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Abstract

Does local exposure to refugees affect right-wing support and anti-immigrant sentiments?
This paper studies the allocation of refugees to the rural hinterlands of Eastern Germany
during the refugee crisis of 2015. Similar to non-urban regions elsewhere, the area has seen a
major shift towards the political right, despite minimal previous exposure to foreigners. We
draw on electoral records and original data collected among 1,320 German citizens from 236
municipalities, half of which received refugees. Two conditions allow for causal identification:
a policy allocating refugees following strict administrative rules, and a matching procedure
rendering treated and control municipalities statistically indistinguishable. Our survey and
behavioral measures confirm the presence of widespread anti-immigrant sentiments, but these
are entirely unaffected by the presence of refugees in respondents’ hometowns. If anything,
local exposure to refugees served as a ‘reality check’, pulling both right- and left-leaning
individuals more towards the center.
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Introduction

How does the allocation of refugees affect right-wing support in regions where previous exposure

was minimal and anti-immigrant sentiments run high? Between 2015 and 2017, 3.1 million refugees

arrived on European shores, nearly half of whom (44%) applied for asylum in Germany (Eurostat

2018). The unprecedented inflow put the German asylum system under strain and required the

re-distribution of refugees to localities that had never hosted a substantial number of foreigners

before. This paper exploits variation in the allocation of refugees to study the effect of first-time,

local exposure to foreigners.

Our study investigates a context that is fairly common, politically important, but rarely studied:

the rural hinterlands of a country, where the presence of foreigners is minimal and anti-immigrant

sentiment high (Golder 2016). Indeed, as Figure 1 shows, this characterizes large stretches of

central, eastern and southern Europe. A similar phenomenon can be observed in the US, where

the urbanized coastal regions are highly ethnically diverse, liberal and inclusive, while the rural

hinterlands and many suburban areas are dominated by a staunchly conservative white majority

(Cable 2012). However, these non-urban areas are undergoing rapid demographic change. US

migration since the 1990s has privileged new destinations in the center of the country and away

from the traditional centers (Massey and Capoferro 2008). And in Europe, classic regions of

emigration like southern Italy, southern Spain or eastern Poland have in the meantime become

popular destinations for immigrants from outside Europe (Castles, Haas, and Miller 2013, chap. 5).

Figure 1: Foreign population and attitudes towards immigration in Europe

(a) Presence of foreigners (b) Prevalence of anti-immigrant attitudes

Maps of European regions depicting a) the share of foreign citizens, and b) agreement with the statement that
access to migrants from outside Europe should be limited. Darker shading corresponds to higher shares. Study area
marked with thick outline. Data from Eurostat (2015, 2016).

In step with these demographic shifts, support for anti-immigrant agendas has dramatically

increased. Right-wing populists have made headway in many governments in Europe, Brazil and

the US, due in large part to the support they garnered in non-urban contexts (Alba and Foner 2017).
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Our study area is no exception to this trend: between the beginning of the refugee crisis in 2015

and our data collection in 2018, support for Germany’s anti-immigrant party AfD surged from

6% to 16% nationwide, and from 7% to 27% in Eastern Germany. How much of this shift can

be attributed to the arrival of foreigners in people’s hometowns? Do those Germans exposed to

refugees in their municipality show political attitudes and behavior that are different from those

without local exposure?

To address these questions, we bring to bear a rich, individual-level dataset. Our data comprises

a random sample of 1,320 individuals from 236 closely-matched municipalities in Eastern Germany,

half of which received refugees. Most of these are rural municipalities or small towns, in which the

share of foreigners in the population was less than 1.5% before 2015. This focus on communities

with minimal previous exposure to foreigners allows us to circumvent problems of resident and

immigrant self-selection that mar similar studies. We analyze a diverse set of outcomes, including

voting behavior, attitudes towards immigrants and refugees, and behavioral bias as displayed in

economic games. Causal identification relies on a policy that allocates refugees following strict

administrative rules, which we combine with a matching design that provides us with a sample of

statistically indistinguishable treatment and control municipalities.

The study adds to a growing literature on the causal effects of refugee allocation that has

produced puzzling and contradictory findings. While Dustmann, Vasiljeva, and Piil Damm (2018),

Bratti et al. (2017), Hangartner et al. (2018), and Dinas et al. (2018) demonstrate increased support

for anti-immigrant parties and sentiments in rural Denmark, Italy and Greece, Steinmayr (2018)

comes to the opposite conclusion in the case of Austria. Here, the presence of refugees stopped

the overall positive trend in electoral support for the far-right Freedom Party. In line with the first

set of studies, we also record high levels of anti-immigrant sentiments and right-wing support in

our study area. Refugees indeed entered a hostile environment. However, we record no differences

between treated and control municipalities. Instead, our estimates for the treatment effect of having

received refugees are zero or close to zero on all outcomes.

The study makes several contributions to the existing literature on the political consequences

of refugee allocation and residential exposure to immigrants. First, rather than narrowing in on

a specific outcome, we provide a rigorous assessment of the individual-level effects of refugees’

allocation on a broad range of both attitudinal and behavioral outcomes (cp. Hangartner et al. 2018).

Second, we focus on first-time exposure to foreigners, which is qualitatively different from studies

that focus on changes in the share of foreigners. Rather than experiencing a change in dosage,

first-time exposure is a change in kind—a transition from a state where opinions about immigration

rely on abstract conjectures to one in which these opinions can rely on actual experience (Egan

and Mullin 2012, cp.). Third, while studies that rely exclusively on administrative data are limited

to aggregate outcomes and focus on election results (Bratti et al. 2017; Dustmann, Vasiljeva, and

Piil Damm 2018; Steinmayr 2018), our survey takes a more inclusive approach to measurement.

Our outcome measures include behavioral games, voting decisions, and a large number of survey

items capturing attitudes towards immigrants and refugees, populism, and right-wing support.

Fourth, we provide a systematic analysis of treatment heterogeneity along demographic, partisan

and ideological lines.
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Taken together, our research provides a comprehensive and compelling answer to the question

of whether Eastern Germans who witnessed the arrival of refugees in their hometowns think and

act differently from those lacking local exposure. Our overall answer is ‘no’. This is despite the

dramatic shift in support for right-wing political parties between 2015 and 2018. In fact, we find

tentative evidence that the local presence of refugees served as a ‘reality check’ for everybody,

weakening the hostility among right-wing and authoritarian individuals, as well as providing those

more left-wing and libertarian with a less sanguine view of the issue.

The 2015 refugee crisis in Germany’s Eastern regions

One problem with the study of the effect of outgroup exposure is that migratory processes—the

typical cause of outgroup exposure—are highly self-selective. Migrants typically choose where

to settle and may systematically prefer one location over another, depending on the presence of

other migrants, availability of jobs, etc. A second problem is that locations with observable ethnic

diversity—where intergroup contact can be studied—often have been diverse for a long period

of time. Local natives thus have had time to adjust and potentially relocate in response to the

influx, thus distorting any effort at measuring the effect of exposure. Finally, exposure to outgroup

members, especially more long-term exposure, cannot typically be randomized for practical and

ethical reasons. The effect of outgroup exposure thus cannot be studied by means of an experiment

that would allow for clean causal identification. To overcome these problems, this paper exploits

the unique setting of the European refugee crisis in Germany.

During the course of 2015 and 2016, Germany received 1.2 million refugees, mainly from Syria,

Iraq and Afghanistan (Federal Office for Migration and Refugees 2017). The influx of refugees was

both unexpected and swift. While refugee numbers had been on the rise since 2011, the mass-arrival

was triggered by the decision of German authorities in August 2015 to suspend the ‘Dublin’ rules

for Syrian refugees.1 The surge in refugee-arrivals put the German asylum system, designed to

handle about 150,000 asylum seekers per year, under great pressure. Under the system, asylum

seekers are distributed to the sixteen German states (the Länder) following a quota system (the

Königsteiner Schlüssel): each state receives a number of asylum seekers according to its population

size and economic capacity. The states then allocate asylum seekers to their counties (Landkreise),

again following a quota system. Each state follows its own rules but usually distributes asylum

seekers according to the population size of a county. The counties then decide which municipalities

will host the asylum seekers, a decision that will often be driven by practical considerations such

as the availability of housing. The preferences of the refugees are not considered in the allocation

process, and asylum seekers are in many states legally obliged to stay at their assigned place of

residence until their application has been processed, which on average takes seven months.

The very large number of asylum seekers that arrived in 2015 meant that counties and municipal-

ities throughout Germany received more asylum seekers than they were prepared to accommodate.
1Under the Dublin rules, refugees are required to apply for asylum in the first EU country they enter. Being surrounded
by EU member states, these rules technically free Germany from the responsibility to consider applications from any
refugees other than those arriving by plane. In practice, these rules had worked to reduce the number of asylum seekers
arriving in Germany, but never entirely stopped refugees from arriving.
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For many Eastern German municipalities this meant hosting foreigners for the first time in their

modern history. Unlike Western Germany, which has seen several waves of immigration in the

last 50 years, Eastern Germany is remarkably ethnically homogeneous due to its history as part of

the Soviet bloc. In 2014, the year before the refugee crisis, in the vast majority of municipalities

(>80%) the share of foreign citizens was under 1.5% (see Figure 3a). The 2015 influx of refugees

therefore allows us to study the effect of first-time local exposure to foreigners.

Previous evidence on the political consequences of exposure to refugees

Our paper joins a limited number of studies that exploit exogenous shocks to provide causal

estimates for the impact of refugee allocations. Early studies in this literature focused on economic

outcomes such as earnings in ethnic enclaves, network effects and preferences for redistribution

(Dahlberg, Edmark, and Lundqvist 2012). This changed with the onset of the war in Syria, and the

refugee crisis that ensued. While efforts to understand the economic effects of this crisis continue

(Gehrsitz and Ungerer 2017), scholars have also turned their attention to the political consequences.

Exploiting the as-if-random allocation of refugees in Denmark, Dustmann, Vasiljeva, and

Piil Damm (2018) document a shift in voting to the political right in rural areas. Similarly, Dinas

et al. (2018) demonstrate increased support for the Greek radical right party Golden Dawn in

areas closer to the arrival points of refugees. Bratti et al. (2017) show that proximity to refugee

reception centers is associated with more anti-regime votes and higher turnout in Italy. Not all

studies note a general shift to the right, however. Studying refugee allocations in one Austrian state

heavily exposed to the refugee crisis, Steinmayr (2018) reaches more nuanced conclusions. Here,

macro-level, indirect exposure in terms of coverage of the refugee situation in traditional and social

media and in political discourse increased support for the political right, while micro-level exposure

in the form of direct geographic proximity reduced it. As these studies do not use individual-level

data, they keep silent as to the mechanisms that may explain their outcomes. Closest to our study is

Hangartner et al. (2018), who investigate the effect of the mass arrival of refugees on Greek islands.

The authors collected individual-level survey data to demonstrate that exposure to the refugee crisis

increased anti-refugee sentiments, heightened support for anti-immigration policies, and decreased

the willingness to financially or politically support refugees.

These previous studies informed the identification of our outcome measures. We start by

examining voting behavior at the municipality level (using administrative data) and supplement

this data with individual level attitudinal and behavioral measures, including self reported voting in

the 2017 national election and measures of hostility against refugees and immigrants. To this list,

we add an additional outcome: support for populist politics. In so doing, we tap into the debate

on the the rise of right-wing populism in Europe and beyond, which many authors have linked to

discontent with immigration (Inglehart and Norris 2017). This debate is particularly pertinent for

our case of Eastern Germany, where Germany’s new right-wing populist party, the Alternative for

Germany (AfD), has made substantial gains (Schmitt-Beck 2017).2

2All measures and analyses were pre-registered at http://egap.org/registration/xxx.
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Explanatory Mechanisms

A vast, multidisciplinary literature has been advanced to explain the reasons exposure to immigrants—

and outgroup members in general—may impact attitudes and behavior toward them. Taking an

inclusive approach, we identify six explanatory mechanisms, ranging from economic competition

to empathy (Figure 2).

Figure 2: Overview of potential mechanisms included in study

Empathy (with refugees)

Questions, based on Siem (2008)
“To what extent do you feel a sense of compassion, warmth, inclination to help, pity, and commiseration towards refugees?”  // 
“Wie viel „Mitgefühl“,  „Wärme“, „Fürsorge“, „Mitleid“, „Anteilnahme“ und „Betroffenheit“ empfinden Sie für Flüchtlinge?”

Cultural threat/ alienation/ sense of difference ‘Überfremdung’ 

Thürigenmonitor 2017, p. 92
• “Germany has become foreign to a dangerous degree due to the high number of foreigners present” // “Die Bundesrepublik ist 

durch die vielen Ausländer einem gefährlichen Maße überfremdet.“

wird wegen der Flüchtlinge und Asylsuchenden.”

WISIND questions, Bug, Kroh, Meier (2015), p262
• “How afraid were you during the last 12 months to have something stolen from you (without the perpetrator using or threaten to 

use violence)?” // “Wie stark waren Sie besorgt, dass Ihnen etwas gestohlen wird – egal ob zu Hause oder anderswo – ohne 
dass dabei Gewalt gegen Ihre Person angedroht oder angewendet wird?”

