nationality) 

Yes Yes Yes Yes Yes 
 

Fixed effects (outcome year) No No No No No 
 

Sample mean 10.49 10.50 10.53 10.54 10.55 10.52 

Note: Pre-assignment policy is a dummy variable indicating 1 for individuals arrived before 1988, since 
then asylum seekers are randomly assigned across cantons. Individual level controls include female, age, 
age squared, education attainment, main language, household size, country of birth. Columns (1) to (5) 
are cross-section models with two-way cluster standard errors at canton and nationality level in 
parentheses. Column (6) is a pooled OLS model with multi-way cluster standard errors at individual, 
canton, and nationality level in parentheses. *** p<0.01 ** p<0.05 * p<0.1. See Table A 2-1 for a detailed 
description of the variables. Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Table A 2-6 Robustness test: The inclusion of different fixed effects, 2010-2014  

Outcome Probability of employment Log annual wage  
(1) (2) (3) (4) (5) (6)  

Control Fe1 Fe2 Control Fe1 Fe2 

              

Asylum population -0.060*** -0.074*** -0.058*** -0.188*** -0.219*** -0.181***  
(0.005) (0.005) (0.005) (0.012) (0.012) (0.012)    

  
   

Observations 472,040 472,040 472,040 350,631 350,631 350,631 

R-squared 0.113 0.120 0.115 0.220 0.227 0.223 

Individual characteristics Yes Yes Yes Yes Yes Yes 

Fixed effects (outcome year, 
arrival cohort, canton, 
nationality) 

Yes Yes Yes Yes Yes Yes 

Fixed effects (arrival cohort X 
nationality) 

No Yes Yes No Yes Yes 

Fixed effects (arrival cohort X 
canton) 

No No Yes No No Yes 

Sample mean 0.642 0.642 0.642 10.52 10.52 10.52 

Note: Individual level controls include female, age, age squared, education attainment, main language, 
household size, country of birth. Multi-way cluster standard errors at individual, canton, and nationality 
level in parentheses. *** p<0.01 ** p<0.05 * p<0.1. See Table A 2-1 for a detailed description of the 
variables. Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Table A 2-7 Robustness test: Pooled OLS, logit, and probit results, 2010-2014 

Outcome Probability of employment 

  (1) (2) (3) (4) (5) (6)  
OLS  
Base 

Logit  
Base 

Probit 
Base 

OLS 
Control 

Logit 
Control 

Probit 
Control 

              

Asylum population -0.130*** -0.124*** -0.125*** -0.060*** -0.056*** -0.057***  
(0.004) (0.004) (0.004) (0.005) (0.004) (0.004)    

  
   

Observations 472,040 472,040 472,040 472,040 472,040 472,040 

R-squared 0.008 
 

  0.113 
  

Individual characteristics No No No Yes Yes Yes 

Fixed effects (arrival cohort, 
canton, nationality) 

No No No Yes Yes Yes 

Fixed effects (outcome year) Yes Yes Yes Yes Yes Yes 

Sample mean 0.642 0.642 0.642 0.642 0.642 0.642 

Note: Individual level controls include female, age, age squared, education attainment, main language, 
household size, country of birth. Multi-way cluster standard errors at individual, canton, and nationality 
level in parentheses. *** p<0.01 ** p<0.05 * p<0.1. See Table A 2-1 for a detailed description of the 
variables. Source: Swiss Longitudinal Demographic Database 2010-2014. 

 

 

Table A 2-8 Employment differences, cross-section and pooled results, 2010-2014  

Outcome Probability of employment 

  (1) (2) (3) (4) (5) (6)  
2010 2011 2012 2013 2014 pool 

              

Asylum population -0.066*** -0.060*** -0.061*** -0.059*** -0.053*** -0.060***  
(0.008) (0.009) (0.008) (0.007) (0.008) (0.005)        

Observations 92,798 94,742 95,504 95,125 93,871 472,040 

R-squared 0.122 0.120 0.122 0.110 0.097 0.113 

Individual characteristics Yes Yes Yes Yes Yes Yes 

Fixed effects (arrival cohort, 
canton, nationality) 

Yes Yes Yes Yes Yes Yes 

Fixed effects (outcome year) No No No No No Yes 

Sample mean 0.628 0.639 0.643 0.649 0.648 0.642 

Note: Individual level controls include female, age, age squared, education attainment, main language, 
household size, country of birth. Columns (1) to (5) are cross-section models with two-way cluster 
standard errors at canton and nationality level in parentheses. Column (6) is a pooled OLS model with 
multi-way cluster standard errors at individual, canton, and nationality level in parentheses. *** p<0.01 ** 
p<0.05 * p<0.1. See Table A 2-1 for a detailed description of the variables. Source: Swiss Longitudinal 
Demographic Database 2010-2014. 
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Table A 2-9 Annual wage differences, cross-section and pooled results, 2010-2014  

Outcome Log annual wage 

  (1) (2) (3) (4) (5) (6)  
2010 2011 2012 2013 2014 pool 

              

Asylum population -0.199*** -0.203*** -0.192*** -0.185*** -0.160*** -0.188***  
(0.026) (0.026) (0.024) (0.024) (0.020) (0.012)        

Observations 68,264 70,363 70,869 71,101 70,034 350,631 

R-squared 0.225 0.225 0.221 0.218 0.219 0.220 

Individual characteristics Yes Yes Yes Yes Yes Yes 

Fixed effects (arrival cohort, 
canton, nationality) 

Yes Yes Yes Yes Yes Yes 

Fixed effects (outcome year) No No No No No Yes 

Sample mean 10.49 10.50 10.53 10.54 10.55 10.52 

Note: Individual level controls include female, age, age squared, education attainment, main language, 
household size, country of birth. Columns (1) to (5) are cross-section models with two-way cluster 
standard errors at canton and nationality level in parentheses. Column (6) is a pooled OLS model with 
multi-way cluster standard errors at individual, canton, and nationality level in parentheses. *** p<0.01 ** 
p<0.05 * p<0.1. See Table A 2-1 for a detailed description of the variables. Source: Swiss Longitudinal 
Demographic Database 2010-2014. 
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Table A 2-10 The interaction of outcome differences and duration of stay dummy variables, 2010-2014  

Outcome Employment Log annual wage 
 

(1) (2) 

  Full 
sample 

(Std. Error) Full 
sample 

(Std. Error) 

Asylum population -0.191*** (0.009) -0.618*** (0.043) 

4-6 years 0.076*** (0.004) 0.192*** (0.010) 

7-8 years 0.103*** (0.005) 0.189*** (0.012) 

9-10 years 0.122*** (0.005) 0.203*** (0.012) 

11-14 years 0.142*** (0.004) 0.228*** (0.012) 

15-19 years 0.176*** (0.004) 0.276*** (0.011) 

20 years + 0.174*** (0.004) 0.378*** (0.012) 

Asylum population X 4-6 years 0.125*** (0.009) 0.237*** (0.041) 

Asylum population X 7-8 years 0.150*** (0.013) 0.428*** (0.048) 

Asylum population X 9-10 years 0.158*** (0.013) 0.439*** (0.048) 

Asylum population X 11-14 years 0.145*** (0.011) 0.427*** (0.046) 

Asylum population X 15-19 years 0.125*** (0.011) 0.454*** (0.045) 

Asylum population X 20 years + 0.161*** (0.011) 0.494*** (0.045)   
  

  

Observations 472,040 350,631 

R-squared 0.113 0.220 

Individual characteristics Yes Yes 

Fixed effects (outcome year, canton, nationality) Yes Yes 

Fixed effects (arrival cohort) No No 

Sample mean 0.642 10.52 

Note: The controlled regression includes female, age, age squared, education attainment, main language, 
household size, country of birth and fixed effects (outcome year, year of arrival cohort, canton, nationality). 
Multi-way cluster standard errors at individual, canton, and nationality level in parentheses. *** p<0.01 ** 
p<0.05 * p<0.1. See Table A 2-1 for a detailed description of the variables. Source: Swiss Longitudinal 
Demographic Database 2010-2014. 
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Table A 2-11 Bias-adjusted employment differences by years since arrival, 2010-2014  

Outcome Probability of employment           

  (1) (2) (3) (4) (5) (6) (7)  
1-3 years 4-6 years 7-8 years 9-10 years 11-14 years 15-19 years 20 years + 

                

Asylum population  -0.156*** -0.091*** -0.073*** -0.077*** -0.065*** -0.060*** -0.026***  
(0.011) (0.013) (0.014) (0.012) (0.009) (0.009) (0.010)         

β* for δ=1, given k=1.3 0.026 0.017 -0.033* -0.051*** -0.033*** -0.030*** -0.018  
(0.027) (0.029) (0.019) (0.016) (0.011) (0.011) (0.013)         

δ for β=0, given k=1.3 0.906 0.911 1.520 2.118 1.749 1.780 2.065 

Null reject? (δ >1) No No Yes Yes Yes Yes Yes         

Observations 54,232 45,375 29,811 32,334 65,345 89,503 155,440 

R-squared 0.164 0.108 0.089 0.085 0.096 0.094 0.113 

Sample mean 0.493 0.588 0.625 0.648 0.661 0.692 0.674 

Note: The regression includes the duration of stay rather than the arrival cohort fixed effects. i.e. It includes female, age, age squared, education attainment, main 
language, household size, country of birth and fixed effects (outcome year, canton, nationality). Multi-way cluster standard errors at individual, canton, and nationality 
level in parentheses. *** p<0.01 ** p<0.05 * p<0.1. See Table A 2-1 for a detailed description of the variables. Source: Swiss Longitudinal Demographic Database 2010-
2014. 
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Table A 2-12 Bias-adjusted annual wage differences by years since arrival, 2010-2014  

Outcome Log annual wage           

  (1) (2) (3) (4) (5) (6) (7)  
1-3 years 4-6 years 7-8 years 9-10 years 11-14 years 15-19 years 20 years + 

                

Asylum population -0.550*** -0.452*** -0.321*** -0.232*** -0.201*** -0.140*** -0.121***  
(0.062) (0.040) (0.036) (0.030) (0.021) (0.020) (0.022)         

β* for δ=1, given k=1.3 -0.089 0.006 -0.273*** -0.179*** -0.147*** -0.115*** -0.121***  
(0.111) (0.112) (0.056) (0.040) (0.027) (0.022) (0.033)         

δ for β=0, given k=1.3 1.114 0.994 2.640 2.639 2.640 3.558 3.514 

Null reject? (δ >1) Yes No Yes Yes Yes Yes Yes         

Observations 32,298 32,586 22,456 24,769 50,421 71,168 116,933 

R-squared 0.273 0.267 0.238 0.234 0.232 0.223 0.153 

Sample mean 10.28 10.42 10.42 10.43 10.45 10.50 10.70 

Note: The regression includes the duration of stay rather than the arrival cohort fixed effects. i.e. It includes female, age, age squared, education attainment, main 
language, household size, country of birth and fixed effects (outcome year, canton, nationality). Multi-way cluster standard errors at individual, canton, and nationality 
level in parentheses. *** p<0.01 ** p<0.05 * p<0.1. See Table A 2-1 for a detailed description of the variables. Source: Swiss Longitudinal Demographic Database 2010-
2014. 
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Table A 2-13 Employment differences among recent arrivals (since 2006), 2010-2014  

Outcome Probability of employment 

  (1) (2) (3) (4) (5) (6)  
2010 2011 2012 2013 2014 pool 

              

Asylum population -0.181*** -0.139*** -0.111*** -0.087*** -0.072*** -0.115***  
(0.022) (0.021) (0.019) (0.017) (0.019) (0.010)        

Observations 16,401 18,937 20,633 21,578 21,820 99,369 

R-squared 0.161 0.158 0.150 0.131 0.114 0.139 

Individual characteristics Yes Yes Yes Yes Yes Yes 

Fixed effects (canton, nationality) Yes Yes Yes Yes Yes Yes 

Fixed effects (outcome year) No No No No No Yes 

Fixed effects (arrival cohort) No No No No No No 

Sample mean 0.491 0.523 0.534 0.555 0.572 0.538 

Note: Individual level controls include female, age, age squared, education attainment, main language, 
household size, country of birth, duration of stay. Columns (1) to (5) are cross-section models with two-way 
cluster standard errors at canton and nationality level in parentheses. Column (6) is a pooled OLS model with 
multi-way cluster standard errors at individual, canton, and nationality level in parentheses. *** p<0.01 ** p<0.05 
* p<0.1. See Table A 2-1 for a detailed description of the variables. Source: Swiss Longitudinal Demographic 
Database 2010-2014. 

 

 

Table A 2-14 Annual wage differences among recent arrivals (since 2006), 2010-2014  

Outcome Log annual wage 

  (1) (2) (3) (4) (5) (6)  
2010 2011 2012 2013 2014 pool 

              

Asylum population -0.370*** -0.523*** -0.504*** -0.521*** -0.294*** -0.439***  
(0.100) (0.094) (0.091) (0.067) (0.059) (0.039)        

Observations 9,883 12,015 13,409 14,469 15,076 64,852 

R-squared 0.272 0.267 0.258 0.266 0.273 0.264 

Individual characteristics Yes Yes Yes Yes Yes Yes 

Fixed effects (canton, nationality) Yes Yes Yes Yes Yes Yes 

Fixed effects (outcome year) No No No No No Yes 

Fixed effects (arrival cohort) No No No No No No 

Sample mean 10.24 10.31 10.36 10.40 10.44 10.36 

Note: Individual level controls include female, age, age squared, education attainment, main language, 
household size, country of birth, duration of stay. Columns (1) to (5) are cross-section models with two-way 
cluster standard errors at canton and nationality level in parentheses. Column (6) is a pooled OLS model with 
multi-way cluster standard errors at individual, canton, and nationality level in parentheses. *** p<0.01 ** p<0.05 
* p<0.1. See Table A 2-1 for a detailed description of the variables. Source: Swiss Longitudinal Demographic 
Database 2010-2014. 
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Table A 2-15 Unconditional labour-market outcomes by population groups, 2010-2014  

  Employment rate, % Annual wage, CHF 

  Asylum 
population 

Economic 
migrant 

Difference, 
% 

Asylum 
population 

Economic 
migrant 

Difference, 
% 

Demographic groups 
  

  
   

Gender             

Male 56.7 74.5 23.9 45,411 70,271 35.4 

Female 43.5 64.3 32.3 28,985 42,934 32.5 

Former Yugoslavia             

Before the wars 53.0 60.2 11.8 44,137 55,588 20.6 

During the wars 57.3 67.3 14.9 42,705 49,401 13.6 

After the wars 48.6 55.5 12.5 36,287 43,292 16.2 

Time of arrival groups 
  

  
   

Recent arrival (>2006) 34.1 69.7 51.1 27,356 56,157 51.3 

Permit status             

Permit C 56.1 64.6 13.1 42,846 53,381 19.7 

Naturalized citizen  64.3 74.2 13.4 45,075 62,300 27.6 

Age of arrival             

0-20 years 53.3 69.7 23.5 37,257 48,889 23.8 

21 years + 51.1 61.6 17.0 40,571 59,584 31.9 

Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Table A 2-16 Descriptive statistics for the matched sample, 2010-2014  

  (1) (2) (3) (4) (5) (6)  
Mean 

   

Variable Asylum Migrants %bias t-test p-value V(T)/ 
V(C) 

Female 0.334 0.373 -7.9 -10.7 0.000 . 

Age 42.048 41.573 4.4 6.1 0.000 1.05* 

Age-squared 1880.500 1835.900 4.8 6.7 0.000 1 

Highest education: Secondary 0.275 0.280 -1.1 -1.5 0.123 . 

Highest education: Tertiary 0.110 0.106 1.1 1.8 0.067 . 

Main language: English 0.486 0.526 -8.0 -10.6 0.000 . 

Main language: No match (excl. English) 0.018 0.014 2.3 4.1 0.000 . 

Household size 1.631 1.628 0.2 0.3 0.767 1.08* 

Country of birth: EU member states 0.002 0.002 0.2 1.1 0.286 . 

Country of birth: neighbors (inc. Swiss) 0.005 0.004 0.5 1.7 0.093 . 

8201.nationality 0.001 0.001 0.3 0.6 0.522 . 

8232.nationality 0.001 0.001 0.0 -0.1 0.955 . 

8239.nationality 0.108 0.119 -4.0 -4.6 0.000 . 

8240.nationality 0.001 0.001 0.1 0.6 0.582 . 

8248.nationality 0.075 0.078 -1.0 -1.5 0.136 . 

8250.nationality 0.005 0.003 0.9 3.0 0.003 . 

8252.nationality 0.087 0.085 1.0 1.2 0.237 . 

8253.nationality 0.001 0.002 -0.8 -1.0 0.300 . 

8254.nationality 0.001 0.001 0.0 0.0 1.000 . 

8255.nationality 0.004 0.003 0.4 1.7 0.084 . 

8256.nationality 0.055 0.055 -0.1 -0.2 0.857 . 

8264.nationality 0.007 0.006 1.1 1.9 0.056 . 

8302.nationality 0.019 0.023 -4.6 -4.2 0.000 . 

8304.nationality 0.003 0.004 -2.8 -3.9 0.000 . 

8305.nationality 0.029 0.042 -11.3 -9.9 0.000 . 

8308.nationality 0.002 0.003 -2.3 -2.1 0.039 . 

8310.nationality 0.002 0.002 -0.9 -1.2 0.219 . 

8315.nationality 0.002 0.002 -1.1 -1.2 0.220 . 

8317.nationality 0.003 0.003 -0.2 -0.4 0.680 . 

8322.nationality 0.003 0.003 0.7 0.7 0.485 . 

8323.nationality 0.023 0.030 -5.9 -5.7 0.000 . 

8326.nationality 0.002 0.001 1.2 1.3 0.210 . 

8336.nationality 0.001 0.001 -0.6 -1.0 0.311 . 

8341.nationality 0.003 0.003 -1.9 -1.8 0.081 . 

8348.nationality 0.028 0.020 6.5 6.7 0.000 . 

8350.nationality 0.002 0.002 -1.6 -1.4 0.149 . 
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Table A 2-16 (continued 1) Descriptive statistics for the matched sample, 2010-2014 

  (1) (2) (3) (4) (5) (6)  
Mean 

   

Variable Asylum Migrants %bias t-test p-value V(T)/ 
V(C) 

8362.nationality 0.064 0.040 13.6 14.3 0.000 . 

8407.nationality 0.002 0.002 -0.1 -0.2 0.807 . 

8424.nationality 0.006 0.007 -1.3 -1.8 0.073 . 

8501.nationality 0.030 0.029 0.8 0.8 0.432 . 

8506.nationality 0.197 0.160 12.8 13.0 0.000 . 

8508.nationality 0.022 0.028 -4.8 -5.2 0.000 . 

8510.nationality 0.000 0.001 -0.2 -0.8 0.402 . 

8512.nationality 0.052 0.059 -4.5 -4.2 0.000 . 

8513.nationality 0.017 0.020 -3.5 -3.4 0.001 . 

8516.nationality 0.002 0.006 -11.0 -7.8 0.000 . 

8518.nationality 0.004 0.007 -6.8 -5.9 0.000 . 

8522.nationality 0.002 0.000 3.9 4.7 0.000 . 

8528.nationality 0.001 0.001 -0.4 -0.5 0.590 . 

8533.nationality 0.002 0.004 -3.5 -4.1 0.000 . 

8541.nationality 0.012 0.016 -5.9 -5.3 0.000 . 

8543.nationality 0.002 0.002 -0.8 -0.8 0.454 . 

8545.nationality 0.013 0.015 -1.6 -1.7 0.092 . 

8546.nationality 0.002 0.002 0.2 0.2 0.826 . 

8560.nationality 0.002 0.002 -0.6 -0.7 0.500 . 

8561.nationality 0.001 0.001 -0.1 -0.1 0.910 . 

8562.nationality 0.001 0.001 0.0 0.0 0.979 . 

2.arrival cohort 0.119 0.083 11.3 16.2 0.000 . 

3.arrival cohort 0.152 0.126 7.1 9.9 0.000 . 

4.arrival cohort 0.106 0.116 -3.3 -4.4 0.000 . 

5.arrival cohort 0.174 0.227 -15.7 -17.9 0.000 . 

6.arrival cohort 0.151 0.180 -8.5 -10.3 0.000 . 

7.arrival cohort 0.123 0.124 -0.2 -0.3 0.761 . 

8.arrival cohort 0.111 0.072 12.9 18.1 0.000 . 

9.arrival cohort 0.021 0.037 -8.1 -13.2 0.000 . 

2.Canton 0.103 0.112 -3.4 -4.1 0.000 . 

3.Canton 0.077 0.064 5.1 6.8 0.000 . 

4.Canton 0.002 0.001 1.6 2.1 0.039 . 

5.Canton 0.014 0.012 2.2 3.0 0.003 . 

6.Canton 0.003 0.004 -1.4 -1.6 0.118 . 

7.Canton 0.003 0.003 0.7 0.9 0.383 . 

8.Canton 0.004 0.005 -2.4 -2.8 0.006 . 
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Table A 2-16 (continued 2) Descriptive statistics for the matched sample, 2010-2014 

  (1) (2) (3) (4) (5) (6)  
Mean 

   

Variable Asylum Migrants %bias t-test p-value V(T)/ 
V(C) 

9.Canton 0.021 0.017 2.3 3.1 0.002 . 

10.Canton 0.024 0.024 -0.3 -0.4 0.665 . 

11.Canton 0.032 0.024 4.8 6.3 0.000 . 

12.Canton 0.021 0.022 -0.8 -1.1 0.267 . 

13.Canton 0.037 0.028 5.6 7.1 0.000 . 

14.Canton 0.009 0.012 -2.3 -2.9 0.004 . 

15.Canton 0.003 0.004 -0.6 -0.8 0.409 . 

16.Canton 0.001 0.001 0.3 0.4 0.668 . 

17.Canton 0.040 0.032 3.9 6.0 0.000 . 

18.Canton 0.012 0.013 -0.7 -0.9 0.346 . 

19.Canton 0.113 0.094 6.1 8.6 0.000 . 

20.Canton 0.028 0.020 4.5 6.9 0.000 . 

21.Canton 0.026 0.029 -1.8 -2.7 0.006 . 

22.Canton 0.157 0.198 -11.8 -14.3 0.000 . 

23.Canton 0.021 0.019 1.7 2.3 0.021 . 

24.Canton 0.033 0.043 -5.8 -6.8 0.000 . 

25.Canton 0.075 0.086 -4.2 -5.7 0.000 . 

26.Canton 0.007 0.007 -0.8 -1.1 0.293 . 

2011.outcome year 0.198 0.199 -0.1 -0.1 0.890 . 

2012.outcome year 0.200 0.196 1.2 1.6 0.108 . 

2013.outcome year 0.205 0.205 0.1 0.2 0.851 . 

2014.outcome year 0.209 0.210 -0.1 -0.1 0.920 . 

              

Overall covariate balance 
      

LR-test of the joint insignificance of variables 
 

2445.17 (p=0.000)   

Mean [median] absolute bias 
  

3.2 [1.6] 
  

Rubin's B ('%bias') 
  

37.2* 
  

Rubin's R ('ratio of variances')     1.3     

Number of observations  35,810 313,286         

Notes: V(T)/V(C) reports the variance ratio (asylum population/ economic migrants) for continuous 
variables. According to Rubin (2001), B<25% and 0.5<R<2 indicate sufficiently balanced samples. * 
indicates Rubin's B if >25%, or if Rubin's R is outside 0.5 or 2. Source: Swiss Longitudinal Demographic 
Database 2010-2014.  
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Table A 2-17 Robustness test: Country of birth fixed effects, cross-section and pooled results, 2010-2014  

  (1) (2) (3) (4) (5) (6)  
2010 2011 2012 2013 2014 pool 

Panel A: Probability of employment 

Asylum population -0.078*** -0.069*** -0.067*** -0.067*** -0.060*** -0.068***  
(0.008) (0.009) (0.008) (0.007) (0.008) (0.005)        

Observations 92,477 94,417 95,181 94,808 93,562 470,445 

R-squared 0.121 0.120 0.121 0.110 0.098 0.112 

Sample mean 0.630 0.640 0.644 0.650 0.649 0.643 

Panel B: Log annual wage 

Asylum population -0.214*** -0.215*** -0.197*** -0.189*** -0.164*** -0.195***  
(0.026) (0.025) (0.024) (0.023) (0.021) (0.012)        

Observations 68,158 70,241 70,748 70,967 69,881 349,995 

R-squared 0.229 0.229 0.225 0.223 0.224 0.224 

Sample mean 10.49 10.51 10.53 10.54 10.55 10.52 

Note: Individual level controls include female, age, age squared, education attainment, main language, 
household size, nationality. Columns (1) to (5) are cross-section models with two-way cluster standard errors at 
canton and country of birth level in parentheses. Column (6) is a pooled OLS model with year fixed effects, 
standard errors are clustered at individual, canton, and country of birth level in parentheses. *** p<0.01 ** p<0.05 
* p<0.1. See Table A 2-1 for a detailed description of the variables. Source: Swiss Longitudinal Demographic 
Database 2010-2014. 
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Table A 2-18 Robustness test: Country of birth fixed effects, the interaction with duration of stay, 2010-2014  

Outcome Probability of employment Log annual wage  
(1) (2) (3) (4)  
All Recent All Recent 

          

Asylum population  -0.125*** -0.256*** -0.407*** -0.867***  
(0.009) (0.013) (0.026) (0.069) 

Duration of stay 0.005*** 0.028*** 0.011*** 0.064***  
(0.000) (0.001) (0.000) (0.004) 

Asylum population X Duration of stay 0.005*** 0.039*** 0.015*** 0.093***  
(0.001) (0.003) (0.001) (0.012)   

  
  

Observations 470,445 98,578 349,995 64,568 

R-squared 0.107 0.144 0.223 0.268 

Individual characteristics Yes Yes Yes Yes 

Fixed effects (outcome year, canton, country of 
birth) 

Yes Yes Yes Yes 

Fixed effects (arrival cohort) No No No No 

Sample mean 0.643 0.540 10.52 10.36 

Note: Individual level controls include female, age, age squared, education attainment, main language, 
household size, nationality. Multi-way cluster standard errors at individual, canton, and country of birth level in 
parentheses. *** p<0.01 ** p<0.05 * p<0.1. See Table A 2-1 for a detailed description of the variables. Source: 
Swiss Longitudinal Demographic Database 2010-2014. 
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Table A 2-19 Robustness test: Country of birth fixed effects, outcome differentials by years since arrival, 2010-2014  

  (1) (2) (3) (4) (5) (6) (7)  
1-3 years 4-6 years 7-8 years 9-10 years 11-14 years 15-19 years 20 years + 

Panel A: Probability of employment  

Asylum population -0.164*** -0.086*** -0.065*** -0.074*** -0.063*** -0.069*** -0.060***  
(0.011) (0.013) (0.013) (0.012) (0.009) (0.008) (0.009)         

Observations 53,971 44,890 29,646 32,187 65,087 89,333 155,331 

R-squared 0.167 0.111 0.097 0.093 0.100 0.095 0.111 

Sample mean 0.495 0.591 0.627 0.649 0.663 0.693 0.674 

Panel B: Log annual wage 

Asylum population -0.611*** -0.457*** -0.319*** -0.219*** -0.194*** -0.144*** -0.154***  
(0.059) (0.040) (0.036) (0.030) (0.022) (0.019) (0.021)         

Observations 32,234 32,385 22,379 24,699 50,317 71,104 116,877 

R-squared 0.278 0.272 0.247 0.244 0.242 0.232 0.157 

Sample mean 10.28 10.43 10.42 10.43 10.45 10.50 10.70 

Note: Each cell presents coefficient using country of birth fixed effects, instead of nationality fixed effects, for the duration of stay group. i.e. The regression includes 
female, age, age squared, education attainment, main language, household size, nationality and fixed effects (outcome year, canton, country of birth). Multi-way cluster 
standard errors at individual, canton, and country of birth level in parentheses. *** p<0.01 ** p<0.05 * p<0.1. See Table A 2-1 for a detailed description of the variables. 
Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Table A 2-20 Robustness test: Conditional quantile regressions on log annual wage gap, 2010-2014 

Outcome Log annual wage 

  (1) (2) (3) (4) (5) (6) 

  OLS Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90)        

Pooled 2010-2014 -0.188*** -0.327*** -0.208*** -0.150*** -0.103*** -0.083***  
(0.012) (0.023) (0.009) (0.003) (0.003) (0.004)        

Observations 350,631 350,632 350,633 350,634 350,635 350,636 

(Pseudo) R-squared 0.220 0.127 0.162 0.152 0.170 0.234        

F statistic (1, 349030): 
    

H0: Q(0.25)=Q(0.50) 
  

52.20*** 
   

H0: Q(0.50)=Q(0.75) 
  

185.58*** 
   

H0: Q(0.10)=Q(0.25)=Q(0.50)=Q(0.75)=Q(0.90) 164.88***       

Note: Column 1 presents the pooled OLS (mean estimate), whereas Columns (2) to (6) present effects at 
different quantiles. These regressions are conditional on age, age squared, gender, education, country-
of-birth, main language, household size, and fixed effects for outcome year, year-of-arrival cohort, canton, 
and nationality. Multi-way cluster standard errors at individual, canton, and country of birth level in 
parentheses. *** p<0.01 ** p<0.05 * p<0.1. See Table A 2-1 for a detailed description of the variables. 
Source: Swiss Longitudinal Demographic Database 2010-2014 
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Table A 2-21 Robustness test: Conditional quantile regressions, cross-section, 2010-2014 

Outcome Log annual wage 

  (1) (2) (3) (4) (5) (6) (7) 

  OLS Q(0.10) Q(0.25) Q(0.50) Q(0.75) Q(0.90) F-statistic         

2010 -0.199*** -0.315*** -0.209*** -0.162*** -0.116*** -0.085*** 17.77***  
(0.026) (0.047) (0.017) (0.009) (0.009) (0.009) 

 

        

Observations 68,264 67,863 67,863 67,863 67,863 67,863 
 

(Pseudo) R-
squared 

0.225 0.133 0.168 0.161 0.184 0.247   

        

2011 -0.203*** -0.334*** -0.249*** -0.166*** -0.115*** -0.093*** 14.62***  
(0.026) (0.047) (0.023) (0.013) (0.007) (0.008) 

 

        

Observations 70,363 70,363 70,363 70,363 70,363 70,363 
 

(Pseudo) R-
squared 

0.225 0.1299 0.1652 0.1542 0.1708 0.2346   

        

2012 -0.192*** -0.370*** -0.206*** -0.147*** -0.098*** -0.078*** 29.28***  
(0.024) (0.049) (0.021) (0.009) (0.007) (0.008) 

 

        

Observations 70,869 70,869 70,869 70,869 70,869 70,869 
 

(Pseudo) R-
squared 

0.221 0.1289 0.1629 0.1518 0.1713 0.2371   

        

2013 -0.185*** -0.371*** -0.201*** -0.139*** -0.096*** -0.079*** 15.06***  
(0.024) (0.053) (0.021) (0.011) (0.008) (0.009) 

 

        

Observations 71,101 71,101 71,101 71,101 71,101 71,101 
 

(Pseudo) R-
squared 

0.218 0.1264 0.1604 0.1508 0.1708 0.2359   

        

2014 -0.160*** -0.265*** -0.171*** -0.138*** -0.094*** -0.073*** 17.51***  
(0.020) (0.041) (0.021) (0.008) (0.005) (0.007) 

 

        

 
70,034 70,034 70,034 70,034 70,034 70,034 

 

(Pseudo) R-
squared 

0.219 0.1299 0.1632 0.1529 0.1722 0.2353   

Note: Column 1 presents the pooled OLS (mean estimate), whereas Columns (2) to (6) present effects at 
different quantiles. I present F-statistic testing the equality of estimated coefficients for the five quartiles 
(H0: Q(0.10)=Q(0.25)=Q(0.50)=Q(0.75)=Q(0.90). These regressions are conditional on age, age 
squared, gender, education, country-of-birth, main language, household size, and fixed effects for 
outcome year, year-of-arrival cohort, canton, and nationality. Multi-way cluster standard errors at 
individual, canton, and country of birth level in parentheses. *** p<0.01 ** p<0.05 * p<0.1. See Table A 
2-1 for a detailed description of the variables. Source: Swiss Longitudinal Demographic Database 2010-
2014 
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Table A 2-22 Robustness test: Sample adjustment, 2010-2014  

Outcome Probability of employment Log annual wage  
(1) (2) (3) (4) (5) (6)  
Control N15 N20 Control N15 N20 

              

Asylum population -0.060*** -0.058*** -0.057*** -0.188*** -0.187*** -0.186***  
(0.005) (0.005) (0.005) (0.012) (0.012) (0.012)    

  
   

Observations 472,040 458,174 447,836 350,631 340,521 332,449 

R-squared 0.113 0.113 0.114 0.220 0.217 0.217 

Individual characteristics Yes Yes Yes Yes Yes Yes 

Fixed effects (outcome year, 
arrival cohort, canton, 
nationality) 

Yes Yes Yes Yes Yes Yes 

Sample mean 0.642 0.641 0.641 10.52 10.51 10.51 

Note: Sample criteria is adjusted to 15 foreigners of both groups per nationality in Columns (1) and (3), 
and the criteria is adjusted to 20 foreigners of both groups per nationality in Columns (2) and (4). Individual 
level controls include female, age, age squared, education attainment, main language, household size, 
country of birth. Multi-way cluster standard errors at individual, canton, and nationality level in 
parentheses. *** p<0.01 ** p<0.05 * p<0.1. See Table A 2-1 for a detailed description of the variables. 
Source: Swiss Longitudinal Demographic Database 2010-2014. 

 

 
Table A 2-23 Robustness test: Sample restriction to individuals between 25 and 64 years old, 2010-2014 

Outcome Probability of employment Log annual wage  
(1) (2) (3) (4)  
Main 25-64 Main 25-64 

          

Asylum population -0.060*** -0.062*** -0.188*** -0.177***  
(0.005) (0.005) (0.012) (0.012)      

Observations 472,040 436,721 350,631 331,244 

R-squared 0.113 0.107 0.220 0.198 

Individual characteristics Yes Yes Yes Yes 

Fixed effects (outcome year, 
arrival cohort, canton, 
nationality) 

Yes Yes Yes Yes 

Sample mean 0.642 0.655 10.52 10.58 

Notes: The even columns are restricted to the sample who is between 25 and 64 years old. Individual 
level controls include female, age, age squared, education attainment, main language, household size, 
nationality. Multi-way cluster standard errors at individual, canton, and country of birth level in 
parentheses. *** p<0.01 ** p<0.05 * p<0.1. See Table A 2-1 for a detailed description of the variables. 
Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Table A 2-24 Robustness test: Exclude unemployment benefit recipients in the wage regression, 2010-2014 

  (1) (2)  
Main Exclude 

      

Asylum population -0.188*** -0.190***  
(0.012) (0.013)    

Observations 350,631 304,065 

R-squared 0.220 0.233 

Individual characteristics Yes Yes 

Fixed effects (outcome year, arrival cohort, canton, nationality) Yes Yes 

Sample mean 10.52 10.57 

Notes: The even columns exclude unemployment benefit recipients in the calendar year. Individual level 
controls include female, age, age squared, education attainment, main language, household size, 
nationality. Multi-way cluster standard errors at individual, canton, and country of birth level in 
parentheses. *** p<0.01 ** p<0.05 * p<0.1. See Table A 2-1 for a detailed description of the variables. 
Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Chapter 3 The effect of linguistic proximity on the labour-

market outcomes of the asylum population 

3.1 Introduction  

With increasing international migration, language learning is an important investment in 

human capital. Empirical evidence show there are three Es of language learning – 

exposure, efficiency, and economic incentives – that determine proficiency (Chiswick 

and Miller 2015; Grenier 2015). Closer linguistic proximity between mother tongue and 

the learned language allows one to learn a language quickly. Thus, it allows one to 

transfer human capital from the home country (e.g. language fluency, culture, 

institutional knowledge) to the host country’s labour market. Previous work suggests that 

linguistic proximity decreases the cost of communication and migration (Isphording and 

Otten 2014; Belot and Ederveen 2012). Further, linguistic proximity may have far-

reaching impacts on the next generation and globally. There is a growing literature on 

the intergeneration transmission of linguistic traits (Galor, Özak, and Sarid 2020) and 

international trade (Egger and Lassmann 2015; Melitz and Toubal 2014). However, 

evidence about the effect of linguistic proximity on the labour-market integration of 

asylum seekers and refugees (hereafter, the asylum population) is limited. 

This paper investigates the role of linguistic proximity on the employment and 

wages of the asylum population. The research question is of policy relevance because 

the economic integration of the asylum population has been a challenge across the 

European Economic Area. The analysis focuses on the group of permanent residents, 

who is more likely to settle in one place and invest in learning the local language. To 

obtain exogenous variation in labour-market outcomes, I leverage a natural experiment 

in which asylum seekers are randomly assigned across 26 cantons (administrative 

regions) in Switzerland.49 The regulation mandates the State Secretariat of Migration 

(SEM) to allocate the residential location of asylum seekers following a proportional rule 

(State Secretariat for Migration 2018c). Asylum seekers cannot choose which canton 

they are sent to upon arrival, and generally cannot leave the canton to which they are 

assigned (State Secretariat for Migration 2018c; 2018b; 2018a). As a result, the initial 

assignment and limited movements across cantons create a unique experimental setting 

to answer the research question.  

