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Abstract

Many studies exploit the random placement of individuals into groups such as
schools or regions to estimate the effects of group-level variables on these individu-
als. Assuming a simple data generating process, we show that the typical estimate
contains three components: the causal effect of interest, ”multiple-treatment bias”
(MTB), and ”mobility bias” (MB). The extent of these biases depends on the inter-
relations of group-level variables and onward mobility. We develop a checklist that
can be used to assess the relevance of the biases based on observable quantities. We
apply this framework to novel administrative data on randomly placed refugees in
Germany and confirm empirically that MTB and MB cannot be ignored. The bi-
ases can even switch the signs of estimates of popular group-level variables, despite
random placement. We discuss implications for the literature and alternative “ideal
experiments”.
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1 Introduction

Endogeneity concerns, and in particular individual selection, often complicate causal anal-

ysis. In response, many empirical studies in economics exploit settings where individuals

are randomly or quasi-randomly placed into groups to study the effect of a particular

(group-level) variable on later outcomes of the randomly placed individuals. Such a strat-

egy is commonly used in the literature of peer or neighborhood effects on education or

health outcomes, or in the context of the integration of refugees, who are randomly allo-

cated to initial residence places through random dispersal policies (RDP).

The central theoretical and empirical finding of this study is that the causal interpre-

tation of such estimates of any group-level variable on later outcomes requires remaining

assumptions, even if there is initial random placement. Although these assumptions are

not completely novel (we review the related literature in detail below), we are the first

to provide a theoretical framework and empirical analysis that systematically examines

their importance. We provide a checklist that allows researchers to investigate the pres-

ence of biases and apply our framework to the study of the integration of randomly placed

migrants in Germany, Europe’s largest refugee-hosting country. Utilizing novel adminis-

trative data, our headline empirical result is that the maintained assumptions are indeed

highly relevant: we are able to shift the typical estimates of local conditions, despite the

random placement, and change their sign.

Random placement of course does break the link between individual characteristics

and group characteristics, as frequently demonstrated by “randomization tests” or “bal-

ancing tables”. This is a great advantage over purely descriptive studies. But estimates

from random placement require maintained assumptions, which can be classified into two

groups. First, local group measures can be interrelated – in observed and unobserved

ways. Consider the following example in the context of the estimation of peer effects:

random placement into classes/groups does not generate random variation in, say, aver-

age peer achievement or the peer gender composition. It only randomly assigns group

membership. And for the randomly placed refugee, the local residence is randomly as-

signed, but not for example the unemployment rate at the local residence. This subtle

distinction means that controls for other group characteristics or local conditions in in-

tegration studies can move the estimates. We label this influence of group-level control

variables as “multiple treatment bias” (MTB).1

The second obstacle to causal interpretation is onward/ secondary mobility, which

can be related to measures of local conditions at the group or place of initial (random)

placement, resulting in “mobility bias” (MB). We use our model to show that MB results

in attenuation bias (due to mean reversion) under random onward mobility. However,

1Another way to see this is the following: the same random placement experiment is often used to
estimate “causal” effects of different right-hand side group-level variables (literature review below). One
treatment cannot inform multiple estimates without additional assumptions.
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whenever onward mobility is not exogenously assigned or an outcome of initial-group

characteristics (i.e. you change group because you do not like the first group), this can

induce additional selection bias in the estimates of effects of specific group characteristics,

even when groups were initially assigned randomly.

Our key theoretical result is that the typical random placement estimate of the influ-

ence of a specific group-level variable contains all of the following elements: the causal

effect of interest, MTB, MB-attenuation, an interaction of MTB and MB, and selection

bias from non-random onward mobility. This finding is conditional on full compliance

with the initial randomization and our simplistic model/production function. We use

our framework to derive the conditions that give rise to MTB and MB, which are partly

observable and can therefore be used to inform the analysis. Both depend on the co-

movements of variables at the initial group or location with (a) other variables and (b)

onward mobility, and variables at the next group/location. We provide a checklist that

can be used by random placement studies to assess the severity of MTB and MB in any

given setting.

To underscore the relevance of our theoretical result empirically, we complement our

argument with an analysis based on a novel administrative panel dataset, the German

registry of foreigners (AZR), which contains the individual migration histories of more

than 69,000 refugees who arrived in Germany between 2015 and 2018. This German set-

ting is particularly informative because of several reasons: migrants were initially placed

randomly, and the data allow us to precisely observe each individual’s location and in-

tegration outcomes over time. Registration with the authorities is mandatory so that

onward mobility induces zero sample attrition—an advantage of this administrative data

source over household-level survey data. Moreover, the German case is important in

its own right: Germany is the third-largest refugee-hosting country worldwide, and the

largest of the European Union (UNHCR, 2025).

From the point of view of our checklist, the German random placement setting turns

out to be a challenging situation to identify local variables that matter for refugee inte-

gration. We find only weak correlations between individual characteristics and (initial)

local characteristics, as expected in an RDP setting. However, we find strong correlations

between different local variables, and with mobility. This means that both MTB and MB

likely matter in the German setting.

Our empirical analysis confirms this. Regarding MTB, we find that estimates of the

effect of local conditions on a measure of integration depend on the set of regional control

variables included in the regression specifications. For example, the estimates for the

effects of the local unemployment rate or the share of the local AfD votership—a pop-

ulist right-wing party in Germany—in the randomly assigned location on our integration

measure both switch signs depending on the exact specification.

Regarding MB, we show that secondary migration also influences estimation results.

2



We show for a broad range of empirical specifications and under a set of highly stylized

assumptions for the most popular local integration factors of the RDP literature that MB

attenuates estimates substantially. The bias depends on prevalence of secondary migration

and the change of local integration conditions that accompany secondary migration. MB

differs for different regional covariates in the same empirical setting even under our very

restrictive assumptions, i.e. comparing coefficients can be difficult even within the same

empirical setting. This means that the seemingly attractive German empirical setting

cannot be used to generate meaningful estimates of group-level variables for integration,

based on the typical “random placement” approach.

Is this empirical finding specific to the German setting? We examine the correlation

of typical group-level variables for the literature on refugee integration. Using additional

data on local integration conditions at the NUTS-3-level we estimate varying correlations

for five countries that implemented random dispersal policies. For example, the regional

correlation of the right-wing vote share with the unemployment rate is positive in Ger-

many, close to zero in Denmark and Sweden, and negative in Switzerland. Without this

information, results between different studies and settings are not comparable, which has

not been appreciated enough by the existing literature.

In our conclusions, we discuss implications regarding the “ideal experiment” for the

estimation of group-level effects on individuals. Some of these do not require random

placement, which opens up perspectives for future work in settings where random place-

ment, which is a rare event, is not present.

Methodologically, a seminal study in the literature on how to study causal effects of

group variables on individual outcomes is provided by Manski (1993). Many empirical

papers focus on estimating effects of group-averages X̄ on individual outcomes Y , Manski

(1993)’s “exogenous effects”. Other measures besides group averages include for example

ranks or networks, which also vary at the individual level. For simplicity, we refer to

these as well as group/local measures. This literature frequently discusses (i) if random

placement generates enough variation in the measure of interest, (ii) if these should be

computed with an individual leave-out, or (iii) the role of measurement error, in particular

when not everyone is observed, see Angrist (2014) for an overview. These are important

issues but we argue that the idea that random placement constitutes an “ideal experiment”

to estimate the influence of a group variable on individual outcomes is flawed to begin

with, as this assumes MTB and MB away. This misperception can wrongfully result in a

triadic recipe: motivate a (novel) local/group factor; show balancing of this variable with

individuals characteristics due to random placement; show “causal” estimates. We show

theoretically, and also empirically for the case of refugee integration, that estimates that

rely on such a research design are highly sensitive to the remaining biases that we discuss.

Consequently, our paper relates to a large body of empirical work that relies on random

placement to estimate various effects of interest. A prominent example is the literature
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in economics that explores which local integration factors enhance the integration of

migrants. As pointed out by Foged et al. (2024), the most credible estimates in this

literature rely on settings with random dispersal policies. In this RDP literature, the main

Y is the labor market success of refugees, often measured by labor market participation or

wages. For the right-hand side, the most studied local integration factor is the quality of

the local labor market, measured by the local (un)employment rate, see e.g. Foged et al.