• “How afraid are you that you might become a victim of bodily assault in the next 12 months?” // “Für wie wahrscheinlich halten 
Sie es, dass Sie in den nächsten 12 Monaten einer K.rperverletzung zum Opfer fallen?“”

+ +

Block 3*

Attitudinal outcome measures

Block 2*

Petition/AfD thermometer

Block 4*

Behavioral outcome measures

• DG1 Partner1 (ingroup/outgroup)
• TG1 Partner1 (same)
• TG2 Partner2 (ingroup/outgroup)
• DG2 Partner2 (same)
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Vote recollection
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Insecurity
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discord

Empathy

Alienation
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From political science and sociology we adopt four possible explanations. First, a large

literature relates anti-immigrant sentiments to economic competition or the fear thereof, albeit with

quite mixed results (Hainmueller and Hopkins 2014). A related argument is that a sense of relative

deprivation vis-à-vis other members of the society translates into rejection of immigrants among

those feeling deprived, arguably due to a process of scapegoating (Citrin et al. 1997; Inglehart and

Norris 2017). We hypothesize that exposure to refugees may heighten this sense of competition and

deprivation, which in turn will affect attitudes and behavior towards immigrants. Second, exposure

to foreigners is often correlated with an increased sense of insecurity in the population, and this

is also true for urban areas in Germany (Lüdemann 2006). We test the idea that the presence of

refugees may go along with an increased fear of crime in the treatment municipalities, which in

turn drives up behavioral biases, anti-immigrant attitudes, and right-wing support.

Third, another well-established literature argues that anti-immigrant attitudes are often moti-

vated by feelings of alienation towards newcomers and sociotropic concerns with the preservation

of ‘national culture’ (Dancygier and Donelly 2015; Hainmueller and Hopkins 2014; Sniderman,

Hagendoorn, and Prior 2004). We therefore include several items probing for such feelings. Fourth,

based on an argument by Williamson (2015), we hypothesize that hosting refugees may lead to

dissatisfaction with elites on both the local and national level when these are observed to cater

to the newcomers, e.g. by supporting them through welfare programs and specific offers such as

language courses. We expect such discord to directly translate into anti-immigrant attitudes.

To these explanations we add two mechanisms adopted from psychology. Fifth, we test for the

idea that direct exposure to refugees increases feelings of empathy towards them, which should
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lower biases and reduce prejudice (Oceja et al. 2014). Finally, we expect that the presence of

refugees in a municipality entails encounters between natives and the newcomers, and hence focus

on contact as our sixth mechanism. Namely, contact may lead to the reduction of prejudice in

case the relationship is among equals, based on common goals, oriented towards a superordinate

ideal, and enjoys the support of the authorities (Allport 1954; Paluck, Green, and Green 2018).

While superficial, incidental contact—e.g. crossing each other on the street—is likely to fall short

of enabling any prejudice-reducing effect, intentional interactions in which the engagement with

refugees is deeper—e.g. helping them navigate their new surroundings—could have such effect.

We do not engage here in a discussion of the relative merit of each of these mechanisms.

Instead, we set out to measure all of them as best as we can, then descriptively assess the extent to

which they correlate with our outcome measures and, finally, test whether treatment, in terms of the

allocation of refugees in the municipality, affects any of them. In fact, our goal is not to test these

explanatory mechanisms, but to further test the effects of refugees allocation. Namely, assuming

that our outcomes of interest are brought about by any of these mechanisms—as suggested by

extant literature—we expect to observe treatment effects on these mechanisms as well.

Research Design and Measurement

Our empirical strategy consists of comparing political attitudes and behavior of people from

municipalities in Eastern Germany that received refugees with those of people from control

municipalities that did not received refugees. Causal identification relies on two factors: a) the fact

that down to the level of the county, assignment was plausibly orthogonal to possible confounders;

b) a matching strategy that ensures that the threat of selective exposure below this level is negligible.

Treatment definition

We define a municipality as treated if it received more than 4 refugees per 1,000 inhabitants.3 The

number of refugees per municipality was determined using administrative records of the number of

people that received an asylum seeker allowance in the municipality (FDZ 2017). Figure 3b reports

the distribution of the number of refugees in treatment municipalities. We report results for the

extensive margin—whether a municipality received refugees or not—throughout the paper. Results

for the intensive margin—the number of refugees received relative to the local population—are

included in the Appendix, where we show that differences in ‘treatment dosage’ hardly affect our

results.

Sampling of municipalities

The allocation of refugees followed stringent bureaucratic rules down to the level of the county,

which should assure that the assignment of refugees to counties was orthogonal to pre-treatment

covariates. Table 9A in the Appendix demonstrates that this indeed appears to be the case. In a
3We adopted this lower cutoff point, which corresponds to the 25% percentile, in order to discard municipalities in which
the treatment was so small to be intangible.
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Figure 3: Shares of immigrants and refugees in sample municipalities before and after the refugee
crisis

(a) Foreign population share prior to 2015
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(b) Nr of refugees in host municipalities 2015

Figures illustrating a) municipalities with fewer than 1.5% foreigners in the resident population, the cutoff point
used to qualify a municipality as low-immigration. The average share of foreigners in our treatment and control
municipalities is 0.4%. b) Number of refugees per 1,000 inhabitants allocated to municipalities in 2015. Depicted
are municipalities that received up to 75 refugees per 1,000 inhabitants. This is the case for 95% of all sampled
municipalities. The remaining 12 municipalities received larger numbers between 80 and 640 refugees per 1,000
inhabitants. Data provided upon request and approval by the Research Data Centers of the Statistical Offices of the
Federal States (FDZ 2017).

regression of the number of refugees allocated to a county on a large number of covariates such as

the age structure of the population, purchasing power, or vote shares in the previous elections, none

significantly predicts allocation.

However, the rule-based approach to refugee-allocation did not reach beyond the level of the

county. Instead, the administration of each county decided how the refugees would be distributed

among its constitutive municipalities. Therefore, we cannot simply assume random allocation to

municipalities: if county administrations systematically had favored certain types of municipalities,

our effect estimates may be biased. To address this issue we implemented a matching strategy at the

municipality level using a combination of exact and propensity-score matching.4 We also carried

out qualitative interviews with mayors to better understand the allocation process.

Our starting population were all municipalities in the Eastern German Bundesländer of

Mecklenburg-Vorpommern, Sachsen-Anhalt, Brandenburg, Thüringen and Sachsen. Following

a pre-registered sampling and matching procedure (spelled out in detail in the Appendix), we

matched municipalities that had been allocated a sizable number of refugees in 2015 to equivalent

municipalities that received no refugees. Since we are interested in first-time exposure, we limited

our selection to municipalities that had hosted very limited numbers (less than 1.5%) of foreigners

before 2015 (see Figure 3a). We matched municipalities along a range of political, demographic and

geographic factors. We also made sure that potential control municipalities were located at some
4We provide more information about our matching procedure in the ‘Sampling procedures’ section in the Appendix.
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distance (>6km, the median distance between municipality centroids) from treatment municipalities.

The matching process resulted in the selection of 120 treatment and 120 control municipalities.

As shown in the results section (Table 1), the matching procedure led to excellent balance across

covariates, rendering treatment and control municipalities statistically indistinguishable.

In addition, to minimize possible selection along non-observed dimensions, we conducted

qualitative interviews with mayors of potential target municipalities to better understand the

allocation process.5 From these interviews, two factors emerged as possible determinants of refugee

allocation at the local level that had not been included in the matching procedure. Most important,

mayors repeatedly stated that refugees were allocated to municipalities were housing was available,

usually larger buildings that could be turned into group accommodations. This is in line with the

discussion of refugee allocation in Austria, where Steinmayr (2018) uses the availability of housing

as an instrumental variable to predict refugee allocation. As shown in Table 1, available housing is

a predictor—in fact, the only significant predictor—of refugee allocation in our matched sample.

Second, among the mayors, there was the suspicion that the political leaning of a municipality

might have played a role, with more liberal municipalities being more likely to receive refugees.

Anticipating this argument, we had included election results from the last election in 2013 in

our matching procedure. As a result, our treatment and control group are indistinguishable in

terms of general party support (Table 1).6 In order to address the more specific concern that

the party affiliation of the mayor could play a role in whether a municipality received refugees,

we additionally hand-collected the name, gender, and political affiliation of the mayor for each

municipality and coded whether that affiliation matched the ruling party in the state. Again, these

indicators are balanced across treatment conditions, giving us confidence that selection according

to political criteria is negligible in our sample.

Recruitment of participants

Within the sampled municipalities, we recruited individuals proportional to the population sizes in

the different states and municipalities, as shown in Table 18A in the Appendix. In order to be able

to differentiate among varying intensities of treatment, we oversampled respondents from treated

municipalities, who consequently make up 61.2% of our sample. Participants were recruited by

phone based on a random sample of telephone numbers using a protocol that allowed targeting

sample and control municipalities based on the pre-dial code (detailed in the Appendix). During the

call, participants were invited to answer our online survey and to take part in the behavioral games

on a website that we programmed for this purpose using oTree (Chen, Schonger, and Wickens

2016).

Of those individuals who had declared their willingness to take part in the study on the phone,

37.4% went on to complete the online survey and experiments. Due to incomplete interviews and

failure to recruit individuals in four of the 240 target municipalities, our final sample consists of

1,320 participants from 236 municipalities (808 respondents from 118 treatment municipalities,
5In each Bundesland, we randomly selected six mayors—three from treatment municipalities, and three from control
municipalities.

6These analyses are repeated in a regression framework in Table 19A in the Appendix, with the same result.
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and 512 respondents from 118 control municipalities). The survey took an average of 30 minutes,

and participants received a variable compensation of 10–20 Euros (2–4 times the federal hourly

minimum wage), with the exact amount depending on their decisions in the behavioral games.

Outcome Measures

We use a combination of attitudinal and behavioral measures to capture our outcomes of interest.

Our general approach is to form groups of measures, and then to standardize and average over the

items to construct a scale. We construct a total of four scales, the first capturing right-wing support,

the second anti-refugee sentiments, the third a populist worldview, and the fourth behavioral bias.

Disaggregated results for all individual components of the scales are included in the Appendix.

We measure hostility towards refugees with a battery of seven questions, which we combine

into a ‘refugee-rejection scale’. Respondents were asked to what extent they support restricting

access for refugees from war, persecution, and economic hardship. We further probed for their

support for deportations of rejected asylum seekers, how they expected the labor market to react

to the inflow of refugees, and if they wanted the government to invest more in the protection of

refugees from violence. A principal component factor analysis reveals all items load onto a single

factor and the scale has a high reliability (Cronbach’s α=0.79).

Right-wing attitudes are measured using eight questions capturing ethnocentrism, xenophobia,

and skepticism of foreigners. The extent to which individuals are willing to act on these beliefs—i.e.

right-wing behavior—is measured with a question on party vote in the 2017 general elections.

Individuals that reported voting for the right-wing populist party AfD (12% of the sample) or the

established radical right-wing party NPD (0.4 % of the sample) receive a score of one, whereas

others are assigned a zero.7 As an additional, quasi-behavioral measure we asked respondents if

they were willing to support a petition urging the federal government to restrict voting rights for

non-Germans in local elections. The petition text and layout was taken from a real online petition

circulating shortly before our study went into the field. Our ‘right-wing-support scale’ combines

both the attitudinal and the behavioral items (Cronbach’s α=0.82).

A specifically populist worldview is traced with two items borrowed from Akkerman, Mudde,

and Zaslove (2014) that capture the ‘people-centered’ and the ‘anti-pluralist’ dimensions of modern

populism. Following classic research in the field (Ivarsflaten 2008), we combine these items with a

further question probing for general satisfaction with democracy into a populism scale. Because it

combines different dimensions of populism, by construction this scale has a rather poor reliability

(Cronbach’s α=0.41) but is maintained here for comparability with previous research.

In order to capture actual behavior, we embedded two behavioral games in our survey: the

dictator game and the trust game. In both games, respondents are asked to decide whether and how

much money to allocate between themselves and a partner. In the dictator game, respondents have

to decide whether they want to share money with their partner or keep it for themselves. Since

keeping the money is the most profitable solution, sending money is typically interpreted as an
7Note that AfD vote share in our survey sample is underreported compared to regional averages. This is a common
problem in survey research, even when interviews are conducted face to face (Arzheimer 2009), however. Also, a high
share of respondents (9%) reported having voted for ‘other’ parties, which might be masking actual right-wing voting.
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altruistic act. The trust game, in contrast, is strategic. Here, respondents have to decide whether to

send parts or all of the money to their partner, which is doubled in the process. The partner can then

decide whether and how much of the doubled amount of money to return. Sending money can be

profitable if the partner returns more than what was sent, but is also risky, as the partner may decide

to simply keep the doubled amount. All our respondents played both games twice, in random order:

once with a partner with a prototypical German name and appearance, and once with a partner

with an Arab name and Middle Eastern phenotype.8 The measurements of the six explanatory

mechanisms followed an analogeous approach, with several items per mechanism being combined

into a summary indicator (see Section in the Appendix for details).

Results

Descriptives and balance

Table 1 reports summary statistics for our treatment indicators and covariates. Starting with the

treatment, we see that in 2014 the average number of refugees in both treatment and control

municipalities was a mere 0.16. This situation hardly changed in 2015 in the control municipalities,

where both the absolute number of refugees and their number relative to the population remained

close to zero. However, the treatment municipalities experienced a considerable change: here,

in 2015, the average number of refugees was 71, corresponding to almost 40 refugees per 1,000

inhabitants.

Our study region consists of relatively small municipalities with an average population of 3,166,

located in rural areas with an average population density of 59 persons/km2. This is less than half

the average population density in Eastern German states (139 persons/km2), but comparable to that

of the U.S. Midwest (with an average population density of 63 persons/km2 (U.S. Census Bureau

2017)). Looking across treatment conditions, we find that all covariates used during matching

are highly balanced; there are no observable differences along important dimensions such as

level of unemployment, purchasing power, or party support. For the possible factors influencing

the allocation of refugees brought up during our qualitative interviews, we see that there are no

differences according to mayors’ affiliation nor whether they belong to the ruling party in the state,

quelling concerns about a politically driven allocation process. The only significant difference

between treatment and control municipalities is the availability of empty housing. In terms of

political orientation, until the refugee crisis of 2015, our study area was dominated by Angela

Merkel’s conservative Christian Democratic Party (CDU), who had garnered no less than 45% of

the votes in the general elections of 2013.