 

49 The random assignment of asylum seekers in Switzerland has been discussed in previous research (Auer 
2018; Bansak et al. 2018; Couttenier et al. 2019; Hainmueller, Hangartner, and Lawrence 2016; Slotwinski, 
Stutzer, and Uhlig 2019; Hangartner and Schmid 2020). 
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Switzerland is a location of interest for two specific reasons. First, it ranks amongst 

the top five European countries in both the number of refugees accepted and refugee 

employment rate (European Commission and OECD 2016; Eurostat 2017). Second, it 

has four official languages: German, French, Italian, and Romansh (see Figure A 3-1 for 

geographical distribution). Each municipality has a dominant spoken language relating 

to the neighbouring country. The country shares borders with Germany in the North, 

Austria in the East, Italy in the South, and France in the West. The cultural and 

behavioural differences are particularly pronounced between German and Romance 

(French and Italian) regions.50 These languages belong to separate linguistic branches, 

Germanic and Italic/Romance. In the German region, Bernese German is the everyday 

spoken language. Bernese German is slightly different from Standard German used in 

Germany. Overall, Switzerland presents an appealing context to investigate the role of 

language similarity on economic integration across the language regions.  

Using a linked administrative dataset constructed by the Institute of Demography 

and Socioeconomics at the University of Geneva, I observe the legal residential location 

of asylum seekers in Switzerland and their labour-market outcomes over the period 

2010-2014. I use a linguistic proximity measure from the Automated Similarity 

Judgement Program (ASJP) to identify phonetic similarities between language of the 

origin country and the destination municipality, namely Bernese German, French, and 

Italian.51 Conditional on the language region (German or Romance), I compare outcomes 

of the asylum population from different countries with similar observable characteristics.  

While previous work has reported the positive effect of language skills or 

proficiency on integration, this paper is the first to consider the role of linguistic proximity 

in explaining labour-market outcomes of the asylum population. Because linguistic 

proximity is based on country of origin, my results are not meant to capture outcome 

differences based on nationality change. Instead, I investigate whether language 

relatedness between populations can explain outcome variations among asylum 

seekers. My interpretation is that linguistic proximity represents the effort to learn or 

transfer skills. It is easier to learn a new language when it sounds or looks familiar. In the 

Romance region, I find that a one standard deviation increase in linguistic proximity is 

associated with 3.9 percentage points (that is, 13.6%) increase in employment. A one 

standard deviation increase in linguistic proximity also increases the likelihood to obtain 

wages above the national poverty threshold by 3.1 percentage points (22.3%), although 

 

50 Previous work documents substantial differences along the language borders, such as work attitudes and 
job search behaviour (Eugster et al. 2017) and voting turnout (Brunner and Kuhn 2018).  
51 I exclude the population residing in the Romansh-speaking area. I report further details in section 3.3.1. 
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there is no discernible effect on wages.52 In the German region, a one standard deviation 

increase in linguistic proximity increases employment by 2.3 percentage points (6.0%) 

but there is no significant effect on other outcomes.  

I investigate the potential effect of proximity to an international language, English. 

In both Romance and German language regions, proximity to English has no discernible 

effect on outcomes. In a richer model that includes interactions of nationality level 

characteristics with arrival cohorts, I find that the overall results are driven by the earlier 

arrival cohorts. This finding suggests that linguistic proximity plays an important role in 

mid-to-long-term integration. In further sensitivity checks, I assess the potential effect of 

omitted variable bias. I find that the employment effect in the German region is likely 

explained by selection, whereas the employment and living wage effects in the Romance 

region are more likely to be causal.53 In sum, my results should be considered an upper 

bound of the true causal effect.  

This paper makes two key contributions to the literature. First, I employ a precise 

index to investigate the effect of linguistic proximity on the economic integration of the 

asylum population.54 Previous work on linguistic proximity focuses on migrants (Adserà 

and Ferrer 2015; Isphording and Otten 2014). Second, I am among the first to use a 

linguistic proximity index to examine integration in a multilingual country. The one 

exception is Adserà and Ferrer (2015) that use the same proximity indices to explore 

immigrant assimilation in Canada. In line with their findings, I provide evidence that 

linguistic proximity has a differential effect on labour-market outcomes in another 

multilingual country, Switzerland. Current research has focused on migrant assimilation, 

selection, and sorting of destination countries (e.g. Dustmann and Van Soest 2002; Belot 

and Hatton 2012; Adserà and Pytliková 2015). Migrants are positively selected (in terms 

of ability), but the asylum population flees out of choice and is subject to locational 

restriction in some countries. Answering the current research question allows us to 

understand that the initial disadvantage – stemming from far linguistic origin – imposes 

a significantly higher cost of language acquisition that is equivalent in value to additional 

years of residence. 

The next section introduces prior empirical work on foreigners’ assimilation and 

language. Section 3.3 describes the dataset and discusses the data limitation. Section 

 

52 The national poverty threshold is 26,400 CHF annually. This is referred as living wage in the paper. 
53 The positive selection in the German region may be explained by i) asylum seekers are more motivated, 
and ii) some private and non-governmental institutions offer integration and low-skill job training. These 
institutions are mostly based in the German region.  
54 Slotwinski, Stutzer, and Uhlig (2019) briefly discuss the importance of linguistic proximity in a robustness 
test, but the main focus of the paper is the importance of inclusive labour-market policies on the economic 
integration of asylum seekers in Switzerland. The paper focuses on canton level variables. 
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3.4 lays out the identification strategy and empirical model. Section 3.5 presents the 

results and robustness checks. Finally, Section 3.6 concludes. 

 

3.2 Prior empirical work on assimilation and languages 

I contribute to the broader literature on the importance of language skills in the economic 

integration and assimilation of foreigners. Previous work classifies language skills as a 

form of human capital (Chiswick and Miller 1998; Chiswick 1978; Isphording and Otten 

2014; Bleakley and Chin 2004; Dustmann and Van Soest 2002; Chiswick and Miller 

2012). The two main threats to identification in this research area are migrant self-

selection and measurement error in the language measure. To deal with the two sources 

of bias, the literature follows three strategies.  

The first strand of research considers the endogeneity of language skills in the 

earnings of migrants. The causal estimate of language skills is obtained from a range of 

methods, such as instrumental variables, Heckman's (1979) selectivity correction, and 

decomposition methods. Dustmann and Van Soest (2002) use the father’s education as 

an instrument and find language proficiency to increase earnings by 15% in Germany. 

Bleakley and Chin (2004) use the interaction of age at arrival and a dummy variable for 

non-English speaking country as an instrument and find English proficiency to increase 

the annual wage by 13% among immigrants who arrived before the age of 11 in the 

United States. Using Heckman’s selectivity correction and instrumental variable 

approaches, Chiswick, Lee, and Miller (2005) reveal English proficiency is associated 

with higher earnings by 19% to 24% in Australia. Using the Blinder-Oaxaca 

decomposition method, Nadeau and Seckin (2010) estimate that knowledge of French 

reduces the immigrant-native wage gap by 5%, and that bilingual immigrants earn 12% 

more than unilingual immigrants in Quebec. These papers conclude language skills have 

positive effects on the economic integration of immigrants. 

The second strand of research exploits an experimental setting in which the labour-

market outcomes are exogenous from a language-based integration program or policy 

(Åslund and Johansson 2011; Joona and Nekby 2012; Auer 2018; Slotwinski, Stutzer, 

and Uhlig 2019; Hangartner and Schmid 2020). Researchers who exploit the random 

assignment policy of asylum seekers in Switzerland find that language skills increase re-

employment probability (after job loss) within two years by 14% (Auer 2018) and increase 

employment probability of African refugees by over 150% in the first five years of arrival 

(Hangartner and Schmid 2020). Slotwinski et al. (2019) report that asylum seekers who 

reside in cantons with more inclusive labour-market policies are 11 percentage points 

(hereafter, pps) more likely to be employed, and that language proximity complements 
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such policies by an additional 0.3 pps increase in the employment rate. Their unit of 

observation is canton, while I observe individual characteristics. The authors use the 

common language index to measure the total impact of language (Melitz and Toubal 

2014). However, the common language index has a smaller geographic coverage and it 

cannot measure the direct effect of similarities to Bernese German.  

In France, Lochmann, Rapoport, and Speciale (2018) exploit a discontinuity in the 

assigned hours of language training and initial test scores of immigrants in France. They 

find the hours of language training to significantly increase the labour force participation 

of participants, especially among economic migrants and refugees. In Sweden, the 

treatment effect of different training programs targeted to refugees and immigrants are 

evaluated in a difference-in-differences framework (Åslund and Johansson 2011) and an 

OLS approach (Joona and Nekby 2012). Both studies highlight intensive counselling and 

job-match assistance are important mechanisms for integration. This strand of research 

addresses the issue of migrant self-selection and highlights language classes have 

positive, albeit heterogeneous, impacts across the foreigner population. 

This paper closely relates to the third strand of research which addresses 

measurement error in the language measure and provides alternative indices for 

language skills and linguistic proximity. Earlier work uses self-reported language fluency 

(Dustmann and Van Soest 2002; Beenstock, Chiswick, and Repetto 2001; Bleakley and 

Chin 2004) and natives’ ability in learning foreign languages (Chiswick and Miller 1998) 

to proxy for skills. The main issue with language skills is that it is often over-reported, 

which leads to an underestimated true language effect (Dustmann and Van Soest 2002). 

Recent work on language skills uses assessment scores (Auer 2018; Lochmann, 

Rapoport, and Speciale 2018) and on proximity applies various measures from linguistic 

research. For linguistic proximity, economists have used the linguistic tree, the 

Levenshtein distance (LDND), and the World Atlas of Language Structures.55 Although 

there are many linguistic proximity indices, this paper uses the LDND because it 

measures proximity to Bernese German directly. It includes all languages in the world 

and can be computed transparently. Nonetheless, I show my results are robust to the 

choice of measure. See Figure 3-1 for the conceptual framework for the analysis. 

This paper adds value to the literature by assessing the relationship between initial 

advantage from linguistic similarity and economic integration of the asylum population in 

a multilingual country. I use a novel index to measure linguistic proximity to the main 

 

55 Scholars use the linguistic tree to understand drivers of international migration (Adserà and Pytliková 
2015; Belot and Ederveen 2012; Belot and Hatton 2012), the Levenshtein distance (LDND) to assess 
migrant assimilation (Isphording and Otten 2014; Adserà and Ferrer 2015), and the World Atlas of Language 
Structures to establish the causal link between linguistic traits and human capital formation within and across 
generations (Galor, Özak, and Sarid 2020). 
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language of the destination municipality, including a less common language Bernese 

German. While there is merit to study the direct effect of language skills, language skills 

are subjected to measurement error and are endogenous to labour-market outcomes. 

Moreover, I use the exogenous residential location of the asylum population to estimate 

the reduced-form relationship between linguistic proximity and the economic integration 

of the asylum population.  

 

3.3 Data 

I use data from administrative records from the Swiss Longitudinal Demographic 

Database created by researchers of the Institute of Demography and Socioeconomics 

at the University of Geneva, in cooperation with the National Center of Competence in 

Research (NCCR On the Move) and the Swiss Federal Statistical Office (FSO) (Steiner 

and Wanner 2015). The data comprises the population of asylum seekers who are 

permanent residents and are residing in Switzerland between 2010 and 2014.56 The 

complete list of variables is available in Table A 3-1 and the descriptive statistics are 

presented in Table 3-1.  

To understand the socioeconomic characteristics of the stock of the asylum 

population, the Swiss Labour Force Survey forms the backbone of the analytical dataset. 

This data covers 4% of the permanent residents of Switzerland (Qualité 2010; Federal 

Statistics Office 2018; Federal Statistical Office 2017). The survey is nationally 

representative, and it contains a non-repeated sample. The cross-sectional data is 

pooled from 2010 and 2014 resulting in a 20% sample of the entire Swiss population. 

The asylum population in the sample has all passed the three or six months of probation 

period for work depending on their canton of assignment (State Secretariat for Migration 

2015a). The survey collects socioeconomic and sociocultural information, such as the 

main language and education attainment.57  

The Structural Survey is linked with administrative records and population registers 

on an annual basis using the social insurance number (AHV) and probabilistic linkage 

approaches.58 This forms the time dimension of the unbalanced panel. The labour-

market outcomes are taken from individual accounts of the Swiss Central Compensation 

Office and the Unemployment register (PLASTA). The demographic characteristics, 

such as permit status, municipality of residence, and household size are linked from the 

 

56 To be a permanent resident, one needs to reside in Switzerland for a minimum of 12 months.  
57 Main language is the self-reported language which an individual thinks in and knows best (Table A 3-1). 
58 The AHV number has only been introduced to all administrative and registers since 2010. Data prior to 
2010 are linked using probabilistic linkage approaches. A sequence of data validation procedures is 
recorded in Steiner and Wanner (2015).  
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Population and Households Statistics (STATPOP) and Central Migration Information 

System (ZEMIS). Although I observe the same individual over time, the final dataset is 

an unbalanced panel because some individuals may leave Switzerland. 

 

3.3.1 The asylum population sample 

Between 2005 and 2014, 177,402 new asylum applications were filed in Switzerland 

(Table A 3-2). 28,747 asylum applicants were granted with protection in Switzerland and 

the average asylum recognition rate was 18.0% in the same period (State Secretariat for 

Migration 2016b). From 2010 to 2014, a sample of 3,571 asylum seekers became 

permanent residents and responded to the Structural Survey. This represents 12.4% of 

the total asylum cases granted between 2005 and 2014.59 

I construct the main sample by including asylum seekers who arrived in 

Switzerland between 2005 and 2014. I exclude individuals who are not between 18 to 

65 years old for the whole period (person-year observations (N)=772), with no 

information on the location of residence (N=1,204), reside in Romansh speaking 

municipalities (N=19), and with no information on both nationality and country of birth 

(N=1,196). Finally, the unbalanced panel consists of 3,058 individuals (N=13,780) from 

72 countries who sought asylum in Switzerland and arrived between 2005 and 2014. 

They are permanent residents of Switzerland between 2010 and 2014.60 In the 

robustness check section, I verify that my results are robust to the exclusion of asylum 

seekers with no information on country of birth (N=914).  

In Switzerland, asylum seekers are randomly assigned to one of the 26 cantons 

following a proportional rule set in 1988 (State Secretariat for Migration 2018f; Vogt 2018) 

(see proportions in Table A 3-3). Other than unaccompanied minors, family reunification, 

and medical cases, asylum seekers must follow the random assignment procedure 

(State Secretariat for Migration 2018c). The quasi-experimental variation relies on the 

first canton of assignment. Although I do not directly observe that, the canton of 

residence is likely to be the initial canton of assignment. Asylum seekers (Permit N 

holders), 17.2% of the sample (N=2,720), are legally obliged to reside in their assigned 

canton throughout the asylum process. The official record from SEM substantiates that 

they did not relocate asylum seekers between 2006 and 2014 (Table A 3-4). Among the 

asylum population who arrived during the study period, only 3.4% (69 individuals; N=121) 

 

59 This is 3,571 sampled asylum individuals/28,747 cases granted with protection from 2005 to 2014 
(=12.4%). 
60 This is the final number of individuals accounting for the availability of control variables (e.g. nationality, 
municipality of residence) and sample restriction criteria. 
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reported a change of canton.61 Combining interviews with SEM administrators, official 

records, and descriptive statistics, I conclude the canton of residence is as good as the 

first canton of assignment.  

 

3.3.2 Linguistic proximity 

Linguistic proximity measures the similarity between the language from the country of 

origin (nationality) and main language of the destination municipality (i.e. Bernese 

German, French, and Italian). Since some countries have several spoken and official 

languages, I use the language spoken by the majority of the population from the country 

of origin (hereafter, majority language).  

I follow the standard approach to define linguistic proximity as 100% - Levenshtein 

distance (LDND) from the database of the Automated Similarity Judgement Program 

(ASJP) for all language pairs in the world (see Appendix: Data on linguistic proximity 

(ASJP) for calculation method).62 It is the inverse of linguistic distance. LDND represents 

the lexical distance between 40 common words, that is the number of changes in 

phonetic segments (sounds) to change from one language to another. For example, from 

‘beer’ to ‘bier’ is one change, from ‘heart’ to ‘herz’ is two changes. However, some words 

can be completely different, such as ‘mountain’ and ‘berg’. Although LDND does not 

account for grammatical or typological distance, it is applied in linguistic and economics 

research because it can reflect phonetic differences (Isphording and Otten 2013; Adserà 

and Pytliková 2015; Taraka and Kolachina 2012; Petroni and Serva 2010).  

Because I observe the country of origin of asylum seekers and not their native 

language, I follow the approach of Adserà and Pytliková (2015) to map languages 

spoken by the majority of the population in each country. I consider proximities between 

all languages and the Swiss languages (Bernese German, Italian, French). The French- 

and Italian-speaking municipalities are grouped as the Romance region (Eugster et al. 

2017). In addition to the Swiss languages, I consider proximities to English to examine 

the role of an international language. To test the sensitivity of my results, I use proximities 

to Standard German (that is used in Germany), and another continuous measure 

constructed by Adserà and Pytliková (2015) using the linguistic tree levels.  

 

61 The mobility restriction mainly applies to permit N asylum seekers. The reported 3.4% individuals have 
already obtained refugee status (i.e. Permit B, F, C holders) and are legally allowed to move. Nonetheless, 
their mobility rate is low. 
62 The Levenshtein distance is an open-source index available from Wichmann, Eric W. Holman, and Cecil 
H. Brown (2018) <http://asjp.clld.org/>. See Holman et al. (2008) and Bakker et al. (2009) for further 
discussion on the ASJP data construction and language features it covers. 

http://asjp.clld.org/
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Table 3-2 reports the raw linguistic proximity of the top 10 nationalities drawing 

from the dataset and official asylum application statistics.63 Overall, the values of the 

linguistic proximity indicator are quite low. For example, an individual from Sri Lanka with 

a native language in Sinhala has linguistic proximity of 5.7 to Bernese German, 3.0 to 

French, and 8.5 to Italian. An individual from Syria with native language in Syrian Arabic 

has linguistic proximity of -0.6 to Bernese German, 3.1 to French, and 4.6 to Italian. 

These values range between approximately 0 and 100. If the two languages are 

unrelated, the value can vary around 0 due to random variation among words. Asylum 

seekers residing in the German municipalities have the linguistic proximity score to 

Bernese German, while those in the French/Italian municipalities have the score to 

French/Italian. For the ease of comparison, I standardize all linguistic proximity 

measures by dividing the standard deviation of the entire sample. A one standard 

deviation corresponds to 5.1 pps (Bernese German) and 6.3 pps (French and Italian) 

difference in the raw linguistic proximity index. Figure 3-2 illustrates the distribution of 

the standardized measures by language region. Higher linguistic proximity means 

language similarity, and easier to learn the destination language. 

The current linguistic proximity measure has several advantages over other 

linguistic measures. First, it provides a direct measure for any languages or dialects, 

namely Bernese German. It includes more than 7,500 languages in the world. Second, 

it has the biggest geographical coverage of all measures. It covers more countries than 

the common language index that is applied in Slotwinski et al. (2019). Third, it can match 

flexibly with countries or territories (e.g. Kosovo and Palestine), which are common origin 

countries of the asylum population. Moreover, the current linguistic proximity measure is 

highly correlated with other indices used in the literature (Table A 3-5). 

To isolate the pure effect of linguistic proximity from proficiency, I control for the 

reported main language in a robustness test. The Labour Force Survey collects 

information on main languages at work and at home. Unfortunately, information on the 

language proficiency of the asylum seeker is not formally assessed or collected by SEM 

upon arrival (see the asylum application form in Figure A 3-2).  

 

3.3.3 Country of origin characteristics 

I expect the transfer of skills to be more efficient with physical and cultural proximities, 

but to be less efficient with political instability. To account for physical proximities, I 

include the distance between capital cities. The greater the distance the higher the cost 

 

63 I report the raw indices in Table 3-2 following similar work by Isphording and Otten (2014). For example, 
the authors present the ASJP linguistic distance between Palestinian Arabic and German is 103.72. This 
equates to the linguistic proximity of -3.72 (=100-103.72). 
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of migration. For instance, the distance between Asmara (Eritrea) and Bern (Switzerland) 

is 4558 km, while the distance between Pristina (Kosovo) and Bern is 1181 km. To 

account for cultural proximities, I include an indicator for countries with common history 

with France, Germany, Italy, Switzerland, or the United Kingdom. While languages from 

these countries may not be widely spoken among the population nowadays, they are 

more likely to be taught as second or third languages in schools. All the country of origin 

characteristics are open-source data and are detailed in Appendix: Data on the country 

of origin characteristics. 

I control for some drivers for seeking asylum. Freedom House, an independent 

organization committed to strengthen democracy and promote freedom around the 

world, rates civil liberties and political rights for 210 countries and territories in a scale 

from 1 (high) to 7 (low degrees of freedom). For example, Syria ranks 7 in political rights 

and 6 in civil liberties in 2011. Serbia ranks 2 in both political rights and civil liberties in 

2011. Increasing persecution and inhumane treatment are often associated with 

declining democracies and freedom. I account for the stock of foreigners, that is the 

share of Swiss permanent resident from the origin country (nationality). Importantly, the 

figures from 2010 onwards include the asylum population (asylum seekers or refugees) 

who have been residing in Switzerland for at least 12 months. Further, I account for 

demographic dynamics with population ratio, that is the population in the origin country 

divided by the population in Switzerland.64 

Finally, I control for the FST genetic distance (or coancestor coefficient) to isolate 

the effect of genetic divergence between populations from linguistic influences. I use the 

distance between the biggest plurality groups (origin and country represented by 

municipality language) constructed by Spolaore and Wacziarg (2009).65 A small genetic 

distance (FST) indicates the two populations have similar alleles (gene variants) and 

have a recent common ancestor. When two populations become disengaged from each 

other, the process of random drift would cause changes in allele frequencies, resulting 

in greater genetic distances (Spolaore and Wacziarg 2009). 

To treat the origin country characteristics as predetermined and to reduce the risk 

of reverse causality, all the time-variant variables are lagged by one outcome year (i.e. 

2009-2013). The time-variant country of origin characteristics includes the Freedom 

House indices, stock of foreigners, and population ratio. 

 

64 I proxy wage level with GDP per capita, but I did not use the variable because it is highly correlated with 
population ratio. Moreover, GDP per capita is not available for all countries which would decrease the sample 
size for the analysis.  
65 The results are similar with the use of the weighted FST distance based on the shares of each genetic 
group, and an alternative measure called the NEI's standard genetic distance. The correlation between these 
variables are greater than 0.95. 
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3.3.4 Labour-market outcomes 

I use three outcome measures: employment, living wage, and annual wages. 

Employment is defined as non-zero wages and being absent from the unemployment 

register in the calendar year. Wages are directly reported by employers to the Swiss 

Central Compensation Office, but they include unemployment benefits in the calendar 

year. Using this definition of employment, I exclude individuals who are both employed 

and unemployed during the year. From 2010 to 2014, the average employment rate is 

38.5% in the German region and is 28.1% in the Romance region.  

Because wages include unemployment benefits, I construct a second measure of 

employment, living wage. Living wage is an indicator variable for those who earn above 

the poverty threshold for a single-person household in 2012, that is 2,200 CHF per month 

or 26,400 CHF annually (equivalent to €24,750) (Federal Statistical Office 2014).66 I use 

the relative poverty threshold because the level of wages is determined through 

collective bargaining between the trade unions and employers (Muller and Peterson 

2007). There is no minimum wage in Switzerland. To my knowledge, no prior work has 

used a higher employment threshold to study the extent of asylum integration. 

Annual wages are the before-tax income reported by employers for tax accounts 

and social security, namely contributory pension. The administrative variable should be 

free from measurement errors. In the German region, the unconditional mean annual 

wage is 27,867 CHF (€26,002). In the Romance region, the unconditional mean annual 

wage is 26,662 CHF (€24,878). I report the natural log of annual wage in the analysis. 

Without looking into the effect of linguistic proximity, I provide a brief description of 

the unconditional outcome differences by the top 10 nationalities of the asylum 

population (see Figure 3-3 and Table A 3-6). Not surprisingly, Figure 3-3 shows there 

are sizable outcome variations within nationalities. In the German region, individuals 

from Sri Lanka, Serbia, and Afghanistan rank the highest across all outcomes. In the 

Romance region, individuals from Sri Lanka and Iraq are among the best performers in 

the labour market.  

 

3.3.5 Data limitations 

My dataset has four main limitations. First, my findings are based on permanent 

residents who responded to the Structural Survey. This means I have no information on 

the labour-market outcomes of asylum seekers who left Switzerland within 12 months 

upon arrival. Even though the Structural Survey is nationally representative, 

municipalities with less than 15,000 permanent residents are not sampled (Federal 

 

66 1 CHF=0.93 Euro, dated on 13 June 2020. 
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Statistical Office 2017).67 Second, I cannot account for any potential correlation between 

the reception centre and the assigned canton following the approach of Hangartner and 

Schmid (2020).68 Although randomization is carried out centrally in Bern by the 

immigration authority (SEM), the authors suggest that the location and language of the 

reception centres may influence the region of assignment. There may be a possibility of 

selection to reception centres, which I have no information to validate. Third, inactive and 

unemployed individuals are indistinguishable in the dataset. In Switzerland, one needs 

to work for at least two years to be entitled to the unemployment benefits. Therefore, 

individuals without work experience in Switzerland but are actively looking for work, 

those who are disabled, and seasonally unemployed would be classified under the 

unemployed category. In this paper, I can only assume the unobserved heterogeneity 

stemming from non-employment (unemployment and inactive) is correlated with the 

observed individual characteristics. Forth, unemployment statistics are only available 

annually. An individual who is unemployed for one month or 11 months are both 

classified as unemployed, thus the effect of unemployment could be overestimated.  

 

3.4 Estimation model 

To evaluate the effect of linguistic proximity on employment and annual wages, I examine 

the similarity between language from a country of origin (nationality) and a destination 

municipality. I analyse the effect of proximity to Bernese German and the Romance 

languages (French and Italian) in separate regressions because these languages are 

derived from distinct linguistic branches. Bernese German is a Germanic language, while 

French and Italian are Italic languages. 

For an asylum seeker possessing linguistic proximity 𝐿𝑛 between their country of 

origin and destination municipality, the econometric model is given by, 

𝑌𝑖𝑛𝑎𝑘𝑡 = 𝛽𝐿𝑛 + 𝛾′𝑋𝑖𝑡 + 휂′𝑂𝑛𝑡 + 𝐴𝑎 + 𝐾𝑘 + 𝐽𝑡 + 휀𝑖𝑛𝑎𝑘𝑡 (1) 

where 𝑌 is the labour-market outcome of an asylum seeker 𝑖 of nationality 𝑛, who belongs 

to arrival cohort 𝑎, and resides in canton 𝑘 in the observation year 𝑡, where 𝑡 =

2010, … , 2014. The coefficient of interest 𝛽 expresses the effect of linguistic proximity 

based on nationality for each language region, German or Romance. It quantifies the 

outcome differences stemming from language relatedness between populations. To 

 

67 Since 2010, the traditional census had been discontinued (Steiner and Wanner 2015). The Structural 
Survey is the most exhaustive source of information on the Swiss population. 
68 The authors control for year of arrival and reception center fixed effects to account for imbalances within 
the sample. 
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estimate the causal effect of linguistic proximity, the model relies on the random 

assignment of asylum seekers to residential locations (i.e. cantons) and their restricted 

mobility in the early years of arrival. The identification assumption is that linguistic 

proximity is orthogonal to unobserved individual characteristics. 69 

The labour-market outcomes are partly determined by the returns to human capital. 

𝑋𝑖𝑡 is the vector of individual characteristics including female, age, age squared, highest 

completed education, household size, geography, and asylum process.70 Education is a 

series of dummy variables, comparing the labour-market outcomes of asylum seekers 

who completed secondary and tertiary education to those who completed primary 

education. Household size indicates the number of members living in the same house. 

Geography is a dummy variable to account for occupations and wages in rural or urban 

economies. Asylum process is an indicator variable to distinguish asylum seekers 

(permit N holders) from refugees. This is to account for the effect of mandatory work and 

residential mobility restrictions. Permit N holders are not permitted to work for either three 

or six months upon arrival. The employment restrictions are dependent on the timing of 

the first permit decision and the canton of assignment (State Secretariat for Migration 

2015a). See Chapter 4 for a more thorough description of permit restrictions. 

𝑂𝑛𝑡 is the vector of country of origin characteristics to separate the effect of 

linguistic proximity from other factors driving migration and integration. It includes the 

distance between capital cities, population ratio, stock of permanent residents in 

Switzerland from the country of origin, political rights, civil liberties, ever in a colonial 

relationship, and FST genetic distance. I expect that physical and cultural proximities, 

social network, and common colonial past to be enablers for integration, while political 

turmoil and poverty to intensify unemployment scarring. Because country of origin 

characteristics can influence labour-market participation in the current year, all the time-

variant variables are lagged by one year to mitigate the risk of reverse causality.  

Fixed effects for arrival year cohorts (𝐴𝑎), canton of residence (𝐾𝑘), and outcome 

year (𝐽𝑡) are applied to identify within-group differences. Asylum seekers who arrived in 

Switzerland between 2005 and 2014 are divided into six cohorts (𝐴𝑎) to account for the 

speed of assimilation. Canton fixed effects (𝐾𝑘) consider the local economies, 

geographies, and attitudes towards foreigners across the 26 cantons. Outcome year 

fixed effects (𝐽𝑡) capture differences in employment and wages throughout the 

 

69 While one might be concerned that performing analysis separately by language region would take away 
the benefits of the random assignment, I will briefly discuss in the results section that this is not a concern. 
70 It is common to include a visible minority indicator, e.g. white/black to control for unobserved 
heterogeneity, namely labour-market discrimination. The information is not collected in the Structural Survey. 
Moreover, the asylum population can be discriminated against even if they are not visible minority. 
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observation period from 2010 to 2014. To ensure robust inference, standard errors are 

two-way clustered at the nationality and canton levels, with 490 clusters, to correct for 

heteroskedasticity and correlation within nationality and canton groups.71  

Building on the main empirical model, I carry out two additional analysis. First, I 

test the effect of proximity to an international language, English, on labour-market 

outcomes. I replace the variable of interest with linguistic proximity between the origin 

country and English. The variable is not added to the main regression because linguistic 

proximity to English is highly correlated with proximity to German (correlation 

coefficient=0.78) and French (correlation coefficient=0.50). Similarly, I estimate separate 

effects by language region.  

Second, I examine the heterogeneous effects by arrival cohorts. I interact linguistic 

proximity and other nationality level variables with arrival cohort fixed effects. I consider,  

𝑌𝑖𝑛𝑎𝑘𝑡 = 𝛽𝐿𝑛 + 𝐴𝑎 + 𝜎𝐿𝑛 × 𝐴𝑎 + 휂′𝑂𝑛𝑡 + 휃′𝑂𝑛𝑡 × 𝐴𝑎 + 𝛾′𝑋𝑖𝑡 + 𝐾𝑘 + 𝐽𝑡 + 휀𝑖𝑛𝑎𝑘𝑡 (2) 

While Equation (1) assumes the variable of interest (𝐿𝑛) have the same effect on labour-

market outcomes across individuals of the same nationality, the interaction term in 

Equation (2) controls for time-variant characteristics within nationality and arrival cohort. 

The purpose of Equation (2) is to examine if the effect of linguistic proximity is driven by 

the composition of asylum seekers across cohorts. 

 

3.4.1 Testing the identification assumptions 

My identifying assumption is that linguistic proximity is independent of unobserved 

individual characteristics. One way to help ensure that is through random assignment 

such that asylum seekers are not systematically different (in terms of characteristics) 

upon arrival before allocation to the 26 administrative regions. The legislation requires 

the administrators to allocate asylum seekers following a pre-determined proportion 

detailed in Table A 3-3, that is roughly proportional to the percentage of the permanent 

resident population. The goal of the random assignment policy is to prevent the formation 

of ethnic enclaves, increase diversity, and encourage equal sharing of resource burden 

across cantons (Auer 2018; Vogt 2018). Random assignment is a useful technique to 

generalize the independent and identically distributed (i.i.d.) assumption underlying the 

linear regression.72 To obtain an unbiased and consistent estimator, I inspect if the fitted 

 

71 I cannot use country of origin/nationality fixed effects because linguistic proximity is linked to nationality. 
Nationality fixed effects would take away all the variation from the variable of interest. 
72 The random assignment of asylum seekers has been discussed and validated in previous empirical 
studies (see examples: Auer 2018; Bansak et al. 2018; Hainmueller, Hangartner, and Lawrence 2016; 
Hangartner and Schmid 2020; Couttenier et al. 2019; Slotwinski, Stutzer, and Uhlig 2019). Couttenier et al. 
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models satisfy the theoretical descriptions of a linear model concerning normality, 

linearity, and no multicollinearity.73  

 

3.4.1.1 Random assignment 

To evaluate the validity of the random assignment assumption, I perform three tests. 

First, I check the balance of individual characteristics across cantons of residence.74 I 

test the hypothesis that the coefficients are equal and whether characteristics within the 

prearrival and post-arrival groups jointly predict canton assignment - across 26 cantons 

and separately by language region. To do so, I regress each observable characteristic, 

both prearrival and post-arrival, on canton dummies. The regression is conditional on 

arrival year, top 10 nationality, and outcome year fix effects. I include the fixed effects 

because the assignment policy necessitates that asylum seeker from the top 10 

nationalities to be randomly assigned across cantons in each arrival year (Vogt 2018). 

I report the joint balance tests for the set of prearrival (Table 3-3) and post-arrival 

(Table 3-4) characteristics. In both tables, Panel A reports the canton coefficients and 

Panel B reports the joint test of equality. The key take-way is that the joint balance test 

in Table 3-3 Panel C fails to reject the null hypothesis for the prearrival characteristics in 

Romance and bilingual cantons (p=0.04 for German cantons; p=0.15 for Romance 

cantons; p=0.22 for bilingual cantons). This suggests the prearrival characteristics are 

not predictive of canton assignment in Romance and bilingual cantons. On the other 

hand, Table 3-4 shows the post-arrival characteristics are imbalanced across cantons. 

The imbalance on rural and household size is inevitable because asylum seekers have 

locational choice within the assigned canton, and that the majority of asylum seekers live 

in shared housing where the household size does not necessarily indicate family size. 

While I report the balancing of post-arrival characteristics, they should rather be treated 

as control variables to take away some endogenous factors that explain employment 

and wages. 

Second, I check the correlation between linguistic proximity and cantons of 

residence. I regress each canton on the linguistic proximity conditional on arrival year, 

top 10 nationality, and outcome year fixed effects. Accounting for both the balance and 

size of the differences, Figure 3-4 suggests that linguistic proximity may be able to predict 

 

(2019) report imbalance in gender ratio. Hangartner and Schmid (2020) report imbalance in age at arrival, 
but the imbalance diminishes after controlling for the reception center. 
73 Zero conditional mean is another important assumption for an unbiased estimand. It necessitates the 
vector of the dependent variable to be orthogonal to the error terms. However, this assumption cannot be 
validated empirically as it applies to the population, not the sample. 
74 Recall, I do not have information on the first canton of assignment. The estimate relies on the assumption 
that the canton of residence in the early years of arrival is likely the canton assigned by SEM. 
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5 of the 26 canton locations. The five cantons are Zurich, Luzern, Ticino, Vaud, and 

Geneva. They are among the more populated cantons. Each of them should be assigned 

with at least 4% of all asylum seekers according to the legislation (Table A 3-3). These 

cantons are also more likely to have facilities to handle special cases (e.g. medical cases 

and minors). 

Third, I test if all seven observable characteristics can predict the canton of 

residence. I regress each canton on all observable characteristics conditional on arrival 

year, top 10 nationality, and outcome year fixed effects. Based on Table A 3-7, Table 

3-5 summarizes that I find statistically significant differences at a 10% or lower level in 8 

out of 26 cantons in half of the post-arrival characteristics, and in 12 out of 26 cantons in 

at least one prearrival variable. The extent of imbalance is similar by language region. 

Together with a visual inspection of the balance and levels in Figure 3-5, I conclude the 

differences are less extreme along the prearrival than post-arrival dimension.  

Although the three balancing tests suggest less imbalance in the prearrival than 

post-arrival dimension, my findings raise concerns on the i.i.d. assumption that asylum 

seekers may be systematically different across cantons. There are several plausible 

explanations for the imbalance. Firstly, my dataset is restricted to a sample of permanent 

residents. I cannot rule out the possibility of that selective return or onward migration 

took place before permanent residency. Compared with the asylum application statistics 

(see Table A 3-2), the imbalance may be driven by an underrepresentation of asylum 

seekers from several top nationalities, such as Nigeria, Serbia, and Tunisia. If the current 

sample is positively selected to stay and integrate, my results should be considered an 

upper bound. Thus, I explore the possibility of selection in the robustness section.  

Secondly, asylum seekers are randomly assigned following the population share 

of the cantons (Table A 3-3). These balancing tests cannot assess compliance with the 

regulation (i.e. the proportional distribution of individuals) along the observable 

dimension. Thirdly, special cases (e.g. minors, medical cases, and family reunification) 

are likely correlated with nationality, but they are not subjected to the randomization. 

Although the official record suggests that special cases only account for about 11% of 

all applications (Table A 3-4), I cannot identify these individuals from the Structural 

Survey. If the non-compliers are identifiable and that they are more likely to reside in the 

five cantons (where I report imbalances in Figure 3-4), the baseline balance will likely 

improve. 