(2024); Azlor et al. (2020); Damm and Rosholm (2010) for Denmark; Müller et al. (2023)

for Switzerland; Godøy (2017) for Norway; Aslund and Rooth (2007) for Sweden; Aksoy

et al. (2023); Schilling and Stillman (2024); Tsolak and Bürmann (2023) for Germany.2

The second most studied local integration factor that influences the labor market success

of refugees is the size of the co-ethnic network: e.g. Damm (2009b) for Denmark; Beaman

(2012) for the U.S.; Edin et al. (2003) for Sweden; Martén et al. (2019) for Switzerland;

Battisti et al. (2022) for Germany. Other local factors are the availability of language

courses (Kanas and Kosyakova, 2023), the local sentiment of natives (Aksoy et al., 2023),

and the local presence of the gig economy (Degenhardt and Nimczik, 2025).3 We provide

an overview in Appendix Table A1. How does this literature deal with MTB, i.e. the

fact that one treatment (random placement) does not identify causal effects of multiple

local factors? Not systematically. Some studies do not even control for any other local

factor, including those that are being used as RHS variables in other RDP studies. In our

empirical application, we estimate the most common specifications of this literature and

also iterate over possible combinations of local controls. This generates sizable coefficient

movements for effects of the four most commonly used local integration measures of the

literature on the right-hand side, and their effects on the integration of randomly placed

refugees in Germany.4

Another literature relying on RDP instruments is the economics literature on the in-

ternal migration of refugees, which relates directly to MB. This literature has studied how

onward mobility of refugees is related to assignment place characteristics after the initial

random placement. Early studies again focus on the Scandinavian countries (Aslund,

2Some papers rely on alternative measures for the quality of the local labor market: Wett et al. (2024).
3There are also variations in Y , beyond labor market integration, e.g.: Jaschke et al. (2022) explore

how local sentiment measured by vote shares for right-wing parties influences assimilation; Schilling
and Stillman (2024) how native attitudes shape social integration; Kuhn and Maxwell (2023) how the
local ethnic composition affects how welcomed refugees feel; Schilling and Höckel (2025) how language
course supply affects educational outcomes; and Biddle and Bozorgmehr (2024) study the impact of social
deprivation on refugees’ mental health.

4A related literature uses quasi-random inflows to generate variation in local factors, and uses this
variation to estimate effect on “natives/stayers”. Such an approach is viable when not everyone is
randomly assigned (i.e. to classrooms) but when a smaller number of individuals is randomly allocated
to a larger group of “natives/stayers”. This approach does not suffer from the same biases as the literature
discussed here, and has been used to study neighborhood effects (e.g. Gibbons et al., 2013, 2017), peer
effects (e.g. Imberman et al., 2012), labor markets (e.g. Glitz, 2012; Dustmann et al., 2016), electoral
outcomes (e.g. Dustmann et al., 2019), cultural norms (e.g. Miho et al., 2023; Jessen et al., 2023), or
house prices and amenities (Glitz et al., 2023).

4



2005; Damm, 2009a, 2014; Damm and Rosholm, 2010) and the Netherlands (Zorlu and

Mulder, 2008), while later studies examine the German case (Baba et al., 2023; We-

ber, 2023; Wiedner and Schaeffer, 2024), Austria (Wett et al., 2024), the United States

(Mossaad et al., 2020), or Europe (Fasani et al., 2022). This literature examines how the

same local characteristics considered by the RDP integration literature drive secondary

migration of refugees. Based on our theoretical arguments and empirical analysis we will

conclude that it is imperative to also consider secondary migration when deriving conclu-

sions about causal effects of local integration conditions from RDP-instrument-settings.5

As aforementioned, variants of MTB and MB have not been fully ignored. For instance

in the education literature Golsteyn et al. (2021) carefully control for a large set of peer

characteristics when interpreting peer effects of personalty in a random placement set-

ting, and discuss the resulting coefficient (non-) movement. In an earlier non-experimental

study, Lavy et al. (2012) discuss how estimates of mean ability peer effects change when

additionally including measures of very high and very low achieving peers. But many

studies rely primarily on random placement and balancing/randomization tests with re-

spect to individual characteristics to defend their estimates. Bertoni and Nisticò (2023)

demonstrate for the case of ability peer effects that this is not enough. They show that

even experimental (random placement) estimates of mean-ability peer effects change with

the inclusion of measures of a student’s rank as additional RHS variable. This is one

specific example of MTB, using the terminology we have introduced. To what extent MB

affects estimates in the education literature, to the best of our knowledge, remains un-

derexplored. For the case of randomly placed refugees, Eckert et al. (2022) formalize MB

for place-based effects. We present a framework for MB for the estimation of group-level

variables on later outcomes, which, in addition, also considers how MTB affects estimates.

Based on our analysis, and the empirical findings on the relevance of MTB and MB in the

German random placement setting, we conclude by discussing requirements, as well as

alternative “ideal experiments” for future work on how group-specific variables affect in-

dividual outcomes. The most promising avenue for future work is settings with as-good-as

random variation in group-level variables. These settings do not necessarily require initial

random placement.

5Of course, there exist many more literatures that rely on versions of the Manski (1993) framework
and (quasi-)random placement, which we cannot comprehensively review here. One example comes from
the economics of education, where studies either rely on explicit controlled experiments, e.g. Sojourner
(2013), who study effects of peer quality using project STAR, or settings where institutional assignment
mechanisms lead to exogenous group membership, e.g. Sacerdote (2001) to study effects of room-mates,
Carrell et al. (2009) or Feld and Zölitz (2017) to study effects of the academic achievement of peers,
Goulas et al. (2023) of the gender peer composition, or Golsteyn et al. (2021) of peer personality. A
related literature studies peer effects on health outcomes using quasi-random group assignments, i.e.
Trogdon et al. (2008); Jeong (2025).

5



2 Identification with random placement

2.1 Group (or place) effects

We first want to clarify the nature of the treatment under random placement and the

types of group-effects (rather than of group-level variables) that can be identified.

We generalize our argument to any setting where individuals can influence group

membership but for exhibition consider a refugee. Such a refugee might choose a region

of residence, not a level of unemployment or other specific local characteristics which the

researcher is interested in. Since this is the case, the treatment is properly described as

being multi-valued, discrete and unordered. This choice is likely endogenous. Therefore,

researchers have recognized that group assignment might help to infer causal evidence on

group(-level)-effects.

If group assignment were random and linked to the outcome of interest only through

its influence on the location (the group choice) of the individuals, it could be used as

an “instrumental variable” to study discrete group-effects. Such a situation, where the

endogenous treatment and the as good as randomly assigned instrument are both multi-

valued discrete and unordered is encountered frequently in economics. For such situations,

causal effects of interest and the assumptions that are needed to estimate them are theo-

retically well explored (Heckman et al., 2008; Heckman and Pinto, 2018).

We formalize the setting. Individuals i, observed at time t choose between groups dit =

1, ..., D. This group choice is endogenous, but the researcher observes group assignment

zi = 1, ..., D.6 In many empirical applications zi is correlated with dit. If we were interested

in the average of our outcome, Yit, for each group of assignment, we could regress the

individual outcome on dummy coefficients indicating the group:

Yit =
D∑
z=1

1(zi = z) · δz + ϵit (1)

where OLS regression estimates for the group dummy variables indicating the assignment

to group zi would be equal to δ̂z = Ê[Yit|zi = z], that is, they are equal to the average

outcome of individuals who were assigned to group zi.

What kind of effects can be identified in such as setting? This depends on onward

mobility. With subsequent mobility, random group assignment can influence outcomes in

many ways, through the group of assignment, but also through the effects of the other

groups, if individuals move there subsequently. Thus, the effects of groups other than

the randomly assigned group cannot in general be excluded from the outcome equation

6In many settings, e.g. for the local placement of refugees, the assignment is in fact not observable
to the researchers. Instead they use the location (group) where they first observe the individuals. Non-
compliance with (unknown) assignment will cause additional compliance problems which we abstract
from in this paper.
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even under random group-placement. This is because individuals can receive different

treatment “dosages”, i.e. the stable unit treatment value assumption (SUTVA) is violated.

In relation to IV, this is a situation where non-compliers, i.e. individuals who move, receive

a different treatment –rather than no treatment– from their next group. This means that

when individuals can change groups before the outcome is realized, local average treatment

effects (LATE) and other average treatment effects cannot be identified.

By virtue of random placement, what equation 1 identifies are reduced form (“intention-

to-treat” – ITT) estimates of assignment groups. These ITT effects of group assignment

should not be confused with causal estimates of group membership, unless there is zero

onward mobility.

2.2 Group-level variables with no subsequent group changes

Even with no subsequent mobility, such group effects are rarely estimated. The infor-

mation that a certain group results in high productivity, for example, can be relevant,

but in many settings researchers have considered it as more interesting to understand why

certain group membership produces a desired result. Therefore, the focus of the literature

has been and our focus here is on how to obtain causal estimates of group-level variables,

rather than of group membership, on individual outcomes.

And this is where much of literature that relies on random placement departs from

the setting with well-identified ITT place-based effects. In this literature, we typically

introduce another continuous variable (namely, a measure of some local/group feature)

that is correlated with the ordinal treatment and ordinal instrument, and use this con-

tinuous variable instead of the original ordinal instrument to estimate some sort of (sup-

posedly causal) effect of interest.7 Denote these observed group variables as Zobs,k
ap , where

k = 1, ..., kobs, and where a denotes the group/region of assignment and p the cohort of

individual i. Note that here, and in the following, we think of the outcome generation

as being stratified on individual characteristics, and also by the cohort of the individual,

p. This is not necessary but we introduce this notation here so that we can later relate

directly to the literature that uses across-cohort variation, rather than cross-sectional

variation.