Moving on to the individual level, we see that balance across treatment and control municipali-

ties is excellent, even though these characteristics were not matched, confirming the effectiveness of

our matching and sampling strategies. Moreover, our sample broadly reflects the general population

in the municipalities, as the comparison reported in Table 17A in the Appendix shows.
8Similar to Habyarimana et al. (2009), we used names and pictures of the interaction partners to manipulate the ingroup
or outgroup status of the partner. See Figure 18Aa) in the Appendix.
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Table 1: Descriptives and balance

Overall Control Treatment
Mean SD Mean SD Mean SD

Municipality level
Treatment
Number of refugees 2014 0.16 (0.68) 0.17 (0.56) 0.14 (0.78)
Nr of refugees per 1,000 inhabitants 2014 0.03 (0.12) 0.03 (0.11) 0.02 (0.12)
Number of refugees 2015† 35.52 (81.85) 0.31 (1.11) 70.74 (104.66)
Nr of refugees per 1,000 inhabitants 2015† 19.55 (58.30) 0.04 (0.15) 39.06 (77.84)

Pretreatment covariates
Area in km2 63.12 (65.67) 62.91 (59.82) 63.34 (71.30)
Population 3166 (3187) 3140 (3130) 3191 (3257)
Population density 58.92 (50.65) 57.36 (51.02) 60.47 (50.43)
Unemployment 4.40 (1.69) 4.45 (1.76) 4.36 (1.63)
Share female 49.50 (1.53) 49.53 (1.51) 49.48 (1.55)
Average age 45.71 (1.91) 45.65 (1.85) 45.77 (1.98)
Share over 65 years 21.68 (4.04) 21.54 (4.34) 21.83 (3.73)
Share men 15 to 25 years 3.49 (0.78) 3.50 (0.78) 3.48 (0.78)
Share foreigners 0.37 (0.35) 0.37 (0.35) 0.38 (0.35)
Purchasing power 11.67 (2.02) 11.58 (2.04) 11.76 (2.00)

Additional covariates
Share empty houses† 5.73 (3.57) 5.26 (2.77) 6.20 (4.17)
Party affiliation of mayor 3.34 (1.17) 3.32 (1.18) 3.36 (1.16)
Mayor of ruling party 0.17 (0.38) 0.19 (0.39) 0.15 (0.36)

Election results 2013
Vote share CDU 2013 43.07 (6.40) 43.06 (6.27) 43.09 (6.56)
Vote share SPD 2013 17.15 (4.74) 17.09 (4.99) 17.22 (4.49)
Vote share Linke 2013 21.50 (3.98) 21.50 (4.11) 21.49 (3.86)
Vote share AfD 2013 5.34 (1.96) 5.40 (1.79) 5.28 (2.12)
Turnout 2013 61.42 (8.17) 61.06 (8.75) 61.78 (7.55)
N 236 118 118

Individual level
Covariates
Female 0.53 (0.50) 0.52 (0.50) 0.53 (0.50)
Age 52.35 (14.00) 52.18 (14.48) 52.46 (13.69)
Partnership status 2.03 (0.62) 2.01 (0.65) 2.04 (0.59)
Children 1.61 (0.97) 1.57 (0.98) 1.63 (0.96)
Household size 1.42 (1.09) 1.41 (1.11) 1.42 (1.07)
Education 2.98 (1.00) 2.94 (1.02) 3.01 (0.98)

Manipulation checks
Estimated number of foreigners† 38.19 (77.19) 28.70 (65.58) 44.20 (83.19)
Municipality received refugees† 0.68 (0.47) 0.42 (0.49) 0.82 (0.38)
N 1,320 512 808
Additional covariates (share empty houses, party affiliation of mayor, and mayor from ruling party) not included in pre-
registration plan. Differences between treatment and control condition significant at p<0.05 marked with a dagger (†) symbol.

Manipulation checks

Could it be that individuals in treated municipalities did not actually notice the presence of refugees

in their midst? Two items included in our survey allow us to refute this ‘unawareness hypothesis’.

First, we asked our survey respondents how many foreigners lived in their place of residence.

Second, we directly asked them whether their village or town had received refugees. The results

are included in Table 1. Here we see that the estimated number of refugees in the participants’

home community is much higher in the treatment municipalities, and that individuals are largely
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aware that their municipality hosts refugees. Both differences are significant at the 0.01% level in

two-sided t-tests. In others words, people in treated municipalities were well aware of the presence

of refugees in their hometown.

Election results

The refugee crisis of 2015 took place in the middle of the national election cycle, making for a

convenient test of the effect of refugees allocation on voting behavior. Overall, the change in party

votes that occurred between the elections of 2013 and 2017 is dramatic: as shown in Figure 4a there

was a massive shift in votes from all political camps towards right-wing populists. Angela Merkel’s

Christian Democrats (CDU) suffered a 13 percentage points loss, corresponding to about one third

of its votes. The social democrats of the SPD and the socialists of DIE LINKE encountered a

similar fate, respectively loosing one fifth and one third of their previously-held votes in the studied

areas. The right-wing populists of the AfD, in contrast, surged from 6% in 2013 to 25% in 2017,

quadrupling their vote share.

Figure 4: Changes in party vote and treatment effects
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Differences in party vote in the 236 sample municipalities a) between the 2013 and 2017 general elections, and
between the matched treatment and control municipalities in b) the 2017 general elections, and the 2016 state-level
elections in Mecklenburg-Western Pomerania and Saxony-Anhalt (106 out of 236 municipalities). Data provided
by Statistische Ämter des Bundes und der Länder (2018).

Were these monumental shifts in party support affected by the arrival of refugees in some of

the municipalities? Perhaps surprisingly, this is not the case. As Figure 4b shows, there are no

meaningful differences between treatment and control municipalities in the share of votes for the

AfD or any other party. Election results only ever differ by at most 0.3 percentage points. Thus,

the presence of refugees in one’s community appears to have had no role in affecting vote change

between the 2013 and 2017 election.

The German electoral system also provides an opportunity to check for short-term electoral

consequences of the refugee crisis. In 2016, state-level elections were held in two of the five states

in focus. Both elections were contested by the AfD, which garnered 25% of the vote, just as at the

federal level. Figure 4c plots the treatment effect for having received refugees. As in the case of

the 2017 general elections, no shift in vote shares is visible. That is, even in the short run—the
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year following the onset of the refugee crisis—hosting refugees had no effect on populist and

anti-immigrant voting. This result also provides evidence against the idea that an effect showed

only shortly and then withered away.

Individual-level outcomes

Turning our attention to individual-level outcomes, Table 2 provides evidence for substantial

support for right-wing positions and parties. For example, among our participants, 36% support the

statement that foreigners only come to Germany to exploit the welfare state, and 34% of participants

support the idea that child support should only be given to native Germans. Refugees indeed entered

a hostile environment. This said, there are no differences between treated and control municipalities.

Instead, we record null effects on every measure of right-wing support.

There is meaningful variation in attitudes towards refugees. A majority of around 60% support

limiting the access of refugees fleeing war and political or religious persecution—which also means

that around 40% of participants support unrestricted access, however. Full access for refugees

leaving their country for economic reasons, in contrast, is only supported by 5% of the respondents.

Our participants thus reflect wider trends in attitudes that are more favorable towards refugees

fleeing from violence as compared to economic migrants (Bansak, Hainmueller, and Hangartner

2016). Yet again, there are no differences between treatment and control municipalities for any of

the indicators.

Distinctively populist positions also enjoy broad support. No fewer than 77% of our participants

agree that ‘the people’ rather than politicians should make the most important policy decisions.

At the same time, 77% also declare that they are generally satisfied with the German democratic

system. Our participants therefore show conflicting attitudes of relatively high satisfaction with

democracy but low support for the politicians that are at the center of that system. Once more, these

figures are unaffected by the presence of refugees, however.

Finally, we consider our measures of behavioral bias towards outgroup members. Overall, we

see only limited evidence for behavioral bias. The most popular choice in both the dictator and the

trust game was to treat ingroup and outgroup members the same: 62% of participants in the dictator

game and 67% in the trust game decided this way. The remaining participants showed substantially

small but statistically significant bias in the trust game, where they sent 27 cents more to ingroup

members (p=0.000, paired t-test). No bias is detectable in the non-strategic dictator game, where

on average a mere 6 cents more were handed to ingroup members (p=0.37, paired t-test). Similar to

the attitudinal measures, our behavioral measures remain unaffected by the allocation of refugees.
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Table 2: Outcomes

Overall Control Treatment
Mean SD Mean SD Mean SD

Municipality level outcomes
Election results 2017
Vote share CDU 2017 30.86 (5.44) 30.55 (5.13) 31.17 (5.74)
Vote share SPD 2017 14.03 (4.13) 14.15 (4.38) 13.91 (3.88)
Vote share Linke 2017 15.02 (3.07) 15.09 (3.11) 14.94 (3.05)
Vote share AfD 2017 23.76 (6.66) 23.83 (6.86) 23.69 (6.49)
Turnout 2017 64.70 (8.52) 64.47 (8.81) 64.92 (8.27)
N 236 118 118

Individual level outcomes
Right-wing support
National assertiveness necessary 2.56 (0.84) 2.59 (0.85) 2.54 (0.82)
Proud to be German 2.78 (0.81) 2.81 (0.83) 2.77 (0.80)
Foreigners only exploit welfare state 3.81 (1.77) 3.79 (1.76) 3.81 (1.77)
Only Germans should receive child support 3.63 (2.20) 3.66 (2.21) 3.62 (2.20)
Foreigners do work Germans do not want 4.57 (1.71) 4.46 (1.74) 4.63 (1.70)
Foreigners help secure pensions 4.63 (1.91) 4.61 (1.93) 4.65 (1.89)
Voted for right-wing party 0.12 (0.33) 0.15 (0.36) 0.11 (0.31)
General support for AfD 3.46 (3.13) 3.49 (3.23) 3.44 (3.07)
Petition against immigrant voting right 6.44 (3.69) 6.61 (3.62) 6.34 (3.73)

Anti-refugee attitudes
Restrict access for refugees from war 1.62 (0.55) 1.66 (0.55) 1.59 (0.55)
Restrict access of persecuted persons 1.65 (0.59) 1.67 (0.61) 1.63 (0.57)
Restrict access of economic refugees 2.29 (0.56) 2.29 (0.58) 2.29 (0.55)
Restrict access of refugees’ families 1.84 (0.60) 1.84 (0.62) 1.84 (0.59)
Fear competition by refugees 1.98 (0.82) 2.03 (0.87) 1.95 (0.78)
Deport rejected asylum seekers 3.40 (0.72) 3.37 (0.73) 3.42 (0.71)
No need to protect refugees better 1.84 (0.76) 1.85 (0.79) 1.83 (0.75)

Populism
The people, not politicians, should decide 3.02 (0.75) 3.02 (0.76) 3.03 (0.75)
Compromises important in democracy 1.51 (0.54) 1.53 (0.56) 1.49 (0.53)
Satisfaction with democracy 2.97 (0.91) 2.99 (0.95) 2.95 (0.88)

Behavioral bias
Ingroup bias dictator game 0.06 (2.60) 0.19 (2.58) -0.02 (2.61)
Ingroup bias trust game 0.22 (2.23) 0.19 (2.20) 0.24 (2.25)
N 1,320 512 808
Differences between treatment and control condition significant at p<0.05 marked with a dagger (†) symbol.
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Regression results

To address the possibility that our null results are driven by remaining imbalances between treatment

and control municipalities, we estimate OLS regression models including the treatment indicator

and the full set of individual and municipality-level control variables. We consider five outcomes:

the share of votes for the AfD at the municipality level, and the four scales summarizing our

indicators for right-wing support, attitudes toward refugees, populism, and behavioral bias.

The results are presented in Figure 5. The coefficients can be read as the treatment effect in

standard deviation units. All effects are close to zero: The estimated effect on voting for the AfD is

0.3% points, and in no case is the difference in outcome scales larger than 0.05 standard deviations.

Moreover, confidence intervals are not particularly large—not extending beyond 1.5% points or

0.1 standard deviations in either direction. We thus find strong evidence for precisely estimated

null effects across the board. In order to formalize this statement, we conducted equivalence tests

(Schuirmann 1987). We tested the hypothesis that the treatment moves the outcomes by +/-0.2

standard deviations, a value conventionally considered a small effect (Cohen 1988). Even this

relatively conservative hypothesis can be rejected at p<0.001 for all outcomes.9

Figure 5: Regression of outcomes on treatment
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Coefficient plot for regression of indicated outcomes on indicator recording whether a municipality hosted refugees,
simultaneously controlling for full set of individual- and municipality-level pre-treatment covariates included in
Table 1. Markers are point estimates, horizontal lines 95% confidence intervals. Complete regression results shown
in Table 6A in the Appendix.

To further probe the robustness of our null finding, we conduct several checks (detailed in the

Appendix). We show that ‘treatment dosage’—whether a municipality received only very few or
9We also conducted a simulation exercise where we ask how strong the influence of an unobserved confounder would
need to be to render the effect of the treatment statistically significantly different from zero. Very strong correlations
between the outcomes, treatment indicator, and the potential confounder would be necessary to change the observed
null effects, making it highly implausible that the null effects are a mere product of chance (see Figure 15A in the
Appendix).
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substantial numbers of refugees—overall plays little role. We find some evidence that the five

municipalities that received the highest numbers of refugees relative to the resident population

(200–600 refugees per 1,000 inhabitants) show higher support for the AfD, but cannot confirm

this result for our other indicators. Nor do we find variation in outcomes for the range of less

extreme forms of the treatment (under 200 refugees per 1,000 inhabitants). Relatedly, we can

show that our close-to-zero point estimates are not driven by polarization, i.e. opinions becoming

more extreme: the distribution of outcomes in all cases is statistically indistinguishable, with

Kolgomorov-Smirnov test values ranging from p=0.28 to p=0.99. Likewise, we demonstrate that

classification errors—individuals incorrectly classifying their municipality as having received

refugees or vice versa—have little role in explaining our results. By means of spatial econometric

tests, we also show that our null findings are not simply a result of spatial spillovers from treatment

to control municipalities. With the exception of the election results, for which there seems to be

some local interdependence, none of our outcome measures is affected by spatial autocorrelation.