Key to the identification strategy is the balance on both observables and 

unobservables (see Bruhn and Mckenzie (2009) for further discussion). Although there 

is a lack of perfect balance, particularly important to my identifying assumption is that 

asylum seekers are centrally assigned by the Swiss immigration authority (SEM). 
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Considering I control for all covariates in the main specification, intuitively, it should be 

less likely for the remaining unobservables to bias the true effect of linguistic proximity.  

 

3.4.1.2 Additional theoretical description of linear regression models 

I turn to evaluate the empirical model following other theoretical assumptions of linear 

regression models. To check for multicollinearity, I regress the variable of interest on 

covariates with different types of fixed effects (Table 3-6). Columns (1) and (4) are 

conditional on arrival year and outcome year fixed effects. Columns (2) and (5) add top 

10 nationality fixed effects to account for the Swiss assignment policy. Columns (3) and 

(6) control for country of origin covariates that can be correlated with linguistic proximity.  

Overall, I find few statistically significant results. Conditional on origin country 

characteristics, arrival year, and outcome year fixed effects, individual characteristics are 

not correlated with linguistic proximity in the German region. Female is significantly 

different in the Romance region. However, it should not generate collinearity concerns 

because the gender imbalance is expected among the asylum population (Wanner 2016; 

Couttenier et al. 2019).  

I test for violations for linearity and normality through several residual plots. 

Specifically, I inspect the correlation between the error terms and linguistic proximity 

(Figure A 3-3) and whether the residuals follow a normal distribution (Figure A 3-4). 

Overall, the residuals in Figure A 3-3 are randomly dispersed above and below the 

horizontal axis. Figure A 3-3 helps inform that the current linear regression model is 

appropriate. However, Figure A 3-4 suggests some deviation from normality, which 

raises concerns on the misleading effect of outliers. 

To further investigate the effect of outliers, I verify my results by excluding 

observations from the top and bottom 5% and 10% of the residuals. Table 3-7 concludes 

my estimates are stable and not driven by outliers. The only exception from the test is 

that I gain statistical significance for living wage in the German region. This is likely driven 

by excluding observations with large within-nationality outcome variations, namely 

nationals of Sri Lanka (26%; N=241) and Eritrea (20%; N=184). 

Based on a thorough evaluation of the random assignment and theoretical 

assumptions of the fitted model, I refrain from making strong causal claims on the 

linguistic proximity estimates. Although the policy and procedural documents support 

that asylum seekers are randomly assigned to cantons, the randomization tests show 

the 26 cantons are not entirely balanced on all observable characteristics. To ensure a 

consistent estimate, I investigate the role of unobservable selection in the robustness 

section.  
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3.5 Results 

3.5.1 Standardized linguistic proximity for the language regions 

I examine whether linguistic proximity by country of origin can explain labour-market 

outcomes of the asylum population. In Table 3-8, I report estimates for employment. I 

estimate separate regressions by language region with a sample of 2,078 individuals 

(N=9,252) in the German and 1,038 individuals (N=4,528) in the Romance (French and 

Italian) region. The language region is defined by the destination municipality. There are 

18 German cantons, 4 French cantons, 1 Italian canton, and 3 bilingual cantons.75  

The base regression includes outcome year and canton fixed effects to estimate 

the uncontrolled average effect across cantons and study period (Columns 1 and 4). 

Columns (2) and (5) add individual characteristics and arrival cohort fixed effects to 

capture human capital potential and variations within arrival cohorts. Columns (3) and 

(6) add country of origin characteristics to isolate linguistic proximity from other country-

level confounders that may explain employment, such as cultural proximity, cost of 

migration, and the size of ethnic enclaves. Standard errors are two-way clustered at the 

nationality and canton level to allow observations in the same nationality and canton to 

be correlated. 

In my preferred specification (Columns 3 and 6), I find that linguistic proximity has 

a significant positive association with employment. In the German region, a one standard 

deviation increase in linguistic proximity (to Bernese German) is correlated with an 

increase in employment likelihood by 2.3 pps (or 6.0%).76 In the Romance region, a one 

standard deviation increase in linguistic proximity (to French or Italian) is associated with 

3.9 pps (13.6%) increase in employment. To put this into perspective, a one standard 

deviation is equivalent to 5.1 pps of the raw linguistic proximity to Bernese German and 

6.3 pps of the raw index to French and Italian.77 The difference is equivalent to comparing 

individuals from Eritrea (Bernese German: 2.85; French: 3.11) to North Macedonia 

(Bernese German: 8.32), or Croatia (French: 9.40). 

While the findings are not directly comparable to those of Auer (2018) and 

Hangartner and Schmid (2020), as language proximity and proficiency are different 

measures of learning, it is still informative to understand the relative magnitude of effects. 

For example, Auer (2018) finds a language match (to the canton) and language course 

 

75 Note that the differences between a bilingual and monolingual canton would be absorbed by the canton 
fixed effects. 
76 In the German region, the conditional mean employment rate is 38.5%. I convert the point estimates into 
percentages by 0.023/0.385 = 0.060. 
77 The standardized score is calculated by: 𝑧 = (𝑥 − 𝜇) 𝜎⁄ , where x is the raw index (100%-LDND) from 

ASJP, 𝜇 is the sample mean, and 𝜎 is the standard deviation of the sample. To recover the raw proximity 
index to Bernese German, I calculate: 2.798+2.281= 5.079. 
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participation to increase labour-market re-entry by 14% within 2 years. Hangartner and 

Schmid (2020) document that Francophone refugees are 4.6 pps (about 150% in relative 

terms) more likely to be employed after four years of stay in the French-speaking 

municipalities of Switzerland.78 My results are 2.3 pps (6.0%) in the German region and 

3.9 pps (13.6%) in the Romance region, which suggests the magnitudes of linguistic 

proximity is smaller than those of language proficiency. 

Table 3-9 investigates the effect on the probability to obtain wages above the 

national poverty threshold (living wage) and log annual wage.79 In the German region, I 

find that linguistic proximity does not have a discernible effect on labour-market 

integration beyond employment. In the Romance region, linguistic proximity has a 

positive effect on living wage but no detectable effect on annual wages. Column (5) 

suggests a one standard deviation increase in linguistic proximity corresponds to 3.1 pps 

(22.3%) increase in the likelihood to obtain a living wage. Not surprisingly, the effect size 

on the living wage is smaller than on employment. 

One might be concerned that the benefits of random assignment would be taken 

away by analysing the sample separately by language region. In Table A 3-8, I report 

the overall effect of linguistic proximity in Switzerland as a whole. In line with the results 

by language region, linguistic proximity is associated with positive employment and living 

wage outcomes, but no discernible effect on wages. Being one standard deviation closer 

in linguistic proximity is associated with 2.5 pps (7.1%) increase in employment and 1.7 

pps (9.7%) increase in the likelihood to obtain a living wage. Moreover, I check the 

robustness of inference with standard errors clustered at the nationality level, and multi-

way clustering at the individual, nationality, and canton level (Table A 3-9). The standard 

errors of linguistic proximity remain insensitive to the choice of clustering. 

To test the robustness of the main results, Table A 3-10 reports the marginal effects 

of employment and living wage from the logit and probit regressions. A fundamental 

problem with the linear probability model is that the predicted probability can be below 

or above 1, while the logit and probit models follow the cumulative distribution function 

and return a predicted probability to a value between 0 and 1. Table A 3-10 summarizes 

that the significance, sign, and effect size of coefficients are consistent across 

specifications. Table A 3-11 addresses the concern of measurement error in the wage 

regressions by excluding the unemployment benefit recipients. Table A 3-11 validates 

the magnitude of wage effect remain stable in the Romance region. Although the sign of 

 

78 The authors find a positive employment effect which increases from 16.0 pps after two years of stay, to 
20.6 pps after four years of stay among refugees who are proficient in French and are assigned to the 
French-speaking municipalities of Switzerland (Hangartner and Schmid 2020).  
79 Recall, living wage is 26,400 CHF annually. This is the national poverty threshold in 2012. 
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coefficient changes in the German region, the effect size is close to zero and therefore 

should not generate concerns for measurement error.  

Overall, the main results report linguistic proximity by country of origin facilitates 

labour-market entry in both language regions. Linguistic proximity also improves the 

prospect for obtaining a living wage in the Romance region, but no discernible effect on 

the extensive margin (log annual wages) in both language regions. My findings suggest 

the effect of linguistic proximity is weaker than the effects found in previous work on 

language proficiency (e.g. through language courses). 

 

3.5.2 The importance of English as an international language 

English is the international lingua franca and the most common foreign language in 

Switzerland (Swiss Federal Council 2017). Proximity to an international language may 

facilitate communications with other foreigners, English-speakers, and facilitate job-

search. Analysis in Table 3-10 replaces the linguistic proximity variable for the 

municipality language with English. Except for wages in the German region, the effects 

of proximity to English on employment and living wage are not statistically significant. 

Column (3) presents a one standard deviation increase in linguistic proximity to English 

predicts an increase of 0.05 log units (5.0%) increase in annual wages. Although the sign 

of coefficients is positive across outcomes, the effect sizes are small (about 1 pps for 

employment, living wages, and 5.0% for annual wages). Considering only a small share 

of high-skill jobs are advertised in English in Switzerland, it is not surprising that linguistic 

proximity to an international language does not help secure employment.  

 

3.5.3 Heterogeneous effects by arrival cohorts 

In Equation (1), I constrain the effect of linguistic proximity to be the same for all 

individuals regardless of nationality and arrival cohort. In contrast, the model in Table 

3-11 (Equation (2)) allows the effect of linguistic proximity to vary across arrival cohorts. 

In other words, I interact the nationality level controls and arrival cohort fixed effects to 

examine if the marginal effects of linguistic proximity are sensitive to the timing of arrival. 

This is similar to the approach of previous work to interact the variable of interest with 

duration of stay (Chiswick and Miller 2012) or year of arrival dummies (Fasani, Frattini, 

and Minale 2018) to quantify assimilation effects. In the German region, the results in 

Columns (1) to (3) suggest the effect of linguistic proximity to be non-discernible among 

arrivals from 2005 to 2006. The positive and significant effect of linguistic proximity (to 

Bernese German) on employment is driven by the arrival cohort in 2007. 
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In the Romance region, I find that linguistic proximity has a positive effect on 

employment and living wage among the 2005 and 2006 arrival cohort. However, the 

interaction coefficients indicate the effect of proximity reduces among recent arrivals. For 

example, in Column (4), linguistic proximity increases employment by 3.5 pps among 

those who arrived from 2005 to 2006, but reduces employment to -0.03 pps (that is, 

0.035-0.063) for 14% (N=624) of the sample in the Romance region who arrived between 

2011 and 2014. Similarly, Column (5) suggests the effect size on living wage has been 

reduced to about 0 pps (that is, 0.040-0.027) for 36.1% of the sample (N=1,636) who 

arrived after 2009. The findings in Table 3-11 reveal that the effect of linguistic proximity 

on employment and living wage are driven by earlier cohorts who arrived between 1 and 

5 years before the study period.  

All in all, the results demonstrate linguistic proximity – the initial advantage from an 

origin country – comes into play in the mid-to-long-term integration process. Assimilation 

through the longer duration of stay is an important mechanism for the positive effect of 

linguistic proximity on labour-market outcomes. However, disadvantages upon arrival to 

Switzerland, such as the lack of country-specific skills, can offset or intensify the 

employment differences among those of the same nationality and arrival cohort.  

 

3.5.4 Robustness checks 

3.5.4.1 Alternative linguistic proximity indices 

It is crucial to ensure the estimated effects of linguistic proximity, that is 100%-LDND 

between the majority language from the origin country and the language of destination 

municipality (e.g. Bernese German), are not specific to this index. I compare my main 

results to two other measures. First, I use another linguistic proximity index calculated 

from the ASJP program, that is 100%-LDND between Standard German and the majority 

language from the origin country. In Switzerland, all official documents are published in 

the standard form of the official languages (in this case, Standard German) (Swiss 

Federal Council 2020b). I hypothesize the two languages would yield similar effects on 

labour-market outcomes. Second, I use another linguistic proximity index (hereafter 

index (A&P), to avoid confusion) constructed by Adserà and Pytliková (2015). The 

authors calculate a continuous index using levels of the linguistic tree between the first 

official language of countries. I take the index between origin country and destination 

countries, which are Germany, France, and Italy, to test the robustness of my results.80 

 

80 I did not use other linguistic proximity index because they have less geographic coverage. For example, 
the Dyen index only includes Indo-European languages (Dyen, Kruskal, and Black 1992). The Common 
Language Index from Melitz and Toubal (2014) would exclude 8 nationalities (Serbia, Kosovo, Ethiopia, 
Mongolia, Myanmar, Palestine, Montenegro, Equatorial Guinea) from the current sample. 
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For the ease of comparison, I standardize all the raw indices by their standard deviations. 

As expected, the three indices are highly correlated (Table A 3-5).  

Table 3-12 verifies that the significant and beneficial effect of linguistic proximity 

on employment in the German region, and on employment and living wage measures in 

the Romance region, are consistent across all three measures. In the German region 

(Panel A), except for log annual wage (Column (7)), the coefficient signs remain the 

same. Although the magnitudes remain similar to the other ASJP measures, the 

estimates are generally bigger and more statistically significant from the A&P index.  

In the Romance region (Panel B), my results are robust across indices. Coefficient 

signs, magnitudes, and significance levels are comparable across specifications. This 

robustness test suggests the effect of linguistic proximity is not sensitive to the specific 

proximity measure. The results from the preferred measure should be more precisely 

estimated as I test the effect of proximity to Bernese German directly.  

 

3.5.4.2 Further controls and fixed effects 

I explore the effect of omitted confounders that are correlated with labour-market 

outcomes and linguistic proximity. Table 3-13 adds language skill to the main regression 

model. Language skill is the reported main language taken from the Structural Survey. It 

is a dummy variable of self-reported language which one thinks in and knows best. 

Asylum seekers who reported using the main language of the destination municipality 

are compared to individuals who reported otherwise. The main language in the German 

region is Bernese German, in the Romance region is French and Italian. The effect of 

linguistic proximity remains unchanged with the inclusion of language skill.81 

Although the preferred specification accounts for individual and country of origin 

characteristics, one may be concerned about the effect of unobserved continent 

heterogeneity, for example, racial discrimination from employers, to exacerbate unequal 

access to employment opportunities. I consider two additional specifications where I i) 

include continent fixed effects and ii) include top 10 nationality fixed effects. Both 

specifications represent more conservative assumptions that asylum seekers from the 

same continent or the ten nationalities would share similar observable and unobservable 

characteristics that can explain their labour-market performance.  

While the inclusion of region or continent fixed effects is common in similar work 

(e.g. Isphording and Otten (2014)), this is not my preferred specification due to 

 

81 The variable is also weakly correlated with linguistic proximity (correlation coefficient <0.10) in both 
regions. This is either because i) the variable cannot indicate the level of skill, or ii) the sample actually 
possesses low language skills because the average age at arrival is 30 years old and the average duration 
of stay is only 4 years.  
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multicollinearity concerns. 82 For the same reason, the top 10 nationality fixed effects are 

not included in the main model. Table 3-14 reports the findings are generally robust to 

these changes: coefficient signs and effect sizes remain similar, although estimates for 

living wage and wages gain significance (Panel A Columns (6) and (9); Panel B Columns 

(8) and (9)). Table A 3-12 provides further details on the top 10 nationality coefficients. 

In both regions, I find that the outcome differences are most likely driven by heterogeneity 

among asylum seekers from Sri Lanka (compared to Eritrea in the base category).  

 

3.5.4.3 The effect of unobservables 

Other than omitted variables at the regional level, one may be more concerned about 

other unobservables at the individual level, such as work experience in home country 

and health. Unfortunately, they are not available in the current dataset. To diagnose the 

extent of omitted variable bias, I implement a method proposed by Altonji, Elder, and 

Taber (2005) and Oster (2019). The main assumption of the method is that selection 

between unobservables and observables are proportional to changes in the estimated 

coefficient and explanatory power (i.e. r-squared), as observed covariates are included 

in the model. When the ratio of selection between unobservables and observables (𝛿) is 

1, it suggests unobservables and observables (that is, all the existing covariates and 

fixed effects) have equal explanatory power to the outcome. When the values of 𝛿 > 1, 

the researcher should think carefully if the omitted variables can be 𝛿 times more 

important than observables in explaining the outcome. When the values of 𝛿 < 0, it 

suggests unobservables and observables would explain the outcome in an opposite 

direction, thus the bias would drive the estimated effect towards zero. Please refer to 

Chapter 2 for further discussion of the method.  

To assess omitted variable bias, I estimate the value of 𝛿 under reasonable 

assumptions for i) the maximum explanatory power of the model if all the omitted 

variables are included (𝑅𝑚𝑎𝑥 = 1.3 ∗ �̃�, where �̃� is the r-squared from the preferred 

model) and ii) zero effect of linguistic proximity. In what follows, I focus on discussing the 

statistically significant estimates from Table 3-15 Columns (1), (4) and (5). In the German 

region, I find the positive employment effect to be sensitive to omitted variable bias. 

Selection on unobservables would only need to be 0.7 times as important as selection 

on observables for the effect of linguistic proximity to Bernese German to become non-

discernible. In the Romance region, the positive effect on employment and living wage 

 

82 In the specification with country of origin characteristics and continent fixed effects, some country level 
characteristics such as distance, the Freedom House political rights and civil liberty indices, and population 
ratio are highly correlated (up to correlation coefficient=-0.74) for Europe and Africa.  



 

 96 

still survive under the conventional assumptions: It is unlikely that the explanatory power 

of the excluded variables to be 8.3 times (employment) and 4.7 times (living wage) 

greater than that of the included variables (recall: arrival year, education, and so on).  

Further, I estimate the magnitudes considering equal importance of selection on 

unobservables and observables (𝛿 = 1). I find that the positive effect of linguistic 

proximity to French and Italian on employment and living wage to be slightly greater. I 

find that the positive effect of linguistic proximity to German to decrease, suggesting the 

effect to be attributed to the positive selection of asylum seekers in the German region. 

The positive selection may be associated with i) more motivated asylum seekers and ii) 

more low-skill work opportunities in the German region.83 If I can control for omitted 

variables such as health status and disabilities of the analysis sample, my findings should 

represent an upper bound of the true causal effect.  

 

3.5.4.4 Exclusion restrictions 

In the main specification, the model assumes linguistic proximity has the same effect on 

labour-market outcomes among individuals of the same nationality. A limitation is that it 

cannot assess variations within nationality. In Table 3-16, I test the potential impact of 

selection and measurement error. Although language region is defined by the 

municipality rather than canton, a potential source of selection comes from the asylum 

population residing in the four multilingual cantons: Bern, Fribourg, Graubünden, and 

Valais. Because the random assignment policy restricts mobility across cantons, asylum 

seekers with closer proximity to German, French, or Italian can still choose their location 

of residence (municipality) within the canton. To completely rule out this source of 

selection, I exclude 22.4% of the sample (N=2,072) in the German and 13.5% of the 

sample (N=612) in the Romance area. Columns (2), (5), and (8) demonstrate that the 

results are consistent and suggest effects on employment (both regions) and living wage 

(Romance region) are not driven by asylum seekers selecting a more favourable 

language or work environment.  

A potential source of measurement error comes from the accuracy of nationality 

information. The information comes from the ZEMIS foreign register that is administered 

by SEM and that I can verify its accuracy with the country of birth in most cases.84 

 

83 Swiss news articles have documented that the majority of big enterprises, such as grocery chain (Migros) 
and railways (SBB/CFF), and non-governmental organizations have integration or training programs for the 
asylum population (Schellenbauer 2016; Tribune de Genève 2016). Their main offices are mostly the 
German region. 
84 Recall, the main analysis is restricted to individuals with the same nationality and country of birth, plus 
some individuals with nationality but without information on country of birth . The allocation of cantons from 
SEM is based on nationality of the asylum seekers.  
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However, country of birth is missing in 5.4% of the sample (N=501) in the German and 

8.2% of the sample (N=369) in the Romance area. To rule out this potential source of 

measurement error, I exclude these individuals from the main regressions. Table 3-16 

confirms my results are similar.85  

 

3.6 Conclusion  

This study puts forward and tests a new hypothesis on the relationship between linguistic 

proximity and labour-market outcomes. The main contribution of the study is to advance 

our understanding of the economic integration of the asylum population in a multilingual 

country. Exploiting a natural experiment where the asylum population is randomly 

assigned across 26 administrative regions, I compare the outcomes of individuals from 

72 countries who reside in the Romance and German regions. The variable of interest 

captures the skill transferability of human capital among asylum seekers in Switzerland. 

Further, I consider an alternative labour-market outcome, living wage, based on the 

national poverty threshold.  

Based on administrative records of permanent residents from 2010 to 2014, I find 

that linguistic proximity is associated with positive employment outcomes in both regions. 

It also facilitates a higher likelihood of obtaining a living wage in the Romance region. 

The overall effect of linguistic proximity is driven by the earlier arrival cohorts, suggesting 

linguistic proximity cannot mitigate the initial disadvantages upon arrival. Further analysis 

of unobservable selection and coefficient movements shows that results in the German 

region are likely to be driven by selection. The positive effects on employment and living 

wage in the Romance region are likely to remain even if selection on unobservables is 

five times as important as selection on observables. Thus, the estimated effects should 

be viewed as an upper bound.  

Based on additional checks on the quality of the fitted model, my results conditional 

on language region and a rich set of covariates should still be considered as the best 

linear predictor. If I can observe the outcomes of the underrepresented nationalities, and 

more importantly, an unbiased language proficiency of the asylum population, I would 

expect the effect of linguistic proximity to decrease. The intuition is in line with the 

assessment of selection effects and the effects of language skills reported in previous 

studies from Switzerland. 

 

85 One exception is a different coefficient sign in log annual wage in the German region (Panel A, Column 
(9)). It should not be a concern because the coefficient values in the main and smaller samples are close to 
zero. 
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Finally, my results indicate proximity to English has no discernible effect on labour-

market integration in both language regions. It underlines the importance of being fluent 

in the local language. From a policy perspective, the government should continue 

devoting substantial resources to teaching the Swiss languages and assessing the 

language proficiency of the asylum population. Future work should investigate the 

underlying mechanisms, whether the positive effect of linguistic proximity acts through 

the channel of cultural bias, language training, or integration policy (e.g. Slotwinski et al. 

(2019)). This is complementary to existing initiatives, such as improving the 

acknowledgement of education degree and providing hiring incentives to firms. It would 

also be useful to look more broadly at other aspects of language, such as the complexity 

of grammatical structure, sentence formation, and linguistic diversity in the origin country. 

These other dimensions of language may increase returns to language fluency and 

facilitate skill transfer in host countries. 
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Tables and Figures 

 

Figure 3-1 Conceptual relationship between linguistic proximity and outcome measures 

 

Source: Author’s drawing based on Chambers and Trudgill (1998), Borin (2013), Chiswick and Miller (2015), 
Grenier (2015), and Education Testing Service (2019). 

 

 

Figure 3-2 Linguistic proximity to Bernese German, French, Italian by language region, 2010-2014 

 

Notes: The figure illustrates the distribution of linguistic proximity, standardized 1-LDND, based on the 
majority language of each nationality. Proximity to Bernese German in the German region in Grey. Proximity 
to French and Italian in the Romance region in red. Source: Various datasets including the ASJP Database 
(version 18) and the Swiss Longitudinal Demographic Database (2010-2014). 
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Figure 3-3 Unconditional outcomes by top 10 nationalities, 2010-2014 

 

Notes: The figure reports a summary of unconditional outcomes based on Table A 3-6. The error bars 
represent the standard deviation of the outcome by nationality. Source: The Swiss Longitudinal 
Demographic Database (2010-2014). 
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Figure 3-4 Identification: Balance of the variable of interest for each canton, 2010-2014 

 

Notes: This figure presents the estimated coefficient of linguistic proximity for each of the 26 cantons. The 
error bars present the 95% confidence interval. I regress each canton (as a binary dependent variable) on 
linguistic proximity (independent variable). The regressions are conditional on top 10 nationality, arrival year, 
and outcome year fixed effects. Standard errors are clustered by individual. Source: The Swiss Longitudinal 
Demographic Database (2010-2014). 
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Figure 3-5 Identification: Balance of characteristics for each canton, 2010-2014 

 

Notes: The figure reports a summary of results based on Table A 3-7. The error bars represent the standard 
error of the coefficient. I regress each canton (as a binary dependent variable) on all prearrival (female, age 
at arrival) and post-arrival characteristics (education levels, household size, rural municipality, and asylum 
process). The regressions are conditional on top 10 nationality, arrival year, and outcome year fixed effects. 
Standard errors are clustered by individual. Source: The Swiss Longitudinal Demographic Database (2010-
2014). 
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Table 3-1 Descriptive statistics by language region, 2010-2014 

Language region German   Romance  
(1) (2) (3) (4) 

 
(5) (6) (7) (8)  

mean sd min max   mean sd min max 

Outcomes                   

Probability of employment 0.385 0.487 0.000 1.000 
 

0.286 0.452 0.000 1.000 

Probability of living wage 0.193 0.394 0.000 1.000 
 

0.139 0.346 0.000 1.000 

Annual wage, in CHF 27,867 19,647 27 96,349 
 

26,662 19,953 42 118,037 

Variables of interest                   

Linguistic proximity (Std(1-LDND)), major -0.067 0.928 -1.824 8.700 
 

0.147 1.129 -2.328 13.530 

Linguistic proximity (Std(1-LDND)), major, Standard German -0.102 1.005 -1.270 8.218 
 

0.215 0.957 -1.883 11.560 

Linguistic proximity (Std(Index)), major (A&P 2015) -0.040 0.714 -0.445 6.658 
 

0.077 1.425 -0.445 10.600 

Linguistic proximity to English (Std(1-LDND)), major -0.010 0.942 -0.815 16.130 
 

0.031 1.154 -0.882 16.130 

Individual characteristics                   

Female 0.361 0.480 0.000 1.000 
 

0.419 0.493 0.000 1.000 

Age at arrival 30.700 8.987 9.000 64.000 
 

30.510 9.169 9.000 63.000 

Age 34.640 9.114 18.000 65.000 
 

34.460 9.227 18.000 65.000 

Education, Primary 0.703 0.457 0.000 1.000 
 

0.695 0.460 0.000 1.000 

Education, Secondary 0.197 0.398 0.000 1.000 
 

0.189 0.391 0.000 1.000 

Education, Tertiary 0.100 0.300 0.000 1.000 
 

0.116 0.321 0.000 1.000 

Household size 1.815 1.526 1.000 6.000 
 

1.771 1.522 1.000 6.000 

Year of arrival 2,008 2 2,005 2,014 
 

2,008 2 2,005 2,013 

Rural municipality 0.190 0.393 0.000 1.000 
 

0.135 0.342 0.000 1.000 

Country of origin characteristics                   

ln (Distance in km between capital cities) 8.414 0.482 6.828 9.218 
 

8.342 0.514 6.502 9.218 

ln (Population ratio: origin/destination), t-1 -0.822 1.643 -5.147 1.637 
 

-0.568 1.414 -5.147 1.637 

ln (Stock: foreign population from origin), t-1 9.196 1.148 4.466 11.710 
 

8.919 1.269 4.304 11.710 

Fst genetic distance, standardized (S&W 2009) -0.111 0.839 -1.477 2.046 
 

0.225 1.247 -1.521 3.265 

FH Political Rights in origin country, t-1 5.836 1.447 1.000 7.000 
 

5.797 1.399 1.000 7.000 

FH Civil Liberties in origin country, t-1 5.637 1.409 1.000 7.000 
 

5.578 1.417 1.000 7.000 

Ever in colonial relationship 0.285 0.451 0.000 1.000 
 

0.320 0.466 0.000 1.000 

                    

Notes: The person-year observation is 9,252 for the German region and 4,528 for the Romance region. Source: Various datasets including the ASJP Database (version 
18) and the Swiss Longitudinal Demographic Database (2010-2014). 
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Table 3-2 Linguistic proximity for the top 10 nationalities, raw indices, 2010-2014 

        Linguistic Proximity (1-LDND) 

Nationality Majority language % Obs. Obs. Bernese 
German 

French Italian English 

Eritrea  Tigrinya (tir) 28.9 3,985 2.85 3.11 0.89 1.36 

Sri Lanka Sinhala (sin) 11.3 1,563 5.65 2.96 8.46 5.79 

Somalia Somali (som) 8.1 1,113 -0.65 0.33 -0.26 -2.76 

Turkey Turkish (tur) 8.0 1,104 1.34 0.96 1.22 -1.25 

Afghanistan Eastern Farsi (prs) 6.9 946 2.15 8.63 8.88 8.19 

Iraq Iraq Muslim Baghdad 
Arabic (acm) 

6.1 847 0.34 2.09 2.07 1.35 

China Mandarin (cmn) 5.3 736 -0.2 -1.46 1.17 -2.2 

Syria Syrian/Damascus 
Arabic (apc) 

4.6 632 -0.6 3.07 4.61 0.8 

Serbia Serbocroatian (srp) 1.3 182 12.58 8.79 10.3 13.46 

Tunisia Tunisian Arabic 
Maghrib (aeb) 

0.4 62 2.24 1.44 3.21 1.22 

Other (Average) 
 

18.9 2,610 2.11 3.04 5.1 3.88 

Total (Average)   100.0 13,780 2.23 2.82 3.42 2.21 

Notes: In brackets are the ISO 639-3 world's language codes. Obs. is the person-year observations. 
Source: ASJP Database (version 18), Swiss Longitudinal Demographic Database 2010-2014. 
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Table 3-3 Identification: Balancing the prearrival variables by cantons, 2010-2014 

Characteristics Prearrival     

  (1) (2) (3) 

  Female Age at arrival Linguistic 
proximity 

Panel A: Canton coefficients       

ZH 0.358 30.853 0.011 

BE 0.336 29.670 0.094 

LU 0.382 29.118 0.001 

UR 0.156 26.882 0.183 

SZ 0.359 30.413 -0.050 

OW 0.348 26.981 0.087 

NW 0.216 26.663 0.098 

GL 0.138 30.653 0.025 

ZG 0.442 28.304 0.091 

FR 0.389 30.555 0.133 

SO 0.318 30.355 0.025 

BS 0.310 30.608 0.022 

BL 0.305 31.355 0.008 

SH 0.358 30.189 0.105 

AR 0.280 29.406 0.141 

AI 0.519 37.562 0.181 

SG 0.335 28.857 0.049 

GR 0.243 30.342 0.107 

AG 0.368 30.682 0.106 

TG 0.327 30.691 0.175 

TI 0.295 30.081 0.401 

VD 0.364 29.765 0.297 

VS 0.485 31.209 0.232 

NS 0.413 30.236 0.140 

GE 0.440 28.661 0.349 

JU 0.243 31.142 0.226 

Panel B: Joint test of equality (p-value) 

All (26) 0.067 0.026 0.000 

German (18) 0.370 0.008 0.000 

Romance (5) 0.025 0.416 0.185 

Bilingual (3) 0.052 0.441 0.348 

Panel C: Joint balance test for pre-arrival characteristics p-value Obs. 

All cantons (out of 26) 
 

0.000 13,780  

German cantons (out of 18) 
 

0.035 7,180  

French/ Italian (Romance) cantons (out of 5)  0.153 3,916  

Bilingual cantons (out of 3) 
 

0.222 2,684  

Notes: The person-year observation for each characteristic is 13,780. Panel A presents the canton 
coefficients for each prearrival characteristic conditional on arrival year, outcome year, and top-10 
nationalities. Panel B presents the p-value from a joint test of equality of the 26 canton coefficients (all 
cantons), and separately by language region reported in Panel A. The joint balance test reports the p-
value from a joint test of whether the combination of prearrival (Panel C) characteristics predict the first 
canton of observation - for all cantons and separately by language region. Source: ASJP Database 
(version 18), Swiss Longitudinal Demographic Database 2010-2014, Adserà and Pytliková 2015. 
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Table 3-4 Identification: Balancing the post-arrival characteristics by cantons, 2010-2014 

Characteristics Post-arrival         

  (1) (2) (3) (4) (5) (6) 

  Edu., 
Primary 

Edu., 
Secondary 

Edu., 
Tertiary 

HH size Rural Asylum 
process 

Panel A: Canton coefficients             

ZH 0.750 0.184 0.066 1.959 -0.060 0.043 

BE 0.805 0.196 -0.001 1.687 0.070 0.059 

LU 0.838 0.164 -0.001 1.524 0.254 0.079 

UR 1.062 0.013 -0.075 1.835 0.911 0.010 

SZ 0.829 0.164 0.007 1.958 0.406 0.070 

OW 0.484 0.364 0.151 1.979 0.935 0.256 

NW 0.802 0.162 0.036 2.143 -0.036 0.078 

GL 1.097 -0.003 -0.094 1.635 0.757 0.042 

ZG 0.770 0.191 0.039 2.345 -0.056 0.041 

FR 0.855 0.141 0.004 1.560 0.033 -0.001 

SO 0.798 0.192 0.010 1.623 0.083 0.093 

BS 0.770 0.240 -0.009 1.545 -0.072 0.139 

BL 0.818 0.180 0.002 1.869 -0.043 0.033 

SH 0.782 0.199 0.018 1.532 -0.013 0.109 

AR 0.727 0.235 0.038 1.631 0.202 0.108 

AI 1.120 -0.036 -0.083 2.057 0.954 -0.050 

SG 0.834 0.174 -0.007 1.563 0.229 0.066 

GR 0.899 0.091 0.010 2.060 0.286 0.097 

AG 0.809 0.185 0.007 1.991 0.114 0.031 

TG 0.802 0.245 -0.047 1.451 0.221 0.103 

TI 0.782 0.210 0.008 1.491 -0.024 0.106 

VD 0.846 0.136 0.018 1.673 0.058 0.071 

VS 0.850 0.134 0.016 1.616 0.108 0.034 

NS 0.854 0.144 0.001 1.642 -0.033 0.098 

GE 0.811 0.164 0.024 1.944 -0.077 0.006 

JU 0.834 0.141 0.025 2.158 0.184 -0.006 

Panel B: Joint test of equality (p-value)           

All cantons (26) 0.000 0.000 0.000 0.000 0.000 0.000 

German (18) 0.000 0.000 0.000 0.000 0.000 0.002 

Romance (5) 0.612 0.484 0.972 0.003 0.000 0.000 

Bilingual (3) 0.556 0.310 0.901 0.579 0.388 0.008 

Panel C: Joint Balance test for post-arrival characteristics    p-value Obs. 