Given the above reasoning, and taking the nature of the treatment and instrument

into account, we note that not only observed but potentially also other, unobserved group

variables Zunobs,k
ap , with k = 1, ..., kunobs, are randomly allocated in the initial placement

7It can be shown that the estimates from a regression using a continuous group-level characteristic
can be described as (weighted) averages of the actual ”binary” treatment effects as described in Heckman
et al. (2008).
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of individuals. Under these conditions the outcome can be written as:

Yitap =
D∑
z=1

1(zi = z) + ϵit

= g(Zobs
ap ,Zunobs

ap ) + ϵitap

(2)

Suppose now (as does implicitly a large literature e.g. in the economics of migration or

education) that the average outcome could be decomposed linearly into these observed

(and unobserved) group variables. We can then rewrite the outcome as

Yitap =
kobs∑
k=1

δk1Z
obs,k
ap +

kunobs∑
k=1

δk2Z
unobs,k
ap + ϵit

= Zobs
ap δ1 +Zunobs

ap δ2 + ϵitap

(3)

where the matrices Zobs
ap and Zunobs

ap are n × kobs and n × kunobs matrices and δ1, δ2

are kobs × 1, kunobs × 1 coefficient vectors, and where it holds that Cov(Zobs
a,p , ϵit) =

Cov(Zunobs
a,p , ϵit) = 0, i.e. the observed and unobserved group variables linearly map

to the average effect of being assigned to a group/region a. It is by no means clear that

the linear decomposition in equation 3 can be made. In the following we only think of the

decomposition as being linear to keep our argument close to applications in the literature

and simple. We now consider onward mobility, before providing a unifying interpretation

of typical random-placement estimates.

2.3 Group-level variables with subsequent group changes

To better understand how onward mobility can affect random placement estimates of

specific local characteristics, let us now consider a highly stylized theoretical framework of

how the individual outcome Yit of interest is being generated in the presence of additional

mobility. We denote mobile individuals by M = 1 and immobile individuals by M = 0.

Then we can write the potential outcome in the case where an individual does not move:

Y M=0
itap = g(Zobs

ap ,Zunobs
ap ) = Zobs

ap δ1 +Zunobs
ap δ2 + ϵ0itap (4)

That is, the potential outcome of individuals that do not move is determined solely by

the characteristics of the groups at the time of initial placement, i.e. here later changes

of group characteristics do not influence the outcome by assumption. In turn, mobile

individuals chose to move at the point in time tm to another group r. Assuming that

they only move once and that only the group variables at the time of placement p and
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the time of the move tm determine outcomes we have

Y M=1
itapr = f(Zobs

ap ,Zunobs
ap ,Zobs

rtm
,Zunobs

rtm
, ϵ1itapr) (5)

Under the very restrictive assumptions of linear effects of the local group variable on the

outcome of interest over time, and constant effects of groups, we can write the potential

outcome if the individual moves as:

Y M=1
itapr = (

tm
t
)[Zobs

ap δ1 +Zunobs
ap δ2] + (1− tm

t
)[Zobs

rtm
δ1 +Zunobs

rtm
δ2] + ϵ1itapr (6)

This allows us to rewrite the outcome Yt as:

Yitapr = Y M=0
it · (1−M) + Y M=1

it ·M

= Zobs
ap δ1 +Zunobs

ap δ2

+M · {(t− tm
t

)[Zobs
rtm

δ1 +Zunobs
rtm

δ2]− (
t− tm

t
)[Zobs

ap δ1 +Zunobs
ap δ2]}

+ (ϵ0it +M(ϵ1it − ϵ0it))

= Zobs
ap δ1 +Zunobs

ap δ2 +M · α · [∆obs
M δ1 +∆unobs

M δ2] + ϵMitapr

(7)

where α = t−tm
t

, ∆obs
M = Zobs

r,tm
− Zobs

a,p and ∆unobs
M = Zunobs

r,tm
− Zunobs

a,p are the changes

of local characteristics between period p and moving time tm, i.e. the changes of local

characteristics that accompany a move, and ϵMitapr is a composite error term.

This highly stylized framework drives home a few crucial points about how and which

local group conditions influence individual outcomes. We want to emphasize that in

general ϵMitapr = ϵMitapr(Z
obs, Zunobs,M, α,∆obs

M ,∆unobs
M , ϵ0itapr, ϵ

1
itapr), i.e. the error term could

in principle be related to any of the other determinants in this outcome equation. There

are multiple reasons why this might be the case: maybe only highly motivated individuals

move again, or they move to selected new groups? Such selection concerns can exist in

the presence of initial random placement, which only relates to ϵ0itapr. To be precise, if

one wanted to estimate such a model, for identification we require ϵMitapr to be independent

of the included right-hand side variables. This means, essentially, that onward mobility

cannot be an outcome of initial-place characteristics, and that the decision to move at

all, M , or when to move, α, or where to move to, ∆obs
M and ∆unobs

M , equally need to be

unrelated to (individual) characteristics that matter for integration. Such assumptions

can be summarized as “random onward mobility”.

In the following, we use this simple theoretical model to study how multiple treatments,

moving decisions, and the associated changes in group-level variables, can influence esti-

mation results that are based on the typical random placement specifications, with and

without random onward mobility.
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2.4 Typical estimation and interpretation in the literature

One strand of the random placement literature relies on cross-sectional variation of ob-

served group variables on a context-dependent outcome Y of individual i in group a and

cohort p. This literature estimates a regression of the following form:

Yitapr = δ0 +
kobs∑
k=1

δk1Z
obs,k
ap + βXi + ϕp + ηitapr (8)

The typical regression includes a limited number k of observed local indicators Zap. Other

observed time-invariant characteristics of individuals Xi and cohort fixed effects ϕp are

usually included, as well as an error term. δ1 is the estimate of interest. In the peer effects

education literature that relies on random placement, the group characteristics Zap could

be measures of a specific peer characteristic at the classrooms or school-level, such as

mean ability, and the individual characteristic Xi a lagged outcome, e.g. test scores from

an earlier period and school, gender, etc. In the refugee integration literature, groups are

regions or local labour markets and Zap for instance the local unemployment rate. For

detailed references for this literature, see the overview in Appendix Table A1, with “CS”

indicating this cross-sectional approach in column 2.

Another strand of literature relies for identification on variation in group-level variables

over time within groups for different cohorts (“panel case”). Such a strategy is not limited

to situations with explicit random placement. Experiments are rare, and many studies

extract quasi-exogenous variation in group variables using a sequence of fixed effects. In

a seminal paper, Hoxby (2000) introduced this approach to the quasi-experimental eco-

nomics of education literature, exploiting across-cohort differences in peer composition

conditional on school fixed effects. Some studies even exploit variation within the indi-

vidual (Lavy et al., 2012). Examples of this approach in the refugee integration literature

can again be found in Table A1 in the appendix, denoted by “FE” in column 2. The

typical estimation specification takes the following form:

Yitapr = δ0 +
kobs∑
k=1

δFE,k
1 Zobs,k

ap + βFEXi + ϕFE
p + ϕFE

a + ηitapr (9)

The key difference to specification 8 is the inclusion of group fixed effects ϕFE
a .

2.5 Identification in the presence of MTB and MB

Under which conditions will regressions like 8 or 9 identify δ1 from equation 3? We

note that these regressions stratify on individual characteristics, cohort of arrival, and

sometimes on some other group-level characteristics Zobs,i̸=k
ap , i.e. all the considerations

that follow have to be interpreted conditional on these characteristics as is the case for our

10



outcome equation 7. Denote the residual of an auxiliary regression of the observed local

conditions on these other observed characteristics as Z̃obs,k
ap .8 Then, using our outcome

equation we can write the regression coefficient from a regression of equation 8 or 9 for

our regressor of interest k, δ̂k1 , as:

δ̂k1 =
Cov(Yitapr, Z̃

obs,k
ap )

V ar(Z̃obs,k
ap )

= δk1 · {1 +
Cov(M · α ·∆obs,k

M , Z̃obs,k
ap )

V ar(Z̃obs,k
ap )

}︸ ︷︷ ︸
MB

+ δ2 (
Cov(Zunobs

ap , Z̃obs,k
ap )

V ar(Z̃obs,k
ap )︸ ︷︷ ︸

MTB

+
Cov(M · α ·∆unobs

M , Z̃obs,k
ap )

V ar(Z̃obs,k
ap )

)︸ ︷︷ ︸
Interaction MTB and MB

+
Cov(ϵMitapr, Z̃

obs,k
ap )

V ar(Z̃obs,k
ap )︸ ︷︷ ︸

MB: Selection

(10)

This equation makes clear that even under the high-level assumptions in our very

simple theoretical framework, the estimate of δ̂k1 is a combination of different effects.