Finally, we show that selective attrition is not a problem: 92% of our sample already lived at their

current place of residence before the onset of the refugee crisis, and reported numbers of individuals

moving into or out of neighborhoods are small and virtually identical across treatment conditions.

In sum, while the attitudinal and behavioral measures show widespread anti-immigrant senti-

ments and right-wing support, the actual allocation of a sizable number of refugees in municipalities

seems to have no effect on any of the included outcomes.

Results mechanisms

Even if we are not finding any treatment effects on our outcomes, we nonetheless test whether the

allocation of refugees has had any effect on the explanatory mechanisms that are traditionally linked

to changes in attitudes and behavior toward outgroup members. Ideally, each of these mechanisms

is expected to have a mediating role in the causal chain connecting refugees allocation to our

behavioral and attitudinal outcomes. We therefore consider the possibility that the treatment might

have affected the mechanisms, even though it has not had any repercussion on outcomes (yet).10

Table 3: Pairwise correlations between outcomes and mechanisms

Right-wing support Anti-refugee sentiments Populism Behavioral bias N

Deprivation/competition 0.36 0.32 0.37 0.10 1,320
Insecurity 0.34 0.33 0.29 0.16 1,297
Alienation 0.78 0.73 0.47 0.35 1,309
Community/elite discord 0.72 0.69 0.44 0.31 1,320
Empathy -0.55 -0.59 -0.30 -0.28 1,187
Contact -0.29 -0.35 -0.20 -0.14 1,320

Note: Outcomes in columns, mechanisms in rows. All correlations are significant at p<0.001. Deviations from full
sample size (n=1,320) due to missing values on some of the outcome variables and measures of mechanisms.

10Note that in this section, we no longer display the results for the AfD vote share because vote share is measured at the
municipality level, whereas our mechanisms are solely measured on the individual level.
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First, we find that in line with extant work, the mechanisms we derived from previous literature

are all highly relevant predictors in our study context. Table 3 presents pairwise correlations

between our outcome measures and the scaled mechanisms. Correlations are substantial, they

are all statistically significant at the 0.1% level, and go in the expected direction. Considering

all the explanatory mechanisms together in a regression framework, and controlling for the full

set of controls, the direction of the coefficients is in line with expectations, although only two

mechanisms reach statistical significance in all models (Figure 6). Namely, cultural alienation

positively and strongly predicts all outcomes, pointing towards sociotropic concerns as an important

explanation of the observed outcomes. Of similar predictive power is our indicator for elite discord.

Disappointment with the state thus stands out as another important predictor for anti-immigrant

attitudes and behavior.

Figure 6: Regression of outcomes on mechanisms
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Coefficient plot for regression of outcomes on explanatory mechanisms, simultaneously controlling for full set of
individual- and municipality-level pre-treatment covariates. OLS regression. Markers are point estimates, lines
95% confidence intervals. Full regression results shown in Table 7A in the Appendix.

Overall, the mechanisms are doing a good job predicting the outcomes,11 thus suggesting that

they might be implicated in explaining changes in the attitudes and behavior of Eastern Germans

following the arrival of refugees. Could it be that the treatment had an effect on them?

To address this question we estimate treatment effects for each of the mechanisms. Figure

7 reports the effects of having received refugees on the six mechanisms as estimated by OLS

regressions including our standard controls. Once again, our overall conclusion is that there is no
11The predictive power of the models is fairly strong, with r-squared values between 0.24 and 0.68.
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Figure 7: Regression of mechanisms on treatment indicator
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Coefficient plot for regression of mechanisms on treatment indicator, simultaneously controlling for full set of
individual- and municipality-level pre-treatment covariates. OLS regression. Markers are point estimates, lines
95% confidence intervals. Full regression results shown in Table 8A in the Appendix.

effect of treatment. None of the mechanisms, with the partial exception of contact (p=0.04), is

affected by refugees allocation. While the allocation of refugees to a municipality thus seems to

have improved the opportunity for people to seek out contact with refugees, this effect apparently

was not strong enough to impact the outcomes.

Treatment heterogeneity

Although we do not find overall effects in our study population, there might be sub-groups for

which the physical presence of refugees makes a difference. We pursue two approaches to exploring

heterogeneity of treatment effects in our data: one data-driven, and one theoretically-informed

approach. First, we use recursive partitioning to uncover systematic heterogeneity along the

pre-treatment demographic variables sex, age, education, partnership status, parental status, and

household size (Athey and Imbens 2016). The results of this exercise are plotted in Figure 8. We

find that age stands out as the variable that results in the most salient partitions. For all outcomes,

the single strongest heterogeneity in treatment effect is between younger people under the age of

40 and older people above 40, with the younger cohort becoming more negative with exposure.

Our second approach is driven by theory. The highly politicized and divisive nature of immi-

gration in Eastern Germany, even in the face of a minimal presence of foreigners, makes political

ideology, in terms of the classic left-right identification as well as in terms of authoritarianism, a

likely dimension of differentiation. Both dimensions are considered relatively stable characteristics

that do not change as quickly as the types of attitudinal measures we used to construct the tested

mechanisms (Knutsen 1995). A priori, it is not clear what the impact of the physical arrival of

refugees could be on these partisan subgroups (Hopkins 2010). On the one hand, their respec-

tive views can be strengthened by direct experience, as some of the literature on public opinion
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Figure 8: Causal tree diagrams of heterogeneous treatment effects based on Athey and Imbens
(2016)
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The figure plots the most salient partitions when estimating treatment effect heterogeneity. The first node represents
the average treatment effect for the full sample. The numbers represent estimates for the indicated split, while the
percentages indicate the size of the subgroup.

polarization suggests (Anderson et al. 2005). On the other hand, the actual presence of refugees

might contrast the heated rhetoric that surrounds their arrival, eventually replacing the alarmism

of the right as well as the sanguine views of the left with a more realistic and middle of the road

experience. This would actually lead to convergence rather than further polarization. We test this

idea by interacting the treatment indicator with i) a categorical variable classifying participants as

‘left’, ‘center’ or ‘right’ based on their self-placement on a left-right scale, and ii) a three-point

libertarian-moderate-authoritarian scale.

Figure 9 presents the results. A pattern consistent across all four outcomes emerges: refugee

arrivals seem to make individuals on the ideological right less negative in their attitudes and behavior

toward foreigners, while those on the left become more negative. A similar pattern is also visible

when considering the authoritarianism scale: authoritarian respondents in treated municipalities

tend to become less negative, while liberal ones become more so.12 Indeed, when pooling outcomes

in a multilevel framework using the approach suggested by Gelman, Hill, and Yajima (2012), the

heterogeneous treatment effects become statistically significant.13 The null effects reported in our

main results above thus mask a substantial amount of heterogeneity in the treatment effect for
12It is important to keep in mind that the main effect of the left-right and libertarian-authoritarian dimensions on our

outcomes are as expected, with right-wing attitudes and authoritarianism both associated with stronger anti-immigrant
and anti-refugee sentiments. See Tables 15A-16A in the Appendix.

13For the analysis, the data is transformed into long-form and a multilevel model is fitted where the intercept is allowed
to vary by the 20 individual-level outcomes from Table 2.
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Figure 9: Heterogeneous treatment effects for political and ideological orientation
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Coefficient plot for regression of outcome measures on the interaction of the treatment indicator with the indicators
for left-right orientation and authoritarianism, simultaneously controlling individual- and municipality-level pre-
treatment covariates. OLS regression. Markers are the point estimates for the interaction effects, lines 95%
confidence intervals. Regression results (including for constitutive terms) shown in Tables 15A and 16A in the
Appendix.

different sub-populations differing in their ideological orientation. Rather than having polarized

communities, however, it seems that the allocation of refugees, if anything, has reduced ideological

polarization—with individuals both on the right and left moving closer to the center.14

Discussion

This study examines how first-time exposure to foreigners impacts natives’ attitudes and behavior

towards them and support for right-wing politics. Inference relies on official voting results in the

2013 and 2017 national elections and an original survey of 1,320 German citizens recruited in

closely matched municipalities with and without exposure to refugees. We find that residents of

municipalities with exposure to refugees are indistinguishable from those without exposure across

all measures of right-wing support and anti-immigrant attitudes and behavior.
14As an additional test for the idea that opinions moved closer together we conducted variance ratio tests, testing for

the hypothesis that the variance in responses is smaller in treatment than in control municipalities. The hypothesis is
confirmed for right-wing support (F=0.85, p=0.02), anti-refugee sentiments (F=0.83, p=0.01) and populism (F=0.87,
p=0.05), but not detectable for behavioral bias (F=1.02, p=0.61).

21



Our study is, in several ways, a crucial test for the causal effect of local exposure to refugees

on political attitudes and behavior. The influx of refugees was pronounced, happened relatively

quickly, and met the local population unprepared: they neither had influence over the wars and

conditions that triggered the migration flows, nor over the decision of the German government to

keep open the borders. Refugees arrived in areas where, despite low levels of immigration and

ethnic diversity, anti-immigrant sentiments were widespread. Moreover, these areas had experienced

a surge in support of right-wing populist political actors during national and local election. Despite

these favorable conditions for finding an effect of local exposure of refugees on political attitudes

and behavior, we uncover precisely estimated null effects across the board. On balance, neither

right-wing attitudes, voting, nor stylized cooperative interactions with non-Germans are affected.

Not even specific attitudes towards refugees are affected by actually hosting refugees in one’s

community. While we find that classic explanations of anti-immigrant sentiments do a good job

explaining what we observe, our results reveal that local exposure had little to no impact on these

mechanisms. Our findings may extend to similar settings, in which the presence of foreigners is

relatively low but there is strong anti-immigrant sentiment. This encompasses large stretches of

Central and Eastern Europe and the rural hinterlands of the United States.

The fact that our findings differ from those of Hangartner et al. (2018) may point towards the

role of the economy as a contextual factor shaping immigrant reception. Our findings suggest that

in times of national economic stability, even in cases where immigrant arrivals are sudden, large

and highly politicized, natives do not necessarily become more anti-immigrant or anti-refugee

in their political opinions or behavior as a consequence of local exposure (). If anything, local

exposure seems to serve as a reality check for everybody, weakening the hostility among those with

entrenched right-wing and authoritarian attitudes while providing left wingers and libertarians with a

less sanguine view of the problem. This means that rather than polarizing the local population, actual

exposure brings people together on the middle ground. Other findings taint this more optimistic

picture, however. Our analyses also show that anti-immigrant and anti-refugee sentiments are

strongest among the young cohort, suggesting that these attitudes are here to stay.

We interpret our findings as broadly supporting the sociotropic view of immigration concerns

(Dancygier and Donelly 2015; Hainmueller and Hopkins 2014; Sniderman, Hagendoorn, and Prior

2004; Valentino et al. 2017). Sociotropic motives mean that people are concerned with the general

direction in which their community is going, rather than with their own personal situation. An

implication of this theory is that individuals’ personal experiences—such as local exposure to and

the specific situation of refugees surrounding them—matter little to attitude formation. Our study

explicitly tests and confirms this implication. The situation of individual refugees hosted in their

communities is not what respondents are reacting to. Nor are they resentful of specific individuals

they encounter, as powerfully shown in the low bias in the behavioral games and the substantial

degree of empathy they hold for refugees, especially for refugees from regions affected by war.

Nevertheless, respondents are highly critical of what they perceived as an open door immigration

policy. Individuals in our study area, it appears, are not anti-immigrant, but anti-immigration. Ideas

about policy dominate local experience.
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In addition to sociotropic concerns, the refugee crisis also put in focus the citizen-state rela-

tionship (Williamson 2015). The arrival of refugees worked as a prism through which individuals

could examine their relationship with the state. It gave them an opportunity to compare their own

perceived treatment with how the state treated the newcomers. Many did not like what they saw.

The ‘welcome culture’ and relatively generous treatment of the refugees put in focus their own

feelings of neglect. In that sense, what we see in Eastern Germany resembles qualitative findings

from the U.S. South, where individuals feel like they are made strangers in their own land by forces

beyond their control (Hochschild 2016). Successfully tackling anti-immigrant sentiments, then,

may first and foremost require addressing these negative feelings.
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Appendix for ‘Strangers in Hostile Lands’

Asylum and share of foreigners: further information

Figure 10A shows the number of asylum applications in Germany for the years 1990 to 2017. A
clear peak is visible for the years 2014–2016, the years of the ‘refugee crisis’. Even though most
refugees arrived in Germany in 2015, the highest number of asylum applications was registered in
2016. This is because the mass arrival of refugees in 2015 put the German asylum system under
strain. Many applications could therefore only be processed in the following year.

Figure 10A: Number of applications for asylum in Germany since 1990

0

200,000

400,000

600,000

800,000

N
 a

pp
lic

at
io

ns
 fo

r a
sy

lu
m

1990 1993 1996 1999 2002 2005 2008 2011 2014 2017

Year

Data provided by the German Federal Agency for Civic Education (bpb 2018).