All cantons (out of 26) 
    

0.116 13,780  

German cantons (out of 18) 
    

0.030 7,180  

French/ Italian (Romance) cantons (out of 5) 
  

0.000 3,916  

Bilingual cantons (out of 3) 
    

0.013 2,684  

Notes: The person-year observation for each characteristic is 13,780. Panel A presents the canton 
coefficients for each post-arrival characteristic conditional on arrival year, outcome year, and top-10 
nationalities. Panel B presents the p-value from a joint test of equality of the 26 canton coefficients (all 
cantons), and separately by language region reported in Panel A. The joint balance test reports the p-
value from a joint test of whether the combination of post-arrival (Panel C) characteristics predict the first 
canton of observation - for all cantons and separately by language region. Source: ASJP Database 
(version 18), Swiss Longitudinal Demographic Database 2010-2014, Adserà and Pytliková 2015. 
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Table 3-5 Identification: Count and share of characteristics (p<0.1) 

Characteristics Prearrival (out of 2)  Post-arrival (out of 5)  
(1) (2) (3) (4) 

Cantons Count (p<0.1) Ratio (p<0.1) Count (p<0.1) Ratio (p<0.1) 

German         

Zürich (ZH) 1 50% 3 60% 

Luzern (LU) 1 50% 2 40% 

Uri (UR) 2 100% 3 60% 

Schwyz (SZ) 0 0% 1 20% 

Obwalden (OW) 1 50% 1 20% 

Nidwalden (NW) 0 0% 1 20% 

Glarus (GL) 1 50% 3 60% 

Zug (ZG) 1 50% 2 40% 

Solothurn (SO) 0 0% 0 0% 

Basel-Stadt (BS) 0 0% 2 40% 

Basel-Landschaft (BL) 1 50% 1 20% 

Schaffhausen (SH) 0 0% 1 20% 

Appenzell Ausserrhoden (AR) 0 0% 0 0% 

Appenzell Innerrhoden (AI) 0 0% 0 0% 

St. Gallen (SG) 1 50% 2 40% 

Gaubünden (GR) 1 50% 3 60% 

Aargau (AG) 0 0% 3 60% 

Thurgau (TG) 0 0% 3 60% 

Romance         

Ticino (TI) 0 0% 3 60% 

Vaud (VD) 0 0% 2 40% 

Neuchâtel (NS) 0 0% 2 40% 

Genève (GE) 2 100% 3 60% 

Jura (JU) 1 50% 2 40% 

Bilingual          

Bern (BE) 0 0% 0 0% 

Fribourg (FR) 0 0% 1 20% 

Valais (VS) 1 50% 0 0% 

Summary: Assessment of imbalance (p<0.1) 
  

Prearrival characteristics (>=50%)       

All cantons (out of 26) 
  

12 46.2% 

German cantons (out of 18) 
  

9 50.0% 

Romance cantons (out of 5) 
  

2 40.0% 

Bilingual cantons (out of 3) 
  

1 33.3% 

Post-arrival characteristics (>=50%)       

All cantons (out of 26) 
  

8 30.8% 

German cantons (out of 18) 
  

6 33.3% 

Romance cantons (out of 5) 
  

2 40.0% 

Bilingual cantons (out of 3) 
  

0 0.0% 

Notes: The first part of the table presents the number of characteristics with p<0.1 by canton. In the 
summary of the assessment of imbalance, I count the number of cantons with more than or equal to half of 
the characteristics with p<0.1. Source: ASJP Database (version 18), Swiss Longitudinal Demographic 
Database 2010-2014, Adserà and Pytliková 2015.  
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Table 3-6 Identification: Collinearity checks by regressing linguistic proximity on covariates, 2010-2014 

Language region German Romance 

  (1) (2) (3) (4) (5) (6)  
Basic Top10 nat Origin Basic Top10 nat Origin 

              

Female -0.027 -0.013 -0.015 0.079 0.022 0.153***  
(0.046) (0.030) (0.032) (0.075) (0.064) (0.058) 

Age at arrival 0.007*** -0.002 -0.000 0.003 0.006 -0.001  
(0.002) (0.002) (0.002) (0.004) (0.004) (0.003) 

Education, Secondary -0.004 -0.004 0.017 -0.128 -0.134* -0.024  
(0.061) (0.040) (0.044) (0.085) (0.076) (0.069) 

Education, Tertiary -0.062 0.027 0.051 -0.058 -0.046 -0.116  
(0.091) (0.068) (0.076) (0.135) (0.128) (0.115) 

Household size -0.016 -0.006 -0.011 -0.003 0.003 -0.003  
(0.011) (0.007) (0.008) (0.019) (0.015) (0.014) 

Rural municipality 0.066 0.017 0.044 0.052 0.058 0.042  
(0.048) (0.030) (0.033) (0.086) (0.070) (0.071) 

Asylum process 0.100** -0.021 -0.005 0.091 -0.030 -0.011  
(0.050) (0.031) (0.034) (0.072) (0.061) (0.065)    

  
   

Observations 9,252 9,252 9,252 4,528 4,528 4,528 

R-squared 0.015 0.605 0.480 0.018 0.359 0.389 

Fixed effects (year, arrival year) Yes Yes Yes Yes Yes Yes 

Top10 nationality FE No Yes No No Yes No 

Country of origin characteristics No No Yes No No Yes 

Notes: Standard errors clustered by individual in parentheses. The comparison group for the top 10 
nationality fixed effects is Eritrea. The comparison group for arrival year fixed effect is 2005. *** p<0.01, 
** p<0.05, * p<0.1. See Table A 3-1 for a detailed description of the variables. Source: ASJP Database 
(version 18), Swiss Longitudinal Demographic Database 2010-2014, Adserà and Pytliková 2015. 
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Table 3-7 Identification: Excluding outliers based on estimated errors, 2010-2014 

Outcome Probability of employment Living wage Log annual wage 

Language region: German                   

  (1) (2) (3) (4) (5) (6) (7) (8) (9)  
Main Excl.+-5% Excl.+-

10% 
Main Excl.+-5% Excl.+-

10% 
Main Excl.+-5% Excl.+-

10% 

                    

Linguistic proximity (Std(1-LDND)), major 0.023** 0.041*** 0.045*** 0.008 0.013* 0.015** -0.003 -0.003 0.004  
(0.011) (0.009) (0.009) (0.009) (0.007) (0.006) (0.044) (0.029) (0.023)    

  
  

  
   

Observations 9,252 8,328 7,402 9,252 8,328 7,402 4,485 4,037 3,589 

R-squared 0.186 0.374 0.516 0.186 0.342 0.439 0.215 0.365 0.470 

Individual and country of origin 
characteristics 

Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Fixed effects (year, arrival cohort, canton) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Sample mean 0.385 0.372 0.356 0.193 0.159 0.116 9.746 9.871 9.962 

Language region: Romance                   

  (1) (2) (3) (4) (5) (6) (7) (8) (9)  
Main Excl.+-5% Excl.+-

10% 
Main Excl.+-5% Excl.+-

10% 
Main Excl.+-5% Excl.+-

10% 

                    

Linguistic proximity (Std(1-LDND)), major 0.039*** 0.052*** 0.053*** 0.031*** 0.040*** 0.027*** 0.052 0.028 0.023  
(0.011) (0.012) (0.013) (0.009) (0.006) (0.007) (0.034) (0.027) (0.022)    

  
  

  
   

Observations 4,528 4,075 3,624 4,528 4,076 3,623 1,762 1,586 1,410 

R-squared 0.133 0.313 0.462 0.147 0.334 0.422 0.163 0.317 0.423 

Individual and country of origin 
characteristics 

Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Fixed effects (year, arrival cohort, canton) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Sample mean 0.286 0.263 0.233 0.139 0.099 0.049 9.668 9.796 9.881 

Notes: Living wage is a higher employment threshold defined by 2,200 CHF per month X 12 months = 26,400 CHF annually. Columns (2), (5), (8) exclude the top and 
bottom 5% of the estimated residuals. Columns (3), (6), (9) exclude the top and bottom 10% of the estimated residuals. Two-way cluster standard errors at the nationality 
and canton level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 3-1 for a detailed description of the variables. Source: ASJP Database (version 18), Swiss 
Longitudinal Demographic Database 2010-2014, Adserà and Pytliková 2015. 
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Table 3-8 The effect of linguistic proximity on employment, 2010-2014 

Language region German Romance  
(1) (2) (3) (4) (5) (6)  
Base Individual 

control 
Main Base Individual 

control 
Main 

              
Linguistic proximity  0.059*** 0.050*** 0.023** 0.031*** 0.037*** 0.039*** 
(Std(1-LDND)), major (0.011) (0.010) (0.011) (0.011) (0.010) (0.011) 
Female 

 
-0.197*** -0.194*** 

 
-0.163*** -0.162***   

(0.015) (0.014) 
 

(0.026) (0.026) 
Age 

 
0.010* 0.012** 

 
0.014* 0.013*   

(0.005) (0.005) 
 

(0.008) (0.007) 
Age-squared 

 
-0.000*** -0.000*** 

 
-0.000** -0.000**   

(0.000) (0.000) 
 

(0.000) (0.000) 
Education, Secondary 

 
0.053*** 0.060*** 

 
0.017 0.018   

(0.020) (0.018) 
 

(0.026) (0.026) 
Education, Tertiary 

 
0.036* 0.037* 

 
0.004 0.007   

(0.020) (0.019) 
 

(0.035) (0.034) 
Household size 

 
-0.012*** -0.011*** 

 
-0.003 -0.002   

(0.004) (0.004) 
 

(0.005) (0.005) 
Rural municipality 

 
-0.020 -0.019 

 
-0.061 -0.051   

(0.019) (0.019) 
 

(0.040) (0.040) 
Asylum process 

 
-0.084*** -0.104*** 

 
-0.030 -0.042   

(0.024) (0.022) 
 

(0.031) (0.027) 
ln (Distance in km between  

  
0.085*** 

  
0.092*** 

capital cities) 
  

(0.018) 
  

(0.034) 
ln (Population ratio:  

  
-0.005 

  
0.002 

origin/destination), t-1 
  

(0.006) 
  

(0.010) 
ln (Stock: foreign population  

  
0.025*** 

  
0.027** 

from the origin), t-1 
  

(0.008) 
  

(0.011) 
Fst genetic distance,  

  
-0.029*** 

  
0.002 

standardized (S&W 2009) 
  

(0.010) 
  

(0.013) 
FH Political Rights in origin  

  
0.027** 

  
0.022 

country, t-1 
  

(0.013) 
  

(0.019) 
FH Civil Liberties in origin  

  
-0.047*** 

  
-0.049*** 

country, t-1 
  

(0.015) 
  

(0.017) 
Ever in a colonial relationship 

  
0.008 

  
0.045*    

(0.017) 
  

(0.023)    
  

   

Observations 9,252 9,252 9,252 4,528 4,528 4,528 
R-squared 0.046 0.170 0.186 0.019 0.113 0.133 
Individual characteristics No Yes Yes No Yes Yes 
Year fixed effects Yes Yes Yes Yes Yes Yes 
Arrival cohort fixed effects No Yes Yes No Yes Yes 
Canton fixed effects Yes Yes Yes Yes Yes Yes 
Sample mean 0.385 0.385 0.385 0.286 0.286 0.286 

Notes: Two-way cluster standard errors at the nationality and canton level in parentheses. *** p<0.01, ** 
p<0.05, * p<0.1. See Table A 3-1 for a detailed description of the variables. Source: ASJP Database 
(version 18), Swiss Longitudinal Demographic Database 2010-2014, Adserà and Pytliková 2015. 
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Table 3-9 Main results: The effect of linguistic proximity on labour-market outcomes, 2010-2014 

Language region German Romance  
(1) (2) (3) (4) (5) (6)  
Employ-
ment 

Living 
wage 

Log 
annual 
wage 

Employ-
ment 

Living 
wage 

Log 
annual 
wage 

              

Linguistic proximity (Std(1-LDND)),  0.023** 0.008 -0.003 0.039*** 0.031*** 0.052 

major (0.011) (0.009) (0.044) (0.011) (0.009) (0.034)    
  

   

Observations 9,252 9,252 4,485 4,528 4,528 1,762 

R-squared 0.186 0.186 0.215 0.133 0.147 0.163 

Characteristics (individual, country 
of origin) 

Yes Yes Yes Yes Yes Yes 

Fixed effects (year, arrival cohort, 
canton) 

Yes Yes Yes Yes Yes Yes 

Sample mean 0.385 0.193 9.746 0.286 0.139 9.668 

Notes: Individual characteristics include gender, age, age squared, education level, household size, the 
rural municipality of residence, and asylum process. Country of origin characteristics includes distance 
between capital cities, population ratio, stock (permanent resident of the nationality), genetic distance, 
political rights, civil liberties, and colony. Two-way cluster standard errors at the nationality and canton 
level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 3-1 for a detailed description of the 
variables. Source: ASJP Database (version 18), Swiss Longitudinal Demographic Database 2010-2014, 
Adserà and Pytliková 2015. 

 

 

Table 3-10 The role of proximity to English on labour-market outcomes, 2010-2014 

Language region German Romance  
(1) (2) (3) (4) (5) (6)  
Employ-
ment 

Living 
wage 

Log 
annual 
wage 

Employ-
ment 

Living 
wage 

Log 
annual 
wage 

            
 

Linguistic proximity to English  0.015* 0.008 0.048** 0.006 0.008 0.028 

(Std(1-LDND)), major (0.009) (0.007) (0.024) (0.008) (0.007) (0.065)    
  

   

Observations 9,252 9,252 4,485 4,528 4,528 1,762 

R-squared 0.186 0.186 0.216 0.127 0.141 0.162 

Characteristics (individual, country 
of origin) 

Yes Yes Yes Yes Yes Yes 

Fixed effects (year, arrival cohort, 
canton) 

Yes Yes Yes Yes Yes Yes 

Sample mean 0.385 0.193 9.746 0.286 0.139 9.668 

Notes: Individual characteristics include gender, age, age squared, education level, household size, the 
rural municipality of residence, and asylum process. Country of origin characteristics includes distance 
between capital cities, population ratio, stock (permanent resident of the nationality), genetic distance, 
political rights, civil liberties, and colony. Two-way cluster standard errors at the nationality and canton 
level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 3-1 for a detailed description of the 
variables. Source: ASJP Database (version 18), Swiss Longitudinal Demographic Database 2010-2014, 
Adserà and Pytliková 2015. 
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Table 3-11 The interaction of linguistic proximity and arrival cohort fixed effects, 2010-2014 

Language region German Romance 
 

(1) (2) (3) (4) (5) (6) 
 

Employ-
ment 

Living 
wage 

Log 
annual 
wages 

Employ-
ment 

Living 
wage 

Log 
annual 
wages 

              

Linguistic proximity  0.024 -0.001 -0.041 0.035** 0.040*** 0.070 

(Std(1-LDND)), major (0.015) (0.015) (0.052) (0.014) (0.013) (0.049) 

Arrival cohorts (6), 2007 1.443*** 1.603** 1.276 0.421 1.259 6.468 
 

(0.511) (0.646) (2.193) (0.945) (1.036) (4.255) 

Arrival cohorts (6), 2008 0.058 -0.138 -2.145 0.158 0.101 -2.724 
 

(0.583) (0.455) (1.736) (0.832) (0.812) (2.450) 

Arrival cohorts (6), 2009 -0.388 0.377 -3.183 0.288 1.710* 1.655 
 

(0.627) (0.526) (2.600) (1.084) (0.934) (3.230) 

Arrival cohorts (6), 2010 0.653 1.222*** -4.049 1.465* 1.682** -3.826 
 

(0.493) (0.426) (2.721) (0.807) (0.775) (2.985) 

Arrival cohorts (6), 2011-2014 0.928* 0.722 -4.868* 0.252 1.423 -0.533 
 

(0.524) (0.507) (2.656) (0.852) (0.918) (3.317) 

Linguistic proximity X 0.133*** 0.141*** 0.308** 0.026 0.010 0.043 

  2007 arrival cohort (0.038) (0.045) (0.134) (0.037) (0.028) (0.233) 

Linguistic proximity X  -0.003 -0.014 -0.008 0.017 -0.017 0.086 

  2008 arrival cohort (0.030) (0.023) (0.090) (0.029) (0.024) (0.114) 

Linguistic proximity X  -0.057** -0.011 -0.092 -0.031 -0.027 -0.161 

  2009 arrival cohort (0.027) (0.022) (0.199) (0.047) (0.031) (0.127) 

Linguistic proximity X  0.002 -0.004 -0.063 0.047 -0.050*** -0.286* 

  2010 arrival cohort (0.023) (0.017) (0.168) (0.032) (0.017) (0.169) 

Linguistic proximity X  0.008 0.005 0.244 -0.063*** -0.052*** 0.223 

  2011-2014 arrival cohort (0.023) (0.019) (0.170) (0.016) (0.014) (0.171) 
       

Observations 9,252 9,252 4,485 4,528 4,528 1,762 

R-squared 0.193 0.206 0.238 0.157 0.183 0.215 

Characteristics (individual, 
country of origin) 

Yes Yes Yes Yes Yes Yes 

Fixed effects (year, canton) Yes Yes Yes Yes Yes Yes 

Sample mean 0.385 0.193 9.746 0.286 0.139 9.668 

Notes: Individual characteristics include gender, age, age squared, education level, household size, the 
rural municipality of residence, and asylum process. Country of origin characteristics includes distance 
between capital cities, population ratio, stock (permanent resident of the nationality), genetic distance, 
political rights, civil liberties, and colony. Two-way cluster standard errors at the nationality and canton 
level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 3-1 for a detailed description of the 
variables. Source: ASJP Database (version 18), Swiss Longitudinal Demographic Database 2010-2014, 
Adserà and Pytliková 2015. 
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Table 3-12 Robustness test: Alternative linguistic proximity indices, 2010-2014 

Outcome Probability of employment Living wage Log annual wage 

Panel A: German region                    
(1) (2) (3) (4) (5) (6) (7) (8) (9) 

  Main Std. 
German 

Index 
(A&P) 

Main Std. 
German 

Index 
(A&P) 

Main Std. 
German 

Index 
(A&P)    

  
  

  
   

Linguistic proximity (Std(1-LDND)), major 0.023** 
 

  0.008 
 

  -0.003 
  

 
(0.011) 

 
  (0.009) 

 
  (0.044) 

  

Alternative proximity index 
 

0.021** 0.065*** 
 

0.008 0.040*** 
 

0.037 0.202**   
(0.010) (0.019) 

 
(0.008) (0.014) 

 
(0.033) (0.081)    

  
  

  
   

Observations 9,252 9,252 9,252 9,252 9,252 9,252 4,485 4,485 4,485 
R-squared 0.186 0.186 0.188 0.186 0.186 0.188 0.215 0.215 0.218 
Sample mean 0.385 0.385 0.385 0.193 0.193 0.193 9.746 9.746 9.746 

Panel B: Romance region                   

  (1) (2) (3) (4) (5) (6) (7) (8) (9) 
  Main Std. 

German 
Index 
(A&P) 

Main Std. 
German 

Index 
(A&P) 

Main Std. 
German 

Index 
(A&P)    

  
  

  
   

Linguistic proximity (Std(1-LDND)), major 0.039*** 
 

  0.031*** 
 

  0.052 
  

 
(0.011) 

 
  (0.009) 

 
  (0.034) 

  

Alternative proximity index 
 

0.046*** 0.036*** 
 

0.037*** 0.023** 
 

0.061 0.021   
(0.013) (0.010) 

 
(0.011) (0.010) 

 
(0.040) (0.031)    

  
  

  
   

Observations 4,528 4,528 4,528 4,528 4,528 4,528 1,762 1,762 1,762 
R-squared 0.133 0.133 0.134 0.147 0.147 0.146 0.163 0.163 0.162 
Sample mean 0.286 0.286 0.286 0.139 0.139 0.139 9.668 9.668 9.668 

Model specifications:                   
Characteristics (individual, country of origin) Yes Yes Yes Yes Yes Yes Yes Yes Yes 
Fixed effects (year, arrival cohort, canton) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Notes: Individual characteristics include gender, age, age squared, education level, household size, the rural municipality of residence, and asylum process. Country of 
origin characteristics includes distance between capital cities, population ratio, stock (permanent resident of the nationality), genetic distance, political rights, civil liberties, 
and colony. Two-way cluster standard errors at the nationality and canton level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 3-1 for a detailed description 
of the variables. Source: ASJP Database (version 18), Swiss Longitudinal Demographic Database 2010-2014, Adserà and Pytliková 2015. 
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Table 3-13 Robustness test: Controlling for language skills by language region, 2010-2014 

Outcome Employment  Living wage Log annual wage 

Panel A: German region             

  (1) (2) (3) (4) (5) (6)  
Main Add 

skills 
Main Add 

skills 
Main Add 

skills 

              

Linguistic proximity  0.023** 0.022** 0.008 0.008 -0.003 -0.004 

(Std(1-LDND)), major (0.011) (0.011) (0.009) (0.009) (0.044) (0.044) 

Main language, municipality 
 

0.022 
 

-0.010 
 

0.052   
(0.017) 

 
(0.017) 

 
(0.057)        

Observations 9,252 9,252 9,252 9,252 4,485 4,485 

R-squared 0.186 0.186 0.186 0.186 0.215 0.215 

Sample mean 0.385 0.385 0.193 0.193 9.746 9.746 

Panel B: Romance region             

  (1) (2) (3) (4) (5) (6)  
Main Add 

skills 
Main Add 

skills 
Main Add 

skills 

              

Linguistic proximity  0.039*** 0.035*** 0.031*** 0.029*** 0.052 0.043 

(Std(1-LDND)), major (0.011) (0.010) (0.009) (0.009) (0.034) (0.033) 

Main language, municipality 
 

0.084*** 
 

0.066*** 
 

0.233***   
(0.017) 

 
(0.018) 

 
(0.087)        

Observations 4,528 4,528 4,528 4,528 1,762 1,762 

R-squared 0.133 0.139 0.147 0.154 0.163 0.169 

Sample mean 0.286 0.286 0.139 0.139 9.668 9.668 

Model specifications:             

Characteristics (individual, 
country of origin) 

Yes Yes Yes Yes Yes Yes 

Fixed effects (year, arrival cohort, 
canton) 

Yes Yes Yes Yes Yes Yes 

Notes: Individual characteristics include gender, age, age squared, education level, household size, the 
rural municipality of residence, and asylum process. Country of origin characteristics includes distance 
between capital cities, population ratio, stock (permanent resident of the nationality), genetic distance, 
political rights, civil liberties, and colony. Two-way cluster standard errors at the nationality and canton 
level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 3-1 for a detailed description of the 
variables. Source: ASJP Database (version 18), Swiss Longitudinal Demographic Database 2010-2014, 
Adserà and Pytliková 2015. 
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Table 3-14 Robustness test: Continent and top 10 nationality fixed effects, 2010-2014 

Outcome Probability of employment Living wage Log annual wage 

Panel A: German region                   

  (1) (2) (3) (4) (5) (6) (7) (8) (9)  
Main Continent Top10 Main Continent Top10 Main Continent Top10 

                    

Linguistic proximity (Std(1-LDND)), major 0.023** 0.026** 0.050*** 0.008 0.011 0.039*** -0.003 0.001 0.072*  
(0.011) (0.011) (0.010) (0.009) (0.009) (0.011) (0.044) (0.036) (0.042)    

  
  

  
   

Observations 9,252 9,252 9,252 9,252 9,252 9,252 4,485 4,485 4,485 

R-squared 0.186 0.187 0.170 0.186 0.189 0.159 0.215 0.221 0.174 

Sample mean 0.385 0.385 0.385 0.193 0.193 0.193 9.746 9.746 9.746 

Panel B: Romance region                   

                    

Linguistic proximity (Std(1-LDND)), major 0.039*** 0.033*** 0.037*** 0.031*** 0.031*** 0.033*** 0.052 0.101** 0.093***  
(0.011) (0.012) (0.010) (0.009) (0.010) (0.009) (0.034) (0.042) (0.025)    

  
  

  
   

Observations 4,528 4,528 4,528 4,528 4,528 4,528 1,762 1,762 1,762 

R-squared 0.133 0.138 0.113 0.147 0.149 0.118 0.163 0.166 0.142 

Sample mean 0.286 0.286 0.286 0.139 0.139 0.139 9.668 9.668 9.668 

Model specification:                   

Individual characteristics Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Country of origin characteristics Yes Yes No Yes Yes No Yes Yes No 

Fixed effects (year, arrival cohort, canton) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Notes: Individual characteristics include gender, age, age squared, education level, household size, the rural municipality of residence, and asylum process. Country of 
origin characteristics includes distance between capital cities, population ratio, stock (permanent resident of the nationality), genetic distance, political rights, civil liberties, 
and colony. Two-way cluster standard errors at the nationality and canton level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 3-1 for a detailed description 
of the variables. Source: Various datasets including the ASJP Database (version 18) and the Swiss Longitudinal Demographic Database (2010-2014). 
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Table 3-15 Robustness test: Selection on observables versus unobservables, 2010-2014 

Language region German Romance  
(1) (2) (3) (4) (5) (6)  
Employ-
ment 

Living 
wage 

Log 
annual 
wage 

Employ-
ment 

Living 
wage 

Log 
annual 
wage 

              

Linguistic proximity  0.023** 0.008 -0.003 0.039*** 0.031*** 0.052 

(Std(1-LDND)), major (0.010) (0.009) (0.044) (0.011) (0.009) (0.034)    
  

   

Observations 9,252 9,252 4,485 4,528 4,528 1,762 

R-squared 0.181 0.186 0.214 0.132 0.147 0.163 

Assessment of selection on unobservables versus observables: 

The value of 𝛿 given 𝛽 = 0, 𝑅𝑚𝑎𝑥 = 𝑘 ∗ �̃� 

𝑘 = 1.3  0.672 0.262 -0.044 8.314 4.709 1.275 

𝑘 = 2  0.204 0.079 -0.013 2.735 1.549 0.391 

The value of 𝛽 given 𝛿 = 1, 𝑅𝑚𝑎𝑥 = 𝑘 ∗ �̃� 

𝑘 = 1.3  -0.017 -0.031 -0.119 0.045 0.033 0.015 

𝑘 = 2  -0.402 -0.292 -2.308 0.092 0.053 -0.335 

Model specification:             

Characteristics (individual, 
country of origin) 

Yes Yes Yes Yes Yes Yes 

Fixed effects (year, arrival cohort, 
canton) 

Yes Yes Yes Yes Yes Yes 

Sample mean 0.385 0.193 9.746 0.286 0.139 9.668 

Notes: Individual characteristics include gender, age, age squared, education level, household size, the 
rural municipality of residence, and asylum process. Country of origin characteristics includes distance 
between capital cities, population ratio, stock (permanent resident of the nationality), genetic distance, 
political rights, civil liberties, and colony. Two-way cluster standard errors at the nationality and canton 
level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 3-1 for a detailed description of the 
variables. Source: ASJP Database (version 18), Swiss Longitudinal Demographic Database 2010-2014, 
Adserà and Pytliková 2015. 
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Table 3-16 Robustness test: Exclusion restrictions, 2010-2014 

Outcome Probability of employment Living wage Log annual wage 

Panel A: German region                   

  (1) (2) (3) (4) (5) (6) (7) (8) (9)  
Main Unilingual Both origin Main Unilingual Both origin Main Unilingual Both origin 

                    

Linguistic proximity (Std(1-LDND)), major 0.023** 0.029** 0.024** 0.008 0.008 0.011 -0.003 -0.017 0.005  
(0.011) (0.011) (0.011) (0.009) (0.011) (0.010) (0.044) (0.048) (0.046)    

  
  

  
   

Observations 9,252 7,180 8,751 9,252 7,180 8,751 4,485 3,571 4,293 

R-squared 0.186 0.200 0.197 0.186 0.195 0.197 0.215 0.199 0.217 

Sample mean 0.385 0.391 0.390 0.193 0.205 0.198 9.746 9.830 9.762 

Panel B: Romance region                   

                    

Linguistic proximity (Std(1-LDND)), major 0.039*** 0.038*** 0.044*** 0.031*** 0.033*** 0.034*** 0.052 0.046 0.052  
(0.011) (0.011) (0.011) (0.009) (0.009) (0.009) (0.034) (0.033) (0.034)    

  
  

  
   

Observations 4,528 3,916 4,159 4,528 3,916 4,159 1,762 1,508 1,630 

R-squared 0.133 0.136 0.140 0.147 0.146 0.156 0.163 0.160 0.167 

Sample mean 0.286 0.286 0.290 0.139 0.137 0.143 9.668 9.661 9.684 

Model specification:                   

Characteristics (individual, country of origin) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Fixed effects (year, arrival cohort, canton) Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Notes: Individual characteristics include gender, age, age squared, education level, household size, the rural municipality of residence, and asylum process. Country of 
origin characteristics includes distance between capital cities, population ratio, stock (permanent resident of the nationality), genetic distance, political rights, civil liberties, 
and colony. Two-way cluster standard errors at the nationality and canton level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 3-1 for a detailed description 
of the variables. Source: ASJP Database (version 18), Swiss Longitudinal Demographic Database 2010-2014, Adserà and Pytliková 2015. 
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Appendix  

 

Figure A 3-1 Geographical distribution of languages in Switzerland 

 

Source: Swiss Federal Statistical Office 
(2010).<https://commons.wikimedia.org/wiki/File:Map_Languages_CH.png>. 
 

  

https://commons.wikimedia.org/wiki/File:Map_Languages_CH.png
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Figure A 3-2 Asylum application form in Switzerland, in English 

 

Notes: The asylum application form is kindly provided by the State Secretariat of Migration. 
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Figure A 3-3 Identification: Correlation between estimated error and linguistic proximity, by language region 

 
Notes: The figures plot the standardized residuals (blue) (by regressing the outcome on linguistic proximity 
following the main specifications) against linguistic proximity. The line of best fit (red) shows the correlation between 
the estimated error and the variable of interest is 0. Each column represents the language region: German region 
(left) and Romance region (right). Each row represents each outcome, as labelled on the left. Source: Various 
datasets including the ASJP Database (version 18) and the Swiss Longitudinal Demographic Database (2010-
2014). 
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Figure A 3-4 Identification: Linearity and normality checks, by language region 

 

Notes: The figures inspect for non-normal errors and misspecification by language region (German region on the 
left, Romance region on the right). The standardized residuals (blue) (by regressing the outcome on linguistic 
proximity following the main specifications) are compared with a normal distribution (inverse normal line in red). 
Source: Various datasets including the ASJP Database (version 18) and the Swiss Longitudinal Demographic 
Database (2010-2014). 
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Table A 3-1 Complete list and description of variables 

Description  Definition min, max  Source 

Dependent variable 

Employment Employment is being defined as individuals who 
were not receiving unemployment (full or partial) 
benefits, and that they earn non-zero income (as 
reported in the social security register) in the 
calendar/outcome year. 

[0, 1] Unemployment 
register (PLASTA), 
social security 
register (CCO) 

Living wage Living wage is a higher employment threshold 
defined by 26,400 CHF annually (2,200 CHF per 
month X 12 months). The amount 2,200 CHF is the 
absolute poverty line of a single-person household 
in Switzerland.  

[0, 1] Unemployment 
register (PLASTA), 
social security 
register (CCO) 

Annual wage  Natural log of annual wage. (3.30, 11.68) Social security 
register (CCO) 

Variable of interest 

Linguistic 
proximity 

Linguistic proximity measures the closeness 
between the language of origin country (i.e. 
nationality) and the municipality of residence (i.e. 
Bernese German, French, or Italian). Linguistic 
proximity is 100% - Levenshtein distance (LDND), 
a database of the Automated Similarity Judgement 
Program (ASJP) that maps the lexical distance 
between all language pairs in the world. The 
opensource metadata describes each language 
through 40 common words. 
 
To extract the data, I exclude loan words (default), 
lower the minimum word items from 28 (default) to 
26 to export more languages, and exclude 
languages that were extinct before 1900 CE (1700 
CE - default) to speed up the computation process. 
I reduce the result file (with all possible language 
pairs) by considering proximities with Bernese 
German, Standard German, Italian, French, and 
English. I provide further details on the computation 
process in Appendix: Data on linguistic proximity 
(ASJP). 
 
I follow Adserà and Pytliková (2015) on the majority 
language classification. The majority language ISO 
codes are matched with each country (i.e. 
nationality of asylum seekers). For the ease of 
comparison, I standardize all linguistic proximity 
indices by dividing the standard deviation of the 
sample.  

(-2.33, 13.53) ASJP Database 
(version 18), 
Ethnologue (2020), 
Adserà and Pytliková 
(2015), ZEMIS 

Index The index is constructed by Adserà and Pytliková 
(2015) based on levels of the linguistic family tree 
from Ethnologue (2020). A set of weights are 
defined by the number of shared linguistic family 
tree branches. The index measures the linguistic 
proximity between the first official languages. 
 
I use the proximity between the language of the 
origin country (nationality) and ‘destination country’, 
which are Germany, France, Italy, and the United 
Kingdom. The ‘destination country’ vary by the main 
language of the municipality. The original 
continuous index ranges from 0 to 1. For the ease 
of comparison, I standardize all indices by dividing 
the standard deviation of the sample. 

(-0.45, 10.60) Adserà and Pytliková 
(2015), ZEMIS 
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Table A 3-1 (continued 1) Complete list and description of variables 

Description Definition min, max Source 

Individual characteristics 

Education 
attainment 

This is classified into three levels: primary, secondary, 
and tertiary. Thus, the comparison groups for 
secondary and tertiary education are primary 
education. Primary education is equivalent to 
‘Secondary I’ in the Swiss education system. 
Secondary education is equivalent to ‘Secondary II’ in 
the Swiss education system. 

[1, 2, 3] Structural Survey 

Gender 0 = Male; 1 = Female. [0, 1] STATPOP 

Age Between 18-65 years. (18, 65) STATPOP 

Age-squared 
Age-squared to illustrate the diminishing relationship 
between age and labour-market outcomes. 

(324, 4225) STATPOP 

Main language 

0 = No language match; 1 = Perfect language match 
is when one’s main language is German, French, or 
Italian, and that matches with the main language of 
the destination municipality. 

[0, 1] Structural Survey 

        

  

In the Structural Survey, one can report more than 
one language that they ‘think in and know best’. The 
options include the four official languages of 
Switzerland, as well as Serbian/Croatian, Albanian, 
Portuguese, Spanish, and English. I consider the 
perfect language match when one’s main language is 
German, French, or Italian, and that matches with the 
main language of the destination municipality. 

    

Household 
size 

The number of persons living in the same house. Note 
that this does not necessarily indicate family 
members. I capped it at 6 individuals. 

(1,..., 6) STATPOP 

Rural 
municipality86 

At the municipality level, urban is defined by ‘ville-
centre d’une agglomeration’ and ‘autre commune 
d’agglomeration’. Rural is defined by ‘commune 
rurale’ and ‘ville isolee’. 

[0, 1] STATPOP, FSO 

Asylum 
process 

Individuals with permit N are classified as asylum 
seekers. Permit N holders (asylum seekers) have 
restricted choices of occupations and mobility (across 
cantons). This resident status is endogenous to 
labour-market outcomes.  

[0, 1] ZEMIS 

Country of origin characteristics (based on nationality) 

Distance in km 
between 
capital cities 

Natural log of the distance in kilometres between the 
capital cities of origin country (i.e. nationality) and 
Switzerland. 

(6.50, 9.22) 
Adserà and 
Pytliková (2015) 

Population 
ratio 

Natural log of the population in origin country divided 
by the population in Switzerland, t-1. 

(-5.15,1.64) World Bank (2020) 

Stock 
Natural log of the number of permanent residents 
(both migrant and asylum population) from the origin 
country in Switzerland, t-1. 

(4.30, 11.71) FSO (2020) 

Genetic 
distance 

The FST genetic distances (or co-ancestor 
coefficients) is a measure of genetic divergence 
between populations. I use the distance between the 
biggest plurality groups (origin and country 
represented by municipality language) constructed by 
Spolaore and Wacziarg (2009). I standardize the 
index by dividing its standard deviation. 

(-1.52, 3.26) 
Spolaore and 
Wacziarg (2009) 

  

 

86 For municipalities with missing rural/urban information, the municipality is considered as rural if the canton has 
greater than or equal to 50% agricultural areas in 2012 (the mid-term of my analysis).  
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Table A 3-1 (continued 2) Complete list and description of variables 

Description Definition min, max Source 

Country of origin characteristics (based on nationality) (continued) 

Political rights 
The Freedom House index for political rights in origin 
country (i.e. nationality country), t-1 

(1, 7) 
Freedom House 
(2020) 

Civil Liberties 
The Freedom House index for civil liberties in origin 
country (i.e. nationality country), t-1 

(1, 7) 
Freedom House 
(2020) 

Ever in a 
colonial 
relationship 

0 = Never been in a colonial relationship; 1 = Have been 
in a colonial relationship with either German, France, 
Italy, Switzerland, or the United Kingdom. 
 
The indicator variable is used to capture foreign 
exposure through historical past. 

[0, 1] 
Adserà and 
Pytliková (2015) 

Fixed effects 

Outcome year Outcome year between 2010 and 2014. [2010,…,2014] 
Structural 
Survey 

Canton of 
residence 

26 cantons of Switzerland. [1,…, 26] STATPOP 

Arrival cohort 

Year of arrival between 2005 and 2014 is divided into 6 
cohorts. The cut-offs are tabulated by the Stata 
command -xtile- to ensure the cell size corresponds 

to the observed distribution. 

[2005,…,2014] ZEMIS 

Notes: The links to the open-source data are available in Appendix: Data on linguistic proximity (ASJP) and 
Appendix: Data on the country of origin characteristics. Source: Adserà and Pytliková (2015), ASJP Database 
(version 18), Freedom House (2020), World Bank (2020), Spolaore and Wacziarg (2009), and Swiss Longitudinal 
Demographic Database 2010-2014. 
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Table A 3-2 Asylum applications by citizenship, 2005-2014 

Rank Nationality 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 Total 

1 Eritrea 181  1,207  1,661  2,849  1,724  1,799  3,356  4,407  2,563  6,923  26,670  

2 Nigeria 382  302  327  988  1,786  1,969  1,895  2,746  1,764  908  13,067  

3 Serbia 1,600  1,327  1,030  1,186  575  910  1,217  1,889  303  244  10,281  

4 Syria 131  167  301  388  400  469  826  1,229  1,901  3,819  9,631  

5 Tunisia 117  87  97  74  204  358  2,574  2,239  1,737  733  8,220  

6 Sri Lanka 277  351  636  1,262  1,415  939  470  494  684  1,277  7,805  

7 Somalia 553  347  464  2,014  753  337  636  808  604  813  7,329  

8 Iraq 474  844  956  1,440  935  659  504  452  397  363  7,024  

9 Afghanistan 243  248  322  405  751  670  1,052  1,386  892  747  6,716  

10 Turkey 753  706  616  519  559  530  580  568  437  333  5,601  

11 Georgia 441  319  221  481  638  642  371  726  653  466  4,958  

12 China (pop. rep.) 94  477  249  272  365  358  696  808  675  380  4,374  

13 Algeria 210  170  129  236  300  417  621  762  792  367  4,004  

14 Kosovo 0  0  0  115  694  602  634  579  698  405  3,727  

15 Morocco 33  51  37  37  36  125  495  931  1,068  699  3,512  

16 Russia 353  414  171  208  452  348  254  338  412  173  3,123  

17 North Macedonia 144  72  68  97  62  417  926  1,137  115  75  3,113  

18 Iran 293  302  231  393  259  324  397  373  218  168  2,958  

19 Missing 427  378  197  236  211  229  266  224  261  260  2,689  

20 Guinea 238  88  104  239  301  281  338  359  347  235  2,530  

  All nationalities 10,795  11,173  10,844  16,606  16,005  15,567  22,551  28,631  21,465  23,765  177,402  

Source: SEM (2020). Extract from asylum applications by nationalities (1986-2020). 
<https://www.sem.admin.ch/sem/fr/home/publiservice/statistik/asylstatistik/uebersichten.html>. 
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Table A 3-3 The distribution of asylum seekers across the 26 administrative regions in Switzerland 

Canton Proportion of asylum 
seekers, in per cent 

  Canton Proportion of asylum 
seekers, in per cent 

Zurich (ZH) 17.0 
 

Schaffhouse (SH) 1.1 

Bern (BE) 13.5 
 

Appenzell Aus. (AR) 0.8 

Luzern (LU) 4.9 
 

Appenzell Inn. (AI) 0.2 

Uri (UR) 0.5 
 

Saint-Gallen (SG) 6.0 

Schwyz (SZ) 1.8 
 

Gaubünden (GR) 2.7 

Obwalden (OW) 0.5 
 

Aargau (AG) 7.7 

Nidwalden (NW) 0.5 
 

Thurgau (TG) 2.8 

Glarus (GL) 0.6 
 

Ticino (TI) 3.9 

Zug (ZG) 1.4 
 

Vaud (VD) 8.4 

Fribourg (FR) 3.3 
 

Valais (VS) 3.9 

Solothurn (SO) 3.5 
 

Neuchâtel (NS) 2.4 

Basel-Stadt (BS) 2.3 
 

Genève (GE) 5.6 

Basel-Landschaft (BL) 3.7   Jura (JU) 1.0 

Source: State Secretariat of Migration (2018).  