It contains the causal effect of interest, but also (potentially) a bias through a moving

channel (what we call “MB” and “MB: Selection”), and Multiple treatment bias (MTB).

We find it informative to discuss MB with and without the mover selection component,

as onward mobility is sometimes assumed to merely result in attenuation: MB from the

first row can indeed generate attenuation bias under certain conditions, in particular if

mobile individuals chose the new group randomly. In that case, in our framework mobility

merely generates a time-weighted average using a second random draw from the group

distribution for movers. And because of mean-reversion, we get Cov(M ·α·∆obs,k
M , Z̃obs,k

ap ) <

0. This attenuation effect can moreover be amplified by a specific kind of endogeneity

in the moving decision: if individuals move because of an extreme initial realisation of

Z̃obs,k
ap , only those individuals now get a second draw, which is unlikely to be extreme again.

Notice how this rationale for attenuation is very different to ITT in the IV framework,

where non-compliers do not receive any treatment at all. Moreover, different assumptions

about the moving process can reverse this result: if only individuals allocated to “average”

initial conditions move again, we get Cov(M · α ·∆obs,k
M , Z̃obs,k

ap ) > 0.

Onward mobility could be non-random in other ways. This introduces a number of

problems. First of all, if mobility is an outcome, for example to initial conditions, this

generates bias through MB, i.e. Cov(M · α · ∆obs,k
M , Z̃obs,k

ap ) ̸= 0. More fundamentally,

8The regression is for the cross-sectional case of equation 8: Zobs,k
ap = γ0 + γ1Xip +

∑
i̸=k Z

obs,i
a,p γi2 +

ψp + Z̃obs,k
ap . For the panel case of equation 9 it additionally includes a region of assignment fixed effect.
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if the moving decision is an outcome, the model from specification 7 is not identified.

Empirically, this will result in non-zero ϵMit , which, if correlated to Z̃obs,k
ap , introduces ad-

ditional bias through the “MB: Selection” term. Notice that this includes relationships

between unobserved individual characteristics and the characteristics in the group of ran-

dom placement (we call this “mover selection”). This selection can contain many different

parts, as ϵMit may depend on all the other quantaties in our theoretical model.

In summary, whenever individuals can move, “MB” could be present. In the refugee

placement literature individuals can almost always move, and moving propensities in most

empirical settings are substantial and differ between zero and 66.6 percent across settings

(see Appendix Table A2 for an overview for refugee migration studies).

Next, multiple treatment bias (MTB), the bias through unobserved local conditions

discussed earlier, contains two parts. The first part that is irrespective to moving and the

second part that is associated with moving. It will only be present at all, if unobservables

indeed influence the outcome, i.e. δ2 ̸= 0. If this is the case, and additionally either the

observable local characteristics are correlated to the unobservables (Cov(Zunobs
a,p , Z̃obs,k

a,p ) ̸=
0), or the change of unobservables associated to moves (Cov(∆unobs

M , Z̃obs,k
a,p ) ̸= 0), the

moving decision itself and the timing of the move, there will be this additional bias

through ”multiple treatments”. In short, MTB is present whenever the local indicators

used for identification correlate with other local indicators.9

2.6 The checklist: quantification of the bias terms using observ-

able variables

We summarize in panel A of Table 1 the different selection terms that are potentially

present in the RDP regression estimates (equations 8 and 9), according to our theoretical

treatment of the setting (equation 10). Panel B shows the labels that we have introduced.

In general identification of δ1, that is, the true causal effect of a specific local integration

factor on integration outcome Y (given that it is truly linear and additively separable from

other effects!) in such a regression model is only possible, if it can be credibly argued

that all of these correlations are negligible. In Panel C we indicate whether and how

researchers can provide empirical evidence on these identification assumptions. The idea

of this checklist is that relations can be tested using observable characteristics.

One of such tests is the typical “Table 1” of RDP papers that checks whether observed

individual characteristics are uncorrelated with initial group characteristics. As discussed,

this might not be enough. In the same vein researchers can also check for individual

selection of movers by studying correlations between observable Xs, moving decision,

moving timing and destination characteristics (row 5 of Table 1). Similarly, researchers

9As pointed out by Damm (2009b), estimating effects in a dynamic framework (equation 9) is moreover
problematic if relevant local factors, such as the network size, change endogenously over time.
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Table 1: Identification in random placement regressions and checklist

Initial group characteristics Moving Change of characteristics

Observed Unobserved Decision Time Observed Unobserved

A. Theoretical Quantaties

I. Individual Selection Cov(ϵit, Z
obs,k) Cov(ϵit, Z

unobs) Cov(ϵit,M) Cov(ϵit, α) Cov(ϵit,∆
obs) Cov(ϵit,∆

unobs)

II. “Local” Selection Cov(Zobs, Zobs,k) Cov(Zobs, Zunobs) Cov(Zobs,M) Cov(Zobs, α) Cov(Zobs,∆obs) Cov(Zobs,∆unobs)

B. Label of “Bias” term

I. Individual Selection = 0 p.a. by random placement Mover Selection Mover Selection

II. “Local” Selection MTB MTB MB MB MB & MTB MB & MTB

C. Possible Empirical Evidence (Checklist)

I. Individual Selection Cov(Xi, Z
obs,k) by extension Cov(Xi,M) Cov(Xi, α) Cov(Xi,∆

obs) by extension

II. “Local” Selection Cov(Zobs, Zobs,k) by extension Cov(Zobs,M) Cov(Zobs, α) Cov(Zobs,∆obs) by extension

Notes: The different selection terms that are potentially present in the RDP regression estimates (equations 8 and 9) according to our theoretical
treatment of the setting (equation 10) are summarized in the upper block and labeled in the middle block. The lower block illustrates how observables
can be used to assess the relevance of the various bias terms, assuming that these correlate also with unobservables.

can study ”local” selection by studying whether and how other observed characteristics

of initial groups are related to the initial group characteristics of interest, moving, timing

of moves and changes in local characteristics due to moves (last row of Table 1). By

extension, one could then argue that unobserved individual and group characteristics

may also not be related to these quantities.

To summarize this theoretical exercise: MTB and MB can give rise to bias in standard

“random placement” estimates of group-level variables on individual outcomes, even under

a set of restrictive linearity assumptions. This demonstrates that random placement does

not necessarily constitute an “ideal experiment” for the study of peer- or other mechanisms

of group-level effects.

Empirically, both biases depend on correlations between observed and unobserved

group-level variables, the presence of subsequent group changes (onward mobility) and its

relation to unobserved individual characteristics. These variables may well vary between

settings. In the following, we turn our attention to the case of refugee integration in

Germany to provide an empirical benchmark of the severity of MTB and MB in a popular

case where random placement instruments are being used.
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3 Empirical application: local conditions and refugee

integration in Germany

3.1 Random placement policy

Random placement policies (RDP) are a common policy tool, used e.g. in Denmark,

Sweden, Norway, Austria, Switzerland, the United States and Germany. In Germany, the

RDP works as follows: refugees are first allocated between the 16 federal states according

to the Königsteiner Schlüssel, which in practice leads to a distribution across Federal

States that is proportional to population shares.10 Refugees are then distributed within

states by the state governments and eventually placed in one of the 400 counties in Ger-

many. Each Federal state has separate legislation and special distributional mechanisms,

but in the end refugees are also distributed more or less proportionally to county-level

population shares within the Federal States (Baba et al., 2023). Crucially, the distribution

of refugees is at the discretion of central state authorities. Local Authorities do not have

a say in the allocation, so phenomena such as cream-skimming are in all likelihood not

present.

3.2 Data and descriptive statistics

3.2.1 The Y : settlement permit as composite measure for successful integra-

tion

We use the acquisition of a permanent settlement permit (German: “Niederlassungser-

laubnis”) as our measure for successful integration. In general, refugees become eligible

to apply for a permanent settlement permit five years after submitting their asylum ap-

plication. To qualify for the permit, applicants must meet the statutory criteria set out

in § 9(2) AufenthG: (1) financial independence, defined as deriving no more than 50%

of household income from social transfers; (2) sufficient language proficiency (at least A2

level under the “Common European Framework of Reference for Languages”); (3) basic

knowledge of the legal and social order in Germany; (4) adequate housing; (5) no evidence

of posing a security risk. Refugees who have been granted protection under the Geneva

Convention and who demonstrate very high language proficiency (C1 level) and substan-

tial income (less than 25 % derived from transfers) may obtain a settlement permit after

only three years pursuant to § 26(3) AufenthG.

Given these requirements, one can think of the residency permit as a composite inte-

gration measure, comparable to an index measuring social and economic integration as

10Formally, the quotas are a weighted average of the population share (weight of one third) and the
state-share of the overall tax income (weight of two thirds). However, as the tax income after various
redistributional mechanisms between the states is considered (Schmandt et al., 2023), the per-capita
share of the tax income is virtually identical between states.
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used e.g. by Schilling and Stillman (2024) or Aksoy et al. (2023). In the appendix we

show with different data sources that the outcome of obtaining a residence permit is highly

related to other measures for integration outcomes that have also been used frequently.