Table 4A: Share foreign citizens in population in Eastern and Western Germany/Europe

Germany Europe
West East West East

Share foreign citizens 10.5% 2.7% 8.6% 2.0%
Western and Southern Europe: Belgium, Denmark, Germany, Ireland, Greece,
Spain, France, Italy, Cyprus, Luxembourg, Malta, Netherlands, Austria, Por-
tugal, Finland, Sweden, United Kingdom, Iceland, Liechtenstein, Norway,
Switzerland; Central and Eastern Europe: Bulgaria, Czech Republic, Esto-
nia, Croatia, Latvia, Lithuania, Hungary, Poland, Romania, Slovenia, Slovakia.
Calculated from Eurostat (2015).

Table 4A compares the share of foreigners in Western and Eastern Germany to those in Western and
Southern vs. Central and Eastern Europe. As can be seen, the share of foreigners Western Germany
is most similar to that for Western and Southern Europe, while the figure for Eastern Germany
resembles that for Central and Eastern Europe.

Measurement of mechanisms

Indicators for the six explanatory mechanisms were built using several survey items. Economic
competition and relative deprivation are captured by a combination of objective and subjective
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measures recording whether a person is unemployed, has a household income that is in the lowest
quartile of the observed income distribution, and feels that s/he does not receive her fair share
relative to others in Germany. Personal security is measured with items on proximity to areas
deemed unsafe in the dark, and the perceived likelihood of becoming a victim of theft or physical
violence. Cultural alienation, a more abstract concept, requires several survey items, including
whether ‘due to the many foreigners in Germany, one increasingly feels like a stranger in one’s own
country.’ We probe for dissatisfaction with the elites with the statement ‘The authorities are doing
too much for refugees, and too little for German citizens,’ and for community-discord with an item
on whether the issue of refugees has polarized their community. Empathy is measured by inquiring
to what extent respondents pity and commiserate with refugees (Oceja et al. 2014). Finally, contact
is captured with questions asking whether individuals a) have encountered refugees on the street,
at work, or at their children’s school and b) whether individuals have been actively involved in
supporting refugees. As before, for parsimony of presentation, we combine the measures for each
mechanism in a scale by standardizing and averaging over items. Table 5A includes the full list of
measures and their values across treatment conditions.

Table 5A: Summary statistics mechanisms

Overall Control Treatment
Mean SD Mean SD Mean SD

Deprivation
Lowest income quartile 0.25 (0.43) 0.26 (0.44) 0.24 (0.43)
Unemployed 0.03 (0.18) 0.04 (0.19) 0.03 (0.17)
Bad personal economic situation 2.16 (0.70) 2.20 (0.72) 2.14 (0.68)
Receive less than fair share 3.52 (0.80) 3.51 (0.84) 3.53 (0.77)
Eastern Germans treated as second class 2.27 (0.86) 2.32 (0.89) 2.23 (0.84)
Fear to end up on losing side 2.26 (0.95) 2.29 (1.00) 2.23 (0.92)

Insecurity
Fear entering neighborhood alone 0.15 (0.36) 0.14 (0.35) 0.16 (0.36)
Fear theft 2.46 (0.93) 2.48 (0.99) 2.45 (0.89)
Fear physical violence 2.01 (0.67) 1.98 (0.68) 2.03 (0.66)

Cultural alienation
Refugees culturally enrich society 2.41 (0.89) 2.44 (0.91) 2.39 (0.87)
Feel like stranger in own country 2.17 (0.95) 2.25 (0.99) 2.12 (0.92)
Islam trying to extent reach 2.84 (0.93) 2.84 (0.96) 2.84 (0.92)
Muslims reject German constitution 2.55 (0.83) 2.51 (0.85) 2.57 (0.81)

Discord
Authorities favor refugees 2.62 (0.99) 2.66 (1.02) 2.59 (0.98)
Refugee topic divided community 0.17 (0.37) 0.18 (0.38) 0.16 (0.37)
Opinion differ in politics discussions 2.96 (0.74) 2.99 (0.79) 2.94 (0.71)
Not understand anti-refugee demonstrations 2.46 (0.87) 2.43 (0.89) 2.49 (0.85)
Not understand helping refugees 1.52 (0.67) 1.57 (0.70) 1.49 (0.64)

Empathy
Feel pity with refugees 2.73 (0.79) 2.74 (0.80) 2.73 (0.78)

Contact
Contact with refugees on the street/school 0.43 (0.50) 0.41 (0.49) 0.45 (0.50)
Provided personal support to refugees† 0.15 (0.35) 0.11 (0.31) 0.17 (0.37)
Foreign acquaintances 1.95 (1.04) 1.93 (0.99) 1.97 (1.06)

N 1,320 512 808
Differences between treatment and control condition significant at p<0.05 marked with a dagger (†)
symbol. The only mechanism significantly (p<0.05) affected by the treatment is intense contact
(‘Provided personal support to refugees’). This finding does not extend to more loose forms of self-
reported contact, like seeing refugees on the street.
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Regression results and additional results

Table 6A presents the full results for Figure 5 in the main text. Regression results with treatment
effects for the individual-level indicators shown in columns 1 to 4. Among the individual-level
covariates, only being female and the level of education have strong and precisely estimated
coefficients. Women score between 0.09 and 0.16 standard deviations lower on the behavioral
bias-, right-wing- and refugee rejection-scales than men. Higher education is strongly associated
with lower bias, right-wing-support, populist attitudes and rejection of refugees. Looking at the
municipality-level covariates, right-wing support is predicted by the AfD vote share in 2013, and
the population in some states appears to systematically support populist positions more strongly
than that in others. Other effects are zero or close to zero. In general, the included covariates
perform relatively poorly in predicting our outcomes of interest, with r-square values between 0.04
and 0.09. Column 5 presents the results of a municipality-level regression of the AfD vote share in
the 2017 general elections on the treatment indicator and covariates. Here, the election results from
the previous election show themselves to be strong predictors, as do turnout and the share of males
between 15 and 25 years. The regression does a good job at explaining variation in the outcome,
with an r-square of 0.69.

Table 6A: Regression of outcome measures on treatment status

(1) (2) (3) (4) (5)
AfD 2017 Right-wing support Anti-refugee sentiments Populism Behavioral bias

Treatment municipalities 0.29 (0.51) -0.02 (0.04) -0.02 (0.04) -0.03 (0.04) -0.02 (0.05)
Female -0.12∗∗∗ (0.04) -0.09∗ (0.04) 0.05 (0.04) -0.13∗∗ (0.05)
Age -0.00 (0.00) 0.00 (0.00) -0.00 (0.00) -0.00 (0.00)
Single (ref.)
Stable union 0.12 (0.06) 0.17∗ (0.07) 0.11 (0.07) 0.01 (0.09)
Separated 0.16 (0.09) 0.16 (0.10) 0.07 (0.10) 0.00 (0.13)
Widowed 0.10 (0.10) 0.15 (0.11) 0.20 (0.11) -0.03 (0.15)
Children -0.01 (0.02) -0.06∗ (0.02) -0.04 (0.02) 0.00 (0.03)
Household size 0.00 (0.02) 0.01 (0.02) -0.02 (0.02) -0.00 (0.03)
Education -0.14∗∗∗ (0.02) -0.14∗∗∗ (0.02) -0.09∗∗∗ (0.02) -0.09∗∗∗ (0.02)
Area in km2 -0.01 (0.01) 0.00 (0.00) -0.00 (0.00) -0.00 (0.00) 0.00 (0.00)
Population 0.00 (0.00) -0.00 (0.00) 0.00 (0.00) -0.00 (0.00) -0.00 (0.00)
Population density -0.01 (0.01) 0.00 (0.00) -0.00 (0.00) -0.00 (0.00) -0.00 (0.00)
Unemployment 0.31 (0.21) 0.01 (0.02) -0.01 (0.02) 0.03 (0.02) 0.00 (0.02)
Share female 0.02 (0.21) -0.01 (0.02) -0.01 (0.02) -0.01 (0.02) -0.02 (0.03)
Average age -0.15 (0.27) 0.03 (0.03) 0.06∗ (0.03) -0.00 (0.03) -0.01 (0.03)
Share over 65 years 0.06 (0.13) -0.01 (0.01) -0.02 (0.01) 0.01 (0.01) 0.00 (0.02)
Share men 15-25 years 1.03∗∗ (0.39) -0.05 (0.04) -0.04 (0.04) -0.04 (0.04) -0.09 (0.05)
Share foreigners -0.68 (0.93) -0.09 (0.08) 0.02 (0.08) 0.15 (0.09) -0.16 (0.11)
Purchasing power -0.25 (0.17) -0.01 (0.01) -0.01 (0.02) 0.01 (0.02) 0.02 (0.02)
Turnout 2013 -0.18∗∗∗ (0.05) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.01 (0.01)
Vote share CDU 2013 -0.36∗∗∗ (0.10) 0.02 (0.01) 0.01 (0.01) -0.00 (0.01) 0.01 (0.01)
Vote share SPD 2013 -0.67∗∗∗ (0.12) 0.01 (0.01) -0.00 (0.01) 0.01 (0.01) 0.02 (0.02)
Vote share Linke 2013 -0.17 (0.12) 0.02∗ (0.01) 0.02 (0.01) 0.01 (0.01) 0.02 (0.01)
Vote share AfD 2013 0.84∗∗∗ (0.19) 0.05∗∗ (0.02) 0.02 (0.02) -0.00 (0.02) 0.02 (0.02)
Brandenburg (ref.)
Mecklenburg-Vorpommern -4.88∗∗∗ (1.07) -0.07 (0.10) -0.10 (0.10) 0.25∗ (0.11) -0.07 (0.14)
Sachsen 7.80∗∗∗ (1.26) 0.01 (0.09) -0.10 (0.10) 0.30∗∗ (0.10) -0.01 (0.13)
Sachsen-Anhalt -2.41∗ (1.20) 0.07 (0.10) -0.14 (0.10) 0.15 (0.11) 0.01 (0.14)
Thüringen 0.35 (1.21) 0.06 (0.09) -0.08 (0.10) 0.23∗ (0.10) -0.05 (0.12)
Constant 65.00∗∗∗ (16.28) -1.67 (1.49) -2.25 (1.59) -0.13 (1.63) 0.20 (2.07)

Observations 236 1,319 1,311 1,314 1,320
R2 0.69 0.09 0.08 0.05 0.03

K-S test (p-value) 0.99 0.40 0.20 0.92 0.82
OLS regression. Difference to full sample size (n=1,320) due to missing items on individual outcome measures. Standard errors in
parentheses ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

However, absent from the list of significant predictors is our treatment in focus. Whether
a municipality has accepted refugees or not hardly matters, with treatment municipalities only
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showing 0.29 percentage points higher support for the AfD. Figure 11A shows results for regressions
of all individual outcome measures on the treatment indicator, simultaneously controlling for the
full set of individual- and municipality-level pre-treatment covariates. Figure 12A shows analogous
plots for regressions of the individual indicators on the treatment. Figure 13A replicates the
coefficient plot in Figure 5 in the main text, weighting observations to match the age and gender
margins of the population in our sample municipalities.

Table 7A: Regression of outcomes on indicators for various mechanisms

(1) (2) (3) (4)
Right-wing support Anti-refugee sentiments Populism Behavioral bias

Deprivation/competition 0.01 (0.02) -0.02 (0.02) 0.23∗∗∗ (0.03) -0.10∗ (0.05)
Insecurity 0.02 (0.02) 0.04∗ (0.02) 0.08∗∗∗ (0.03) 0.01 (0.03)
Alienation 0.39∗∗∗ (0.02) 0.33∗∗∗ (0.02) 0.18∗∗∗ (0.03) 0.27∗∗∗ (0.05)
Community/elite discord 0.28∗∗∗ (0.03) 0.25∗∗∗ (0.03) 0.19∗∗∗ (0.04) 0.11∗ (0.06)
Empathy -0.07∗∗∗ (0.01) -0.15∗∗∗ (0.02) -0.00 (0.02) -0.08∗ (0.03)
Contact 0.01 (0.02) -0.06∗∗∗ (0.02) -0.02 (0.03) -0.02 (0.04)
Constant -1.10 (0.94) -1.76 (1.04) 0.86 (1.45) 1.05 (2.02)
Individual controls Yes Yes Yes Yes
Municipality controls Yes Yes Yes Yes

Observations 1,175 1,174 1,175 1,175
R2 0.68 0.64 0.31 0.17
Standard errors in parentheses, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 8A: Regression of mechanisms on treatment status

(1) (2) (3) (4) (5) (6)
Deprivation/competition Insecurity Alienation Community/elite discord Empathy Contact