 

 

Table A 3-4 Procedural codes of the asylum population, entry from 2006 to 2014 

Year 1 Entry 
permit from 
SEM 

2.1 Birth 2.2 
Unaccompanied 
minors/Family 
reunification 

2.3 Multiple 
applications 

3 Relocation Total 

2006 9,742 1,364 67 0 0 11,173 

2007 9,528 1,208 108 0 0 10,844 

2008 15,091 1,220 295 0 0 16,606 

2009 14,079 1,480 446 0 0 16,005 

2010 13,448 1,373 746 0 0 15,567 

2011 20,214 1,404 933 0 0 22,551 

2012 5,649 1,840 1,142 0 0 28,631 

2013 18,789 2,110 566 0 0 21,465 

2014 20,378 2,071 616 700 0 23,765 

Total 146,918 14,070 4,919 700 0 166,607 

Notes: The original table is in German. Because SEM employees communicate by email or telephone to 
exchange information with Cantons regarding the allocation, the actual profile or number of persons who 
are randomly assigned is not recorded. This table contains information of those who are the most likely 
to be randomly assigned - birth (2.1) and unaccompanied minors/family reunification (2.2). Note that it is 
possible that unaccompanied minors to be randomly distributed if no relatives are present in Switzerland. 
Source: Vogt 2019 (email exchange). 
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Table A 3-5 Simple correlation among indices by language region, 2010-2014 

Linguistic proximity Std(1-LDND), major Std(1-LDND), major, 
Standard German 

Std(Index), major 
(A&P 2015) 

Panel A: German region (N= 9,252) 

Std(1-LDND), major 1 
  

Std(1-LDND), major, Standard German 0.741 1 
 

Std(Index), major (A&P 2015) 0.641 0.863 1 

Panel B: Romance region (N= 4,528) 

Std(1-LDND), major 1 
  

Std(1-LDND), major, Standard German 1 1 
 

Std(Index), major (A&P 2015) 0.741 0.741 1 

Source: Various datasets including the ASJP Database (version 18) and the Swiss Longitudinal Demographic 
Database (2010-2014). 

 

 

Table A 3-6 Unconditional labour-market outcomes of the asylum population by top nationalities, 2010-2014 

Outcome Employment rate Living wage rate Annual wages (CHF)  
(1) (2) (3) (4) (5) (6) (7) (8) (9) 

Nationality N mean sd N mean sd N mean sd 

Panel A: German region               

Eritrea 2,787 0.358 0.48 2,787 0.169 0.375 1,277 27,025 19,991 

Serbia 124 0.573 0.497 124 0.355 0.48 80 32,576 21,774 

Syria 405 0.259 0.439 405 0.079 0.27 125 19,596 18,462 

Tunisia 31 0.161 0.374 31 0 0 15 16,732 15,668 

Sri Lanka 1,189 0.547 0.498 1,189 0.373 0.484 760 34,806 17,973 

Somalia 714 0.394 0.489 714 0.211 0.409 389 27,844 17,171 

Iraq 552 0.339 0.474 552 0.181 0.385 261 29,671 18,868 

Afghanistan 648 0.395 0.489 648 0.225 0.418 343 30,268 18,162 

Turkey 842 0.368 0.483 842 0.121 0.326 390 21,648 20,563 

China 610 0.397 0.49 610 0.198 0.399 289 27,770 18,237 

Other 1,350 0.339 0.473 1,350 0.127 0.333 556 23,902 20,633 

All nationalities 9,252 0.385 0.487 9,252 0.193 0.394 4,485 27,867 19,647 

Panel B: Romance region               

Eritrea 1,198 0.238 0.426 1,198 0.111 0.314 411 25,077 19,164 

Serbia 58 0.362 0.485 58 0.052 0.223 27 19,126 21,527 

Syria 227 0.216 0.412 227 0.084 0.278 80 23,362 20,483 

Tunisia 31 0.226 0.425 31 0.032 0.18 14 18,690 17,444 

Sri Lanka 374 0.497 0.501 374 0.35 0.478 235 34,356 16,608 

Somalia 399 0.298 0.458 399 0.15 0.358 155 24,001 18,899 

Iraq 295 0.349 0.478 295 0.18 0.385 132 28,424 19,556 

Afghanistan 298 0.218 0.414 298 0.077 0.267 82 23,932 20,160 

Turkey 262 0.195 0.397 262 0.05 0.218 70 19,721 17,724 

China 126 0.302 0.461 126 0.119 0.325 44 23,985 21,388 

Other 1,260 0.295 0.456 1,260 0.143 0.35 512 27,500 21,357 

All nationalities 4,528 0.286 0.452 4,528 0.139 0.346 1,762 26,662 19,953 

Note: I define the employed as those with non-zero income and being absent from the unemployment register 
in the calendar year. This effectively means for an individual i) who is employed for part of the year, but are 
receiving unemployment insurance for another part of the year or ii) inactive, would be considered as 
unemployed. Even though economic migrants necessarily enter Switzerland with a job, they could be 
unemployed some time of the year or inactive (e.g. students). Living wage is a higher employment threshold 
defined by 2,200 CHF per month X 12 months = 26,400 CHF annually. Source: Various datasets including the 
ASJP Database (version 18) and the Swiss Longitudinal Demographic Database (2010-2014). 
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Table A 3-7 Identification: The relationship between the canton of residence and individual characteristics, 2010-2014 

  (1) (2) (3) (4) (5) (6) (7) (8) (9) 

Characteristics ZH BE LU UR SZ OW NW GL ZG 

                    

Female -0.003 -0.012 0.016 -0.002* 0.001 0.001 -0.003 -0.005* 0.006  
(0.012) (0.013) (0.011) (0.001) (0.004) (0.002) (0.002) (0.003) (0.005) 

Age at arrival 0.001* -0.000 -0.001** -0.000* 0.000 -0.000** -0.000 0.000 -0.000*  
(0.001) (0.001) (0.001) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Household size 0.011*** -0.003 -0.010*** 0.000 0.001 0.000 0.001 -0.000 0.005***  
(0.003) (0.003) (0.003) (0.000) (0.001) (0.000) (0.001) (0.001) (0.002) 

Rural municipality -0.115*** -0.012 0.116*** 0.016*** 0.030*** 0.020*** -0.003** 0.021*** -0.018***  
(0.009) (0.013) (0.016) (0.005) (0.008) (0.006) (0.001) (0.006) (0.003) 

Education, Secondary 0.018 0.016 -0.005 -0.003*** -0.001 0.006 -0.000 -0.007*** 0.004  
(0.015) (0.017) (0.013) (0.001) (0.005) (0.003) (0.003) (0.002) (0.007) 

Education, Tertiary 0.063*** -0.015 -0.006 -0.003*** -0.001 0.008 0.001 -0.007*** 0.008  
(0.023) (0.019) (0.016) (0.001) (0.006) (0.005) (0.004) (0.002) (0.010) 

Asylum process -0.014 -0.001 0.013 -0.003 -0.002 0.005 0.000 -0.003 -0.004  
(0.012) (0.013) (0.012) (0.003) (0.005) (0.004) (0.002) (0.004) (0.005)           

Observations 13,780 13,780 13,780 13,780 13,780 13,780 13,780 13,780 13,780 

R-squared 0.046 0.023 0.033 0.020 0.014 0.027 0.005 0.024 0.012 

Fixed effects (year, arrival year, top 
10 nationality) 

Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Notes: Standard errors clustered by individual in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 3-1 for a detailed description of the variables. Please refer to 
Table A 3-3 for canton abbreviations. Source: Various datasets including the ASJP Database (version 18) and the Swiss Longitudinal Demographic Database (2010-
2014). 
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Table A 3-7 (continued 1) Identification: The relationship between the canton of residence and individual characteristics, 2010-2014 

  (10) (11) (12) (13) (14) (15) (16) (17) (18) 

Characteristics FR SO BS BL SH AR AI SG GR 

                    

Female 0.002 -0.004 -0.002 -0.008 0.001 -0.002 0.000 -0.003 -0.010**  
(0.006) (0.006) (0.004) (0.006) (0.005) (0.003) (0.001) (0.008) (0.005) 

Age at arrival 0.000 0.000 0.000 0.001* 0.000 -0.000 0.000 -0.001* 0.000  
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Household size -0.002 -0.002 -0.001 0.002 -0.002 -0.000 0.000 -0.004** 0.003**  
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.000) (0.002) (0.001) 

Rural municipality -0.007 -0.000 -0.017*** -0.025*** -0.011*** 0.006 0.005 0.053*** 0.027***  
(0.006) (0.007) (0.002) (0.005) (0.003) (0.004) (0.003) (0.013) (0.008) 

Education, Secondary -0.005 0.003 0.005 -0.001 0.003 0.003 -0.001 -0.001 -0.012**  
(0.007) (0.008) (0.006) (0.008) (0.006) (0.004) (0.001) (0.010) (0.005) 

Education, Tertiary -0.004 -0.001 -0.003 -0.007 0.001 0.003 -0.001 -0.007 -0.004  
(0.010) (0.010) (0.006) (0.010) (0.007) (0.005) (0.001) (0.011) (0.008) 

Asylum process -0.013*** 0.010 0.014*** -0.007 0.009 0.003 -0.001 -0.001 0.002  
(0.004) (0.007) (0.005) (0.005) (0.006) (0.003) (0.001) (0.008) (0.007)           

Observations 13,780 13,780 13,780 13,780 13,780 13,780 13,780 13,780 13,780 

R-squared 0.008 0.005 0.013 0.012 0.014 0.013 0.010 0.021 0.014 

Fixed effects (year, arrival year, top 
10 nationality) 

Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Notes: Standard errors clustered by individual in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 3-1 for a detailed description of the variables. Please refer to 
Table A 3-3 for canton abbreviations. Source: Various datasets including the ASJP Database (version 18) and the Swiss Longitudinal Demographic Database (2010-
2014). 
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Table A 3-7 (continued 2) Identification: The relationship between the canton of residence and individual characteristics, 2010-2014 

  (19) (20) (21) (22) (23) (24) (25) (26) 

Characteristics AG TG TI VD VS NS GE JU 

                  

Female 0.002 -0.002 -0.010 0.003 0.012** 0.010 0.017* -0.007* 

 (0.011) (0.006) (0.007) (0.013) (0.006) (0.008) (0.009) (0.004) 

Age at arrival 0.001 0.000 0.000 -0.000 0.000 0.000 -0.001* 0.000 

 (0.001) (0.000) (0.000) (0.001) (0.000) (0.000) (0.000) (0.000) 

Household size 0.011*** -0.003*** -0.005*** -0.005* -0.001 -0.002 0.005** 0.003* 

 (0.003) (0.001) (0.002) (0.003) (0.001) (0.002) (0.002) (0.001) 

Rural municipality 0.022* 0.022*** -0.033*** -0.017 0.004 -0.035*** -0.058*** 0.009 

 (0.012) (0.008) (0.007) (0.014) (0.007) (0.006) (0.005) (0.006) 

Education, Secondary 0.005 0.009 0.009 -0.030* -0.005 -0.008 0.000 -0.003 

 (0.014) (0.008) (0.010) (0.015) (0.006) (0.009) (0.011) (0.005) 

Education, Tertiary -0.009 -0.014** -0.001 -0.000 -0.001 -0.009 0.010 -0.001 

 (0.017) (0.007) (0.011) (0.022) (0.008) (0.013) (0.016) (0.008) 

Asylum process -0.035*** 0.010 0.023*** 0.018 -0.004 0.022** -0.027*** -0.011*** 

 (0.011) (0.007) (0.009) (0.014) (0.007) (0.009) (0.007) (0.004) 

         
Observations 13,780 13,780 13,780 13,780 13,780 13,780 13,780 13,780 

R-squared 0.012 0.020 0.020 0.025 0.006 0.016 0.047 0.008 
Fixed effects (year, arrival year, 
top 10 nationality) Yes Yes Yes Yes Yes Yes Yes Yes 

Notes: Standard errors clustered by individual in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 3-1 for a detailed description of the variables. Please refer to Table 
A 3-3 for canton abbreviations. Source: Various datasets including the ASJP Database (version 18) and the Swiss Longitudinal Demographic Database (2010-2014). 
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Table A 3-8 Supplemental: The effect of linguistic proximity on labour-market outcomes, full sample, 2010-

2014 

  (1) (2) (3) 

Outcome Employment Living wage Log annual wage 

        

Linguistic proximity (Std(1-LDND)), major 0.025*** 0.017** 0.019 

 (0.008) (0.007) (0.025) 

    
Observations 13,780 13,780 6,247 

R-squared 0.171 0.171 0.188 

Characteristics (individual, country of origin) Yes Yes Yes 

Fixed effects (year, arrival cohort, canton) Yes Yes Yes 

Sample mean 0.353 0.175 9.724 

Notes: Individual characteristics include gender, age, age squared, education level, household size, the 
rural municipality of residence, and asylum process. Country of origin characteristics includes distance 
between capital cities, population ratio, stock (permanent resident of the nationality), genetic distance, 
political rights, civil liberties, and colony. Two-way cluster standard errors at the nationality and canton 
level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 3-1 for a detailed description of the 
variables. Source: Various datasets including the ASJP Database (version 18) and the Swiss Longitudinal 
Demographic Database (2010-2014). 
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Table A 3-9 Robustness test: Robustness of inference, 2010-2014 

Language region German Romance 
 

(1) (2) (3) (4) (5) (6)  
Main National Multi Main National Multi 

Panel A: Employment             

Linguistic proximity  0.023** 0.023* 0.023** 0.039*** 0.039*** 0.039*** 

(Std(1-LDND)), major (0.011) (0.012) (0.011) (0.011) (0.014) (0.010)    
  

   

Observations 9,252 9,252 9,252 4,528 4,528 4,528 

R-squared 0.186 0.186 0.186 0.133 0.133 0.133 

Sample mean 0.385 0.385 0.385 0.286 0.286 0.286 

Panel B: Living wage             

Linguistic proximity  0.008 0.008 0.008 0.031*** 0.031*** 0.031*** 

(Std(1-LDND)), major (0.009) (0.014) (0.008) (0.009) (0.011) (0.010)    
  

   

Observations 9,252 9,252 9,252 4,528 4,528 4,528 

R-squared 0.186 0.186 0.186 0.147 0.147 0.147 

Sample mean 0.193 0.193 0.193 0.139 0.139 0.139 

Panel C: Log annual wage              

Linguistic proximity  -0.003 -0.003 -0.003 0.052 0.052 0.052 

(Std(1-LDND)), major (0.044) (0.076) (0.038) (0.034) (0.036) (0.037)    
  

   

Observations 4,485 4,485 4,485 1,762 1,762 1,762 

R-squared 0.215 0.215 0.215 0.163 0.163 0.163 

Sample mean 9.746 9.746 9.746 9.668 9.668 9.668 

Model specification:             

Characteristics (individual, 
country of origin) 

Yes Yes Yes Yes Yes Yes 

Fixed effects (year, arrival 
cohort, canton) 

Yes Yes Yes Yes Yes Yes 

Notes: The main model applies two-way cluster standard errors at the nationality and canton level. The 
National model clusters standard error by nationality. The ‘Multi’ model applies three-way cluster standard 
error at the individual, nationality, and canton level. Individual characteristics include gender, age, age 
squared, education level, household size, the rural municipality of residence, and asylum process. 
Country of origin characteristics includes distance between capital cities, population ratio, stock 
(permanent resident of the nationality), genetic distance, political rights, civil liberties, and colony. *** 
p<0.01, ** p<0.05, * p<0.1. See Table A 3-1 for a detailed description of the variables. Source: Various 
datasets including the ASJP Database (version 18) and the Swiss Longitudinal Demographic Database 
(2010-2014). 
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Table A 3-10 Robustness test: Logit and probit regressions, 2010-2014 

Outcome Probability of employment Living wage 

Panel A: German region             

  (1) (2) (3) (4) (5) (6)  
OLS Logit Probit OLS Logit Probit 

              

Linguistic proximity (Std(1-LDND)),  0.023** 0.021** 0.021** 0.008 0.006 0.005 

major (0.011) (0.010) (0.010) (0.009) (0.011) (0.011)    
  

   

Observations 9,252 9,252 9,252 9,252 9,229 9,229 

R-squared 0.186 
 

  0.186 
  

Sample mean 0.385 0.385 0.385 0.193 0.193 0.193 

Panel B: Romance region             

              

Linguistic proximity (Std(1-LDND)),  0.039*** 0.043*** 0.042*** 0.031*** 0.029*** 0.030*** 

major (0.011) (0.013) (0.013) (0.009) (0.009) (0.009)    
  

   

Observations 4,528 4,528 4,528 4,528 4,528 4,528 

R-squared 0.133 
 

  0.147 
  

Sample mean 0.286 0.286 0.286 0.139 0.139 0.139 

Model specification:             

Characteristics (individual, country of 
origin) 

Yes Yes Yes Yes Yes Yes 

Fixed effects (year, arrival cohort, 
canton) 

Yes Yes Yes Yes Yes Yes 

Notes: I report the marginal effects in the logit and probit regressions. Individual characteristics include 
gender, age, age squared, education level, household size, the rural municipality of residence, and asylum 
process. Country of origin characteristics includes distance between capital cities, population ratio, stock 
(permanent resident of the nationality), genetic distance, political rights, civil liberties, and colony. Two-
way cluster standard errors at the nationality and canton level in parentheses. *** p<0.01, ** p<0.05, * 
p<0.1. See Table A 3-1 for a detailed description of the variables. Source: ASJP Database (version 18), 
Swiss Longitudinal Demographic Database 2010-2014, Adserà and Pytliková 2015. 
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Table A 3-11 Robustness test: Excluding unemployment benefit recipients in the wage regressions, 2010-

2014 

Language region German Romance  
(1) (2) (3) (4)  
Main Exclude Main Exclude 

          

Linguistic proximity (Std(1-LDND)), major -0.003 0.005 0.052 0.056*  
(0.044) (0.045) (0.034) (0.030)   

  
  

Observations 4,485 3,563 1,762 1,296 

R-squared 0.215 0.249 0.163 0.201 

Characteristics (individual, country of origin) Yes Yes Yes Yes 

Fixed effects (year, canton) Yes Yes Yes Yes 

Sample mean 9.746 9.695 9.668 9.697 

Notes: Individual characteristics include gender, age, age squared, education level, household size, the 
rural municipality of residence, and asylum process. Country of origin characteristics includes distance 
between capital cities, population ratio, stock (permanent resident of the nationality), genetic distance, 
political rights, civil liberties, and colony. Two-way cluster standard errors at the nationality and canton level 
in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 3-1 for a detailed description of the variables. 
Source: ASJP Database (version 18), Swiss Longitudinal Demographic Database 2010-2014, Adserà and 
Pytliková 2015. 

 

  



 

 135 

 

Table A 3-12 Robustness test: Top 10 nationality fixed effects (extended version), 2010-2014 

Language region German Romance 

  (1) (2) (3) (4) (5) (6)  
Employ-
ment 

Living 
wage 

Log 
annual 
wage 

Employ-
ment 

Living 
wage 

Log 
annual 
wage 

            
 

Linguistic proximity  0.026** 0.001 -0.066 0.047*** 0.046*** 0.108*** 

(Std(1-LDND)), major (0.013) (0.009) (0.049) (0.010) (0.008) (0.028) 

Top 10 nationality, Serbia 0.131** 0.172*** 0.592*** 0.035 -0.154*** -0.497**  
(0.062) (0.059) (0.228) (0.106) (0.056) (0.229) 

Top 10 nationality, Syria 0.031 -0.014 -0.106 -0.011 -0.025 -0.076  
(0.029) (0.024) (0.185) (0.033) (0.021) (0.174) 

Top 10 nationality, Tunisia -0.211*** -0.177*** -0.217 0.035 -0.072** -0.289*  
(0.061) (0.041) (0.382) (0.094) (0.031) (0.152) 

Top 10 nationality, Sri Lanka 0.207*** 0.234*** 0.901*** 0.250*** 0.237*** 0.746***  
(0.022) (0.020) (0.089) (0.052) (0.048) (0.137) 

Top 10 nationality, Somalia 0.028 0.047* 0.268** 0.067** 0.086** 0.320*  
(0.033) (0.025) (0.115) (0.029) (0.043) (0.182) 

Top 10 nationality, Iraq 0.018 0.043 0.354*** 0.081*** 0.060* 0.338**  
(0.037) (0.028) (0.077) (0.025) (0.032) (0.164) 

Top 10 nationality, Afghanistan 0.091** 0.095*** 0.496*** -0.057 -0.074** 0.030  
(0.036) (0.027) (0.087) (0.038) (0.034) (0.220) 

Top 10 nationality, Turkey 0.040 -0.034* -0.150 -0.008 -0.037 0.029  
(0.027) (0.020) (0.096) (0.041) (0.034) (0.294) 

Top 10 nationality, China 0.161*** 0.095*** 0.500*** 0.161* 0.080 0.182  
(0.028) (0.020) (0.095) (0.088) (0.055) (0.251) 

Top 10 nationality, Other 0.068*** 0.025 0.186* 0.075*** 0.029 0.135  
(0.024) (0.022) (0.101) (0.024) (0.023) (0.124)        

Observations 9,252 9,252 4,485 4,528 4,528 1,762 

R-squared 0.188 0.192 0.230 0.139 0.162 0.177 

Individual characteristics Yes Yes Yes Yes Yes Yes 

Country of origin characteristics No No No No No No 

Fixed effects (year, arrival 
cohort, canton) 

Yes Yes Yes Yes Yes Yes 

Sample mean 0.385 0.193 9.746 0.286 0.139 9.668 

Notes: Individual characteristics include gender, age, age squared, education level, household size, the 
rural municipality of residence, and asylum process. Country of origin characteristics includes distance 
between capital cities, population ratio, stock (permanent resident of the nationality), genetic distance, 
political rights, civil liberties, and colony. Two-way cluster standard errors at the nationality and canton 
level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 3-1 for a detailed description of the 
variables. Source: Various datasets including the ASJP Database (version 18) and the Swiss Longitudinal 
Demographic Database (2010-2014). 
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Appendix: Data on linguistic proximity (ASJP) 

 

To calculate the Levenshtein distances (LDND), I use the Automated Similarity 

Judgement Program (ASJP) database (version 18) <DOI: 10.5281/zenodo.3835952>. 

The master source file [listss18.txt] contains the definitions and metadata for all 

languages in the world. It describes each language through a list of 40 common words.  

 

To calculate linguistic proximities (100% - LDND), the source file [listss18.txt] is run 

through the ASJP software 003, available from 

<https://asjp.clld.org/static/ASJPSoftware003.zip>. I run the following MS-DOS 

command, 

 

  ASJPSoftware003\asjp62e.exe < listss18.txt > asjpout.txt 

 

This creates the result file called [asjpout.txt]. The resulting file contains linguistic 

proximities between all possible language pairs in the world. I use the following settings: 

• Exclude loan words (default) 

• In the case of two synonyms, I use the average distance of the synonym (default) 

• A minimum of 26-word items (excluding loan words) (default: a minimum of 28 

word-items. I lower the criteria to export a more exhaustive list of languages) 

• Exclude languages that were extinct before 1900 CE (default: 1700 CE. I adjust 

the years to export a list of modern languages and to improve the computation 

speed) 

 

To parse the data, I only consider matches with the four relevant Swiss languages 

(Bernese German, Standard German, Italian, French) and English. The resulting file 

contains the ISO 639-3 language code and the estimated number of speakers for each 

language. To get an idea of the country(ies) associated with the language(s), I obtain the 

two-digit country code from Ethnologue (2020) by merging the ISO 639-3 language code. 

The country and language information are available from 

<https://www.ethnologue.com/codes/LanguageCodes.tab>.  

  

https://doi.org/10.5281/zenodo.3835952
https://asjp.clld.org/static/ASJPSoftware003.zip
https://www.ethnologue.com/codes/LanguageCodes.tab
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Appendix: Data on the country of origin characteristics 

 

I include sources for the open-source country of origin information in the following. The 

Freedom House indices on political rights and civil liberties for 210 countries are 

available from 1973 to 2020. It is constantly updated. I use the values from 2009 to 2013 

to capture drivers for seeking asylum, available from 

<https://freedomhouse.org/report/freedom-world>. 

The stock of foreigners for each nationality is available from the Swiss Federal 

Statistical Office (FSO) from 1980 to 2020. The source file is named ‘Foreign permanent 

resident population by citizenship, 1980-2018’, available from 

<https://www.bfs.admin.ch/asset/en/je-e-01.05.01.01>. 

Population ratio is constructed using total population for each country or territory 

from the World Bank. It is the mid-year estimates of all residents regardless of legal 

status or citizenship reported from census or statistical reports from national statistical 

offices. It is available from <https://data.worldbank.org/indicator/SP.POP.TOTL>. 

Distance in kilometres between capital cities, ever in a colonial relationship, and 

the FST genetic distances are variables from Adserà and Pytliková (2015). The authors’ 

dataset is publicly available as supplementary materials <ecoj12231-sup-0001-

DataS1.zip>.  

 
 
 

https://freedomhouse.org/report/freedom-world
https://www.bfs.admin.ch/asset/en/je-e-01.05.01.01
https://data.worldbank.org/indicator/SP.POP.TOTL
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Chapter 4 From asylum seeker to refugee: Do waiting times 

affect labour-market integration? 

4.1 Introduction  

Slow and troubled economic integration of asylum seekers and refugees (hereafter, the 

asylum population) have been documented in many countries. Within the European 

Economic Area, asylum seekers wait an average of 6 months to gain access to the labour 

market (European Commission 2016; Eurofound 2016). Economists have compared 

such labour-market restrictions to the traditional unemployment scarring model, where 

workers become more and more detached as the occurrences and duration of 

unemployment increase (Ellwood 1982). Another strand of research argues that the 

asylum population is a different type of worker due to her/his cumulative disadvantage 

(Ivlevs and Veliziotis 2018; Ibáñez and Moya 2010). This presents an interesting avenue 

of research on whether uncertainties and labour-market restrictions at the early stage of 

arrival has an impact on the long-term labour-market outcomes of the asylum population.  

This paper provides new evidence on the impact of the waiting time to permit 

decisions on labour-market outcomes of the asylum population. I identify this plausibly 

causal impact by exploiting differences in the timing of granting residence permits in 

Switzerland, which requires caseworkers to interview the asylum seeker and the State 

Secretariat for Migration (SEM) to make the first permit decision. Under a random 

assignment policy, asylum seekers are allocated across 26 cantons (Swiss 

administrative regions) following a distribution rule, where cantons with higher population 

densities are assigned proportionately more asylum seekers (State Secretariat for 

Migration 2018c).87 Asylum seekers are subject to restrictions on the types of 

occupations and residential locations that they can access. In contrast, they can secure 

access to a larger labour market and apply for a change of canton when they receive the 

refugee status (permit status B – refugee or F – temporarily accepted refugee/person).  

To shed light on the issue, I use comprehensive administrative data from 

Switzerland. The data is constructed by the Institute of Demography and 

Socioeconomics at the University of Geneva. It contains a representative sample of 

permanent residents and their socioeconomic characteristics and labour-market 

outcomes. I focus on over 1,000 asylum seekers from 58 countries who arrived in 

 

87 Previous economics research has exploited this random assignment policy to identify causal outcomes 
(Auer 2018; Bansak et al. 2018; Hainmueller, Hangartner, and Lawrence 2016; Couttenier et al. 2019; 
Hangartner and Schmid 2020; Slotwinski and Stutzer 2019). 
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Switzerland between 2005 and 2013 and their employment and wages from 2010 to 

2014. Combining balancing checks and validations from multiple hypothesis testing, I 

investigate the impact of waiting time. I conduct placebo checks to explore the 

relationship between time to decision and pre-decision employment to rule out 

alternative explanations of self-selection and anticipation effects. The identifying 

assumption is that waiting time is uncorrelated with unobserved characteristics of the 

asylum seekers. This implies that asylum seekers of the same nationality and arrival year 

who share comparable observable and unobservable attributes at arrival are subject to 

different waiting times. Under this assumption, the estimated coefficient captures the true 

effect of waiting time. 

I present two main findings. First, I follow existing literature to examine the effect 

of the years of waiting for the first permit decision. I find no discernible linear or nonlinear 

effects of waiting time to permit decision on the employment and annual wages of asylum 

seekers. Second, I create a new measure to quantify the relative length of stay in 

Switzerland to the period under labour-market restrictions. Specifically, I construct a ratio 

where the length of stay in Switzerland is the numerator and the waiting time is the 

denominator. By considering this proportional relationship, an increase in the ratio is 

equivalent to a decrease in waiting time. Among asylum seekers whose first decision is 

permit B, a one unit increase in the ratio increases employment by 4.3 percentage points 

(17.2%) and annual wages by 0.53 log units (70.4%). Amongst those whose first decision 

is permit F, a one unit increase in the ratio increases employment by 5.4 percentage 

points (21.5%) with no significant effect on wages. My findings are supported by an 

assessment of selection on unobservables (Altonji, Elder, and Taber 2005; Oster 2019; 

Krauth 2016). 

My three main contributions to the literature relate to the use of the ratio (length of 

stay divided by waiting time), wages as a dependent variable, and residence permit data. 

Earlier studies have documented the detrimental effect of the absolute value of waiting 

time on refugee employment (Eurofound 2016; Hainmueller, Hangartner, and Lawrence 

2016; Hvidtfeldt et al. 2018). To my knowledge, I am the first to provide evidence that 

shorter waiting time relative to the duration of stay, i.e. reducing the labour-market 

restrictions of asylum seekers, is beneficial for integration. While earlier studies focus on 

employment outcomes, I am able to examine the impact on wages by linking registry 

data. Further, residence permits are associated with different labour-market restrictions 

in Switzerland. Being able to analyse the labour-market consequences separately by 

permit types may have important policy implications. My results complement the broader 

literature on the consequences of unemployment scarring (Clark, Georgellis, and Sanfey 

2001; Huttunen, Møen, and Salvanes 2018) and cumulative disadvantage of the asylum 
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population (Ibáñez and Moya 2010; Ivlevs and Veliziotis 2018). The results suggest that 

constrained employment and uncertainties can reduce the returns to human capital.  

The paper progresses as follows. Section 4.2 discusses prior empirical research. 

Section 4.3 provides institutional background on the asylum allocation policy and 

residence permits. Section 4.4 describes the dataset. Section 4.5 outlines the 

identification strategy and empirical framework. Section 4.6 reports the results and 

robustness checks. Section 4.7 concludes.  

 

4.2 Prior empirical research 

There is a growing literature on the effect of early asylum processes on the economic 

integration of the asylum population. These studies focus on the impact of waiting time 

– associated with labour market restrictions – and lifting employment bans. A key study 

on waiting time was performed by Hainmueller et al. (2016), who find that waiting time 

has a detrimental effect on refugee employment in Switzerland. Using a similar 

experimental design as this paper and data from an earlier period (1994-2004), waiting 

time is measured as the number of days from the asylum seeker status (permit N) to be 

granted with subsidiary protection (i.e. permit F). They demonstrate that an additional 

year of waiting reduces employment by 4 to 5 percentage points (hereafter, pps). 

In Denmark, an additional year of waiting reduces employment probability by 3.2 

pps because refugees’ labour-market entry is delayed (Hvidtfeldt et al. 2018). The 

Danish asylum application procedure is largely similar to the one in Switzerland – waiting 

time is as good as randomly assigned to asylum seekers. Similar to Hainmueller et al. 

(2016), the authors quantify the waiting period in the number of days between the asylum 

application and the first residence permit between 1997 and 2013. Beyond the impact 

on labour-market outcomes, some clinical studies have also shown that long waiting time 

is associated with increased risk of psychiatric disorders in the Netherlands (Laban et al. 

2004) and Denmark (Hvidtfeldt, Petersen, and Norredam 2020). 

To identify the long-term effects of lifting employment bans, Marbach, Hainmueller, 

and Hangartner (2018) estimate the differences in employment and reported income 

between two cohorts of migrants from the former Yugoslavia countries arriving in 

Germany. They find that the impact of lifting the employment ban is long-lasting. It takes 

10 years to close the employment gap between the pre- and post-policy cohorts. By 

estimating the fiscal cost of the employment ban, they argue that the slow economic 

integration of the asylum population is costly to the government in the long run. As such, 

the welfare dependency and low employment rate of refugees have also been discussed 
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in Norway (Bratsberg, Raaum, and Røed 2014; 2017), the United States (Evans and 

Fitzgerald 2017), and Finland (Sarvimäki 2017).  

Beyond single-country studies, comparative analysis from high-income countries 

generally finds that faster refugee recognition and decision rates lead to a reduction in 

the refugee-immigrant employment gap (Brell, Dustmann, and Preston 2020; Fasani, 

Frattini, and Minale 2018; Dustmann et al. 2017). The literature predicts that waiting time 

and labour-market restrictions lead to lower motivation for job search and reduce the 

returns to human capital of the asylum population. It suggests that the slow labour-

market integration of asylum seekers bears a high fiscal cost, thus early integration 

programs are encouraged. 

The existing literature has defined waiting time as the days between the asylum 

seeker and refugee permits, focused on employment outcomes, and viewed all refugees 

homogeneously. I address the lack of evidence in the existing literature by studying the 

proportional relationship between the total time spent and waiting time in the host 

country. I find that this ratio is key to understanding the integration trajectories. To 

broaden our understanding of the wage consequences of waiting time, I use registry data 

which should be free from measurement error. Finally, it is not uncommon for the asylum 

population to be granted different types of residence permits (e.g. in Norway (UDI 2020)) 

or subjected to different work settings (e.g. Syrian refugees in Jordan (Fallah, Krafft, and 

Wahba 2019)). This paper is the first to analyse the impact of waiting time by permit type, 

which provides insights into more appropriate policy responses. 

 

4.3 The asylum process and permits in Switzerland 

The asylum process begins when the asylum application form is submitted at a reception 

and processing centre or an airport in person. By 2014, there were five reception and 

processing centres located in Altstätten, Basel, Chiasso, Kreuzlingen, and Vallorbe 

(State Secretariat of Migration 2017).88 Asylum seekers who arrive by plane from non-

Schengen states lodge their applications at either Zürich or Geneva airports. 

The authorized officer, either SEM officer or airport police, records details of the 

individual and initiates the asylum process. Information is collected through three 

channels: the European Dactyloscopy (EURODAC) system (fingerprints, biometric 

identifier, gender, date and place of application); an asylum application form (nationality, 

place and date of birth, mother tongue, religion, civil status); and an interview (the reason 

for fleeing their country and route taken, presence of family members in Switzerland, 

 

88 The reception and processing centre in Altstätten has been in operation since 2011. 
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health status). The individual is granted with asylum seeker status (permit N) and 

assigned to a canton if they meet the requirements for being granted protection. I analyse 

the outcome of those who received permit N (see Figure 4-1 for flow chart of the 

procedure).89 

The SEM Department of Registration and Accommodation assigns cases through 

a central system, which randomizes the assignment of cases to meet a percentage rule 

(State Secretariat for Migration 2018b; 2018d). This system has been in place since 1988 

to distribute asylum seekers across 26 cantons as evenly as possible (State Secretariat 

for Migration 2018c). The assignment does not depend on the characteristics of the 

asylum seeker, such as age at arrival or gender, except for unaccompanied minors, 

family reunification, and medical cases. Each day, the SEM officer assigns cases as 

asylum seekers arrive to their system. The non-assigned cases are moved to the top of 

the list for the next day’s rotation. By the end of each month, the officer verifies that the 

top 10 nationalities are proportionally distributed. For further details on the random 

assignment of asylum seekers, please refer to Chapter 3. 

Asylum seekers (permit N) do not have a locational choice. The canton authorities 

determine the housing location of the asylum seeker across municipalities.90 The 

individual is required to report to canton authorities within 24 hours. Change of canton is 

rare because it requires valid reasons and an agreement between two cantons. 

Moreover, anecdotal evidence suggests there has been no relocation between 2006 and 

2014 (see the official record in Chapter 3 Table A 3-4).  

Asylum seekers (permit N) are not allowed to work for either three or six months 

upon arrival (State Secretariat for Migration 2015b). At the federal level, the length of 

work ban is three months, but cantons have full authority to extend the work ban for up 

to six months (Wichmann et al. 2011; Slotwinski, Stutzer, and Uhlig 2019). After the work 

ban period, the labour-market participation of asylum seekers is subject to employer 

justification and occupational restrictions (State Secretariat for Migration 2015b). This 

means that the employer needs to apply for a work permit for the asylum seeker. 

Depending on the canton, the employer may need to justify that the position cannot be 

filled by local residents. Cantons also have the right to limit the industries that asylum 

seekers can participate in (e.g. agriculture, hotel services, and other low-skilled jobs). 

For instance, asylum seekers in Zurich are only permitted to work in construction, hotel, 

manufacturing, and cleaning industries (Office for Economy and Labour of Zurich 2019). 