E.g. refugees with a settlement permit have higher labor market participation in the

employment statistics of the federal employment agency (see Appendix Table A3). The

proportion working is about twice as high in this group, compared to statistics derived

from the German socio-economic panel (SOEP). We can also show with the SOEP that

for instance language skills are far higher for refugees with a settlement permit (Appendix

Table A4).11

3.2.2 Construction of estimation sample

We study refugee integration in Germany using the central register of foreigners (AZR) re-

search dataset, the so-called AZR-Forschungsdatensatz (BAMF-Forschungsdatenzentrum,

2021). The central register of foreigners contains locational and legal information on all

foreigners that either live in Germany or have left the country within the last 10 years.

The AZR-Forschungsdatensatz is a 20 % sample of the AZR as of June 30, 2021 (Hammerl

and Janik, 2021).

We implement two sampling choices to identify the relevant group of refugees in the

AZR (in the following we use the abbreviation AZR for the research dataset). We focus

on refugees who have the right to stay in Germany at least temporarily because only this

group can potentially get a settlement permit.12 We only include individuals that are

still alive and reside in Germany as of June 2021 and have not been forced to relocate

by authorities in their integration history. Another necessary condition is that we can

identify in the data at what time an individual first obtained the right to stay in Germany

and that we observe their entire moving history and all relevant individual characteristics.

The AZR contains 141, 792 individuals that meet all these criteria.

The second sample restriction that we implement is simply based on timing. It takes

time to obtain the settlement permit and we only include refugees who had by June

11One concern with our integration measure could be that it depends on institutional capacity, which
could be correlated with local integration conditions. For instance, in regions with high levels of local
unemployment it might be the case that resources are primarily used to increase employment and local
authorities cut on spending on local immigration offices which issue settlement permits. If this were
the case, well-integrating refugees might have a lower chance to obtain a settlement permit for these
institutional reasons. In such a situation, we would expect to observe comparably high employment rates
among refugees with a settlement permit in high-unemployment districts. The reason would be that only
the most integrated refugees in such regions would receive the settlement permit. However, in reality we
observe the opposite: the employment share is comparably low for refugees with and without a settlement
permit in high unemployment regions (Table A3).

12This includes the following groups: (1) persons who have been granted asylum pursuant to § 25(1)
AufenthG or recognized as refugees under § 3 AsylG, as provided in § 25(2) sentence 1, alternative 1
AufenthG; (2) those who have been recognized as persons entitled to subsidiary protection pursuant to
§4 (1) AsylG (as provided in §25(2) sentence 1, alternative 2 AufenthG); (3) Those to whom a residence
permit has been issued for the first time pursuant to §§22, 23, or 25(3) AufenthG.
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2021 spent enough time in Germany to be eligible. We therefore drop 7, 956 persons

who received asylum after June 2018, as they had not spent 3 years in Germany by

June 2021. For migrants who received subsidiary protection, the cut-off is June 2016,

since refugees with subsidiary protection need to work for at least 5 years in order to get

the settlement permit. This drops another 46, 519 individuals. We also need to apply

restrictions to avoid including refugees who might have obtained the German citizenship.

After a naturalization former foreigners are excluded from the AZR altogether. In our

sampling period, citizenship is granted after having lived in Germany with a valid refugee

status for a minimum of six years, even in cases of exceptionally successful integration.13

Hence, we limit our sample to individuals who received asylum after June 2015 and did not

yet have had the chance to be naturalized, which drops another 17, 019 persons. Appendix

Table A5 summarizes how these sampling restrictions based on the institutional setting

and the resulting timing affect the number of observations in our final estimation sample,

which consists of 69, 558 refugees.

3.2.3 Descriptive statistics

Table 2 shows descriptive statistics of our estimation sample. The vast majority of refugees

are married. Around 60 % are below the age of 30.14 The majority of refugees is from

Syria and was recognized as a refugee according to the Geneva Refugee Convention (89

%). Only a small minority (9 %) received merely subsidiary protection as their first

status.15

In our sample as of June 30, 2021, around 35% of the individuals did not live in the

county where they resided when they received asylum. Moving propensities differ for de-

mographic groups and are higher among younger refugees, single males, and refugees from

Syria (see Table 2). A large share of moves occurs early in the integration process, shortly

after asylum was granted (α = 0.68 is large in our sample). Refugees disproportionately

left rural areas in eastern Germany and parts of Bavaria, concentrating in urban areas in

western Germany, particularly in the Ruhr area (see Appendix Figure A1a), while moving

times do not have a clear regional pattern (Appendix Figure A1b). Interestingly, there is

no evidence of strong migration towards major cities like Berlin, Hamburg or Munich, or

good labor markets in the south.16

13See § 10 StAG in the current (27.06.2024) and previous versions for the laws regarding naturalization.
14Note that even though the AZR-Forschungsdatensatz does not contain minors, we do observe indi-

viduals that came to Germany when they were below 18 years of age if they turned 18 before June 30,
2021.

15Note that in Table 2 we consider the first legal status received. Hence, the share of individuals
with non-refugee status differs from Table A5, as in the latter we also considered whether a subsidiary
protected individually received regular refugee status later on and was thus eligible to be awarded a
settlement permit early.

16This is the German “refugee mobility puzzle” (Wiedner and Schaeffer, 2024). In Germany refugees
tend to move to affordable cities with bad labor markets (see also: Weber, 2023; Baba et al., 2023).
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Table 2: Descriptive statistics of AZR sample

Number of
Observations

Share in
Sample

Share that
moved away

Share with
Settlement
Permit

Gender
Male 48,762 70% 36% 11%
Female 20,796 30% 31% 4%

Age when Asylum received
u18 6,791 10% 30% 6%
18–25 21,117 30% 41% 10%
25–30 13,941 20% 37% 12%
30–u35 10,100 15% 33% 11%
35–u50 13,880 20% 28% 7%
über 50 3,729 5% 28% 2%

Family Status
single 28,793 41% 38% 10%
married 31,313 45% 32% 9%
others/unknown 9,452 14% 33% 6%

Nationality
Others 5,908 8% 28% 8%
Syria 40,579 58% 38% 12%
Iran 4,544 7% 30% 7%
Afghanistan 4,866 7% 22% 5%
Irak 7,923 11% 38% 3%
Eritrea 5,738 8% 27% 7%

Legal Status
Asylum/Refug./Settlement 62,037 89% 35% 10%
Subsidiary Protection 5,977 9% 30% 4%
National ban on deportation 562 1% 23% 8%
Other protection status 982 1% 20% 2%

Total 69,558 100% 35% 9%

Notes: Data from AZR research dataset, authors’ calculations.

Having obtained a settlement permit is our binary measure of integration. In our

sample, around 9% of refugees obtained a settlement permit by June 30, 2021 (Table

2). The share is higher for males, refugees who arrived aged 25 to 30, who were from

Syria and who received regular protection status (asylum, refugee status, resettlement).

It varies barely between single or married individuals.

3.2.4 The Zobs (or Zunobs): measures of local integration conditions

The local (group-level) covariates that we use are on the level of 393 Foreigners’ Regis-

tration Office districts, which are with very few exceptions identical to the 400 German

counties.17 We use the unemployment rate to measure the quality of the local labor market

as is commonly done in the literature (e.g. Aslund and Rooth, 2007; Aksoy et al., 2023).

The indicator for the size of the co-ethnic network is defined as the share of co-nationals

17The following districts are recorded as one foreigners’ registration office: district Kassel and city of
Kassel, district Oder-Spree and city of Cottbus, the six districts of the Federal State Saarland.
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Table 3: Descriptive statistics of local integration conditions

Variable Year(s) N Mean SD

Cross-Sectional Data
Unemployment Rate 2014 393 5.98 2.79
Share of academic employment 2014 393 0.107 0.0473
Syrian network (Share of total Population) 2014 393 0.00135 0.000906
Total Population 2014 393 206610 239357
Population density per km2 2014 393 522 686
Average Income 2014 393 1708 200
Language courses per refugee 2016 393 0.0190 0.0117
Average asking rent in Euro/m2 2014 393 6.26 1.46
Vote share for AfD in general election 2017 393 13.4 5.3

Panel Data
Share of academic employment 2015–2018 1,572 0.118 0.0514
Population 2015–2018 1,572 210247 246083
Population density 2015–2018 1,572 533 703
Income 2015–2018 1,572 1819 216
Unemployment Rate 2015–2018 1,572 5.21 2.47
Average asking rent in Euro/m2 2015–2018 1,572 6.86 1.73
Syrian network (Share of total Population) 2015–2018 1,572 0.00723 0.00475
Language courses per refugee 2016–2018 1,179 0.0175 0.0103
Vote share for AfD in general elections (interpolated) 2015–2018 1,572 11.6 4.9