Treatment municipalities -0.02 (0.03) 0.04 (0.05) -0.03 (0.05) -0.02 (0.04) -0.05 (0.06) 0.08∗ (0.04)
Female 0.05 (0.03) 0.02 (0.05) -0.04 (0.05) 0.01 (0.04) 0.25∗∗∗ (0.06) -0.04 (0.04)
Age 0.00 (0.00) -0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.01∗∗∗ (0.00) -0.01∗∗∗ (0.00)
Single (ref.)
Stable union -0.19∗∗ (0.06) -0.05 (0.08) 0.09 (0.08) 0.10 (0.07) -0.03 (0.11) 0.08 (0.07)
Separated 0.03 (0.09) -0.08 (0.12) 0.14 (0.12) 0.15 (0.10) 0.03 (0.15) 0.15 (0.11)
Widowed -0.12 (0.10) -0.00 (0.13) 0.15 (0.13) 0.13 (0.11) 0.09 (0.17) -0.05 (0.12)
Children -0.04 (0.02) -0.03 (0.03) -0.06∗ (0.03) -0.06∗∗ (0.02) 0.03 (0.04) 0.04 (0.03)
Household size 0.09∗∗∗ (0.02) 0.00 (0.03) 0.02 (0.03) 0.04 (0.02) 0.01 (0.03) -0.01 (0.02)
Education -0.16∗∗∗ (0.02) -0.07∗∗ (0.02) -0.16∗∗∗ (0.02) -0.15∗∗∗ (0.02) 0.17∗∗∗ (0.03) 0.14∗∗∗ (0.02)
Area in km2 -0.00 (0.00) 0.00 (0.00) -0.00 (0.00) -0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Population -0.00 (0.00) -0.00 (0.00) 0.00 (0.00) 0.00 (0.00) -0.00 (0.00) -0.00 (0.00)
Population density -0.00 (0.00) 0.00 (0.00) -0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Unemployment 0.02 (0.02) 0.00 (0.02) 0.00 (0.02) -0.00 (0.02) -0.01 (0.03) 0.00 (0.02)
Share female 0.02 (0.02) -0.03 (0.02) -0.03 (0.02) -0.02 (0.02) 0.01 (0.03) -0.01 (0.02)
Average age 0.05 (0.02) 0.03 (0.03) 0.02 (0.03) 0.00 (0.03) -0.02 (0.04) -0.04 (0.03)
Share over 65 years -0.01 (0.01) -0.01 (0.02) 0.01 (0.02) 0.00 (0.01) 0.01 (0.02) 0.02 (0.01)
Share men 15-25 years 0.03 (0.04) -0.00 (0.05) -0.06 (0.05) -0.05 (0.04) 0.04 (0.06) -0.05 (0.04)
Share foreigners 0.11 (0.07) -0.11 (0.10) -0.02 (0.10) 0.02 (0.08) -0.17 (0.13) 0.06 (0.09)
Purchasing power -0.03 (0.01) 0.01 (0.02) -0.02 (0.02) -0.01 (0.02) 0.03 (0.02) -0.00 (0.02)
Turnout 2013 -0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) -0.01 (0.01) 0.00 (0.00)
Vote share CDU 2013 -0.00 (0.01) -0.00 (0.01) 0.02 (0.01) 0.03∗∗ (0.01) -0.02 (0.02) -0.01 (0.01)
Vote share SPD 2013 -0.01 (0.01) 0.01 (0.01) 0.02 (0.01) 0.03∗∗ (0.01) -0.00 (0.02) -0.00 (0.01)
Vote share Linke 2013 0.00 (0.01) 0.00 (0.01) 0.03∗ (0.01) 0.03∗∗ (0.01) -0.05∗∗ (0.02) -0.01 (0.01)
Vote share AfD 2013 -0.02 (0.02) 0.01 (0.02) 0.05∗ (0.02) 0.06∗∗ (0.02) -0.03 (0.03) -0.04 (0.02)
Brandenburg (ref.)
Mecklenburg-Vorpommern -0.10 (0.09) 0.05 (0.12) 0.05 (0.13) -0.02 (0.10) 0.06 (0.16) 0.15 (0.11)
Sachsen -0.00 (0.09) 0.12 (0.12) 0.07 (0.12) -0.03 (0.10) 0.02 (0.15) -0.03 (0.10)
Sachsen-Anhalt -0.02 (0.09) -0.01 (0.12) 0.14 (0.13) 0.11 (0.10) -0.06 (0.16) -0.08 (0.11)
Thüringen -0.13 (0.08) -0.02 (0.11) 0.08 (0.11) 0.01 (0.09) 0.05 (0.15) -0.02 (0.10)
Constant -1.77 (1.38) 0.26 (1.88) -1.15 (1.92) -1.47 (1.58) 0.57 (2.43) 2.49 (1.69)

Observations 1320 1297 1309 1320 1187 1320
R2 0.12 0.02 0.07 0.08 0.09 0.08
OLS regression. Difference to full sample size (n=1,320) due to missing items on individual outcome measures. Standard errors in parentheses ∗ p < 0.05, ∗∗

p < 0.01, ∗∗∗ p < 0.001
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Figure 11A: Regression of individual outcome indicators on treatment indicator
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Coefficient plot for regression of individual outcome indicators on treatment indicator, simultaneously controlling
for full set of individual- and municipality-level pre-treatment covariates. Markers are point estimates, lines 95%
confidence intervals.
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Figure 12A: Regression of individual indicators for mechanisms on treatment indicator
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Coefficient plot for regression of individual indicators for mechanisms on treatment indicator, simultaneously
controlling for full set of individual- and municipality-level pre-treatment covariates. Markers are point estimates,
lines 95% confidence intervals.
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Regression using age and gender weights

Figure 13A: Regression of outcomes on treatment, weighted to match age and gender margins in
sampled municipalities
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The Figure replicates the coefficient plot in Figure 5 in the main text. As can seen, weighting to match the age
and gender margins of the population in the sampled municipalities (shown in Table 17A) hardly effects the point
estimates.

Allocation of refugees at the county level

In Table 9A we check whether the allocation of refugees was independent of county characteristics
other than population size, as stipulated by the allocation policy. We find this idea largely confirmed.
The table shows a regression of the number of refugees per 100 residents (i.e. proportional to
population size) allocated to a given county in 2015 on pre-treatment covariates. The unit of
analysis are the 76 counties (Landkreise) in the five Eastern German states (excluding Berlin).
Given the other predictors, the allocation of refugees is independent of the political leaning of
a county, the county’s purchasing power and unemployment rate, average age and demographic
composition, and does not differ systematically between states (Bundesländer). The only predictor
approaching conventional levels of significance (p=0.051) is population density, with more densely
populated counties being allocated somewhat higher numbers of refugees.

Table 9A: Regression of refugee allocation on county characteristics

Municipality hosting refugees
b se ci95

Population 2014 -0.00 0.00 -0.00,0.00
Population density 2014 0.00 0.00 -0.00,0.00
Unemployment rate 2014 -3.34 9.27 -21.9,15.2
Share women in 2011 -0.30 0.18 -0.66,0.06
Average age in 2011 -0.07 0.25 -0.57,0.42
Share of population over 65 in 2011 0.05 0.12 -0.19,0.28
Share of men 15 to 25 years in 2011 2.78 19.81 -36.9,42.7
Share foreigners -0.03 0.18 -0.39,0.33
Purchasing power pp 2005 -0.00 0.00 -0.00,0.00
Voter turnout in % -0.03 0.03 -0.09,0.02
Share CDU votes in % 0.03 0.08 -0.18,0.13
Share SPD votes in % -0.03 0.01 -0.22,0.16
Share LINKE votes in % -0.01 0.08 -0.17,0.15
Share OTHERS votes in % -0.05 0.09 -0.23,0.14
Brandenburg (ref.)
Mecklenburg-Vorpommern -0.37 0.14 -1.12,0.45
Sachsen -0.27 0.51 -1.30,0.75
Sachsen-Anhalt -0.60 0.48 -1.56,0.37
Thüringen -0.53 0.42 -1.38,0.31
Share empty housing 0.10 0.06 -0.01,0.21
Constant 23.60 14.93 -6.30,53.51

N 76
F (19, 56) 1.38
R2 0.088
Regression of the number of refugees per 100 inhabitants per county on pre-treatment
covariates. Coefficients significant at the 5%-level marked with a dagger symbol (†).
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Robustness checks

The following section presents robustness checks. We inquire whether results could be driven
by a i) discontinuities along the continuum of different treatment dosages (intensive margins),
ii) polarized outcomes, iii) differences between individuals correctly and incorrectly classifying
their municipality as having received refugees iv) spatial autocorrelation, i.e. spillover effects from
treatment into control municipalities, v) municipalities being ‘prevented’ from housing refugees by
violence against refugees or refugee housing, and vi) selective attrition.

Treatment dosage

Table 10A replicates the analysis of Table 6A using the percentage of refugees received relative
to the population as independent variable. The results largely mirror those when using the binary
indicator, showing null effects for all individual-level indicators. This said, there is a statistically
significant positive effect of the share of refugees relative to the resident population on the AfD
vote share (Column 1). Further analyses (Figure 14A, Column 2) show that this effect relies on 5
municipalities that received extreme numbers of refugees, between 20% and 60% relative to their
population. Excluding these municipalities, the relationship between right-wing party support and
exposure vanishes.

Table 10A: Regression of outcome measures on number of refugees per 100 inhabitants of the
resident population

(1) (2) (3) (4) (5) (6)
AfD 2017 AfD 2017, no outlier Right-wing support Anti-refugee sent. Populism Behavioral bias

N refugees/100 inhabitants 2015 0.18∗∗∗ (0.04) 0.11 (0.10) 0.00 (0.00) 0.00 (0.00) -0.01 (0.00) -0.00 (0.01)
Female -0.12∗∗∗ (0.04) -0.10∗ (0.04) 0.05 (0.04) -0.13∗ (0.05)
Age -0.00 (0.00) 0.00 (0.00) -0.00 (0.00) -0.00 (0.00)
Single (ref.)
Stable union 0.12 (0.06) 0.17∗ (0.07) 0.10 (0.07) 0.00 (0.09)
Separated 0.16 (0.09) 0.16 (0.10) 0.07 (0.10) -0.00 (0.13)
Widowed 0.10 (0.10) 0.15 (0.11) 0.19 (0.11) -0.04 (0.15)
Children -0.01 (0.02) -0.06∗ (0.02) -0.04 (0.02) 0.00 (0.03)
Household size 0.00 (0.02) 0.02 (0.02) -0.02 (0.02) -0.00 (0.03)
Education -0.14∗∗∗ (0.02) -0.14∗∗∗ (0.02) -0.09∗∗∗ (0.02) -0.09∗∗∗ (0.02)
Area in km2 -0.01 (0.01) -0.01 (0.01) -0.00 (0.00) -0.00 (0.00) -0.00 (0.00) 0.00 (0.00)
Population 0.00 (0.00) 0.00 (0.00) -0.00 (0.00) 0.00 (0.00) -0.00 (0.00) -0.00 (0.00)
Population density -0.01 (0.01) -0.01 (0.01) 0.00 (0.00) -0.00 (0.00) -0.00 (0.00) -0.00 (0.00)
Unemployment 0.32 (0.20) 0.26 (0.20) 0.01 (0.02) -0.01 (0.02) 0.03 (0.02) 0.01 (0.02)
Share female 0.08 (0.21) 0.08 (0.20) -0.01 (0.02) -0.01 (0.02) -0.01 (0.02) -0.02 (0.03)
Average age -0.17 (0.26) -0.08 (0.27) 0.03 (0.03) 0.06∗ (0.03) -0.00 (0.03) -0.01 (0.03)
Share over 65 years 0.06 (0.12) 0.05 (0.12) -0.01 (0.01) -0.02 (0.01) 0.01 (0.01) 0.01 (0.02)
Share men 15-25 years 0.96∗ (0.37) 1.02∗∗ (0.37) -0.05 (0.04) -0.04 (0.04) -0.04 (0.04) -0.09 (0.05)
Share foreigners -0.99 (0.90) -0.89 (0.91) -0.09 (0.08) 0.02 (0.08) 0.16 (0.09) -0.16 (0.11)
Purchasing power -0.24 (0.17) -0.19 (0.17) -0.02 (0.01) -0.01 (0.02) 0.01 (0.02) 0.02 (0.02)
Turnout 2013 -0.15∗∗ (0.05) -0.13∗∗ (0.05) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.01 (0.01)
Vote share CDU 2013 -0.35∗∗∗ (0.10) -0.34∗∗∗ (0.10) 0.02 (0.01) 0.01 (0.01) -0.00 (0.01) 0.01 (0.01)
Vote share SPD 2013 -0.68∗∗∗ (0.11) -0.74∗∗∗ (0.12) 0.01 (0.01) 0.00 (0.01) 0.01 (0.01) 0.02 (0.02)
Vote share Linke 2013 -0.16 (0.12) -0.14 (0.12) 0.02∗ (0.01) 0.02 (0.01) 0.01 (0.01) 0.02 (0.01)
Vote share AfD 2013 0.87∗∗∗ (0.18) 0.91∗∗∗ (0.18) 0.05∗∗ (0.02) 0.02 (0.02) -0.00 (0.02) 0.02 (0.02)
Brandenburg (ref.)
Mecklenburg-Vorpommern -4.70∗∗∗ (1.03) -4.66∗∗∗ (1.03) -0.07 (0.10) -0.10 (0.10) 0.24∗ (0.11) -0.07 (0.14)
Sachsen 7.61∗∗∗ (1.21) 6.93∗∗∗ (1.22) 0.01 (0.09) -0.10 (0.10) 0.30∗∗ (0.10) -0.01 (0.13)
Sachsen-Anhalt -2.09 (1.16) -2.27∗ (1.14) 0.07 (0.10) -0.14 (0.10) 0.14 (0.11) 0.00 (0.14)
Thüringen 0.08 (1.16) -0.36 (1.17) 0.06 (0.09) -0.08 (0.10) 0.23∗ (0.10) -0.05 (0.12)
Constant 60.46∗∗∗ (15.70) 54.81∗∗∗ (15.90) -1.70 (1.50) -2.33 (1.59) 0.07 (1.63) 0.31 (2.08)

Observations 236 231 1,319 1,311 1,314 1,320
R2 0.71 0.72 0.09 0.08 0.05 0.03
OLS regression. Difference to full sample size (n=1,320) due to missing items on individual outcome measures. Standard errors in parentheses ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗

p < 0.001
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Figure 14A: Locally weighted regression of the vote share garnered by the AfD in the study area
during the 2017 general elections on the percentage of refugees relative to the population.
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Positive relationship due to five observations with very high numbers of refugees relative to the resident population
(>200 per 1,000 inhabitants). On the left: including outliers, corresponding to Column 5 in Table 10A. On the right:
excluding outliers, corresponding to Column 6 in Table 10A.