Asylum seekers are entitled to social assistance. The amount and distribution methods 

 

89 Permit N holders who are not granted with permit F or B should be sent back to home country. Individuals 
who exit from Switzerland are not observed in the dataset. 
90 The housing options are federal asylum centre (with or without processing facilities) and special centres. 
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are decided on by each canton individually (SODK 2017). To summarize, the length of 

the initial work ban, subsequent work restrictions, and social assistance while holding 

permit N vary at the canton level.  

The first residence permit decision hinges on the reasons for seeking asylum. The 

caseworkers decide whether there is enough evidence for asylum, with assistance from 

interpreters, document examiners, and lawyers.91 Asylum seekers who satisfy the criteria 

from the Geneva Refugee Convention – with serious disadvantages including threats to 

life, physical integrity, and freedom – are recognised as refugees (permit B). Individuals 

who are not safe to return (i.e. inadmissible), and that would only meet the refugee 

requirements after departure from the country of origin are recognised as temporarily 

admitted refugees (permit F). Individuals whose application has been rejected but cannot 

return are determined as temporarily admitted persons (also permit F).92  

In this paper, I examine i) the number of years from the asylum seeker status 

(permit N) to the first decision (either permit B or F) and ii) the relative length of stay to 

the waiting period. The ‘upgraded’ residence permits (permit B and F) are associated 

with legal right to stay, increased residential mobility, access to more occupations, and 

the possibility of family reunification. As long as the reasons to be accepted as a refugee 

remain valid, these residence permits are usually renewed automatically (permit B), or 

by the canton (permit F), every 12 months. Legal residency is associated with a path to 

citizenship. Recognised refugees (permit B) enjoy greater residential mobility than 

temporarily accepted refugees/persons (permit F).93 Both the recognised refugees 

(permit B) and temporarily accepted refugees/persons (permit F) have the right to 

participate in integration programs and to work (State Secretariat for Migration 2020b; 

2020a).94 Permit F holders can apply for permit B status after five years of legal residence 

in Switzerland. The application is evaluated based on their family ties, economic 

integration, and the possibility of returning to their country of origin (State Secretariat for 

Migration 2018e). Thus, the variables of interest identify the gain in mobility and labour-

market opportunities, as well as the reduction in uncertainty.   

 

91 The legal term of the process is ‘evaluation in substance’. This follows the inadmissibility decision in which 
the individual cannot be sent back to their country of origin because i) they cannot obtain travel documents, 
ii) the enforcement of removal is not permitted (if the enforcement violates international law), or iii) the 
enforcement of removal is unreasonable (for instance, ongoing war or civil conflict in the country of origin). 
92 Unfortunately, I cannot distinguish between the two types of F permits. 
93 Recognised refugees (permit B) can apply for the change of cantons to the canton authority if they are not 
dependent on social benefits. Temporarily accepted persons/refugees (permit F) can apply for the change 
of cantons to the SEM (federal authority) if they are not dependent on social benefits, are entitled to family 
reunification, or are granted with agreement from two cantons. 
94 Note that permit F and N holders were subjected to the same employment and integration restrictions 
prior to 2008 (Wichmann et al. 2011). The current sample are not affected by the earlier restrictions, as they 
experience a permit change between 2010 and 2014. 
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4.4 Data 

The Institute of Demography and Socioeconomics at the University of Geneva created 

the data by linking information from several administrative registers (Steiner and Wanner 

2015).95 The basis for the dataset is the Swiss Labour Force Survey (also known as 

Structural Survey, Strukturerhebung, or Relevé Structurel). It is an annual national 

survey which contains a 4% representative and a non-repeated sample of permanent 

residents in Switzerland (Federal Statistical Office 2017; Federal Statistics Office 2018; 

Qualité 2010). The observations for each year from 2010 to 2014 are pooled. It 

comprises 20% of the population who have lived in Switzerland for at least one year 

before the survey year. The second set of registry data from the Central Migration and 

Information System (ZEMIS) has been matched with this and contains information on 

asylum records, residence permits, and year of arrival. Only individuals who have sought 

asylum and arrived between 2005 and 2013 are included in the analysis. A third register 

from the Population and Households Statistics (STATPOP) has been used to obtain 

information on the legal place of residence and household size. A fourth register from 

the Swiss Central Compensation Office has been linked to acquire the employer reported 

annual wages. Finally, the unemployment register (PLASTA) contains information on 

duration and incidence of receiving unemployment insurance in the calendar year. I 

observe the labour-market outcomes of the same individuals from 2010-2014. As some 

individuals leave Switzerland, this is an unbalanced panel dataset.  

 

4.4.1 Sample of asylum population at working ages 

I focus on individuals who have sought asylum in Switzerland (i.e. the asylum 

population), have no work history in Switzerland before the asylum application, and 

arrived between January 2005 and December 2013. I limit the sample to those of working 

age, between 18 and 65 years old.  

153,637 new asylum applications were filed in Switzerland between 1 January 

2005 and 31 December 2013 (State Secretariat for Migration 2016b). 22,584 asylum 

applicants were granted protection and the 9-year average asylum recognition rate was 

17.2%. Of these individuals, a sample of 3,571 asylum seekers or refugees have legally 

resided in Switzerland for at least 12 months (i.e. counted as permanent residents) and 

have responded to the Structural Survey between 2010 and 2014.96 To construct the 

analysis sample, I exclude 1,237 individuals (5,825 person-year observations) who are 

 

95 The data is constructed by linking the social insurance number (AHV) and using probabilistic linkage 
approaches. A sequence of data validation procedures is recorded in Steiner and Wanner (2015).  
96 This is 15.8% (= 3,571 sampled asylum individuals/22,584 cases) of the total asylum granted from 2005 
and 2013. 
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not asylum seekers (permit N) or temporarily accepted persons (permit F) in the first year 

of observation. These individuals hold either permit B (refugee – resident foreign 

nationals) or C (refugee – settled foreign nationals) and they are no longer subject to 

mobility and labour-market restrictions. Thus, their observable characteristics are 

endogenous to their labour-market outcomes.  

Second, I drop 258 individuals (393 person-year observations) with no data on the 

location of residence (i.e. exits from Switzerland). Third, I drop 6 individuals (29 person-

year observations) who do not follow the regular trajectory of permit N (asylum seeker) 

and then permit F or B (refugee status). They are exceptional cases because the asylum 

seeker has either worked or has family ties in Switzerland before applying for asylum.97 

Finally, I limit the sample to those of working age between 18 and 65 years old (drop 145 

individuals; 329 person-year observations) to avoid complications associated with higher 

education (e.g. university) and retirement. In the unbalanced panel, I analyse the 

outcomes of 1,363 asylum seekers from 58 countries who arrived between 2005 and 

2013 and are permanent residents between 2010 and 2014 (see the count by trajectories 

in Table A 4-2 and list of countries in Table A 4-3).98  

 

4.4.2 Waiting time  

The dataset includes information on year of arrival (or year of immigration) and residence 

permit status at the end of the calendar year. The timeline of the asylum application 

process is detailed in Figure 4-2. I focus on asylum seekers (permit N) who become 

recognised refugees (permit B) and temporarily admitted refugees or persons (permit F) 

between 2011 and 2014. Similar to the framework of Hvidtfeldt et al. (2018), the length 

of waiting time to obtain the residence permit, 𝑇𝑤, is calculated by, 

𝑇𝑤𝑖 = 𝑇𝑑𝑖 − 𝑇𝑎𝑖 (1) 

where 𝑇𝑑 is the year of the first decision and 𝑇𝑎 is the arrival year. In Table 4-1, I provide 

several fictional cases. For instance, the waiting time is 6 years for person 1 who arrived 

in 2005 and received the decision in 2011. Arrival year is key to the calculation of waiting 

time. The information comes from the ZEMIS foreigner register that is administered by 

 

97 These cases violate the regular permit sequence. An example is a highly educated Syrian scholar who 
has been working in Switzerland as a foreigner (permit B). S/he submits an asylum application during the 
Syrian Civil War (permit F) and is granted with the refugee status in the subsequent year (permit B). Another 
example is an asylum seeker who has been married or divorced to a Swiss citizen or foreigner (either permit 
B or C). Initially, s/he can stay under the family reunification principle, but the residence permit is reverted 
to permit N or F due to changes in the marital status. 
98 This is the final sample after I account for sample restrictions and control fully for individual-specific effects, 
with 1,026 individuals in the main analysis and 337 individuals in the falsification exercise. 
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the State Secretariat of Migration (SEM). A residence permit can be granted at any time 

during the calendar year. Thus, it is not as accurate as the waiting time parameter 

(measured in days) in Hainmueller et al. (2016). 

Another important function of the residence permit is to trace the permit status 

trajectory and legal residence location at the municipality and canton levels. The granting 

of each residence permit is case-specific. The human capital characteristics of the 

asylum seeker (permit N) who becomes a recognised refugee (permit B) or temporarily 

accepted refugee/person (permit F) can be systematically different. Therefore, I use the 

first observed residence permit as a function of asylum category. Because I analyse the 

two samples separately, my results are conditional on the first permit decision.  

Figure 4-3 provides a Sankey diagram in which the width of the arrows is 

proportional to the size of the sample population. The permit B sample contains 472 

individuals who transition from permit N to B. The permit F sample contains 496 

individuals who transition from permit N to F, and 58 individuals who also applied for B. 

In the falsification exercise, I analyse the outcomes of 337 individuals who transition from 

permit F to B. This sums to 1,363 individuals (6,065 observations) in the analysis sample. 

The average waiting time to obtain permit B is 2.7 years and permit F is 2.9 years 

(see Figure A 4-1 for the distribution of waiting time). Table 4-2 presents the 

unconditional mean by permit trajectory (see Table A 4-4 and Table A 4-5 for absolute 

frequencies). Table 4-3 shows nationals of Eritrea and Syria are among the fastest to 

obtain the first decision in the analysis sample. Moreover, the efficiency of asylum 

processing exhibits small canton variations by permit types. The definitions of variables 

are described in Table A 4-1 and descriptive statistics are presented in Table 4-4. 

 

4.4.3 The relative length of stay to waiting time 

In contrast to the ‘years of waiting’ variable, the ratio of duration of stay divided by waiting 

time investigates the returns to time spent in a host country. The ratio, 𝑇𝑟, is given by, 

𝑇𝑟𝑖 =
𝑇𝑠𝑖

𝑇𝑤𝑖

(2) 

where 𝑇𝑠 is the number of years staying in Switzerland. This ratio quantifies the effect of 

an additional year spent in Switzerland given the same waiting time (denominator) that 

is under labour-market restrictions. It can also be thought of as a change in waiting time 

given the same length of stay (numerator). 

Conditional on the first decision (permit B or F), the ratio 𝑇𝑟 = 1 indicates the 

asylum seeker spent an equal amount of time staying (𝑇𝑠) and waiting (𝑇𝑤) in 
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Switzerland (see calculations and example in Table 4-1). The ratio 𝑇𝑟 < 1 indicates one 

is still waiting for a residence permit (B/F). The ratio 𝑇𝑟 > 1 indicates one has received 

the residence permit and has spent additional time in the country (after obtaining the 

permit). For every asylum seeker in the sample, there is at least one observation where 

𝑇𝑟 ≥ 1 as I observe at least one permit decision between 2011 and 2014.99 The bigger 

the ratio, the longer the person has spent in Switzerland with greater labour market 

access, and the shorter the waiting time.100  

Figure 4-4 provides some intuition of the variable by plotting the ratio (𝑇𝑟) relative 

to duration of stay (𝑇𝑠) based on the examples in Table 4-1. Persons 1 and 2 mimic the 

assimilation process. The asylum seeker with a longer length of stay (in this example, 

person 1) should be more likely to integrate since search and information costs tend to 

reduce over time. On the other hand, person 4 represents a more efficient integration 

process than person 3 because of the shorter waiting time. From a policy perspective, 

the only way to optimize the ratio is to reduce the waiting time.101 With the current 

dataset, the observed ratio has a range of 0 to 4 (see distribution in Figure A 4-2).102 The 

average ratio in the permit B sample is 1.06 and in the permit F sample is 0.99.  

 

4.4.4 Dependent variables: employment and the log of annual wages 

4.4.4.1 Employment 

Employment is defined as non-zero income and being absent from the unemployment 

register in the calendar year. The rationale for this definition is that the income measure 

includes unemployment benefits in the calendar year. The outcome variable is computed 

based on individual accounts of the Swiss Central Compensation Office that are directly 

reported by employers and the Unemployment Statistics (PLASTA). Figure 4-5 describes 

the unconditional employment trend by permit status trajectories. Overall, employment 

outcomes improve over time. Table 4-5 presents the unconditional employment rates in 

detail. In the permit B sample, the average employment rate is 23.9% (permit N to B). In 

 

99 Recall, in the study period from 2010 and 2014, I restrict the analysis sample to asylum seekers (permit 
N) in the first observation period.  
100 There are multiple ways to interpret the proportional relationship. In my dataset, each asylum seeker has 
a fixed waiting time (𝑇𝑤) (see Table 4-1). One way to interpret a unit increase in the ratio is given by: 𝑇𝑟 +

1 =  
𝑇𝑠

𝑇𝑤
+  

𝑇𝑤

𝑇𝑤
=  

(𝑇𝑠+𝑇𝑤)

𝑇𝑤
 . Thus, a one unit increase in the ratio means that individuals with longer waiting time 

(𝑇𝑤) would take longer (𝑇𝑠 + 𝑇𝑤) to assimilate than individuals with shorter waiting time. 
101 To further investigate the impact of waiting time through the assimilation and policy channel, one can add 
an interaction between the ratio and the categorical variable of waiting time (/arrival year) into the estimation 
model. However, the small sample size and cell sizes can lead to imprecisely estimated standard errors. 
Therefore, I do not differentiate the impact between the same waiting time and length of stay in this paper. 
102 With the current dataset, the maximum possible value of the ratio is 5. This is the case if an asylum 
seeker arrived in 2010 and stayed for the entire study period with 𝑇𝑠=5, and received a residence permit in 

2011 with 𝑇𝑤=1. 
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the permit F sample, the average employment rate is 21.6% (permit N to F) and 51.2% 

(permit N to F to B).  

 

4.4.4.2 Annual wages 

The Central Compensation Office has a record of employer-reported annual wages. The 

before-tax income/gross wages information is collected for the purpose of tax liabilities 

and social assistance, such as contributory pension upon retirement age. Figure 4-6 

presents the unconditional annual wage trend by permit trajectories. Among asylum 

seekers whose first decision is permit B, the unconditional average annual wage is 

24,451 CHF (that is, equivalent to €23,087).103 Among those who received permit F, the 

unconditional average annual wage is 20,930 CHF (€19,763) (permit N to F) and 32,978 

CHF (€31,139) (permit N to F to B). Since permit F holders can apply for permit B – by 

choice – after five years of stay, I control for an additional permit in the permit F sample.  

 

4.4.4.3 Data limitations 

The dataset has several shortcomings. First, the waiting time variable is less precisely 

measured than previous studies. The literature (Hainmueller, Hangartner, and Lawrence 

2016; Hvidtfeldt et al. 2018) measures waiting time in the number of days from the date 

of arrival to permit acquisition (permit F in the case of Hainmueller et al. (2016)). If asylum 

seekers can manipulate their timing of arrival, measurement with smaller units (i.e. arrival 

date) would exhibit more random variation and is more accurate than a yearly variable. 

I verify that this is not the case in the identification strategy. Second, information on the 

caseworker is not available. I cannot explore heterogeneity in caseworkers’ decisions. 

Third, information on the assigned canton by the SEM is not available. I conduct 

validation checks, interviews with SEM, and gather official documents to ensure the 

residential location closely resembles the assigned location (see locational distribution 

in Figure A 4-3). Fourth, the study is based on a sample of permanent residents, meaning 

those who legally reside in Switzerland for at least 12 months. Information on the 

economic outcomes of those who left Switzerland within the first 12 months, or who did 

not respond to the Structural Survey, are not collected. Although the Structural Survey 

contains a smaller sample as compared to the full population of permit F holders in 

Hainmueller et al. (2016), permanent residents are the ones who would stay in 

Switzerland in the long run.104 Fifth, employment is defined through wages and 

 

103 The exchange rate is 1 CHF to 0.94 Euros as of 13 March 2020. 
104 Another limitation of the Structural Survey is that asylum seekers residing in small municipalities are not 
captured. Municipalities with fewer than 15,000 permanent residents are not sampled in the Structural 
Survey (Federal Statistical Office 2017). 



 

 149 

unemployment records. Because unemployment is measured in an annual basis, the 

effect of unemployment (or non-employment) can be overestimated. This also means 

that the non-employed consists of individuals with zero income or are receiving 

unemployment benefits. Nonetheless, the employment variable is defined similarly in an 

annual basis in related studies (Hvidtfeldt et al. 2018; Hainmueller, Hangartner, and 

Lawrence 2016). If the employed population in the sample is positively selected relative 

to the general population, the waiting time estimates would be downward biased. Finally, 

the wage measure includes unemployment benefits. In a robustness test, I show my 

results are insensitive to this limitation.  

 

4.5 Empirical Model 

To estimate the impact of waiting time on employment and annual wages, I measure the 

time waiting for the first decision of the two types of permit (B – refugee or F – temporarily 

accepted refugee/person). I estimate separate regressions by permit type because the 

permit type relates to the reason for seeking asylum and is subject to different labour-

market restrictions in Switzerland (see flowchart in Figure 4-1). In other words, the first 

decision for permit types would be endogenous to labour-market outcomes. 

For an asylum seeker who arrived between 2005 and 2014, it takes 𝑇𝑤 years for 

them to receive their first decision for permit B or F. The model is given by, 

𝑌𝑖𝑛𝑎𝑘𝑡 = 𝛽𝑇𝑤𝑖 + 𝛾′𝑋𝑖𝑡 + 𝑁𝑛 + 𝐴𝑎 + 𝑁𝑛 × 𝐴𝑎 + 𝐾𝑘 + 𝐽𝑡 + 휀𝑖𝑛𝑎𝑘𝑡 (3) 

where 𝑌𝑖𝑛𝑎𝑘𝑡 is the employment or the natural log of annual wages of an asylum seeker 

𝑖 of nationality 𝑛 who arrived in year 𝑎, resides in canton 𝑘, and is observed in year 𝑡 

between 2010 and 2014. The coefficient of interest 𝛽 quantifies the effect of time waiting 

for the first residence permit (B or F) where 𝑇𝑤𝑖 enters as a linear or nonlinear function. 

Waiting time is specified as a discrete measure or a series of dummy variables. The 

identifying assumption of this model is that waiting time is orthogonal to unobserved 

individual characteristics. This implies that the asylum population at different waiting 

times would have performed equally well in the labour market in the absence of the first 

permit decision – to obtain permit B or F. 

𝑋𝑖𝑡 is a vector of covariates influencing the individual’s human capital and earning 

potential. It comprises gender, age, age squared, education level, reported main 

language, household size, and geography (i.e. rural/urban). In the regression for the 

permit F sample, permit trajectory is an indicator variable to differentiate those who 

applied for an additional permit (i.e. N-> F-> B). In the analysis of both samples, 

education level is a set of dummy variables for secondary or tertiary education, using 
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primary education as the reference group. Reported main language is a binary variable 

of self-reported language which one thinks in and knows best. Individuals who reported 

using the main language of the municipality are compared to those who reported 

otherwise. Household size reports the number of household members, including family 

and non-family members. Geography is a dummy variable to indicate whether the 

individual resides in a rural municipality.  

A battery of fixed effects is included to identify within-group variations. Nationality 

(𝑁𝑛) fixed effects control for time-invariant macroeconomic factors across 58 origin 

countries. Year of arrival (𝐴𝑎) fixed effects account for time-specific conditions, such as 

caseload in 9 arrival years (2005-2013). The interaction between nationality and year of 

arrival controls for time-variant characteristics of asylum seekers from the same country 

and arrival year. Importantly, the interaction fixed effects account for batch processing 

by the SEM, where the caseworkers verify the conditions of origin countries upon 

accumulating similar cases (Hainmueller, Hangartner, and Lawrence 2016). Canton (𝐾𝑘) 

fixed effects capture the efficiency in processing asylum claims and regional economic 

characteristics across 26 cantons. They also absorb differences in the duration of work 

ban and occupational restrictions while holding permit N, and any form of social 

assistance and integration effort which varies at the canton level. Finally, the outcome 

year (𝐽𝑡) fixed effects identify variation in labour-market outcomes over the study period 

of 5 years.  

Conditional on a large set of observable characteristics and fixed effects, 𝛽 

identifies the within-group variation in waiting times of asylum seekers of the same 

nationality and arrival year. The specification assumes asylum seekers who share similar 

observable characteristics, from the same country and entered Switzerland in the same 

year share unobserved characteristics that can affect both their waiting time and 

integration outcomes. More importantly, the within-group variation captures the factors 

which are closely correlated with the reason for seeking asylum. Throughout the 

estimation, standard errors are two-way clustered at the individual and canton levels to 

address heteroskedasticity and correlation within individual and canton clusters.  

In the second model, I estimate the returns to time spent in the host country through 

the ratio of duration of stay to waiting time (recall from Equation (2), 𝑇𝑟 =  𝑇𝑠
𝑇𝑤⁄ ). The 

ratio assesses the relative importance of duration of stay concerning the period under 

more stringent labour-market regulations (permit N). The model is given by,  

𝑌𝑖𝑛𝑎𝑘𝑡 = 휁𝑇𝑟𝑖 + 𝛾′𝑋𝑖𝑡 + 𝑁𝑛 + 𝐴𝑎 + 𝑁𝑛 × 𝐴𝑎 + 𝐾𝑘 + 𝐽𝑡 + 휀𝑖𝑛𝑎𝑘𝑡 (4) 
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where 휁 identifies the impact of the ratio, 𝑇𝑟, which is a relative length of stay to waiting 

time indicator. Similarly, Equation (4) is estimated on the permit B and F sample 

separately. The same covariates and fixed effects from Equation (3) apply here.  

 

4.5.1 Identification strategy 

Waiting times are dependent on three factors: the reason for seeking asylum; caseload 

in the arrival year; and efficiency of the caseworkers. The permit type (B or F) is 

associated with the legal criteria of the case and different labour-market restrictions in 

Switzerland. Given these different labour-market restrictions, I estimate the effect of 

waiting time for both types separately. To ensure an unbiased and consistent estimator, 

I elaborate on four potential threats to identification regarding non-random waiting time, 

multicollinearity, pre-decision outcomes, and model misspecification in the following 

paragraphs. 

I address the first concern regarding non-random waiting time in two ways. First, 

Table 4-6 inspects if the covariates are equal across waiting time groups and whether 

the covariates within each panel jointly predict waiting time. Each regression is 

conditional on arrival and outcome year. Standard errors are clustered at the individual 

level to adjust for correlation within the same person over outcome years. In Sample 1 

(permit B), the joint balance test fails to reject the null hypothesis that waiting time does 

not correlate with post-arrival characteristics (p=0.17 in Panel 1B). However, the joint 

hypothesis test rejects the null that waiting time has no association with prearrival 

characteristics (p=0.05 in Panel 1A). In Sample 2 (permit F), the joint balance tests fail 

to reject the null hypothesis that waiting time is not statistically related to both prearrival 

and post-arrival characteristics (p=0.70 in Panel 2A; p=0.16 in Panel 2B). Overall, this 

suggests the post-arrival characteristics are not predictive of waiting time. However, the 

prearrival characteristics of permit B holders are not entirely balanced. The imbalance 

may be associated with an under-representation of asylum seekers from several top 

nationalities, e.g. Nigeria and Tunisia, and selective migration within the first 12 months 

of arrival. This imbalance is because the Structural Survey only contains a sample of 

permanent residents who legally reside for at least 12 months and provide survey 

responses.  

Second, I estimate the relationship between each covariate and the variable of 

interest by controlling for the family-wise error rate (FWER) (Doyle et al. 2017; Jones, 

Molitor, and Reif 2019). I test the probability of rejecting one or more null hypothesis (i.e. 

false positives) belonging to the same family of hypotheses. Using the free step-down 

resampling method of Westfall and Young (1993), Table 4-7 (permit B) and Table 4-8 
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(permit F) present the FWER adjusted p-values using 10,000 bootstraps with standard 

errors clustered by individual.105 If the probability of yielding the statistic is low (p<0.1), I 

reject the null hypothesis that waiting time has no association with any covariates in the 

family of hypotheses. Individual characteristics are grouped into two families (prearrival 

and post-arrival characteristics). By comparing the p-values across the FWER, 

Bonferroni-Holm, and Sidak-Holm adjustment methods, I find 13% to 75% (Table 4-7, 

permit B) and 13% to 38% (Table 4-8, permit F) of all the individual characteristics are 

significant at the 10% level or lower (i.e. not balanced) across both samples. I repeat the 

test for the second variable of interest – the relative length of stay to wait. I report similar 

results where 25% to 75% (Table A 4-6, permit B) and 13% to 38% (Table A 4-7, permit 

F) of all the individual characteristics are significant at the 10% level or lower across both 

samples. After adjusting for multiple hypothesis testing, the likelihood of false rejections 

has been reduced. The share of imbalanced results is lower than the standard 

acceptable level using the critical value of 10%.106 Based on joint balance tests and 

multiple hypothesis tests, I cannot entirely rule out the possibility for imbalance.  

I address the second concern about multicollinearity by estimating the relationship 

between individual characteristics and waiting time with different types of fixed effects 

(Table 4-9).107 As waiting time can be affected by caseload and efficiency of the 

caseworkers, Columns (2) and (5) include arrival year fixed effects to account for all 

unobserved factors common to arrivals of the same year. I find statistically significant 

effects (p<0.1) in 1 out of 8 characteristics (permit B sample), and 2 out of 9 

characteristics (permit F sample). In Columns (3) and (6), I add fixed effects for 

nationality and the interaction between nationality and arrival year. The specification is 

more restricted as it assumes asylum seekers of the same nationality and arrival year 

share unobserved heterogeneity correlated to outcomes and waiting time, such as 

reasons for seeking asylum. 

Although I find statistically significant differences (p<0.1) in 1 out of 8 

characteristics (Column (3)), and in 4 out of 9 characteristics (Column (6)), these should 

 

105 The multiple hypothesis testing procedure is performed with the Stata command -wyoung-. The 

procedure also presents adjusted p-values from two other (more conservative) hypothesis testing methods: 
Bonferroni-Holm and Sidak-Holm. The outcome of each regression is individual characteristics. The 
independent variable is waiting time (as a continuous treatment). The regressions are conditional on fixed 
effects for top 10 nationality, arrival year, and outcome year. I apply these fixed effects to account for batch 
processing by the SEM for each arrival year. 
106 In a total of 8 hypothesis, the probability to obtain one or more false rejections using the p-value of 0.10 

as the cut-off is: 1 − 0.908 = 57.0%. 
107 In the case of the second variable of interest, the relative length of stay to wait, one may be more 
concerned about collinearity with the arrival year dummies. In Table A 4-8, I present the correlation between 
the two variables are reasonably low. 
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not generate collinearity concerns.108 The gender imbalance corresponds to the asylum-

related migration trend in Switzerland and across Europe (Wanner 2016). Moreover, the 

following factors are not determined prior to arrival. Education may be acquired after 

arrival, asylum seekers are free to move within the canton to rural/urban municipality, 

and to apply for permit B after five years of legal residence (State Secretariat for 

Migration 2015a).  

Third, asylum seekers cannot influence the length of the decision process. Since 

the refugee status is granted on a humanitarian basis, pre-decision employment and 

integration efforts should not shorten the waiting time. Table 4-10 presents the cross-

section regression excluding those who already received the decision (i.e. limit to asylum 

seekers (permit N)). In all observation years, waiting time has no significant impact on 

pre-decision employment. Alternatively, Table 4-11 considers the relationship between 

the length of stay and waiting time where 𝑇𝑟 < 1 indicates pre-decision period. The 

impact of the ratio on employment is positive and significant at the 10% level in the post-

decision sample (Columns (1) and (4)), but no discernible effects in the pre-decision 

sample (Columns (2) and (5)). Overall, I find no evidence that asylum seekers can 

manipulate the year of decision by performing better in the labour market (selection) or 

investing more in their Switzerland-specific skills (anticipation).  

I address the fourth concern about model misspecification (e.g. omitting a useful 

regressor) by inspecting residual plots. Figure A 4-4 (permit B employment), Figure A 

4-5 (permit B wages), Figure A 4-6 (permit F employment), and Figure A 4-7 (permit F 

wages) reassure that the residuals follow a normal distribution. When the residuals are 

plotted against the variables of interest, the residuals do not exhibit systematic 

tendencies to be positive or negative. This suggests the current linear regression 

function is appropriately specified.109 

Taken together, a battery of tests indicate the variables of interest, time waiting for 

residence permit 𝑇𝑤 and the relative length of stay to waiting time 𝑇𝑟, exhibit imbalances 

across the asylum population. The individual characteristics of asylum seekers may be 

predictive of waiting time. However, the inclusion of fixed effects – especially the 

interaction between arrival year and nationality – ensures that the estimator addresses 

unobserved differences within individuals of the same nationality and arrival year. 

Furthermore, I do not find a systematic relationship between waiting time and pre-

 

108 Table A 4-9 presents the same test for the second variable of interest. I find similar results where 2 out 
of 8 (permit B sample) and 2 out of 9 (permit F sample) of the characteristics are statistically significant 
(p<0.1). 
109 Another important condition to the estimation of an unbiased effect is zero conditional mean of the error 
term. It assumes the conditional distribution of the error terms given any values of the independent variables 
to have mean zero. However, this assumption cannot be verified empirically.  
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decision employment. Combined with interviews with SEM administrators about the 

assignment procedure, as detailed in section 4.3, both quantitative and qualitative 

evidence confirm that asylum seekers are not able to influence the decision process.  

 

4.6 Results 

4.6.1 Linear effects of time waiting for a residence permit 

Table 4-12 reports the linear effects of time waiting for B permit (refugee) on employment 

and log annual wage based on Equation (3). In these regressions, the sample contains 

472 asylum seekers (2,014 observations) who arrived between 2005 and 2013 and have 

become a refugee (permit B) during the study period from 2010 to 2014. The outcomes 

for the first three columns are the probability of employment and the last three are log 

annual wage. Columns (1) and (4) report the baseline effect by regressing the outcomes 

on waiting time with the outcome year and arrival year fixed effects. Columns (2) and (5) 

include covariates such as gender, age, age squared, education level, self-reported main 

language, household size, geography, and fixed effects for outcome year, arrival year, 

nationality, and administrative region (i.e. canton). 

In the preferred specification, the fixed effects interacting between nationality and 

arrival year are included (Columns (3) and (6)). The specification assumes asylum 

seekers of the same nationality and arrival year who possess similar observable 

characteristics, also share unobservable characteristics correlated with outcomes and 

waiting time. Across specifications, I apply two-way cluster standard errors at the 

individual and canton level to address concerns about correlations within residential 

location and outcome years. 

Overall, I find small, insignificant impacts of time waiting for B permit (refugee) on 

employment and wages. The point estimates report waiting time decreases the likelihood 

of employment by 0.1 pps (0.4%) and annual wages by 0.07 log units (7.5%). The small 

coefficients suggest labour-market outcomes are not driven by the length of waiting time. 

The result is not implausible as asylum seekers are permitted to work before they obtain 

permit B, albeit with occupation and residential location restrictions.110  

Table 4-13 turns to results for the permit F (temporarily accepted refugee/person) 

sample. The results are based on 554 asylum individuals (2,386 observations) who 

waited 3.0 years on average to receive their first decision. The specification is similar to 

 

110 Occupation data is only available in one point in time from the Structural Survey, whereas wages are 
available for every person-year observation from the Central Compensation register. Based on available 
information, Figure A 4-8 (permit B) and Figure A 4-9 (permit F) suggest the skill level of jobs are similar in 
pre-decision and post-decision periods. Among those with information, the most common occupations are 
cleaners, cooks, and domestic workers.  
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the one above, except I control for an additional permit (N-> F -> B).111 In my preferred 

specification, Columns (3) and (6) estimate waiting time to have no discernible effects 

on employment and wages although it is associated with a small decrease in 

employment probability by 0.8 pps (3.2%) and annual wage by 0.03 log units (3.1%). For 

both permit types, I cannot reject the null hypothesis that the length of waiting has no 

effect. In contrast to the existing literature, my findings suggest that years of waiting is 

not a key factor driving the results on employment or wages. 

The sensitivity of my results is tested in Table A 4-10 (employment) and Table A 

4-11 (log annual wages). Logit and probit models are standard alternatives to linear 

probability regression. One of the limitations of linear probability regression is that it 

cannot guarantee the linear combination of regressions to yield a value in the zero to 

one range, while logit and probit regressions do (Stock and Watson 2011). Table A 4-10 

presents the OLS results and marginal effects are very similar.  

One may be concerned about the validity of the wage measure as it includes 

unemployment benefits. As a robustness check, I estimate results excluding those who 

receive unemployment benefits in the calendar year. Table A 4-11 validates that the 

effect sizes are similar, but the standard errors are larger given the reduced sample size.  

 

4.6.2 Nonlinear effects of time waiting for a residence permit 

Figure 4-7 considers the nonlinear effects of waiting time. The years of waiting are 

divided into four categories.112 I present the average outcomes for each waiting time 

category without an omitted category. In line with the linear results, the standard errors 

appear to be large, and nonlinear effects are not evident. My findings are robust to the 

choice of 4 or 5 categories (Table A 4-12). 

Then, I compare the effect size to individuals who waited for 1 to 2 years. 

Consistent with Figure 4-7, Table A 4-13 reports the labour-market outcomes are not 

statistically different across waiting time groups for both permit types.113 The OLS results 

are robust to marginal effects from logit and probit regressions. All three methods yield 

insignificant results with similar effect sizes. Even though the coefficients change from 

positive to negative in permit B waiting time group (6 years) and permit F waiting time 

 

111 I control for asylum seekers who apply for permit B after their first decision (as permit F). These individuals 
may possess qualities that are correlated to labour-market outcomes, such as minimum stay of 5 years, 
family ties, and integration efforts. Please refer to flowchart in Figure 4-1. 
112 In the permit B sample, the four groups consist of those who waited for 1 to 2 years, 3 to 5 years, 6 years, 
and 7 to 8 years. In the permit F sample, the four groups consist of those who waited for 1 to 2 years, 3 
years, 4 years, and 5 to 9 years. The classification is generated from the Stata command -xtile- to ensure 

reasonable cell sizes.  
113 These results are robust to the choice of omitted reference groups and cut-offs for waiting time categorical 
groups. Tables are available on request.  
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group (4 years), the point estimates are close to zero and should not generate concerns 

regarding the sensitivity of the results.  

 

4.6.3 The role of duration of stay relative to time waiting for a permit 

The number of years waiting for a residence permit does not capture the dual importance 

of duration of stay and waiting time in labour-market integration. If waiting time for access 

to the greater labour-market (permit B or F) undermines future opportunities, then returns 

to time spent in the host country should be adjusted. In sections 4.6.1 and 4.6.2, the 

model assumes waiting time has the same effect on labour-market outcomes conditional 

on the duration of stay through arrival year fixed effects. In contrast, the ratio emphasises 

the relationship between duration of stay and waiting time (see Table 4-1 for some 

fictional examples). Following Equation (2), the ratio is given by time spent in Switzerland 

divided by waiting time. Higher ratio values indicate longer periods with greater labour-

market access, and shorter waiting times.  

Results in Table 4-14 indicate the relative length of stay to waiting time is a strong 

predictor of favourable labour-market outcomes. A one unit increase in the ratio (put 

simply, a decrease in an asylum seeker’s waiting time) increases employment by 4.3 

pps (17.2%) (Column (1)) and annual wages by 0.53 log units (70.4%) (Column (3)) 

among the refugee (permit B) sample. Among the temporarily accepted 

refugees/persons (permit F) sample, a one unit increase in the ratio is associated with 

5.4 pps (21.5%) increase in employment (Column (2)). The impact on wages is positive 

but insignificant. All in all, the ratio lends support to the idea that shorter waiting times 

relative to the duration of stay encourages labour-market integration, at least in terms of 

employment. 

These results are consistent with related literature from Switzerland and Denmark. 

In Switzerland, Hainmueller et al. (2016) estimate that the employment penalty of waiting 

time (from permit N to F) is 4 to 5 pps per year based on an earlier sample from 1994 to 

2004. In Denmark, Hvidfeldt et al. (2018) estimated that the likelihood of employment to 

reduce by 3.2 pps per year. Although my findings are not directly comparable to earlier 

work, my results illustrate that the cost of integration increases with waiting time. Through 

a better understanding of the relationship between duration of stay and waiting time, I 

present empirical evidence that reducing waiting time can have a long-lasting impact on 

the integration trajectory of the asylum population.  
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4.6.4 Further analysis 

4.6.4.1 The ratio of selection between unobservables and observables 

Among asylum seekers of the same nationality and arrival year who share similar 

observable characteristics, they may differ in unobservable dimensions that are 

correlated with waiting time and labour-market outcomes, such as motivation, mental 

health, and physical disabilities. Although the within nationality-arrival year estimator 

already controls for a rich set of covariates and fixed effects, one may be concerned 

about how the inclusion of omitted covariates affect the coefficient of interest.  

To address the concern of omitted variable bias, I implement a strategy following 

Altonji, Elder, and Taber (2005) and Oster (2019) to assess the robustness of my results. 