Notes: N corresponds to number of region-year observations. Data sources are Federal Employment Agency (BA)
for unemployment rate and share of academic employment; Destatis (Ausländerstatistik) for network sizes; Destatis
for total population, population density and average incomes; BAMF-Integrationskursgeschäftsstatistik and Destatis
(Ausländerstatistik) for language courses per refugee; VALUE Marktdatenbank for average rents; Destatis (Election
statistics) for vote shares. Table only displays share of Syrian refugees, but the final indicator is based on the shares
for 50 nationalities.

of the local population (as e.g. used by Foged et al., 2024; Andersson, 2021)18. The

measure of sentiment of the local population towards migration is the vote share of the

right-wing party ”Alternative für Deutschland” (AFD) (as used e.g. by Aksoy et al., 2023;

Schilling and Stillman, 2024). The local coverage with language courses is measured as

the number of course starts divided through the number of refugees residing in the district

(comparable to Kanas and Kosyakova, 2023, who use the number of new courses divided

through the number of new course vouchers issued. The correlation between measures

is 0.81.).19 Apart of these commonly used variables of interest in RDP studies, we also

use a small number of other local characteristics that may be correlated to the variables

of interest and could potentially influence integration outcomes. Table 3 shows variables

and descriptive statistics for the cross-sectional data in the upper block. We use data

for years that pre-date the arrival whenever possible. The only two exceptions are the

language courses, where the first available data point is 2016, and the AfD vote share, we

use the year 2017, as the party only then turned to an anti-immigration party.

18Other options are to use the share of co-national employment on overall employment (Battisti et al.,
2022) or simply the (log) number of co-nationals (Edin et al., 2003; Müller et al., 2023)

19We use the availability of language courses in 2016 since this was the first year in which statistics on
language courses were made available for the public to download.
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4 Results

4.1 Randomization tests and checklist

Table 4 presents the empirical counterpart to the testable assumptions derived in Table

1. Table 4 only reports the joint F-tests. All corresponding regression coefficients and

standard errors are reported in the Appendix Tables A6 (cross-sectional, individual), A7

(cross-sectional, local), A8 (panel, individual), and A9 (panel, local).

We first turn our attention to the issue of potential self-selection of refugees into initial

locations. This is a concern that is typically addressed in great detail by RDP papers to

highlight the validity of the identification strategy. We study individual selection for the

following individual-level covariates: a gender dummy, five nationality group dummies,

three asylum status dummies, five age group dummies, and two family status dummies.

To assess overall significance of these individual characteristics, we perform F-Tests, test-

ing the short model including only dummies for arrival and asylum cohorts and federal

state dummies against a longer model additionally including the 16 dummies for indi-

vidual characteristics. The F statistics range from 2.1 (regional AfD vote share) to 4.0

(ethnic enclave), as shown in Table 4, columns 1-4, panel A.I., which are all significant

at conventional levels. Hence, there is some evidence for selective assignment according

to this test based on our administrative data.20 Appendix Table A6 shows that the im-

balance is driven by the gender dummy and some nationality dummies, where we cannot

reject the null that they are uncorrelated to local integration conditions.21 Note that the

coefficient estimates for the single covariates are in the range of, or smaller than those

in the balancing tests of Aksoy et al. (2023), who use the SOEP survey for Germany to

test for balancing in the same setting. Their estimates are not significant though, because

the SOEP has substantially fewer observations. Thus, there is some evidence that the

German RDP was not fully random. But the degree of selection appears relatively small,

in particular when compared to the next checks.

Refugees can move after assignment and it might be the case that specific individuals

move at specific points in time to specific places. For Germany we find that all three

forms of selection are likely important – despite the more or less random placement.

Individual characteristics are highly indicative of moving decisions M (F = 43) and time

α (F = 49.4). Individual characteristics can also explain destination choices to some

extent (F statistics between 5.8 and 10.8, see Table 4, columns 5-10 of panel A.I.).

20E.g. Wett et al. (2024) also find some selection in extensive Austrian administrative data.
21This is not surprising in the German context, since certain nationalities with low numbers of ap-

plicants are predominantly allocated to specific regions in order to take advantage of scale effects in
processing the asylum applications. Such responsibilities for almost 200 different countries are listed
by the federal institute for migration (Bundesamt für Migration und Flüchtlinge, 2024). Women were
prioritized in being redistributed from central initial registration facilities to the counties (Baba et al.,
2023). The other individual characteristics mostly not explain the levels of regional characteristics.
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Table 4: Individual and local selection in cross-sectional and panel specifications

Initial group characteristics (MTB) Moving (MB) Change of characteristics (MTB & MB)

Unempl.
rate

AfD
vote

Ethnic
network

Integr.
course

Decision Time
Unempl.

rate
AfD
vote

Ethnic
network

Integr.
course

A. Cross-sectional Case

I. Individual Sel. 3.2 2.1 4 2.8 43 49.4 7.9 5.8 8 10.8

(0.000) (0.007) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

II. Local Sel. 42 29.9 17.2 22.8 40.8 30.5 28.4 7.5 25.1 25.3

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

B. Panel Case

I. Individual Sel. 1.5 2.8 5.4 1.6 53.1 56.7 9.3 6.5 10.8 6.4

(0.096) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)

II. Local Sel. 24.6 29.9 6.3 34.2 18 30.1 16.9 35.8 2.8 38.4

(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.005) (0.000)

Notes: Table reports F-statistics comparing a regression including only dummies for month of arrival, month of receiving asylum, and 16 Federal State
dummies (Panel A) or 393 region of assignment dummies (Panel B), with a regression including additionally in Panel A. 16 dummy indicators for individual
characteristics (F (16, 392)) and in Panel B. 8 variables for local characteristics (F (8, 392)). In Panel B local indicators vary between cohorts. P-values
for the tests against the hypotheses of no influence of the additional indicators are in parentheses. Standard errors are always clustered on the level of
393 counties of assignment. All covariates are standardized. Single regression coefficients and standard errors are reported in the Appendix Tables A6
(cross-sectional, individual), A7 (cross-sectional, local), A8 (panel, individual), A9 (panel, local).

Do correlations of local factors play a role? A first indication that this may be the case

yield columns 1-4, in panel A.II. of Table 4. We test covariate “balancing” of the “causal”

variables –i.e. the local integration characteristics of interest in many RDP studies– for our

sample, but w.r.t. other local integration characteristics. We test the model including

only the basic fixed effects (cohorts + Federal States) against the model including the

eight local covariates. We observe substantial correlations between the variables. The

F-statistics range from 17.2 (ethnic enclave) to 42 (unemployment rate) and are always

highly significant. Note that this range is at a margin of 10 higher than for individual

initial selection.22 These correlations could give rise to MTB if omitted variables were

also influencing the integration outcome of interest.

Place of assignment characteristics are also related to moving. They explain both

decision (F = 40.8) and time (F = 30.5) and changes of characteristics associated with a

move (F between 7.5 and 28.4).

One motivation to estimate a regression with additional region of assignment fixed

effects exploiting across-cohort variation in integration conditions is to reduce local se-

lection and individual selection. To assess this assumption, we additionally perform the

same exercise for the panel case, where the reference model includes fixed effects for 393

regions of assignment instead of 16 Federal States and the local indicators vary between

years. Panel B.I. of Table 4 shows that individual selection is somewhat lower. Local

selection is still important, despite the region of assignment fixed effects (panel B.II). The

reason is that local indicators correlate not only in levels but also in changes. I.e. the

panel setting does not solve MTB.

22We have 8 (local) or 16 (individual) and 392 degrees of freedom. Thus, the critical values for the two
tests do not differ much and can be compared.
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Moving decisions, moving timing, and changes of local characteristics that follow a

move are also related to individual and place of assignment characteristics in the panel

case (Table 4 Panel B. columns 5-10). I.e. also the biases arising from moving are not

solved by estimating a model with region of assignment fixed effects.

4.2 Multiple treatment bias (MTB)

In the economic literature, it is common practice to estimate different specifications with

alternating sets of covariates and to choose a ”preferred specification”, based on econo-

metric or economic arguments. In a non-experimental setting, such specifications may

produce very different coefficient estimates of the regressor of interest. We argued above

that even with random assignment, this remains a non-experimental setting because of

the remaining required assumptions about Zunobs
ap . Given that regions, not local con-

ditions, are randomly assigned, regression specifications with different sets of covariates

could produce different estimates of the ”causal” effect of local conditions of interest in

our example.