Simulation exercise

In order to further check the robustness of our null effects, we conduct a simulation exercise. We
ask how strong the influence of an unobserved confounder ω would need to be to render the effect of
the treatment statistically significantly different from zero. Confounding is due to two correlations:
the correlation between a potential unobserved confounder ω and the outcome y (corr(ω, y)), and
the correlation between ω and the treatment indicator (corr(ω, treat)). We generate ω as a random
variable with a standard-normal distribution, and fix the correlation corr(ω, treat) at the level of
the correlation between the treatment and empty housing stock, the strongest and only statistically
significant predictor of treatment assignment. We then add ω as an additional predictor to our
standard regression models with full controls. We increment the Pearson correlation between y and
ω in steps of 0.01, starting at 0 and ending at 1.

Figure 15A: Simulation of unobservable variable bias necessary to move treatment effect away
from zero
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Figure 16A: Effect of treatment along different quantiles of the distribution of outcomes
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Coefficient plot after quantile regression of the indicated outcome on the treatment variable and all controls. The
thick dash-dotted line are regression estimates from the quantile regression. The grey area is the bootstrapped 95%
confidence interval (CI) for the quantile regression results. The dashed line is the OLS estimate, and the thin dotted
lines are the 95% CIs for the OLS regression. Plot produced with the ‘grqreg’ command written by Joao Pedro
Azevedo.

At each step, we re-estimate our model and record the p-value for the treatment indicator. As a
benchmark, the figures also include the value of the strongest correlation between a given outcome
and any of the control variables included in our models.1 Figure 1 plots the results of the simulation
exercise.
We see that in all cases the correlation between the unobserved variable ω and the outcome would
need to be very strong indeed to render the treatment effect statistically different from zero at the
p=0.05 level—at least around 0.6, and up to 0.85. How unlikely it is to observe such correlations
becomes clear when comparing these values to those for the strongest predictors: in all cases,
the correlation corr(ω, y)) would need to be at least two to three times stronger than that of the
outcome with the strongest predictor max corr(y,X)). Since this seems exceedingly unlikely, we
consider the simulation exercise to provide strong evidence for the robustness of the null effects we
are observing.

Polarization

A further possibility is that focus on the mean differences, as in the OLS regression analysis in
the main text, may mask changes in the distribution of outcomes. In particular, it is possible that
behavior towards outgroups and right-wing support has become more polarized. While some
individuals may react with increased negative attitudes to the presence of outsiders, others may
increasingly become more open. If those two trends canceled each other out, mean values would
remain the same, but would mask important substantial change. We test for this possibility in two
ways. First, we conduct Kolgomorov-Smirnov (K-S) tests, reported in the last line of the main
regression Table 6A in the main text. The K-S statistic tests the hypothesis that the distribution of a
given outcome differs between the treatment and the control condition. As can been seen, all p-
values are well beyond the conventional levels required for significance, meaning that distributions
of outcomes are indistinguishable across treatment status. Second, we present a more formal tests of
the hypotheses with simultaneous quantile regressions, where we regress percentiles of the outcome
distribution on our treatment indicator. The results, reported in Figure 16A, confirm our null results.
While there is some variation of treatment effects along the distribution of our outcome variable, in
no case is this effect statistically different from zero.
1In the case of the AfD vote share 2017, this is the AfD vote share in 2013, and in the case of the individual-level
outcomes, this is education.
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Perceived vs. actual treatment

As could be seen in Table 1, in our sample we observe quite high shares of individuals classifying
their municipality as having received refugees although, in fact, this was not the case. Likewise,
there are individuals classifying their municipality as having received refugees even though this
was not the case. To check whether this phenomenon affects our results, we split our sample
in four groups: i) those who live in municipalities that host refugees and are aware of this fact
(correct positives), ii) those living in host communities but are unaware of this (false negatives),
iii) those living in non-host communities and aware of this (correct negatives), and iv) those living
in non-host communities, but believing they live in host communities (false positives). We then
estimate treatment effects relative to the correct negatives for the three other groups. The results
are depicted in Figure 17A. We see that ‘false positives’—those who erroneously believe that their
municipality received refugees—tend to exhibit a slightly larger treatment effects than even the
‘correct positives’. In no cases are effects statistically distinguishable from zero, however.

Figure 17A: Treatment effects for individuals correctly and incorrectly classifying their municipality
as having received refugees
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Treatment effects relative to those correctly classifying their municipality as not having received refugees for
individuals who a) correctly classify their municipality as having received refugees (correct positives), b) incorrectly
classify their municipality as not having received refugees (false negatives), and c) incorrectly classify their
municipality as having received refugees even though this was not the case (false positives).

Spatial spillover

In addition, we may worry about spatial spillovers or spatial autocorrelation. Could it be that
the treatment—receiving refugees—affected treatment and control municipalities alike? Or that
receiving refugees at least had a strong influence on adjacent control municipalities? As outlined, we
attempted to shield against such concerns by implementing a minimal distance threshold between
treatment and control municipalities during the matching process. What is more, in the section
below, we demonstrate that respondents in the treatment municipalities were clearly aware of
the presence of refugees in their close vicinity, while those in control municipalities were not. It
therefore seems unlikely that the treatment simply had the same effect in both the treatment and
control condition. Nevertheless, it is worthwhile to try to quantify the degree of spatial spillovers/
autocorrelation present in our data.

This is done in Tables 11A and 12A, which present the results of two tests. These analyses
are conducted with a municipality-level dataset, consisting of averages of our dependent and
independent variables. Due to missing values, one observation has to be dropped so that we are
working with 235 observations. Both tests rely on a spatial weight matrix W, which we specify
as the pairwise crow-fly distances between municipality centroids. As a first test, we checked for
the presence of global spatial dependency in our data by calculating Moran’s I . The expected
value for I in the absence of spatial autocorrelation is I0 = −1/(n− 1), i.e. -1/(235-1)=-0.0043.
As can be seen none of the estimated Is for the four individual-level outcome measures deviates
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Table 11A: Moran’s I measure of spatial dependency

Moran’s I p N

Behavioral bias -0.011 0.19 235
Right-wing support -0.007 0.36 235
Populism -0.007 0.35 235
Reject refugees -0.008 0.34 235
AfD vote share 2017 0.200 0.00 235

I0 -0.004

significantly from that value, indicating an overall lack of spatial dependency for these measures.
For the election outcomes, in contrast, Moran’s I detects the presence of spatial autocorrelation.
Neighboring municipalities show similar voting patterns, perhaps as a result of regionally (rather
than locally) targeted campaigns.

Table 12A: Spatial regression of outcome measures on treatment status and spatial lag

(1) (2) (3) (4) (5)
AfD 2017 Right-wing support Anti-refugee sentiments Populism Behavioral bias

Treatment municipalities 0.23 (0.46) 0.05 (0.05) 0.04 (0.06) -0.01 (0.06) -0.07 (0.07)
Individual controls Yes Yes Yes Yes Yes
Municipality controls Yes Yes Yes Yes Yes

ρ -0.83∗∗∗ (0.14) -0.72 (0.54) -0.61 (0.51) -0.68 (0.51) -1.16 (0.60)

Observations 235 235 235 235 235
Spatial regression of indicated outcomes on treatment indicator, controls and spatial lag ρ. Standard errors in parentheses ∗ p < 0.05, ∗∗

p < 0.01, ∗∗∗ p < 0.001

These results are confirmed with a second test, for which we estimate regression models with
a spatially lagged dependent variable (Anselin 1988; Ward and Gleditsch 2008). These models
have the outcome scales of a given municipality on the left-hand side of the equation, just as in a
normal OLS model. However, in addition, the outcome values for all other interview locations are
added onto the right-hand side of the equation, weighted with weights ω from the matrix W. The
full model can be written as y = Xβ + ρW y + ε, where y is the given outcome, the matrix X
includes the treatment indicator and controls, and ε is an error term. Spatial dependency in the data
is captured by the coefficient for the weighted spatial lag, ρ. The point estimates and significant
levels for ρ are shown in Table 12A. Again, we see no evidence for spatial autocorrelation for the
individual-level outcome measures, and the estimates for the treatment effect consequently are
hardly moved. For the AfD vote share during the 2017 elections, ρ is clearly positive, indicating
a degree of spatial dependence in the data. Yet again, the point estimate for the treatment effect
remains indistinguishable from zero.

‘Prevented’ refugee allocation due to violence against refugees or refugee housing

Further, we may be concerned that certain municipalities did not receive refugees because they saw
resistance in the population in the form of protests or attacks against designated housing. If this
was the case, our null-results would be less remarkable—at least if we expected an overall negative
effects of housing refugees: municipalities with pre-existing anti-immigrant sentiments would
receive no immigrants, whereas attitudes towards them would sour in receiving municipalities.
Given our matching design, this is an unlikely scenario. As we discussed, treatment and control
municipalities were indistinguishable in terms of pre-treatment voting outcomes during the 2013
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general elections. Strong pre-existing differences in anti-refugee sentiments would likely have
reflected on these election results. To nevertheless address this worry, we run an additional test. We
use a dataset on attacks on refugees and refugee housing provided by Benček and Strasheim (2016).
The dataset comprises 1,645 records of attacks carried out during 2014 and 2015.

In order to avoid post-treatment bias, we restrict ourselves to the 1,201 events that occurred
before September 2015, i.e. before the onset of the refugee crisis proper. The dataset allows us to
distinguish between two types of events: attacks against persons, such as bodily assault, and attacks
against buildings, such as arson or other forms of vandalism (like opening the water tap to flood
a building and make it uninhabitable). Overall, we would expect our municipalities in focus to
see low numbers of attacks since there were few refugees around. This said, if the suspicion is
true that control municipalities were more hostile to start with, we should see a higher number of
attacks here. If, in contrast, attacks are driven largely by opportunity, we might see more attacks in
treatment municipalities, especially against designated refugee housing. After all, the availability
of housing is what marked them out as suitable for hosting refugees.

Table 13A: Attacks and demonstrations against refugees and refugee housing

Overall Control Treatment
Mean SD Mean SD Mean SD

Anti-refugee demonstration 0.02 (0.27) 0.03 (0.37) 0.01 (0.09)
Arson against refugee housing 0.01 (0.09) 0.01 (0.09) 0.01 (0.09)
Vandalism against refugee housing† 0.05 (0.23) 0.02 (0.13) 0.08 (0.30)
Bodily assault of refugee 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Differences between treatment and control condition significant at p<0.05 marked with a
dagger (†) symbol. Figures for attacks/demonstrations occurring before September 2015
from Benček and Strasheim (2016).

A comparison of anti-refugee events is provided in Table 13A. Overall, there were five demon-
strations, two acts of arson, and ten acts of other forms of vandalism against refugee housing.
No refugee was bodily assaulted. Of the demonstrations, four took place in one single control
municipality, and one in a treatment municipality. Arson attacks took place in one treatment and one
control municipality each. The only difference that reaches statistical significance are other acts of
vandalism against refugee housing, two of which took place in control municipalities, and eight in
treatment municipalities. The evidence therefore refutes the idea that pre-existing levels of hostility
could have driven the allocation of refugees, save for in the case of the control municipalities that
saw four demonstrations. On the contrary, it appears that acts of violence are largely driven by
opportunity. The absence of refugees prevented attacks on them, and greater abundance of potential
refugee housing in the treatment municipalities made arson and other forms of vandalism more
likely.

Attrition

Finally, we may worry that our results are driven by selective attrition—people selectively moving
out of, or into, our municipalities in focus. If those most opposed to welcoming newcomers
moved out of treatment municipalities, this would tend to bias negative effects downwards. And if
the same people moved to control municipalities, taking their negative attitudes with them, this
argument would apply even stronger. Worried about such effects, we collected data on residential
mobility. Specifically, we asked our respondents how many individuals have moved in or out of
their neighborhood during the last three years, and how long they themselves have been living in
their current location. The answers to these questions are summed up Table 14A above. We see
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that there are no differences in the number of people who have moved out between the control and
treatment condition. A two-sided t-test results in a p-value of 0.71. Furthermore, in terms of people
who have moved in, if anything, for participants in treatment municipalities we find slightly higher
values—which could be expected given that these municipalities received refugees—although again
the two conditions are statistically indistinguishable (p=0.31). This makes it very unlikely that the
selective attrition story just outlined holds.

Table 14A: Attrition checks

Overall Control Treatment
Mean SD Mean SD Mean SD

Attrition
N neighbors moved into neighborhood 1.68 (0.64) 1.66 (0.61) 1.69 (0.66)
N neighbors moved out of neighborhood 1.43 (0.61) 1.44 (0.62) 1.42 (0.61)
Local resident for 4+ years 0.93 (0.26) 0.92 (0.28) 0.93 (0.25)
N 1,320 512 808
Differences between treatment and control condition significant at p<0.05 marked with a dagger (†) symbol.

Arguably even more important, we look at regions with very high levels of residential stability.
93% of participants indicated that they had been living in the same house or flat for at least 4 years,
before the onset of the refugee crisis. When restricting our sample to these long-term residents only
(not shown), results closely replicate those presented in Table 6A in the main text.