The method assumes omitted variable bias is proportional to coefficient and r-squared 

movements as observables enter the regression. In particular, the strategy makes 

assumption on two parameters: 𝛿 and 𝑅𝑚𝑎𝑥. 𝛿 is the ratio of selection between 

unobservables and observables. 𝑅𝑚𝑎𝑥 is the maximum value of r-squared if all 

unobservables are included in the estimation model. 

Intuitively, the bias associated with excluding some unobservable attributes is 𝛿 

times the bias found in omitting observables. The ratio of 1 indicates the role of 

unobservables equals to observable in explaining the outcomes. A value of 𝛿 > 1 means 

a robust result because observables are guided by economic theory, and that omitted 

variables are unlikely to be more important in explaining outcomes than the included 

variables. A negative value of 𝛿 indicates the inclusion of observables has driven the 

effect of the variable of interest away from zero, and that unobservables are related to 

the outcomes in an opposite direction to observables.  

𝑅𝑚𝑎𝑥 would be 1 in the universe without measurement error. Based on empirical 

simulations, 𝑅𝑚𝑎𝑥 is recommended as 1.3 times that of the r-squared value of the 

regression with all observable controls �̃� (i.e. 𝑅𝑚𝑎𝑥 = 𝑘 ∗ �̃�, where 𝑘 = 1.3). To assess 

selection bias, I estimate the value of 𝛿 that would produce zero effect of the ratio of 

length of stay to waiting time on labour-market outcomes and allow 𝑅𝑚𝑎𝑥 = 1.3 ∗ �̃�.114 

For further details of the methodology and assumptions, please refer to Chapter 2. 

Overall, I find that the estimated coefficients are robust. After accounting for the 

potential effect of unobservables, the estimated ratio of time staying in Switzerland to 

waiting time still demonstrate a positive effect on labour market outcomes. Table 4-15 

reports selection on unobservables would have to be 15 times as meaningful as selection 

on observables to explain the effect of the ratio on employment among asylum seekers 

 

114The robustness test only applies to the relative length of stay to waiting time because I cannot reject the 
null hypothesis that waiting time has a zero effect. 



 

 158 

whose first decision is permit F(Column (2)). Moreover, unobservables would need to be 

negatively correlated with observables to explain the positive effect of the ratio on 

employment and annual wages among those with permit B (Columns (1) and (3)). I 

conclude that it is unlikely for selection on unobservables to be so large or negatively 

correlated with selection on observables.  

Finally, I provide some insights on the estimated coefficient given equal proportion 

of selection on unobservables to observables. Across all specifications, the estimated 

effect of the relative length of stay to waiting time would become larger.115 Assuming the 

effect of duration of stay to increase over time, then the marginal returns to human capital 

should increase with the ratio. In this case, the within nationality-arrival year estimates 

would represent a lower bound of the true causal estimates if omitted variable bias still 

remains. 

 

4.6.4.2 The inclusion of pre-decision employment 

Previously, I conduct placebo checks and show that waiting time is not correlated with 

employment in the pre-decision period. The fact that waiting time is orthogonal to pre-

decision employment is crucial to my identification strategy. However, one would expect 

asylum seekers with more motivation or higher abilities to be more likely to work in the 

pre-decision period, and also in the post-decision period. While asylum seekers (permit 

N) are not permitted to work either for three or six months upon arrival, they are not 

necessarily unemployed throughout the entire permit N period. As a further robustness 

test, I control for whether the individual worked before the permit decision in addition to 

other controls in the main regression (see more information about the dummy variable 

in Table A 4-14). I include pre-decision employment for the permit B sample (Table 4-16) 

and the permit F sample (Table 4-17). In both samples, the predicted effect of the 

absolute years of waiting and the ratio of duration of stay to waiting time are insensitive 

to the inclusion of pre-decision employment. This finding is consistent with the waiting 

time being independent of labour-market outcomes. 

 

4.6.4.3 Falsification exercise 

Recall from the flow chart in Figure 4-1, permit F holders (temporarily accepted 

refugee/person) can apply for permit B (refugee) after they reside legally in Switzerland 

for at least 5 years. Only those who are able to demonstrate their level of integration 

through work or family ties can receive permit B (State Secretariat for Migration 2015a). 

In a falsification exercise, I replace the original permit B sample with the permit F-> B 

 

115 This excludes Column (4) because the effect is not discernible conditional on observables. 



 

 159 

sample because the true treatment effect must be reasonably different from the selection 

effect. The effect of false waiting time, that is the duration between permit F and B, is 

expected to be positive and driven by selection.  

In Table 4-18, columns (2) and (4) are identical to the main regression except for 

the estimation sample, which includes those who transitioned from permit F to B. The 

results show ‘waiting time’ is positively correlated with employment and negatively 

correlated with wages. Although the effects are insignificant, the positive employment 

effect is in agreement with the hypothesis that the permit F-> B sample is positively 

selected to apply for permit B.116 However, the wage effect is more negative in the permit 

F-> B sample than the original sample. These results are perhaps unsurprising because 

the reason for receiving permit F or B in the first place are endogenous to labour-market 

outcomes and the two samples are systematically different from each other. 

 

4.7 Conclusion  

This paper contributes to the study of residence permits and their relationship to labour-

market outcomes. Specifically, I study the effect of waiting time on employment and 

wages of the asylum population by different residence permits in Switzerland. By 

exploiting the variation in waiting times among Swiss asylum seekers of the same 

nationality and arrival year, I am able to assess the effect of the period under limited 

residential mobility and occupational choice. I estimate the impacts of short-term labour-

market outcomes by permit type at the first decision.  

To assess the importance of duration of stay relative to waiting time, I create a new 

measure given by time spent in the host country divided by waiting time. An increase in 

the ratio of this measure can be thought of as a decrease in waiting time. I find that a 

one unit increase in the ratio increases employment by 4.3 pps (17.2%) and annual 

wages by 0.53 log units (70.4%) among asylum seekers whose first decision is permit B 

(refugee). Similarly, a one unit increase in the ratio increases employment by 5.4 pps 

(21.5%), but I find no discernible wage effects among asylum seekers whose first 

decision is permit F (temporarily accepted refugee/person). Overall, my findings suggest 

that reducing the labour-market restrictions of asylum seekers encourage their 

integration into the labour market. My results concur with previous studies on the 

employment penalty of waiting times and present new evidence on wages (Hainmueller, 

Hangartner, and Lawrence 2016; Hvidtfeldt et al. 2018). My findings are robust to further 

 

116 In a simple comparison between the two groups, I show that individuals who transition from permit F 
(temporarily accepted refugee/person) to B (refugee) indeed experience a longer wait by 0.28 years 
(equivalent to 3.3 months) (Table A 4-15). 
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checks, including considerations for selection on unobservable characteristics of asylum 

seekers. Therefore, the estimated effect of the ratio should be considered as a lower 

bound. 

While previous work finds the absolute years of waiting to have significant and 

negative impacts on economic integration, I find no discernible effects. There are two 

likely reasons for these discordant results. First, previous studies in Switzerland and 

Denmark use the full population register. The current results only reflect the findings from 

a sample of the population. Second, previous studies have an observation period of more 

than 10 years. The shorter study period, smaller sample size, and variability in the current 

study may underestimate the effect of years of waiting. To provide a more updated and 

accurate description of the long-run effects of waiting time, future work should include a 

longer observation period. 

In terms of policy implications, my findings highlight the importance of the relative 

length of stay to waiting time when designing integration programs. Although I cannot 

make claims on external validity beyond the effects of waiting time by permit type, the 

asylum population generally stay in the host country for a long time. To facilitate the long-

term integration of the asylum population, governments should optimize the ratio by 

reducing the waiting time. While refugee status allows more residential mobility and 

occupational choice, I find little differences in the pre-and post-decision period. Future 

studies in Switzerland should investigate the occupational mobility of asylum seekers. 

Information on occupational assimilation is crucial to understanding the match quality 

between asylum seekers’ pre-existing skills and regional labour-market demand.  
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Tables and Figures 

 

Figure 4-1 Flowchart of the asylum procedure 

 

Notes: Upon seeking asylum at arrival (in Switzerland), asylum seekers are granted with permit N. I study 
the outcomes of individuals who received permit N. Depending on their cases, they are granted with either 
permit B or F at the first decision. Source: Author’s drawing.  
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Figure 4-2 Timeline of the asylum application process 

 

Notes: In the permit B sample, the average waiting time (Tw) is 2.7 years and the average duration of stay 
(Ts) is 2.5 years. In the permit F sample, the average waiting time (Tw) is 2.9 years and the average duration 
of stay (Ts) is 2.8 years. Source: Author’s drawing. 

 

 

Figure 4-3 Residence permit flow of the asylum population, 2010-2014 

 

Notes: The permit F sample contains 496 individuals (36.3% of the sample) who start with permit N and end 
with permit F, and 58 individuals (4.3% of the sample) who first receive permit F and then apply for permit 
B. The permit B sample contains 472 individuals (34.6% of the sample) who start with permit N and end with 
permit B. The falsification exercise contains 337 individuals (24.7% of the sample) who transition from permit 
F to B. This sums to 1,363 individuals (6,065 observations) in the analysis sample. Source: Swiss 
Longitudinal Demographic Database 2010-2014. 
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Figure 4-4 The ratio of time spent to time waiting in the host country, examples 

 

Notes: The figure plots the ratio of time stay to time waiting (Tr) relative to time spent in the host country (Ts) 
using some fictional examples from Table 4-1. It illustrates the returns to time spent in the host country. 
Source: Examples from Table 4-1. 
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Figure 4-5 Employment and average waiting time, by trajectories 

 

Source: Swiss Longitudinal Demographic Database 2010-2014. 

 

 

Figure 4-6 Annual wages and average waiting time, by trajectories 

 

Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Figure 4-7 The nonlinear effect of waiting time on labour-market outcomes, 2010-2014 

 

Notes: The figure presents the point estimates based on Table A 4-12 for 4 groups of waiting time. Each bar 
reports the point estimates and the shaded area and error bar report the standard error for the estimate. The 
unit of estimates are pps for the employment regressions, and log units for the wage regressions. Source: 
Swiss Longitudinal Demographic Database 2010-2014. 
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Table 4-1 Data: Description of the variable of interest, 2010-2014 

  Year    Duration     

id Outcome Obs. 
Arrival 
(Ta) 

Decision 
(Td)  Stay (Ts) Wait (Tw)  

Ratio 
(Ts/Tw) 

1 2010 1 2005 2011  5 6  0.83 

1 2011 2 2005 2011  6 6  1.00 

1 2012 3 2005 2011  7 6  1.17 

1 2013 4 2005 2011  8 6  1.33 

1 2014 5 2005 2011  9 6  1.50 

2 2010 1 2007 2013  3 6  0.50 

2 2011 2 2007 2013  4 6  0.67 

2 2012 3 2007 2013  5 6  0.83 

2 2013 4 2007 2013   6 6   1.00 

3 2011 1 2011 2012  0 1  0.00 

3 2012 2 2011 2012  1 1  1.00 

3 2013 3 2011 2012  2 1  2.00 

4 2011 1 2011 2013  0 2  0.00 

4 2012 2 2011 2013  1 2  0.50 

4 2013 3 2011 2013  2 2  1.00 

Notes: The table provides 4 fictional cases of asylum seekers who arrived and stayed in Switzerland at 
different times. Time stay (Ts) = Outcome year - Arrival year (Ta). Time waiting for a residence permit 
(Tw) = Decision year (Td) - Arrival year (Ta). Source: Swiss Longitudinal Demographic Database 2010-
2014.  

 

 

Table 4-2 Trajectories by average waiting time 

 Permit B Permit F 

Permit status trajectory N Mean N Mean 

Permit N -> F 0   2,101 2.9 

Permit N -> B 2,014 2.7 0   

Permit N -> F -> B 285 5.8 285 3.8 

Permit F -> B* 1,665 5.9 0   

Total 3,964 4.3 2,386 3 

Notes: The permit F-> B asylum seekers are analysed in the falsification exercise. Source: Swiss 
Longitudinal Demographic Database 2010-2014. 
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Table 4-3 Nationality and residential location of the analysis sample, 2010 -2014 

  Permit B sample Permit F sample 

  N Mean N Mean 

Nationality         

Eritrea 697 1.7 302 2.2 

Afghanistan 116 5 457 2.9 

Sri Lanka 382 4.1 129 3.6 

Syria 229 3.3 291 3.1 

China 34 3.5 307 2 

Turkey 192 3.1 41 5.3 

Somalia 86 3.6 146 2.9 

Iraq 81 3.7 142 3 

Iran 128 3.3 54 3.6 

Serbia 52 5.3 92 4.6 

Other 302 3.5 425 3.7 

Canton         

Zurich 276 3 290 3.3 

Bern/Berne 268 2.9 249 3.3 

Luzern 237 3.2 263 2.8 

Uri 4 1 4 1 

Schwyz 31 2.6 33 2.8 

Obwalden 5 2 7 3 

Nidwalden 15 2.6 4 3 

Glarus 19 4.5 22 2.7 

Zug 35 3.7 41 2.9 

Fribourg/Freiburg 42 2.1 33 1.7 

Solothurn 87 3.5 99 2.8 

Basel-Stadt 48 3.3 36 3.6 

Basel-Landschaft 55 2.6 52 2.9 

Schaffhausen 34 4.6 42 3.2 

Appenzell Ausserrhoden 17 4.5 17 3.2 

Appenzell Innerrhoden 3 1 0 
 

St. Gallen 117 3 144 2.8 

Graubauden/Grigioni/Grischun 64 3.3 43 3.7 

Aargau 218 2.7 179 3 

Thurgau 88 3 77 2.7 

Ticino 76 2.9 118 2.5 

Vaud 307 3 357 3.1 

Valais/Wallis 36 3.5 58 2.9 

Neuchatel 120 3.4 103 3.1 

Geneve 62 4.7 85 3.5 

Jura 35 3 30 2.6 

Total 2,299 3.1 2,386 3 

Notes: The permit F-> B sample is excluded in the count above because they are analysed in the 
falsification exercise, but not in the main analysis. 285 observations are counted in the permit B sample 
as they transitioned from permit N to F to B. Source: Swiss Longitudinal Demographic Database 2010-
2014. 
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Table 4-4 Descriptive statistics, 2010-2014 

  (1) (2) (3) (4) (5) 

Variable N mean sd min max 

            

Employment rate 4,400 0.246 0.431 0 1 

Annual wage, in CHF 1,329 24,152 18,821 56 88,425 

Time waiting for B permit, in years 2,299 3.105 1.771 1 9 

Time waiting for F Permit, in years 2,386 3.021 1.433 1 9 

Time stay/Time waiting for B permit 2,299 1.022 0.833 0 4 

Time stay/Time waiting for F permit 2,386 0.994 0.752 0 4 

Female 4,400 0.404 0.491 0 1 

Age of arrival 4,400 31.09 8.656 15 62 

Age 4,400 33.74 8.809 18 65 

Education, Primary 4,400 0.698 0.459 0 1 

Education, Secondary 4,400 0.189 0.392 0 1 

Education, Tertiary 4,400 0.113 0.317 0 1 

Main language 4,400 0.371 0.596 0 2 

Household size 4,400 1.980 1.726 1 6 

Year of arrival 4,400 2,010 1.644 2,005 2,013 

Outcome year 4,400 2,012 1.349 2,010 2,014 

Romance-speaking region 4,208 0.282 0.450 0 1 

Rural municipality 4,400 0.221 0.415 0 1 

            

Notes: Descriptive statistics limit to the permit B and F analysis sample. Source: Swiss Longitudinal 
Demographic Database 2010-2014. 

 

 

Table 4-5 Labour-market outcomes by permit status trajectories 

Permit status trajectory Employment rate Annual wage (CHF) 

  N Mean N Mean 

Permit N -> F 2,101 0.216 544 20,930.5  

Permit N -> B 2,014 0.239 607 24,451.0  

Permit N -> F -> B 285 0.512 178 32,978.2  

Permit F -> B* 1,665 0.618 1,307 36,985.4  

Total 6,065 0.348 2,636 30,515.2  

Notes: The permit F-> B sample are only included in the falsification exercise. Source: Swiss Longitudinal 
Demographic Database 2010-2014. 
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Table 4-6 Identification: Balancing the study variables with categorical waiting time, 2010-2014 

Sample 1: Time waiting for B permit      
1-2 years 3-5 years 6 years 7-8 years p-value 

  (1) (2) (3) (4) (5) 

Panel 1A: Prearrival characteristics           

Female 0.676 0.574 0.359 0.375 0.086 

Age at arrival 26.886 25.355 25.776 32.019 0.057 

Panel 1B: Post-arrival characteristics           

Education, Primary 0.635 0.716 0.756 0.583 0.486 

Education, Secondary 0.262 0.181 0.251 0.399 0.341 

Education, Tertiary 0.104 0.103 -0.007 0.018 0.124 

Main language, municipality 0.883 0.814 0.811 0.446 0.338 

Household size 3.253 3.096 2.337 3.495 0.006 

Rural municipality 0.173 0.186 0.220 0.130 0.917       

Person-year observations 1,011 906 78 19 
 

Sample size 255 195 18 4 
 

      

Joint balance test for Panel 1A (p-value) 
   

0.046 

Joint balance test for Panel 1B (p-value)       0.174 

Sample 2: Time waiting for F permit 
  

 
1-2 years 3 years 4 years 5-9 years p-value 

  (1) (2) (3) (4) (5) 

Panel 2A: Prearrival characteristics           

Female 0.645 0.529 0.586 0.635 0.242 

Age at arrival 31.104 29.217 31.483 32.539 0.085 

Panel 2B: Post-arrival characteristics           

Education, Primary 0.830 0.902 0.809 0.750 0.237 

Education, Secondary 0.006 -0.051 0.073 0.079 0.129 

Education, Tertiary 0.164 0.149 0.118 0.171 0.742 

Main language, municipality 0.504 0.474 0.503 0.460 0.899 

Household size 2.239 2.601 2.327 2.635 0.115 

Rural municipality -0.063 0.088 0.006 0.045 0.006       

Person-year observations 922 735 386 343 
 

Sample size 237 164 80 73 
 

      

Joint balance test for Panel 2A (p-value) 
   

0.698 

Joint balance test for Panel 2B (p-value) 
   

0.156 

Notes: Panel 1 is limit to the permit B sample (N=2,014; n=472). Panel 2 is limit to the permit F sample 
(N=2,386; n=554). Columns (1) to (4) report the coefficient for each variable conditional on the year of 
arrival and outcome year. Column (5) presents the p-value from a joint test of equality of the four 
coefficients reported in columns (1) to (4). The joint balance test rows report the p-value from joint testing 
whether the variables in a particular panel predict waiting time (the intensity of treatment). Source: Swiss 
Longitudinal Demographic Database (2010-2014). 
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Table 4-7 Identification: Balancing test for individual characteristics, permit B sample, 2010-2014 

      p-value  
Coeff. Std. Err. Unadj. FWER 

adj. 
Bonferroni-
Holm adj. 

Sidak-
Holm 
adj.  

(1) (2) (3) (4) (5) (6) 

Panel A: Prearrival characteristics           

Female -0.020 0.012 0.100 0.436 0.100 0.100 

Age at arrival -0.806 0.220 0.000 0.182 0.001 0.001 

Panel B: Post-arrival characteristics           

Education, primary 0.066 0.012 0.000 0.062 0.000 0.000 

Education, secondary -0.030 0.011 0.006 0.335 0.019 0.019 

Education, Tertiary -0.036 0.008 0.000 0.170 0.000 0.000 

Main language, municipality -0.036 0.011 0.001 0.335 0.005 0.005 

Household size  -0.006 0.043 0.884 0.903 0.884 0.884 

Rural 0.018 0.011 0.105 0.470 0.209 0.198 

Count (p-value <0.1) in each panel           

Panel A: Prearrival characteristics 
 

2 0 2 2 

Panel B: Post-arrival characteristics 
 

4 1 4 4 

Percent (p-value <0.1) in each panel           

Panel A: Prearrival characteristics 
 

100% 0% 100% 100% 

Panel B: Post-arrival characteristics 
 

67% 17% 67% 67% 

Overall percent (p-value<0.1)   75% 13% 75% 75% 

Notes: The person-year observations for the permit B sample is 2,014. Columns (1) and (2) report the 
coefficient and standard errors by regressing the variable of interest (time waiting for a residence permit) 
on each characteristic conditional on top 10 nationality, arrival year, and outcome year. Column (3) reports 
the unadjusted p-value. Column (4) reports the family-wise error rate (FWER) adjusted p-value (the 
probability of incorrectly rejecting one or more hypothesis (i.e. a false discovery) belonging to a family of 
hypothesis) based on 10,000 bootstraps of the free step-down procedure. Column (5) reports the 
Bonferroni-Holm adjusted p-values. Column (6) reports the Sidak-Holm adjusted p-value. The Bonferroni-
Holm and Sidak-Holm adjusted p-values are set equal to 1 when the calculation yields a value larger than 
1. Source: Swiss Longitudinal Demographic Database (2010-2014). 
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Table 4-8 Identification: Balancing test for individual characteristics, permit F sample, 2010-2014 

      p-value  
Coeff. Std. Err. Unadj. FWER 

adj. 
Bonferroni-
Holm adj. 

Sidak-
Holm 
adj. 

  (1) (2) (3) (4) (5) (6) 

Panel A: Prearrival characteristics           

Female -0.052 0.011 0.000 0.062 0.000 0.000 

Age at arrival 0.195 0.191 0.309 0.638 0.309 0.309 

Panel B: Post-arrival characteristics           

Education, primary -0.012 0.010 0.208 0.902 0.833 0.607 

Education, secondary 0.008 0.008 0.343 0.946 1.000 0.716 

Education, Tertiary 0.005 0.007 0.506 0.946 1.000 0.756 

Main language, municipality -0.022 0.009 0.018 0.682 0.088 0.085 

Household size  0.000 0.039 0.994 0.996 1.000 0.994 

Rural 0.043 0.009 0.000 0.113 0.000 0.000 

Count (p-value <0.1) in each panel           

Panel A: Prearrival characteristics 
 

1 1 1 1 

Panel B: Post-arrival characteristics 
 

2 0 2 2 

Percent (p-value <0.1) in each panel           

Panel A: Prearrival characteristics 
 

50% 50% 50% 50% 

Panel B: Post-arrival characteristics 
 

33% 0% 33% 33% 

Overall percent (p-value<0.1)   38% 13% 38% 38% 

Notes: The person-year observations for the permit F sample is 2,386. Columns (1) and (2) report the 
coefficient and standard errors by regressing the variable of interest (time waiting for a residence permit) 
on each characteristic conditional on top 10 nationality, arrival year, and outcome year. Column (3) reports 
the unadjusted p-value. Column (4) reports the family-wise error rate (FWER) adjusted p-value (the 
probability of incorrectly rejecting one or more hypothesis (i.e. a false discovery) belonging to a family of 
hypothesis) based on 10,000 bootstraps of the free step-down procedure. Column (5) reports the 
Bonferroni-Holm adjusted p-values. Column (6) reports the Sidak-Holm adjusted p-value. The Bonferroni-
Holm and Sidak-Holm adjusted p-values are set equal to 1 when the calculation yields a value larger than 
1. Source: Swiss Longitudinal Demographic Database (2010-2014). 
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Table 4-9 Identification: Collinearity checks by regressing waiting time on covariates, 2010-2014 

Outcome Time waiting for permit B Time waiting for permit F 

  (1) (2) (3) (4) (5) (6)  
Basic Arrival 

year 
Interact 
FE 

Basic Arrival 
year 

Interact 
FE 

        
   

Female -0.502*** -0.339*** -0.051 -0.124 -0.122 -0.173**  
(0.140) (0.106) (0.086) (0.124) (0.085) (0.087) 

Age 0.119*** 0.019 0.010 0.066* -0.028 -0.027  
(0.043) (0.034) (0.031) (0.038) (0.028) (0.027) 

Age-squared -0.001** -0.000 -0.000 -0.001 0.000 0.000  
(0.001) (0.000) (0.000) (0.001) (0.000) (0.000) 

Education, Secondary -0.287 -0.222* -0.171 0.136 0.151 0.276**  
(0.177) (0.126) (0.108) (0.186) (0.127) (0.125) 

Education, Tertiary -0.439** -0.117 -0.459*** 0.307 0.056 0.275*  
(0.205) (0.160) (0.162) (0.206) (0.131) (0.147) 

Main language, municipality 0.124 -0.234* -0.165 0.348** -0.117 -0.136  
(0.162) (0.124) (0.107) (0.151) (0.101) (0.102) 

Household size -0.066** -0.015 0.008 -0.035 0.014 -0.001  
(0.027) (0.020) (0.013) (0.024) (0.016) (0.014) 

Rural municipality -0.206 0.009 0.105 -0.025 0.185** 0.154**  
(0.130) (0.106) (0.069) (0.109) (0.078) (0.073) 

Permit trajectory, N -> F -> B 
  

  0.738*** -0.311** -0.294**    
  (0.191) (0.124) (0.135)    
  

   

Observations 2,014 2,014 2,014 2,386 2,386 2,386 

R-squared 0.081 0.493 0.778 0.100 0.585 0.755 

Year FE Yes Yes Yes Yes Yes Yes 

Nationality FE No No Yes No No Yes 

Arrival year FE No Yes Yes No Yes Yes 

Nationality X Arrival year FE No No Yes No No Yes 

Sample mean 2.721 2.721 2.721 3.021 3.021 3.021 

Notes: Standard errors clustered by individual in parentheses. The comparison group for nationality fixed 
effects is Eritrea. *** p<0.01, ** p<0.05, * p<0.1. See Table A 4-1 for a detailed description of the variables. 
Source: Swiss Longitudinal Demographic Database 2010-2014.  
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Table 4-10 Identification: Placebo test on pre-decision employment, 2010-2014 

Outcome Employment before permit B Employment before permit F 

  (1) (2) (3) (4) (5) (6)  
Obs. 
year1 

Obs. 
year2 

Obs. 
year3 

Obs. 
year1 

Obs. 
year2 

Obs. 
year3 

              

Time waiting for B permit, in years 0.016 0.063 0.260 
   

 
(0.020) (0.057) (0.243) 

   

Time waiting for F Permit, in years 
  

  -0.005 0.012 -0.065    
  (0.018) (0.054) (0.182)    
  

   

Observations 472 239 109 496 306 158 

R-squared 0.591 0.588 0.710 0.387 0.525 0.526 

Individual level control variables Yes Yes Yes Yes Yes Yes 

Fixed effects (year, arrival year, 
nationality, arrival year X 
nationality, canton) 

Yes Yes Yes Yes Yes Yes 

Sample mean 0.0932 0.238 0.376 0.0625 0.124 0.215 

Notes: Individual characteristics include gender, age, age squared, education level, language match, 
household size, geography. Analysis of the permit F sample controls for an additional permit (N->F->B). 
Two-way cluster standard errors at the individual and canton level in parentheses. *** p<0.01, ** p<0.05, 
* p<0.1. See Table A 4-1 for a detailed description of the variables. Source: Swiss Longitudinal 
Demographic Database 2010-2014. 
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Table 4-11 Identification: Alternative placebo test on pre-decision employment, 2010-2014 

Permit sample Permit B Permit F 

Outcome Employment Employment  
(1) (2) (3) (4) (5) (6)  
Pre- 
decision 

Post-
decision 

Full 
sample 

Pre- 
decision 

Post-
decision 

Full 
sample 

              

Time stay/Time waiting for B permit -0.199 0.057* 0.043* 
   

 
(0.157) (0.030) (0.024) 

   

Pre-decision period for B permit 
  

-0.003 
   

   
(0.038) 

   

Time stay/Time waiting for B permit  
  

0.039 
   

X Pre-decision 
  

(0.055) 
   

Time stay/Time waiting for F permit 
  

  0.032 0.053* 0.060**    
  (0.134) (0.029) (0.027) 

Pre-decision period for F permit 
  

  
  

0.024    
  

  
(0.040) 

Time stay/Time waiting for F permit  
  

  
  

-0.054 

X Pre-decision 
  

  
  

(0.047)    
  

   

Observations 885 1,129 2,014 1,078 1,308 2,386 

R-squared 0.489 0.352 0.346 0.325 0.339 0.316 

Individual characteristics Yes Yes Yes Yes Yes Yes 

Fixed effects (year, arrival year, 
nationality, arrival year X nationality, 
canton) 

Yes Yes Yes Yes Yes Yes 

Sample mean 0.197 0.273 0.239 0.134 0.348 0.251 

Notes: Individual characteristics include gender, age, age squared, education level, master the main 
language of the municipality, household size, geography. Analysis of the permit F sample controls for an 
additional permit (N->F->B). Two-way cluster standard errors at the individual and canton level in 
parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 4-1 for a detailed description of the variables. 
Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Table 4-12 The effect of time waiting for B permit on labour-market outcomes, 2010-2014 

Outcome Probability of employment Log annual wage 

  (1) (2) (3) (4) (5) (6)  
No 
controls 

Separate 
FE 

Main No 
controls 

Separate 
FE 

Main 

              

Time waiting for B permit,  0.063*** -0.001 -0.001 0.233*** -0.062 -0.072 

in years (0.013) (0.015) (0.019) (0.056) (0.071) (0.079) 

Female 
 

-0.123*** -0.113*** 
 

-0.631*** -0.665***   
(0.023) (0.023) 

 
(0.175) (0.201) 

Age 
 

-0.004 -0.006 
 

0.244*** 0.244***   
(0.009) (0.009) 

 
(0.063) (0.072) 

Age-squared 
 

-0.000 0.000 
 

-0.003*** -0.003***   
(0.000) (0.000) 

 
(0.001) (0.001) 

Education, Secondary 
 

0.037 0.047 
 

0.007 0.044   
(0.029) (0.030) 

 
(0.168) (0.170) 

Education, Tertiary 
 

0.020 0.038 
 

-0.118 -0.343   
(0.038) (0.043) 

 
(0.206) (0.265) 

Main language, municipality 
 

0.085*** 0.077** 
 

0.053 0.074   
(0.030) (0.031) 

 
(0.159) (0.169) 

Household size 
 

-0.009** -0.008* 
 

-0.087* -0.059   
(0.005) (0.004) 

 
(0.049) (0.052) 

Rural municipality 
 

0.001 0.003 
 

0.033 -0.018   
(0.026) (0.026) 

 
(0.170) (0.171)    

  
   

Observations 2,014 2,014 2,014 607 607 607 

R-squared 0.152 0.296 0.343 0.132 0.462 0.549 

Individual characteristics No Yes Yes No Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

Arrival year FE Yes Yes Yes Yes Yes Yes 

Nationality FE No Yes Yes No Yes Yes 

Canton FE No Yes Yes No Yes Yes 

Nationality X Arrival year FE No No Yes No No Yes 

Sample mean 0.239 0.239 0.239 9.547 9.547 9.547 

Notes: Two-way cluster standard errors at the individual and canton level in parentheses. *** p<0.01, ** 
p<0.05, * p<0.1. See Table A 4-1 for a detailed description of the variables. Source: Swiss Longitudinal 
Demographic Database 2010-2014.  
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Table 4-13 The effect of time waiting for F permit on labour-market outcomes, 2010-2014 

Outcome Probability of employment Log annual wage 

  (1) (2) (3) (4) (5) (6) 

 

No 
controls 

Separate 
FE Main 

No 
controls 

Separate 
FE Main 

              

Time waiting for F Permit,  -0.010 -0.018 -0.008 -0.062 -0.015 -0.032 

in years (0.015) (0.014) (0.016) (0.073) (0.074) (0.085) 

Permit trajectory, N-> F-> B   0.154***   0.508*** 

   (0.053)   (0.156) 

Female  -0.171*** -0.184***  -0.773*** -0.984*** 

  (0.026) (0.025)  (0.183) (0.221) 

Age  0.004 0.006  0.124** 0.090 

  (0.008) (0.008)  (0.051) (0.063) 

Age-squared  -0.000 -0.000  -0.002*** -0.002* 

  (0.000) (0.000)  (0.001) (0.001) 

Education, Secondary  0.058 0.035  -0.106 -0.259 

  (0.039) (0.041)  (0.184) (0.209) 

Education, Tertiary  0.096* 0.094*  0.360* 0.316 

  (0.050) (0.053)  (0.198) (0.220) 

Main language, municipality  0.075** 0.100***  0.134 0.045 

  (0.032) (0.034)  (0.148) (0.164) 

Household size  -0.015*** -0.013***  -0.109*** -0.075* 

  (0.005) (0.005)  (0.041) (0.042) 

Rural municipality  -0.032 -0.038  0.107 0.156 

  (0.026) (0.026)  (0.176) (0.173) 

        
Observations 2,386 2,386 2,386 722 722 722 

R-squared 0.131 0.249 0.320 0.129 0.390 0.515 

Individual characteristics No Yes Yes No Yes Yes 

Year FE Yes Yes Yes Yes Yes Yes 

Arrival year FE Yes Yes Yes Yes Yes Yes 

Nationality FE No Yes Yes No Yes Yes 

Canton FE No Yes Yes No Yes Yes 

Nationality X Arrival year FE No No Yes No No Yes 

Sample mean 0.251 0.251 0.251 9.512 9.512 9.512 

Notes: Two-way cluster standard errors at the individual and canton level in parentheses. *** p<0.01, ** 
p<0.05, * p<0.1. See Table A 4-1 for a detailed description of the variables. Source: Swiss Longitudinal 
Demographic Database 2010-2014.  
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Table 4-14 The effect of adjusted time stay on labour-market outcomes, 2010-2014 

Outcome Probability of employment Log annual wage 

  (1) (2) (3) (4)  
Permit B Permit F Permit B Permit F 

          

Time stay/Time waiting for B permit 0.043*   0.533*** 
 

 
(0.023)   (0.108) 

 

Time stay/Time waiting for F permit 
 

0.054** 
 

0.137   
(0.025) 

 
(0.136)   

  
  

Observations 2,014 2,386 607 722 

R-squared 0.345 0.323 0.577 0.517 

Individual characteristics Yes Yes Yes Yes 

Fixed effects (year, arrival year, nationality, 
arrival year X nationality, canton) 

Yes Yes Yes Yes 

Sample mean 0.239 0.251 9.547 9.512 

Note: Individual characteristics include gender, age, age squared, education level, master the main 
language of the municipality, household size, geography. Analysis of the permit F sample controls for an 
additional permit (N->F->B). Two-way cluster standard errors at the individual and canton level in 
parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 4-1 for a detailed description of the variables. 
Source: Swiss Longitudinal Demographic Database 2010-2014.  
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Table 4-15 Further analysis: Selection on observables versus unobservables, 2010-2014 

Outcome Probability of employment Log annual wages  
(1) (2) (3) (4)  
Permit B Permit F Permit B Permit F 

          

Time stay/Time waiting for B permit 0.043* 
 

0.533*** 
 

 
(0.023) 

 
(0.108) 

 

Time stay/Time waiting for F permit 
 

0.054** 
 

0.137   
(0.025) 

 
(0.136)      

Observations 2,014 2,386 607 722 

R-squared 0.345 0.323 0.577 0.517 

Assessment of selection:         

The value of 𝛿 given 𝛽 = 0, 𝑅𝑚𝑎𝑥 = 𝑘 ∗ �̃� 
    

𝑘 = 1.3  -0.819 15.233 -1.34 1.534 

𝑘 = 2  -0.249 4.667 
  

The value of 𝛽 given 𝛿 = 1, 𝑅𝑚𝑎𝑥 = 𝑘 ∗ �̃� 
    

𝑘 = 1.3  0.121 0.062 1.137 0.079 

𝑘 = 2  0.553 0.103     

Model Specification:         

Individual characteristics Yes Yes Yes Yes 

Fixed effects (year, arrival year, nationality, 
arrival year X nationality, canton) 

Yes Yes Yes Yes 

Sample mean 0.239 0.251 9.547 9.512 

Notes: I only estimate the value of 𝛿 given k=1.3 in the wage regressions because the r-squared values 

are already large. I cross-check with the value of 𝑅𝑚𝑎𝑥 by assuming 𝑘 = 2 following Clemens, 
Montenegro, and Pritchett (2019). Individual characteristics include gender, age, age squared, education 
level, master the main language of the municipality, household size, geography. Two-way cluster standard 
errors at the individual and canton level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 4-1 
for a detailed description of the variables. Source: Swiss Longitudinal Demographic Database 2010-2014.  
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Table 4-16 Further analysis: The inclusion of pre-permit B wage employment as an additional control, 2010-2014 

Outcome Probability of employment Log annual wages  
(1) (2) (3) (4) (5) (6) (7) (8)  
Main 1 Pre-decision 

1 
Main 2 Pre-decision 

2 
Main 1 Pre-decision 

1 
Main 2 Pre-decision 

2 

                
 

Time waiting for B permit, in years -0.001 -0.009 
 

  -0.072 -0.087 
  

 
(0.019) (0.019) 

 
  (0.079) (0.083) 

  

Time stay/Time waiting for B permit 
  

0.043* 0.046** 
  

0.533*** 0.539***    
(0.023) (0.023) 

  
(0.108) (0.109) 

Pre-permit B wage employment 
 

0.254*** 
 

0.254*** 
 

0.272 
 

0.284   
(0.089) 

 
(0.087) 

 
(0.332) 

 
(0.331)     

  
    

Observations 2,014 2,014 2,014 2,014 607 607 607 607 

R-squared 0.343 0.348 0.345 0.350 0.549 0.550 0.577 0.578 

Individual characteristics Yes Yes Yes Yes Yes Yes Yes Yes 

Fixed effects (year, arrival year, nationality, 
arrival year X nationality, canton) 

Yes Yes Yes Yes Yes Yes Yes Yes 

Sample mean 0.239 0.239 0.239 0.239 9.547 9.547 9.547 9.547 

Notes: Individual characteristics include gender, age, age squared, education level, master the main language of the municipality, household size, geography. Main 1 and 
pre-decision 1 indicate the regression for the first variable of interest (waiting time). Main 2 and pre-decision 2 indicate the regression for the second variable of interest (the 
ratio of duration of stay over waiting time). Columns (2), (4), (6), and (8) also control for pre-decision (permit B) wage employment. Two-way cluster standard errors at the 
individual and canton level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 4-1 for a detailed description of the variables. Source: Swiss Longitudinal Demographic 
Database 2010-2014. 
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Table 4-17 Further analysis: The inclusion of pre-permit F wage employment as an additional control, 2010-2014 

Outcome Probability of employment Log annual wages  
(1) (2) (3) (4) (5) (6) (7) (8)  
Main 1 Pre-decision 

1 
Main 2 Pre-decision 

2 
Main 1 Pre-decision 

1 
Main 2 Pre-decision 

2 

                
 

Time waiting for F Permit, in years -0.008 -0.005 
 

  -0.032 -0.020 
  

 
(0.016) (0.015) 

 
  (0.085) (0.081) 

  

Time stay/Time waiting for F permit 
  

0.054** 0.054** 
  

0.137 0.132    
(0.025) (0.025) 

  
(0.136) (0.137) 

Pre-permit F wage employment 
 

0.369*** 
 

0.369*** 
 

0.755*** 
 

0.754***   
(0.063) 

 
(0.063) 

 
(0.229) 

 
(0.230)     

  
    

Observations 2,386 2,386 2,386 2,386 722 722 722 722 

R-squared 0.320 0.343 0.323 0.346 0.515 0.529 0.517 0.531 

Individual characteristics Yes Yes Yes Yes Yes Yes Yes Yes 

Fixed effects (year, arrival year, nationality, 
arrival year X nationality, canton) 

Yes Yes Yes Yes Yes Yes Yes Yes 

Sample mean 0.251 0.251 0.251 0.251 9.512 9.512 9.512 9.512 

Notes: Individual characteristics include gender, age, age squared, education level, master the main language of the municipality, household size, geography, and a dummy 
variable for an additional permit (N->F->B). Main 1 and pre-decision 1 indicate the regression for the first variable of interest (waiting time). Main 2 and pre-decision 2 indicate 
the regression for the second variable of interest (the ratio of duration of stay over waiting time). Columns (2), (4), (6), and (8) also control for pre-decision (permit F) wage 
employment. Two-way cluster standard errors at the individual and canton level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 4-1 for a detailed description of 
the variables. Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Table 4-18 Further analysis: Falsification exercise on the permit F-> B sample, 2010-2014 

Outcome Probability of employment Log annual wage 

  (1) (2) (3) (4) 

 Main F->B Main F->B 

          

Time waiting for B permit, in years -0.001 0.010 -0.072 -0.083 

 (0.019) (0.020) (0.079) (0.079) 

     
Observations 2,014 1,665 607 1,307 

R-squared 0.343 0.258 0.549 0.402 

Individual level control variables Yes Yes Yes Yes 
Fixed effects (year, arrival year, nationality, 
arrival year X nationality, canton) 

Yes Yes Yes Yes 

Sample mean 0.239 0.618 9.547 10.28 

Notes: Individual characteristics include gender, age, age squared, education level, master the main 
language of the municipality, household size, geography. Columns (1) and (3) contain the main sample 
(Permit N -> F). Columns (2) and (4) contain the sample (Permit F-> N). Two-way cluster standard errors 
at the individual and canton level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 4-1 for a 
detailed description of the variables. Source: Swiss Longitudinal Demographic Database 2010-2014.  
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Appendix  

 

Figure A 4-1 Data: Distribution of time waiting for a residence permit, 2010-2014 

 
Notes: The average waiting time to obtain permit B is 2.7 years and permit F is 2.9 years. Source: Swiss 
Longitudinal Demographic Database 2010-2014. 