To study whether there are indeed relevant local confounders in our empirical example,

we have to check whether local characteristics are not only correlated, but also related

to our integration outcome. We therefore estimate regressions like the one in equation

8 and 9 with our data, where Yi is a binary indicator for whether the refugee obtained

a settlement permit. We include as demographic controls Xi at the time of receiving

protection the sex, nationality, age, legal title, month of arrival, and month of having

received asylum for the refugee. For the cross-sectional regression equation 8 we include

different sets of fixed effects for regions (none or for 16 Federal States or 38 NUTS-2

regions ). To study MTB we always vary the set of regional control variables. Table 5

shows regression estimates for key explanatory variables: the local unemployment rate,

local co-ethnic network size, local sentiment towards migration measured by the AfD vote

share, and the supply of language courses measured by the number of courses per refugee

in the district. All regressions include demographic characteristics, but the set of local

controls and fixed effects changes. We observe that in our empirical setting, the ’causal’

estimate of the local characteristics of interest changes depending on the specification.

For instance, for the local unemployment rate, ethnic network and sentiment coefficients

move between statistically significant negative and zero. Language course supply can be

positive or zero, statistically significant depending on the exact specification.

To observe a more complete picture of the range of possible estimates, we produce

2k − 1 permutations, including k regional covariates as defined in section 3.2.4, in each

possible combination in one separate regression model. Additionally we vary the sets of

regional fixed effects that are included in the models, as do papers in the refugee RDP

literature. Figure 1 shows the distributions of the resulting coefficient estimates. Our
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Table 5: Varying local integration factors and refugee integration

Dependent variable: obtained settlement permit

CS CS CS panel panel panel

Unemployment Rate -0.0082∗∗∗ -0.0076∗∗∗ -0.0071∗∗∗ -0.0249∗∗ -0.0287∗∗ -0.0084
(0.0026) (0.0026) (0.0036) (0.0150) (0.0164) (0.0156)

AfD Vote Share 0.0063 0.0059 -0.0049 0.0011 -0.0070 0.0060
(0.0044) (0.0042) (0.0043) (0.0083) (0.0093) (0.0103)

Ethnic Network -0.0026∗∗∗ -0.0017∗∗ -0.0006 -0.0019∗∗ -0.0018∗∗ -0.0020∗∗∗

(0.0009) (0.0009) (0.0009) (0.0011) (0.0011) (0.0010)
Language Courses -0.0014 0.0005 0.0025 -0.0084 -0.0093∗∗∗ -0.0038

(0.0028) (0.0028) (0.0027) (0.0044) (0.0046) (0.0040)

Regional Controls No Main All No Main All
Demographic Controls Yes Yes Yes Yes Yes Yes
Month of Asylum Decision (Cohort) Yes Yes Yes Yes Yes Yes
Federal State FE Yes Yes Yes No No No
District FE No No No Yes Yes Yes
Cohort FE Yes Yes Yes Yes Yes Yes

Notes: Data from AZR research dataset, author calculations. Columns (1) and (4) show estimates of the importance of local factors for
successful integration from separate regressions with only one regional control. Additional local controls are added across columns: Main
regional control variables are the local unemployment rate, AFD vote share, co-ethnic networks. All regional controls additionally include
income, rent levels, population size, population density and share of academic employment. Regional covariates are standardized across
regions and years. Demographic controls include sex, nationality, age, legal title and fixed effects for month of arrival. Standard errors in
parentheses. All regressions for unemployment rate, AfD vote share and ethnic network based on 69,558 observations. Panel rergessions
for integration courses only based on years 2016-18 (n=59,631). Significance: ∗∗∗p < 0.01, ∗∗p < 0.05, ∗p < 0.1.

estimations produce for the covariates that are of most interest to the literature, the local

unemployment rate (Figure 1a), local right-wing voting (AFD share, Figure 1b), the local

supply of language courses (Figure 1c), and the size of the initial ethnic network (Fig-

ure 1d) different distributions for the coefficient estimates. The range of the coefficient

estimates is substantial. Most notably, one can produce significant negative coefficient

estimates, as well as zero estimates, depending on the specification for the local unem-

ployment rate. For the supply of language courses we can produce positive significant or

zero estimates. For right wing voting, we can produce negative significant, zero or positive

significant estimates, depending on the specification and empirical model. In our setting

only the ethnic network size always has a negative impact but the magnitude changes by

a factor of 3 to 4, depending on the specification. Note that we observe the largest coef-

ficient movements when we include more fine-grained regional fixed effects. This strong

coefficient movement indicates that apart of the limited set of regional covariates that we

use in our study, other, unobserved (to us) regional heterogeneity is significantly related

to refugee integration in Germany.

The different specifications (no controls, only major controls, many controls) can be

encountered in different RDP papers from a wide array of countries (see Table A1 in

the appendix). Also different sets of regional fixed effects are included in different RDP

studies that rely on cross-sectional variation of local integration conditions (e.g. Federal

States or NUTS-2 in German RDP papers relying on cross-sectional variation of local

characteristics). Given that local conditions are not as good as randomly assigned with
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Figure 1: Coefficient estimates in different model specifications

(a) Unemployment rate (b) Afd share

(c) Integration courses (d) Initial ethnic network size

Notes: Data from AZR research dataset, author calculations. Number of estimated regressions for the cross sectional
regressions is always 255 (n=69,558). Alternating specifications include the variables: unemployment rate, AfD vote share,
network size, income, rent level, population size, population density, share of academic employment, language courses per
refugee and the indicated fixed effects. We estimate 127 Panel-FE models including 393 district of arrival fixed effects.
Covariates are always on the level of the district of assignment and standardized. Regressions on integration courses are
only based on years 2016-18 (n=59,631). Estimated effects rescaled by a factor of 100.

respect to other local characteristics (observed or unobserved) and that not only the levels

but also the trends of local conditions are strongly correlated, such coefficient movements

are not surprising.

4.3 Mobility Bias (MB)

Even if the true model was estimated, i.e. even if δ2 was zero, the estimated effect would

not be equal to a local treatment effect due to subsequent moving (i.e. choice of another

level of the treatment). Recall the MB term from equation 10: “MB” =
Cov(M ·α·∆obs

M ,Z̃obs
a,p )

V ar(Z̃obs
a,p )

.

It indicates that the bias depends on refugee mobility and the exposure to local conditions

other than the initial conditions. This bias is going to be present and large if there is a lot

of mobility, if mobility occurs early in the integration process (α is large) and the change
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of observed local characteristics associated with a move is large. We next study the size

of the bias under very restrictive assumptions.

4.3.1 Attenuation

We have already shown in section 4.1 that local characteristics drive outmigration substan-

tially. A graphical illustration give the relationships between assignment characteristics

and moving in Appendix Figure A3a and A3d. Initial unemployment rates, but even

more so initial AFD vote shares are related to moving. The majority of refugees assigned

to regions with high right-wing vote shares leaves those regions. On the other hand,

refugees stay in regions with low right-wing voting. Note that these correlations are not

necessary to bias the result. High moving propensities will influence the result even if

they were unrelated to local conditions, as can be seen in equation 10. The correlations,

however, already indicate that moving may be relevant to the estimation of local charac-

teristics on integration. Also note that similar correlations arise for the other two initial

local conditions (Figure A3c and A3d), but here high levels are generally related to lower

outmigration.

If refugees would move to regions with exactly the same characteristics as their initial

regions, then there would be no bias (in our framework), even if every refugee moved.

As we have shown in section 4.1 and show graphically for the Zobs
a in Appendix Figure

A2a-d, this is not the case. In our data, we observe a mean-reversion: refugees from

assigned regions with high levels of the local characteristics tend to reduce the level, while

refugees assigned to regions with low levels tend to increase the values. The correlations

are very large and close to −1. This mean-reversion will bias the estimation results from

the regression 8 mechanically towards zero.

We next ask how relevant is the resulting ”bias” of the estimated effect δk1 going to

be empirically? (i.e. by how much would one have to rescale the estimated ITT in order

to arrive at a local treatment effect?) As seen in the previous section, estimation results

depend on the inclusion of other local covariates, i.e. in fact δ2 ̸= 0. To take this fact into

account, we again, as in the previous section, estimate 2k − 1 permutations of possible

combinations of regression models and the resulting empirical mobility bias. I.e. we

estimate the correlation as above, but we use the initial local conditions purged from the

correlation with individual characteristics and other local conditions that may or may not

be included in the empirical model. These models generate 2k − 1 different sets of Z̃obs,k
a,p

values that we then use to calculate 2k − 1 different values of
Cov(M ·α·∆obs,k

M ,Z̃obs,k
a,p )

V ar(Z̃obs,k
a,p )

.

The resulting empirical distributions for our main covariates of interest shows Figure

2. The ”bias” through mobility does not so much depend on the exact regression spec-

ification, conditional on the set of regional fixed effects. In the cross-section the bias is

always negative, which must be the case, given that a fraction of refugees is not exposed
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Figure 2: MB for different model specifications

(a) Unemployment rate (b) AfD share

(c) Integration courses (d) Initial ethnic network size

Notes: Data from AZR research dataset, author calculations. Number of estimated regressions for the cross sectional
regressions is always 255 (n=69,558). Alternating specifications include the variables: unemployment rate, AfD vote share,
network size, income, rent level, population size, population density, share of academic employment, language courses per
refugee and the indicated fixed effects. We estimate 127 Panel-FE models including 393 district of arrival fixed effects.
Covariates are always on the level of the district of assignment and standardized. Regressions on integration courses only
based on years 2016-18 (n=59,631).

to the local conditions for a certain amount of time. In the panel it can turn positive,

because in our theoretical model (as does the literature) we made the far-fetched assump-

tion that only the conditions at the time of assignment and at the time of the move enter

the outome equation. But if the conditions changed a lot, the bias can turn even positive

under these assumptions.