Heterogeneous treatment effects

Table 15A: Heterogeneity of treatment along left-right ideological dimension

(1) (2) (3) (4)
Right-wing support Anti-refugee sentiments Populism Behavioral bias

Treat#Left (ref.)
Treat#Center -0.02 (0.07) -0.06 (0.08) -0.10 (0.09) 0.01 (0.11)
Treat#Right -0.11 (0.10) -0.12 (0.11) -0.13 (0.12) -0.09 (0.15)
Left (ref.)
Center (const.) 0.40∗∗∗ (0.06) 0.45∗∗∗ (0.07) 0.11 (0.07) 0.10 (0.09)
Right (const.) 1.08∗∗∗ (0.08) 0.94∗∗∗ (0.09) 0.47∗∗∗ (0.10) 0.59∗∗∗ (0.12)
Treat (const.) 0.03 (0.06) 0.05 (0.07) 0.06 (0.08) 0.01 (0.09)
Constant -0.88 (1.36) -2.44 (1.54) -0.11 (1.72) 1.07 (2.13)
Individual controls Yes Yes Yes Yes
Municipality controls Yes Yes Yes Yes

Observations 1,228 1,225 1,228 1,228
R2 0.34 0.25 0.08 0.09
Standard errors in parentheses, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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Table 16A: Heterogeneity of treatment along libertarian-authoritarian dimension

(1) (2) (3) (4)
Right-wing support Anti-refugee sentiments Populism Behavioral bias

Treat#Libertarian (ref.)
Treat#Moderate -0.13 (0.12) -0.21 (0.12) -0.17 (0.13) -0.13 (0.16)
Treat#Authoritarian -0.25 (0.13) -0.32∗ (0.14) -0.21 (0.14) -0.29 (0.18)
Libertarian (ref.)
Moderate (const.) 0.49∗∗∗ (0.09) 0.64∗∗∗ (0.10) 0.45∗∗∗ (0.10) 0.38∗∗ (0.13)
Authoritarian (const.) 0.87∗∗∗ (0.10) 1.04∗∗∗ (0.11) 0.67∗∗∗ (0.11) 0.63∗∗∗ (0.14)
Treat (const.) 0.13 (0.11) 0.19 (0.11) 0.14 (0.12) 0.13 (0.15)
Constant -0.52∗∗∗ (0.09) -0.65∗∗∗ (0.09) -0.44∗∗∗ (0.09) -0.38∗∗ (0.12)
Individual controls No No No No
Municipality controls No No No No

Observations 1,312 1,305 1,308 1,312
R2 0.09 0.12 0.05 0.02
Standard errors in parentheses, ∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Behavioral games

The interaction partners in the behavioral games were represented by means of pictures, including
their typical German or immigrant-sounding first name, information about their age and the state of
residency. Examples of the Dictator Game with in- and out-group interaction partners are shown in
Figure 18Aa.

In applying this technique, we follow other scholars such as Habyarimana et al. (2009). Ahead
of fielding the main survey, we recruited a first set of 37 participants who were willing to share
their photo with us and participate in a pre-test of the behavioral games. We recruited both
prototypically German-looking individuals to represent the ingroup, and individuals with a visible
immigrant-background (Middle Eastern phenotype) to represent the outgroup. In order to check
that the difference would be recognizable, and to minimize the influence of factors other than the
ingroup/outgroup distinction on the decision of our participants, we ran extensive pre-tests on our
photos. In particular, we had workers on Amazon’s Mechanical Turk platform rate the photos in
terms of perceived expressed emotions (happy, angry, fearful, sad, neutral) and attractiveness—
factors known to influence facial cues for trustworthiness and cooperative decisions Andreoni and
Petrie 2008; Todorov et al. 2015. We then selected eight individuals (two prototypical German- and
two immigrant-looking females, two German- and two immigrant-looking males) that were closely
matched across all perceived traits. All our participants in the main survey interacted with these
eight individuals. For the strategic interactions in the trust game, we asked the first set of pre-test
participants to solve the trust game using the strategy method. That is, for each amount received,
they indicated how much money they would send back. The participants in the main survey were
paid the corresponding amounts, and the pre-test participants whose pictures we used were paid the
average amounts handed to them by the participants in the main survey.

Figure 18A illustrates how the trust game was introduced.
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Figure 18A: Pictures and illustrations used in behavioral games

(a) Dictator game for the online experiment
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(b) Graphical explanation of the trust game for
the online experiment

Order of presentation of measures

Figure 19A illustrates the order in which the different measures and survey questions were presented.
The study always started with a few questions on basic demographics like and age and marital
status. The three blocks that followed were presented in a randomized order so to avoid answers to
questions influencing each other in a systematic way. These blocks covered i) respondents’ recalled
voting behavior, ii) the four game decisions in the dictator and trust games, and iii) items capturing
anti-immigrant and anti-refugee sentiments, and populist attitudes. Items probing for mechanisms
were asked last.

Figure 19A: Order of measures

Block 3*

Attitudinal outcome measures

Block 2*

Petition/AfD thermometer

Block 4*

Behavioral outcome measures

• DG1 Partner1 (ingroup/outgroup)
• TG1 Partner1 (same)
• TG2 Partner2 (ingroup/outgroup)
• DG2 Partner2 (same)

Block 1

Demographics, place of living

Vote recollection

Block 5

Items probing for mechanisms

Further controls

�1

Order in which measures were presented. Blocks marked with an asterisk were presented in random order.
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Sampling and recruitment procedures

Our empirical strategy relies on comparing attitudes and behavior in highly similar villages and
small towns across Eastern Germany, some of which received asylum seekers—the treatment
municipalities, and some of which that did not—the control municipalities. In defining our sample,
we aimed at achieving maximum possible internal validity for our causal claim. The aim of our
sampling and matching procedure therefore was to generate a sample of treatment and control
municipalities indistinguishable along observable pre-treatment characteristics. The strategy was
spelled out before the start of data collection in our pre-analysis plan and registered in the EGAP
registry (http://egap.org/registration/xxx). A power analysis conducted in our pre-analysis plan
showed that our sample would allow us to detect differences in outcomes in the the size of 0.16
standard deviations, with a power of 0.8 and assuming a type I error rate of 5%.

Our starting population were all municipalities in the five Eastern Germany (n=2,673 as of 31
Dec 2014). Since we were interested in first-time exposure, we limited our focus to those 83% of
municipalities where before 2015, foreigners constituted a negligible share of the population (under
1.5%), and which did not host refugees (for a visual overview, see Figure 3a in the main text). In
order to limit spillover effects, we further narrowed our focus to municipalities located at some
distance (over 6.6 km) from municipalities excluded in the first step. This left us with a sample
of 729 municipalities. We defined municipalities as treated if they received a significant number
of refugees (a number of individuals corresponding to more than 0.4% relative to the population)
for the first time in 2015/16, and as potential control if they did not. The exact criteria used in this
selection procedure are the following:

A) Criteria that had to be met by all municipalities for being considered for our sample:
1. No previous hosting of refugees: Number of refugees hosted relative to population in 2014

<0.1%
2. Little previous exposure to regular immigrants: Share of foreigners in population <1.5%

(figures from the 2011 census), the median value in our sample.
3. Sufficient distance to excluded municipalities: Distance to central point of excluded munici-

palities >6.6km, the median distance between treated and excluded municipalities.
B) Additional criteria for control units:

4. No subsequent hosting of refugees: Number of refugees hosted relative to population in 2015
<0.1%.

5. Sufficient distance from treatment units: Distance to the central point of treated municipalities
>8.6km (again, the median distance).

C) Additional criterion for treatment units:
6. Significant treatment: Number of refugees hosted relative to population in 2015 >0.4%, the

25% percentile.
We then used a combination of exact and propensity-score (PS) matching to obtain our final

sample. Before applying the PS-procedure, we exactly matched our municipalities in terms of the
federal state (Bundesland) they belong to, and in terms of rough population size. States in Germany
are polities in their own right, and refugee policies are partially made on this level. Therefore, legal
procedures or political discourses at this level might shape how the reception of asylum seekers
affects local attitudes. Exact matching on the Bundesland eliminates these concerns. We further
stratify the matching process by population size to avoid matching very large municipalities with
small ones.

We then moved on to apply propensity score matching within these 10 strata using the psmatch2
package (Leuven and Sianesi 2003). The propensity score (the probability of a municipality belong-
ing to the treated group) was estimated by means of a probit regression of treatment assignment on
a number of pre-treatment municipality covariates, including population size, population density,
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area size, purchasing power, unemployment rate, average age, shares of population for different
age classes (over 65, under 18, between 15 and 25), male/female ratio and vote shares for the
four largest parties during the last (2013) general elections.2 Treatment municipalities were then
matched 1:1 to their nearest neighbor (the municipality with the most similar propensity score)
from the control group. To prevent matches between nearest neighbors that nevertheless differ
strongly in their propensity score, a caliper of 0.1 was used. This procedure left us with between 16
and 31 pairs of treatment and control municipalities in each of the federal states, for a total of 240
municipalities (Table 18A).

Table 17A: Comparison demographics sample/population

Sample Population
Age Male Female Total Male Female Total

18-29 3 3 6 6 5 11
30-59 26 34 60 27 25 52
60+ 18 16 34 17 21 38
Total 47 53 100 50 50 100
Sample: Cell frequencies in percent for study participants. Population: Frequen-
cies from population statistics for 236 treatment and control municipalities, 2015
figures (Statistische Ämter des Bundes und der Länder 2016).

Table 18A: Relative population size and corresponding sample sizes

Population Sample (individuals) Municipalities
Pop 2015 % Total Treat Control Total Treat Control

Brandenburg 2,484,826 20 282 181 101 62 31 31
Mecklenburg-Vorpommern 1,612,362 13 180 116 64 72 36 36
Sachsen 4,084,851 32 454 294 160 40 20 20
Sachsen-Anhalt 2,245,470 18 248 162 86 34 17 17
Thüringen 2,170,714 17 244 158 86 32 16 16
Sum 12,598,223 100 1408 911 497 240 120 120

Table 18A shows the relative sample sizes per Bundesland that we aimed to recruit. That
is, we sought to recruit 32% of our respondents in the state of Sachsen, 20% in Brandenburg,
18% in Sachsen-Anhalt, 17% in Thüringen, and 13% in Mecklenburg-Vorpommern. Within
each municipality in a given Bundesland, we aimed to recruit participants proportional to the
relative population size compared to the full sample. For example, in a treatment municipality in
Sachsen that hosts 3% of the total inhabitants in the treatment municipalities, we sought to recruit
0.03*195≈6 participants, and from one that hosts 8%, 0.08*195≈16 participants.

As demonstrated in Table 1 in the main text and Table 19A below, the matching procedure
resulted in excellent balance across the treatment and control conditions.

2We note that about half of these factors significantly predict treatment assignment in our subsample (e.g. treatment is
positively predicted by population size and the unemployment rate), casting some doubt on as-if-random assignment to
treatment, and underlining the appropriateness of the matching strategy.
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Table 19A: Regression of treatment on covariates

Municipality hosting refugees
b se ci95

Area in km2 0.00 0.00 -0.00,0.00
Population 2014 -0.00 0.00 -0.00,0.00
Population density 2014 0.00 0.00 -0.00,0.00
Unemployment rate 2014 0.07 2.72 -5.28,5.43
Share women in 2011 -0.03 0.03 -0.08,0.03
Average age in 2011 0.01 0.04 -0.06,0.08
Share of population over 65 in 2011 0.00 0.02 -0.03,0.04
Share of men 15 to 25 years in 2011 -1.02 5.15 -11.18,9.13
Share foreigners -0.01 0.12 -0.25,0.23
Purchasing power pp 2005 -0.00 0.00 -0.00,0.00
Voter turnout in % 0.00 0.01 -0.01,0.02
Share CDU votes in % -0.02 0.02 -0.06,0.03
Share SPD votes in % -0.02 0.02 -0.07,0.03
Share LINKE votes in % -0.02 0.02 -0.06,0.03
Share AfD votes in % -0.04 0.06 -0.16,0.09
Brandenburg (ref.)
Mecklenburg-Vorpommern 0.07 0.14 -0.21,0.34
Sachsen -0.04 0.17 -0.37,0.30
Sachsen-Anhalt 0.05 0.16 -0.26,0.36
Thüringen -0.00 0.16 -0.32,0.31
Share empty housing† 0.08 0.03 0.02,0.15
Mayor independent (ref.)
Mayor CDU 0.05 0.14 -0.22,0.32
Mayor Linke -0.12 0.24 -0.60,0.36
Mayor SPD 0.12 0.20 -0.28,0.52
Mayor from ruling party -0.10 0.16 -0.42,0.21
Constant 2.79 2.92 -2.97,8.54

N 240
F (24, 215) 0.46
R2 0.049
Regression of treatment indicator on matching variables, using matched sample. DV:
Municipality received refugees in 2015. Text in italics indicates variables collected
post-matching/not in pre-registration plan. Coefficients significant at the 5%-level
marked with a dagger symbol (†).

Recruitment

Recruitment took place between March and June 2018, and was conducted by the CATI research lab
of the University of Jena. Municipalities were called in random order, recruiters and enumerators
were unaware of the treatment status of the municipalities, and respondents from treatment and
control municipalities were recruited simultaneously. These measures served to ensure that no bias
would be introduced by the differential recruitment of participants with different treatment statuses.
Figure 20Aa demonstrates that respondents filled in the survey equal at rates in both treatment and
control municipalities.

A worry may be that individuals in treatment municipalities were less likely to participate in the
study than those in control municipalities, and therefore bias our sample. Figure 20A demonstrates
that this concern is not supported by our data. Instead, the figure shows that recruitment rates
resembled each other, suggesting that the willingness to participate did not systematically vary
across treatment conditions.
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Figure 20A: Recruitment
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Note: Figure 20A shows the number of observations collected each calendar week between March and June 2018 in
treatment and control municipalities. To allow for better comparability, the recruitment rate in control municipalities has
been scaled up by a factor of 808/512=1.58, reflecting the relatively larger number of observations collected in treatment
as compared to control municipalities.

References

Andreoni, James and Ragan Petrie (2008). “Beauty, Gender and Stereotypes: Evidence from
Laboratory Experiments”. Journal of Economic Psychology 29.1, 73–93.

Anselin, Luc (1988). Spatial Econometrics: Methods and Models. Boston: Kluwer Academic
Publishers.
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