 

 

Figure A 4-2 Data: Distribution of the ratio of duration of stay to waiting time, 2010-2014 

 

Notes: The average ratio in the permit B sample is 1.06 and in the permit F sample is 0.99. Source: Swiss 
Longitudinal Demographic Database 2010-2014. 
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Figure A 4-3 Distribution of the asylum population across 26 cantons, actual versus regulation, 2010-2014 

 
Notes: The actual proportion of the asylum population is based on the analysis sample which arrived 
between 2005 and 2014, with a total of 1,363 individuals (6,065 observations). Source: Swiss Longitudinal 
Demographic Database 2010-2014. 
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Figure A 4-4 Identification: Normality and linearity checks, permit B employment 

 

Notes: The left figure presents the distribution of the standardized residuals regressing employment on time 
wait for B permit following the main specification. The middle figure inspects for non-normal errors and 
misspecification. The right figure plots the residuals against time waiting for B permit, while the line of best 
fit (red) shows the correlation between the estimated error and variable of interest is 0. Source: Swiss 
Longitudinal Demographic Database 2010-2014. 

 

Figure A 4-5 Identification: Normality and linearity checks, permit B wages 

 

Notes: The left figure presents the distribution of the standardized residuals regressing log annual wage on 
time wait for B permit following the main specification. The middle figure inspects for non-normal errors and 
misspecification. The right figure plots the residuals against time waiting for B permit, while the line of best 
fit (red) shows the correlation between the estimated error and variable of interest is 0. Source: Swiss 
Longitudinal Demographic Database 2010-2014. 
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Figure A 4-6 Identification: Normality and linearity checks, permit F employment 

 

Notes: The left figure presents the distribution of the standardized residuals regressing employment on time 
wait for F permit following the main specification. The middle figure inspects for non-normal errors and 
misspecification. The right figure plots the residuals against time waiting for F permit, while the line of best 
fit (red) shows the correlation between the estimated error and variable of interest is 0. Source: Swiss 
Longitudinal Demographic Database 2010-2014. 

 

 

Figure A 4-7 Identification: Normality and linearity checks, permit F wages 

 

Notes: The left figure presents the distribution of the standardized residuals regressing log annual wage on 
time wait for F permit following the main specification. The middle figure inspects for non-normal errors and 
misspecification. The right figure plots the residuals against time waiting for F permit, while the line of best 
fit (red) shows the correlation between the estimated error and variable of interest is 0. Source: Swiss 
Longitudinal Demographic Database 2010-2014. 
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Figure A 4-8 Occupational skill level of the permit B sample, pre- and post-decision period, 2010-2014 

 

Notes: The person-year observations for the pre-decision period are 257 (missing=628) and post-decision 
period is 278 (missing=851). Skill level based on the International Standard Classification of Occupations 
(ISCO-08) by pre-and post-permit B decision periods (International Labour Organization 2012).  
 
Skill level 1 occupation involves simple and routine physical tasks, namely elementary occupations (44%) 
to provide e.g. street services, cleaning, door keeping. Skill level 2 occupation involves simple tasks with 
machines and mechanical equipment, e.g. cooks (32%). Skill level 3 occupation requires technical 
knowledge, e.g. chefs (21%), IT technicians (21%). Skill level 4 job requires theoretical knowledge in a 
specialized field, e.g. hotel and restaurant manager (26%). The % of permit B sample among the top 5 
occupations by skill level in brackets. 
 
Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Figure A 4-9 Occupational skill level of the permit F sample, pre- and post-decision period, 2010-2014 

 

Notes: The person-year observations for the pre-decision period are 294 (missing=784) and post-decision 
period is 408 (missing=900). Skill level based on the International Standard Classification of Occupations 
(ISCO-08) by pre-and post-permit F decision periods (International Labour Organization 2012).  
 
Skill level 1 occupation involves simple and routine physical tasks, e.g. domestic, hotel and office cleaners 
and helpers (39%). Skill level 2 occupation involves simple tasks with machines and mechanical equipment, 
e.g. cooks (34%) and hairdressers (5%). Skill level 3 occupation requires technical knowledge, e.g. 
manufacturing supervisors (25%). Skill level 4 job requires theoretical knowledge in a specialized field, e.g. 
policy administration professionals (24%). The % of permit B sample among the top 5 occupations by skill 
level in brackets. 
 
Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Table A 4-1 Complete list of variables 

Description  Definition min, max  Source 

Dependent variable 

Employment Employment is being defined as individuals who are 
not receiving unemployment (full or partial) benefits in 
the outcome year. At the same time, they earn non-
zero income as reported in the social security register 
from the Central Compensation Office. 

[0,1] Unemployment 
register (PLASTA), 
social security 
register (CCO) 

  

Unemployment is defined by persons who are 
receiving unemployment benefits in the calendar 
year, or those who are receiving less than or zero 
income. 

Annual wage  Natural log of annual earnings. (1.96, 9.19) Social security 
register (CCO) 

Variable of interest 

Time waiting for 
a residence 
permit 

Waiting time is defined by the number of years 
between the asylum individual is observed with permit 
N (asylum seeker status) to permit F (temporarily 
accepted person) or permit B (refugee). 

(1,9) ZEMIS 

The relative 
length of stay to 
waiting time 

Duration of stay divided by time waiting for a 
residence permit, calculated by the first permit 
decision (permit B or F). 

(0,4) ZEMIS 

Individual characteristics 

Education 
attainment 

This is classified into three levels: primary, 
secondary, and tertiary. Thus, the comparison groups 
for secondary and tertiary education are primary 
education. Primary education is equivalent to 
‘Secondary I’ in the Swiss education system. 
Secondary education is equivalent to ‘Secondary II’ in 
the Swiss education system. 

[1,2,3] Structural Survey 

Gender  0= Male; 1= Female. [1,2] STATPOP 

Age Between 18-65 years. (18,65) STATPOP 

Age-squared Age-squared to illustrate the diminishing relationship 
between age and labour-market outcomes. 

(344,4225) STATPOP 

Main language 0 = No language match; 1 = Perfect language match 
when one’s main language is German, French, or 
Italian, and that matches with the main language of 
the municipality.  
 
In the Structural Survey, one can indicate more than 
one language that they ‘think in and know best’. The 
options include the four official languages of 
Switzerland, as well as Serbian/Croatian, Albanian, 
Portuguese, Spanish, and English. I consider the 
perfect language match when one’s main language is 
German, French, or Italian, and that matches with the 
main language of the municipality.  

[0,1] Structural Survey 

Household size The number of persons living in the same house. Note 
that this does not necessarily indicate family 
members. I cabbed it to 6 individuals. 

(1,...,6) STATPOP 

Permit 
trajectory 

In the permit F sample, the trajectory N→ F takes 0, 
N→ F → B takes 1. 

[0,1] ZEMIS 

Fixed effects/dummies 

Outcome year Outcome year between 2010 and 2014. [2010,…,2014] Structural Survey 

Canton of 
residence 

26 cantons of Switzerland.  [1,…, 26] STATPOP 

Nationality The asylum population came from 58 countries. [1,…, 58] ZEMIS 

Arriva year  Year of arrival between 2005 and 2013 [2005,…,2013] ZEMIS 

Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Table A 4-2 Share of the asylum population by trajectories (n=1,363) 

  Observations  
Number of 
individuals  

Trajectory Freq. Percent Freq. Percent 

Permit N -> F 2,101 34.64 496 36.39 

Permit N -> B 2,014 33.21 472 34.63 

Permit N -> F -> B 2,85 4.7 58 4.26 

Permit F -> B* 1,665 27.45 337 24.72 

Total 6,065 100 1,363 100 

Note: The sample of Permit F-> B are only analysed in the falsification exercise. 1,363 individuals are in 
the final sample (analysis + falsification exercise) in my regressions (with all covariates). Source: Swiss 
Longitudinal Demographic Database 2010-2014. 

 

 

Table A 4-3 Nationality of the analysis sample, asylum seekers from 2005 to 2013 

Nationality Obs. in %   Nationality Obs. in % 

Afghanistan 668 11.01   Kenya 9 0.15 

Albania 3 0.05   Kosovo 146 2.41 

Algeria 9 0.15   Liberia 5 0.08 

Angola 32 0.53   Libya 12 0.2 

Armenia 20 0.33   Macedonia 14 0.23 

Azerbaijan 18 0.3   Moldova 4 0.07 

Belarus 5 0.08   Mongolia 35 0.58 

Benin 4 0.07   Morocco 11 0.18 

Bosnia and Herzegovina 87 1.43   Myanmar 5 0.08 

Burundi 5 0.08   Nepal 4 0.07 

Cameroon 15 0.25   Nigeria 9 0.15 

China 449 7.4   Pakistan 20 0.33 

Colombia 15 0.25   Russia 59 0.97 

Congo (Brazzaville) 10 0.16   Rwanda 5 0.08 

Congo (Kinshasa) 126 2.08   Senegal 3 0.05 

Cuba 4 0.07   Serbia 214 3.53 

Côte d'Ivoire 15 0.25   Somalia 492 8.11 

Ecuador 10 0.16   Sri Lanka 775 12.78 

Egypt 8 0.13   Sudan 13 0.21 

Eritrea 1,169 19.27   Switzerland 10 0.16 

Ethiopia 62 1.02   Syria 486 8.01 

Gabon 5 0.08   Togo 48 0.79 

The Gambia 3 0.05   Tunisia 12 0.2 

Georgia 7 0.12   Turkey 283 4.67 

Guinea 26 0.43   Uganda 3 0.05 

Guinea-Bissau 3 0.05   Ukraine 5 0.08 

Iran 215 3.54   Uzbekistan 5 0.08 

Iraq 351 5.79   Yemen 24 0.4 

Kazakhstan 5 0.08   Zimbabwe 5 0.08 

Note: The total number of observations is 6,065 (N=1,363 asylum seekers from 58 countries) among 
arrivals between 2005 and 2013. Source: Swiss Longitudinal Demographic Database, 2010-2014.  
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Table A 4-4 Permit B waiting time by trajectories, absolute figures 

  Permit status trajectory 

Permit B waiting time, in years N -> B F -> B* 

1 524 9 

2 487 14 

3 420 46 

4 309 54 

5 177 428 

6 78 732 

7 19 237 

8 0 106 

9 0 39 

Total 2,014 1,665 

Source: The Permit F->B sample is used in the falsification exercise. Swiss Longitudinal Demographic 
Database 2010-2014. 

 

 

Table A 4-5 Permit F waiting time by trajectories, absolute figures 

  Permit status trajectory    

Permit F waiting time, in years N -> F N -> F -> B Total 

1 313 5 318 

2 560 44 604 

3 660 75 735 

4 302 84 386 

5 150 43 193 

6 74 25 99 

7 34 9 43 

9 8 0 8 

Total 2,101 285 2,386 

Source: Swiss Longitudinal Demographic Database 2010-2014. 
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Table A 4-6 Identification: Balancing test (ratio) for individual characteristics, permit B sample, 2010-2014 

      p-value  
Coeff. Std. Err. Unadj. FWER 

adj. 
Bonferroni-
Holm adj. 

Sidak-
Holm 
adj. 

  (1) (2) (3) (4) (5) (6) 

Panel A: Prearrival characteristics           

Female 0.026 0.019 0.175 0.371 0.175 0.175 

Age at arrival 1.195 0.350 0.001 0.057 0.001 0.001 

Panel B: Post-arrival characteristics           

Education, primary -0.059 0.019 0.002 0.201 0.011 0.011 

Education, secondary 0.035 0.017 0.042 0.551 0.170 0.159 

Education, Tertiary 0.024 0.013 0.071 0.551 0.183 0.172 

Main language, municipality 0.033 0.018 0.061 0.551 0.183 0.172 

Household size  -0.248 0.068 0.000 0.084 0.002 0.002 

Rural -0.014 0.017 0.414 0.557 0.414 0.414 

Count (p-value <0.1) in each panel           

Panel A: Prearrival characteristics 
 

1 1 1 1 

Panel B: Post-arrival characteristics 
 

5 1 2 2 

Percent (p-value <0.1) in each panel           

Panel A: Prearrival characteristics 
 

50% 50% 50% 50% 

Panel B: Post-arrival characteristics 
 

83% 17% 33% 33% 

Overall percent (p-value<0.1)   75% 25% 38% 38% 

Notes: The person-year observations for the permit B sample is 2,014. Columns (1) and (2) report the 
coefficient and standard errors by regressing the variable of interest (the ratio of time (stay/wait)) on each 
individual characteristic conditional on top 10 nationality, arrival year, and outcome year. Column (3) 
reports the unadjusted p-value. Column (4) reports the family-wise error rate (FWER) adjusted p-value 
(the probability of incorrectly rejecting one or more hypothesis (i.e. a false discovery) belonging to a family 
of hypothesis) based on 10,000 bootstraps of the free step-down procedure. Column (5) reports the 
Bonferroni-Holm adjusted p-values. Column (6) reports the Sidak-Holm adjusted p-value. The Bonferroni-
Holm and Sidak-Holm adjusted p-values are set equal to 1 when the calculation yields a value larger than 
1. Source: Swiss Longitudinal Demographic Database (2010-2014). 
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Table A 4-7 Identification: Balancing test (ratio) for individual characteristics, permit F sample, 2010-2014 

      p-value  
Coeff. Std. Err. Unadj. FWER 

adj. 
Bonferroni-
Holm adj. 

Sidak-
Holm 
adj. 

  (1) (2) (3) (4) (5) (6) 

Panel A: Prearrival characteristics           

Female 0.059 0.020 0.002 0.147 0.005 0.005 

Age at arrival -0.007 0.347 0.983 0.989 0.983 0.983 

Panel B: Post-arrival characteristics           

Education, primary 0.010 0.018 0.572 0.891 1.000 0.817 

Education, secondary 0.007 0.015 0.660 0.891 1.000 0.817 

Education, Tertiary -0.017 0.013 0.188 0.809 0.751 0.565 

Main language, municipality 0.020 0.017 0.247 0.824 0.751 0.574 

Household size  -0.121 0.071 0.090 0.702 0.448 0.374 

Rural -0.088 0.017 0.000 0.005 0.000 0.000 

Count (p-value <0.1) in each panel           

Panel A: Prearrival characteristics 
 

1 0 1 1 

Panel B: Post-arrival characteristics 
 

2 1 1 1 

Percent (p-value <0.1) in each panel           

Panel A: Prearrival characteristics 
 

50% 0% 50% 50% 

Panel B: Post-arrival characteristics 
 

33% 17% 17% 17% 

Overall percent (p-value<0.1)   38% 13% 25% 25% 

Notes: The person-year observations for the permit F sample is 2,386. Columns (1) and (2) report the 
coefficient and standard errors by regressing the variable of interest (the ratio of time (stay/wait)) on each 
individual characteristic conditional on top 10 nationality, arrival year, and outcome year. Column (3) 
reports the unadjusted p-value. Column (4) reports the family-wise error rate (FWER) adjusted p-value 
(the probability of incorrectly rejecting one or more hypothesis (i.e. a false discovery) belonging to a family 
of hypothesis) based on 10,000 bootstraps of the free step-down procedure. Column (5) reports the 
Bonferroni-Holm adjusted p-values. Column (6) reports the Sidak-Holm adjusted p-value. The Bonferroni-
Holm and Sidak-Holm adjusted p-values are set equal to 1 when the calculation yields a value larger than 
1. Source: Swiss Longitudinal Demographic Database (2010-2014). 
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Table A 4-8 Identification: Correlation between the ratio of time (stay/wait) and arrival year dummies, 2010-

2014 

Panel A: Permit B sample 

      Arrival year dummies 

    Tr 2005 2006 2007 2008 2009 2010 2011 2012 2013  
Time 
stay/wait 
(Tr) 

1.000 
         

A
rr

iv
a

l 
y
e
a

r 
d

u
m

m
ie

s
 

2005 0.006 1.000 
        

2006 0.003 -0.012 1.000 
       

2007 -0.010 -0.015 -0.026 1.000 
      

2008 0.032 -0.037 -0.065 -0.077 1.000 
     

2009 0.010 -0.040 -0.071 -0.084 -0.212 1.000 
    

2010 0.138 -0.051 -0.089 -0.106 -0.266 -0.291 1.000 
   

2011 -0.059 -0.041 -0.072 -0.085 -0.214 -0.233 -0.293 1.000 
  

2012 -0.141 -0.031 -0.055 -0.066 -0.165 -0.181 -0.227 -0.182 1.000 
 

2013 -0.065 -0.008 -0.015 -0.018 -0.044 -0.048 -0.061 -0.049 -0.038 1.000 

Panel B: Permit F sample 

      Arrival year dummies 

    Tr 2005 2006 2007 2008 2009 2010 2011 2012 2013  
Time 
stay/wait 
(Tr) 

1.000 
         

A
rr

iv
a

l 
y
e
a

r 
d

u
m

m
ie

s
 

2005 0.015 1.000 
        

2006 0.015 -0.029 1.000 
       

2007 0.052 -0.041 -0.054 1.000 
      

2008 0.088 -0.065 -0.086 -0.119 1.000 
     

2009 0.076 -0.073 -0.096 -0.133 -0.212 1.000 
    

2010 0.090 -0.077 -0.101 -0.141 -0.225 -0.250 1.000 
   

2011 -0.145 -0.076 -0.100 -0.139 -0.223 -0.248 -0.262 1.000 
  

2012 -0.178 -0.048 -0.063 -0.088 -0.140 -0.156 -0.165 -0.164 1.000 
 

2013 -0.069 -0.016 -0.021 -0.029 -0.046 -0.051 -0.054 -0.053 -0.034 1.000 

Notes: Simple correlations between Tr and the arrival year dummies reported for each permit sample. Source: 
Swiss Longitudinal Demographic Database 2010-2014. 
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Table A 4-9 Identification: Collinearity checks by regressing the ratio of time (stay/wait) on covariates, 2010-

2014 

Outcome Time stay/wait for B permit Time stay/wait for F permit 

  (1) (2) (3) (4) (5) (6)  
Basic Arrival 

year 
Interact 
FE 

Basic Arrival 
year 

Interact 
FE 

              

Female 0.060 0.149*** 0.003 0.017 0.045 0.060  
(0.054) (0.047) (0.038) (0.044) (0.037) (0.041) 

Age 0.022 0.001 0.001 0.044*** 0.013 0.015  
(0.019) (0.016) (0.014) (0.015) (0.012) (0.012) 

Age-squared -0.000 0.000 0.000 -0.001** -0.000 -0.000  
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) 

Education, Secondary 0.079 0.076 0.048 0.000 -0.034 -0.071  
(0.064) (0.054) (0.045) (0.063) (0.053) (0.053) 

Education, Tertiary -0.038 -0.006 0.158** -0.042 -0.061 -0.112*  
(0.074) (0.071) (0.068) (0.054) (0.047) (0.067) 

Main language, municipality 0.100* 0.089* 0.070 0.110** 0.035 0.060  
(0.055) (0.051) (0.043) (0.048) (0.042) (0.047) 

Household size -0.039*** -0.019** -0.032*** -0.036*** -0.017** -0.011  
(0.012) (0.010) (0.008) (0.009) (0.007) (0.007) 

Rural municipality -0.076 -0.005 -0.042 -0.164*** -0.125*** -0.105***  
(0.054) (0.048) (0.039) (0.043) (0.036) (0.037) 

Permit trajectory, N -> F -> B 
  

  0.232*** 0.074* 0.064    
  (0.045) (0.043) (0.045)    
  

   

Observations 2,014 2,014 2,014 2,386 2,386 2,386 

R-squared 0.417 0.543 0.695 0.412 0.561 0.653 

Year FE Yes Yes Yes Yes Yes Yes 

Nationality FE No No Yes No No Yes 

Arrival year FE No Yes Yes No Yes Yes 

Nationality X Arrival year FE No No Yes No No Yes 

Sample mean 1.064 1.064 1.064 0.994 0.994 0.994 

Notes: Standard errors clustered by individual in parentheses. The comparison group for nationality fixed 
effects is Eritrea. *** p<0.01, ** p<0.05, * p<0.1. See Table A 4-1 for a detailed description of the variables. 
Source: Swiss Longitudinal Demographic Database 2010-2014.  
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Table A 4-10 Robustness test: Logit and probit specifications (outcome = employment), 2010-2014 

  (1) (2) (3) (4)  
OLS 
Main 

OLS Logit Probit 

Panel A: Permit B         

Time waiting for B permit, in years -0.001 0.001 0.002 0.002  
(0.019) (0.019) (0.017) (0.016)      

Observations 2,014 1,811 1,811 1,811 

R-squared 0.343 0.301     

Panel B: Permit F         

Time waiting for F Permit, in years -0.013 -0.012 -0.010 -0.011  
(0.016) (0.016) (0.015) (0.015)      

Observations 2,386 2,077 2,077 2,077 

R-squared 0.313 0.292     

Model specification:          

Individual characteristics Yes Yes Yes Yes 

Fixed effects (year, arrival year, nationality, arrival year X 
nationality, canton) 

Yes Yes Yes Yes 

Sample mean (Permit B sample) 0.239 0.252 0.252 0.252 

Sample mean (Permit F sample) 0.251 0.288 0.288 0.288 

Notes: I report the marginal effects of the logit and probit regressions. The sample size has been reduced 
in the logit and probit specifications (Columns (3) and (4)) because the cell size for nationality and year 
fixed effects are small. Therefore, I report the OLS estimates using the same sample as the alternative 
specifications in Column (2). Individual characteristics include gender, age, age squared, education level, 
master the main language of the municipality, household size, geography. Analysis of the permit F sample 
controls for an additional permit (N->F->B). Two-way cluster standard errors at the individual and canton 
level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 4-1 for a detailed description of the 
variables. Source: Swiss Longitudinal Demographic Database 2010-2014.  
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Table A 4-11 Robustness test: Wage regression excluding those with unemployment benefits, 2010-2014 

Permit sample: Permit B Permit F 

  (1) (2) (3) (4)  
Main Exclude Main Exclude 

          

Waiting time, in years -0.072 -0.063 -0.053 -0.096  
(0.079) (0.096) (0.083) (0.087)   

  
  

Observations 607 482 722 599 

R-squared 0.549 0.607 0.504 0.530 

Individual characteristics Yes Yes Yes Yes 

Fixed effects (year, arrival year, nationality, arrival year X 
nationality, canton) 

Yes Yes Yes Yes 

Sample mean 9.547 9.504 9.512 9.442 

Notes: Individual characteristics include gender, age, age squared, education level, master the main 
language of the municipality, household size, geography. Analysis of the permit F sample controls for an 
additional permit (N->F->B). Two-way cluster standard errors at the individual and canton level in 
parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 4-1 for a detailed description of the variables. 
Source: Swiss Longitudinal Demographic Database 2010-2014.  
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Table A 4-12 Robustness: The nonlinear effects of waiting time on labour-market outcomes, 2010-2014 

Outcome Probability of employment Log annual wage 

Permit sample B F F B F F 

  (1) (2) (3) (4) (5) (6)  
4 
groups 

4 
groups 

5 
groups 

4 
groups 

4 
groups 

5 
groups 

            
 

Permit B wait time (4 gps), 1-2 years 0.321 
 

  4.242*** 
  

 
(0.260) 

 
  (1.420) 

  

Permit B wait time (4 gps), 3-5 years 0.283 
 

  3.785*** 
  

 
(0.257) 

 
  (1.351) 

  

Permit B wait time (4 gps), 6 years 0.328 
 

  4.316*** 
  

 
(0.221) 

 
  (1.352) 

  

Permit B wait time (4 gps), 7-8 years 0.558** 
 

  4.668*** 
  

 
(0.272) 

 
  (1.517) 

  

Permit F wait time (4 gps), 1-2 years 
 

0.154   
 

6.313*** 
 

  
(0.254)   

 
(1.459) 

 

Permit F wait time (4 gps), 3 years 
 

0.126   
 

6.351*** 
 

  
(0.257)   

 
(1.508) 

 

Permit F wait time (4 gps), 4 years 
 

0.162   
 

6.059*** 
 

  
(0.257)   

 
(1.466) 

 

Permit F wait time (4 gps), 5-9 years 
 

0.157   
 

6.352*** 
 

  
(0.246)   

 
(1.458) 

 

Permit F wait time (5 gps), 1 year 
  

0.233 
  

6.305***    
(0.258) 

  
(1.460) 

Permit F wait time (5 gps), 2 years 
  

0.132 
  

6.202***    
(0.256) 

  
(1.518) 

Permit F wait time (5 gps), 3 years 
  

0.147 
  

6.278***    
(0.259) 

  
(1.558) 

Permit F wait time (5 gps), 4 years 
  

0.174 
  

5.975***    
(0.259) 

  
(1.518) 

Permit F wait time (5 gps), 5-9 years 
  

0.166 
  

6.269***    
(0.248) 

  
(1.512)    

  
   

Observations 2,014 2,386 2,386 607 722 722 

R-squared 0.502 0.491 0.493 0.992 0.991 0.991 

Individual characteristics Yes Yes Yes Yes Yes Yes 

Fixed effects (year, arrival year, 
nationality, arrival year X nationality, 
canton) 

Yes Yes Yes Yes Yes Yes 

Sample mean 0.239 0.251 0.251 9.547 9.512 9.512 

Notes: Time waiting for a residence permit is divided into 4 or 5 categories (abbreviated as gps to indicate 
groups). I report results without base level. Since the constant term is omitted, the r-squared values are 
inflated. Individual characteristics include gender, age, age squared, education level, master the main 
language of the municipality, household size, geography. Analysis of the permit F sample controls for an 
additional permit (N->F->B). Two-way cluster standard errors at the individual and canton level in 
parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 4-1 for a detailed description of the variables. 
Source: Swiss Longitudinal Demographic Database 2010-2014.  

 

  



 

 198 

 

Table A 4-13 Robustness test: Logit and probit specifications on non-linear effects of waiting time, 2010-

2014 

Permit sample Permit B Permit F 

  (1) (2) (3) (4) (5) (6)  
OLS Logit Probit OLS Logit Probit 

              

Permit B wait time (4 gps), 3-5 years -0.035 -0.040 -0.037 
   

 
(0.038) (0.037) (0.035) 

   

Permit B wait time (4 gps), 6 years 0.010 -0.012 -0.014 
   

 
(0.140) (0.107) (0.100) 

   

Permit B wait time (4 gps), 7-8 years 0.248 0.251 0.219 
   

 
(0.157) (0.171) (0.167) 

   

Permit F wait time (4 gps), 3 years 
   

-0.027 -0.025 -0.032     
(0.032) (0.036) (0.034) 

Permit F wait time (4 gps), 4 years 
   

0.014 -0.004 -0.002     
(0.055) (0.048) (0.047) 

Permit F wait time (4 gps), 5-9 years 
   

0.009 -0.004 -0.011     
(0.081) (0.066) (0.064)        

Observations 1,811 1,811 1,811 2,077 2,077 2,077 

R-squared 0.303 
  

0.299 
  

Individual characteristics Yes Yes Yes Yes Yes Yes 

Fixed effects (year, arrival year, nationality, 
arrival year X nationality, canton) 

Yes Yes Yes Yes Yes Yes 

Sample mean 0.252 0.252 0.252 0.288 0.288 0.288 

Notes: Time waiting for a residence permit is divided into 4 categories. The comparison group is those 
who waited for 1-2 years. I report the marginal effects of the logit and probit regressions. Individual 
characteristics include gender, age, age squared, education level, master the main language of the 
municipality, household size, geography. Analysis of the permit F sample controls for an additional permit 
(N->F->B). Two-way cluster standard errors at the individual and canton level in parentheses. *** p<0.01, 
** p<0.05, * p<0.1. See Table A 4-1 for a detailed description of the variables. Source: Swiss Longitudinal 
Demographic Database 2010-2014.  
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Table A 4-14 Description of pre-decision employment 

id Canton Year Pre-
decision 
period 

Pre-
decision 
wage 
emp 

Annual 
wages 

Wage 
emp 

Arrival 
(Ta) 

Decision 
(Td) 

Wait 
(Tw) 

Obs. 
status 

1 . 2005 1 1 . 0 2005 2013 8 drop 

1 . 2006 1 1 . 0 2005 2013 8 drop 

1 . 2007 1 1 100 1 2005 2013 8 drop 

1 . 2008 1 1 100 1 2005 2013 8 drop 

1 . 2009 1 1 . 0 2005 2013 8 drop 

1 Zurich 2010 1 1 100 1 2005 2013 8 keep 

1 Zurich 2011 1 1 100 1 2005 2013 8 keep 

1 Zurich 2012 1 1 100 1 2005 2013 8 keep 

1 Zurich 2013 0 0 100 1 2005 2013 8 keep 

1 Zurich 2014 0 0 100 1 2005 2013 8 keep 

Notes: The table provides a fictional case to explain how the pre-decision employment variable is defined. 
Since information on wages is available from 2005 to 2014, I am able to define a dummy variable to 
indicate at least one year of (wage) employment during the pre-decision period. Observations between 
2005 and 2009 are dropped because information on the canton of residence is not available. Source: 
Swiss Longitudinal Database 2010-2014. 

 

 

Table A 4-15 Supplementary: Difference between permit groups (main vs F-> B sample), 2010-2014 

  (1) 

Outcome F->B 

    

Time waiting for B permit, in years 0.275***  
(0.035) 

Female 0.007  
(0.052) 

Age 0.091**  
(0.039) 

Age-squared -0.001**  
(0.001) 

Education, Secondary -0.059  
(0.051) 

Education, Tertiary 0.158**  
(0.072) 

Main language, municipality 0.041  
(0.047) 

Household size -0.008  
(0.010) 

Rural municipality -0.036  
(0.049)   

Observations 3,679 

R-squared 0.989 

Individual characteristics Yes 

Fixed effects (year, arrival year, nationality, arrival year X nationality, canton) Yes 

Sample mean 4.905 

Notes: I regress the binary variable (permit F-> B take 1, and original permit B sample (Permit N->B) take 
0) on their observable characteristics. Two-way cluster standard errors at the individual and canton level 
in parentheses. *** p<0.01, ** p<0.05, * p<0.1. See Table A 4-1 for a detailed description of the variables. 
Source: Swiss Longitudinal Demographic Database 2010-2014.  
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Chapter 5 Conclusion 

This dissertation presents three studies on the labour-market outcomes of the asylum 

population in Switzerland. By comparing the asylum population to economic migrants in 

Chapter 2, I examine the employment and wage gaps between the two populations over 

time. My findings highlight the importance of assessing skill selection when estimating 

the outcome gaps. By considering selection on unobserved characteristics, I show that 

the negative selection of the asylum population is the most severe in the first 6 years of 

arrival. To mitigate the selection effect, integration programs and inclusive labour-market 

policies should target the initial period of arrival. To better understand the unexplained 

variance in outcomes, future work should collect more data on individual characteristics 

upon arrival, such as psychological and physical well-being. Future studies should also 

examine the labour-market outcomes of their children. While previous work shows the 

migrant-native gap is persistent across generations in the United States (Abramitzky and 

Boustan 2017), the intergenerational transmission of the asylum-migrant gap in other 

countries is an unanswered and an important question.  

In Chapter 3 I assess the role of linguistic proximity on the economic integration of 

the asylum population. My results suggest that the initial advantage from the home 

country – from linguistic similarity – have different impacts in a multilingual society. For 

the earlier arrival cohorts, the ability to learn French and Italian quickly is particularly 

beneficial to employment in the Romance region. My results suggest governments 

should allocate resources to teach language(s) that is most useful to the local labour-

market. Future research should disentangle the effect of linguistic proximity from 

language skill, as the true effect of linguistic proximity could operate through social 

networks, language courses, or other mechanisms. In addition to linguistic proximity, 

other dimensions of language, such as grammatical and sentence structure, or even 

exposure to TV channels may facilitate language learning. Further, research on the 

effects of linguistic diversity on workplace productivity and educational outcomes is scant 

and mixed (e.g. Dale-Olsen and Finseraas 2020; Chevalier, Isphording, and Lisauskaite 

2020). A better understanding of the impact of linguistic proximity and diversity would be 

useful to inform resource allocation and dispersal policies.  

To understand the integration trajectory of the asylum population, I study the 

impact of waiting time to permit decisions in Chapter 4. My analyses indicate that the 

relative length of stay to waiting time – between the asylum seeker and refugee status – 

can influence the integration trajectory. From a policy perspective, governments should 
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optimize the ratio by reducing the waiting time. In Switzerland and some European 

countries, such effects may reduce uncertainty and labour-market restrictions. More 

broadly, waiting time is only one of many aspects of the asylum application process. 

Future studies should examine the impact of other processes, for example, time spent 

in collective housing, access to the health care system, availability of translation and 

other support services. A comprehensive and continuous evaluation of the procedure is 

needed to facilitate the long-term labour-market participation of the asylum population.  

Building on reviews of the literature and new empirical estimations, my findings 

unequivocally find that the asylum population is a disadvantaged group in the labour 

market. With the rise of right-wing parties and anti-immigrant attitudes in recent years 

(e.g. in Switzerland (Brunner and Kuhn 2018; Slotwinski and Stutzer 2019), Denmark 

(Dustmann, Vasiljeva, and Damm 2019), and Italy (Bratti et al. 2017)), some may 

disagree as to whether policy and resources should be channelled towards the economic 

integration of asylum seekers and refugees. Increasing evidence argues otherwise. The 

slow integration of the population has proven costly to many governments (e.g. in 

Norway (Bratsberg, Raaum, and Røed 2014; 2017), the United States (Evans and 

Fitzgerald 2017), and Finland (Sarvimäki 2017)). As the number of people fleeing for 

humanitarian reasons is likely to increase in the near future, research to improve the 

effectiveness of integration will be extremely valuable.  
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