For the local unemployment rate the mobility bias attenuation ranges between -0.20

and -0.50, depending on the specification on the fixed effects (Figure 2a), i.e. depending

on the specification one would have to double the effect to arrive at a local treatment

effect. For language courses it lays between -0.2 and -0.3 (Figure 2c). For the right-wing

vote share the bias lays between +0.1 and -0.5 (Figure 2b). The reason for the positive

bias in the panel case is, as explained above, that the vote shares at the time of the move

are being taken in the estimation and right-wing voting increased during the observed
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time span. MB is comparatively small for the ethnic network (around −0.10; Figure 2d)

and does not depend on the regression specification or fixed effects.

It is worthwhile to note that because the mobility bias differs between the local factors

even within one (our) empirical setting, without using IV, i.e. without rescaling the factor,

it is not possible to compare their size even within one empirical setting/specification.

This happens even if under the very restrictive assumptions of our theoretical framework

–including the assumption of no selective onward mobility. We turn to the empirical

relevance of this assumption in the estimation of the effects of local integration conditions

in the next chapter.

4.3.2 Mover selection

We may observe mover selection in two ways. First, movers may be selected w.r.t. the

characteristics of the region of assignment. Second, specific people may move, may move

at specific times and to specific places. Our main theoretical results in equation 10

indicate that if this selection were related to the individual characteristics of interest Z̃ap

this would pose a threat to identification as well. As we have shown in section 4.1 movers

are selected. But are the initial place characteristics also related to this selection (which

would, again, influence the estimation results of the “causal” estimates)?

We again vary our regression models to study whether this is the case. The exercise is

simple. We re-estimate Table 5, but we omit the fairly limited set of individual controls

(gender, nationality, legal title and age) from the estimation. The results shows Appendix

Table A10. Depending on the specification we indeed observe some coefficient movements

–although not as large as for MTB. Individual characteristics are not related to initial

place characteristics directly. But they are related to changes in place characteristics and

moves, which in turn is related to initial place characteristics. Therfore they matter in

the empirical models, which would not be the case in a (quasi-)experimental setting.23

Taken together for our setting there is substantial evidence that individuals self-select

into moving, timing and changes of characteristics. Also, initial characteristics drive

not only moving decisions, but also destination choices. Self-selection of movers is thus

relevant in our setting and will influence what the typical regression estimates. Random

placement cannot and does not handle the biases that arise due to this self-selection.

5 Implications for the refugee integration literature

The theoretical and empirical arguments developed above suggest that the external va-

lidity and comparability of studies relying on continuous random placement policies as

23Note that in some settings individual characteristics are needed to ensure (conditional) random
placement. For the individual characteristics that we vary here, this is not the case. They are (almost)
as good as randomly assigned w.r.t initial place characteristics.
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instruments is limited.

Empirical results in general depend on the set of covariates that are included in the

empirical models. A large part of the literature relies on specifications with only a few or

even without any additional regional control variables (see Table A1 in the appendix where

we review the covariates included in a selected number of RDP papers). Depending on the

included controls, the estimated effects will differ due to the fact that the local conditions

under investigation are typically only as good as randomly assigned to individuals, but not

w.r.t. other local covariates. As long as the resulting estimates are interpreted without

reference to any sort of causal channels and without comparisons to estimates found in

other settings (countries, times), this is not a problem. The estimates are ITT estimates of

assignment in the sense that they contain all channels that are in some way related to the

local characteristic of interest. But often authors compare ITT effects between different

variables or different empirical settings. The implicit assumption in such statements is

that all correlations to other local characteristics are also comparable – an assumption

that is likely not fulfilled in many instances. For instance, correlations between right-wing

vote shares and unemployment rates on the NUTS-3 level range from -0.5 (Switzerland)

to +0.2 (Germany), see Appendix Table A11 for these correlations for five countries with

random placement policies). If both influence labor market integration (as shown and

argued e.g. by Aksoy et al., 2023), then estimates of local unemployment rates on refugee

integration cannot be compared to German estimates if they do not (at least) control for

local right-wing voting. The local sentiment towards migration similarly has not been

taken into account by the Danish RDP literature (see Table A1).24

The crucial condition for a proper causal interpretation is that the local characteristic

is as good as randomly assigned to individual and other local characteristics. Notable

examples for such a case are Damm (2009b); Beaman (2012) and Auer et al. (2022).

In these studies, the measure of the ethnic network is as good as randomly assigned

to local characteristics: it is the share of refugees from the same nationality that were

randomly assigned to the municipality in the previous period. Such a strategy relies

on random placement to generate quasi-random variation in the network size in the first

place. Unfortunately, this strategy does not easily extend to other local factors of interest.

24Can we ignore the issues discussed in this paper if interest was only in ”what works” regarding the
regional assignment of refugees, i.e. if interested in designing dispersal policies? We can if we only
included exactly one local covariate in our regression. The estimate is the linear projection on that local
covariate of the total effect of being assigned to regions with specific characteristics, including the effect
of all correlated local characteristics and the effect of the assignment on the moving propensity and the
corresponding indirect effect on integration through integration conditions in other places. However, it is
not clear why in that case one would not want to use the causal averages of assignment from section 2.1
right away to design the dispersal policy, without imposing linearity in the local covariate of choice. Note
that obviously this strategy is only informative if conditions (local integration conditions, local moving
propensities, destination choices of movers) do not change for the cohort of refugees for which we want
to design the policy and predict integration. Also note that using the local covariate does not add any
substance to our prediction.
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We want to emphasize that researchers can provide supporting evidence for causal

claims by showing that the local characteristic of interest is indeed unrelated to other

local conditions that are observable to them, following the checklist from Table 1.

Additionally, differences in moving propensities can hamper comparability. In our

empirical application we make highly stylized assumptions (most notably: linearity, no

selection of secondary movers and common effects of initial and subsequent local condi-

tions) but show that even under these assumptions, non-compliance will result in biases

(attenuation) that are substantial. More significantly, as seen in the previous section,

for different combinations of local covariates, estimation results are going to be biased

towards zero in a different manner, depending on the correlation of the initial condition

of interest with moving propensity. Therefore, even comparisons of effects for different

covariates estimated in the same regression model can be misleading if effects are not

rescaled by 2SLS.

This also affects comparisons between estimates for different groups if their moving

propensities are different. E.g. if men and women have different moving propensities

(as they do have in Germany), then these moving propensities influence the size of the

“intention-to-treat” estimates and have to be taken into account if comparisons regarding

the mechanisms influencing integration are being made. The literature has identified

some settings with random placement and zero onward mobility, i.e. Auer et al. (2022) or

Martén et al. (2019) who study refugee integration in Switzerland, where some refugees

are not free to move at all. From the identification perspective, this greatly simplifies the

setting as all selection and attenuation from moving does not bias the results.

6 Conclusion

A large literature in economics derives findings about group variables on individual out-

comes from random placement settings. This paper highlights that resulting estimates

may be considerably different from the ’true’ causal effect. First, the set of control vari-

ables that is included in the specification can considerably alter the magnitude of the

results. Second, onward mobility introduces additional bias. We provide a checklist to

identify the potential severity of these issues in any given setting.

The ways forward are twofold: first, some random placement settings may fulfill ad-

ditional requirements for causal interpretation. In particular settings with zero onward

mobility are helpful, from the perspective of identification, and “only” need to address

MTB for a causal interpretation.

The second avenue for future work is to focus directly on settings with quasi-random

variation in group-level variables. The literature that exploits quasi-random inflows to

estimate effects on natives/locals is one example of this approach. Notably, with quasi-

random variation in group-level variables due to factors other than migration, the esti-
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mation variation is orthogonal to individual sorting. This opens up the search for local

variation to many settings that do not exhibit random placement policies.
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Appendix Figures and Tables

Figure A1: Regional distributions of moving propensity and average moving time

(a) Moving Decision (M) (b) Time of Move (α)

Notes: Data from AZR research dataset, author calculations.
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Figure A2: Initial conditions, mobility, and change of conditions

(a) Unemployment and change (b) AfD share and change

(c) Integration courses and change (d) Initial network and change

Notes: Data from AZR research dataset, author calculations. One region omitted from the plot for networks with initial
network size of 10.
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Figure A3: Initial conditions and onward mobility

(a) Unemployment and mobility (b) AfD vote share and mobility

(c) Integration courses and mobility (d) Ethnic network and mobility

Notes: Data from AZR research dataset, author calculations. One region omitted from the plot for networks with initial
network size of 10.

35


