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Abstract
The initial location to which refugees are assigned upon arrival in a
host country plays a key role in their integration. Several research
groups have developed tools to optimize refugee-location matching,
with the overall aim of improving refugees’ integration outcomes.
Four primary tools are already being piloted across various coun-
tries: GeoMatch, Annie™ Moore, Match’In, and Re:Match. The
first two tools combine supervised machine learning with optimal
matching techniques, while the latter two rely on heuristic methods
to match refugee preferences with suitable locations. These tools
are used in a highly sensitive context and directly impact human
lives. It is, therefore, not only desirable but critical to (re-)evaluate
them through the lens of algorithmic fairness. We contribute in
three key aspects: First, we provide a comprehensive overview
and systematization of the tools aimed at the algorithmic fairness
community. Second, we identify sources of biases along the tool
design stages that can contribute to disparate impacts downstream.
Finally, we simulate the application of the GeoMatch tool using
German survey data to empirically illustrate the impact of target
variable choice on matching outcomes. While GeoMatch optimizes
economic integration, we demonstrate that the integration gains
differ substantially when social integration is prioritized instead.
With our use case, we highlight the susceptibility of algorithmic
matching tools to design decisions such as the operationalization of
the integration outcome and emphasize the need for more holistic
evaluations of their social impacts.

CCS Concepts
• Computing methodologies → Machine learning; • Applied
computing → Law, social and behavioral sciences.
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1 Introduction
Wars, violence, political persecution, famine, and other destructive
events force people to flee their homes in search of refuge in new
host societies. According to the United Nations High Commissioner
for Refugees (UNHCR), around 2 million refugees needed resettle-
ment in 2023 [119]. However, less than 5% of those in need success-
fully resettle to third countries [46, 119]. Upon arrival in the host
countries, the locations to which refugees are eventually assigned
depend on the legal and administrative framework in place, with
decisions being largely influenced by location-specific constraints
[99]. In some countries like Switzerland and Germany, location allo-
cations are even made (quasi-)randomly [12, 40]. As a result, most
allocation processes fail to incorporate refugees’ characteristics and
preferences [5]. Yet, research has shown that initial placement plays
a critical role in the integration outcomes for refugees [5, 8]. To
address this gap, several research groups have developed tools that
take refugees’ characteristics and preferences into account when
allocating refugees, with the aim of improving their integration
outcomes. These tools are: GeoMatch, Annie™ Moore, Match’In
and Re:Match1 [5, 13, 103, 112].

The first two tools, GeoMatch andAnnie™Moore, assign refugees
to locations based on predictions of integration outcomes [5, 13].
In short, the tools train machine learning models on historical
data containing information on refugee characteristics, assigned
locations, and specific measures of integration (e.g., employment
status). Integration predictions are generated for newly arriving
refugees. These refugees are assigned to locations that maximize
an optimality criterion (e.g., global average employment) subject
to constraints (e.g., location capacity). These tools are currently
being piloted by two U.S. resettlement agencies, Global Refuge, and
HIAS, as well as in Switzerland and the Netherlands [59]. Match’In
and Re:Match, in contrast, assign refugees to locations that best
match their preferences and needs [103, 112]. Hence, these tools do
not rely on predictive modeling but make use of real-time survey
data on refugees’ preferences and corresponding information about
locations. Matches are generated based on pre-defined rules and
similarity measures and then ranked accordingly. Both tools are
being piloted in Germany [86, 101].

As these tools directly impact vulnerable populations, it is crit-
ical to carefully assess potential sources of disparate impact and
threats to reliability. Yet, location matching tools present a unique
type of algorithmic decision-making (ADM) system: 1) there are

1The four tools are the only major tools developed and piloted at scale to date. This
claim is substantiated by the overviews provided by Ozkul [95], Match’In and Re:Match
[86, 101], as well as by our own literature and documentation research.
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no inherently correct “ground truth” location assignments against
which the algorithms’ recommendations can be evaluated, and
2) prediction-based algorithms include both a prediction and a
matching layer. This challenges the direct application of key (bias)
concepts of algorithmic fairness and, at the same time, elevates the
role of decisions taken in the design of the allocation systems. The
exact operationalization of the integration outcome to optimize, for
example, critically drives the allocation decisions while leaving lim-
ited options for assessing their true effectiveness. While research
has raised concerns about the ethical aspects of location matching
tools [23, 36, 72, 89, 95, 104] and proposed fairness measures for
assessing the location assignments [17, 56], to the best of our knowl-
edge, no comprehensive study has been conducted that 1) provides
a transparent comparison between the four major matching tools,
and 2) systematically studies potential sources of errors and biases
along the tools’ design stages that can harm their reliability.

This study contributes in three key aspects. First, we provide a de-
tailed and up-to-date overview of the four existing refugee-location
matching tools. Second, we highlight key components that must be
considered along the design stages of such tools, identifying both
common and unique sources of unfairness specifically for location
matching algorithms. These components include the data source
and collection method, target variable definition and operational-
ization, feature selection, and the potential for concept drifts. We
systematically examine the critical aspects of each component and
their interaction with different sources of errors and bias (including
historical, representation, and measurement bias, selective labels,
selection, and confounding bias) that can lead to reliability issues
and reduced tool performance. Finally, we empirically illustrate the
importance of tool design decisions – in particular, the operational-
ization of the target variable – for algorithmic matching outcomes.
To this end, we use German refugee survey data to simulate the
application of the GeoMatch tool in the German context. We empha-
size the importance of the operationalization of the target variable
in determining GeoMatch’s integration outcome gains.

Based on our analytical findings from the GeoMatch case study,
we highlight the importance of design decisions, such as different
target variable definitions, on allocations. GeoMatch currently uses
employment outcomes as the only measure of refugee integration
[13]. However, employment represents only the economic dimen-
sion of integration [67]. It is crucial to account for other variables
that capture further dimensions of integration. To illustrate this, we
construct two target variables: one measuring economic (measured
by employment status) and another measuring social integration
(measured by the frequency of social activities, including social con-
tacts with natives and non-natives). When the tool assigns refugees
to locations to maximize employment outcomes, employment gains
reach approximately 98% over random allocation, meaning the em-
ployment rate more than doubles with presumed algorithmic com-
pared to actual assignments. However, this approach only achieves
a 14% increase in social integration. Conversely, if the tool optimizes
for social integration, social integration rates increase by 56%. Based
on these results, we recommend agencies that aim to implement
algorithmic matching tools to carefully assess, conceptualize, and
implement their matching objectives, e.g., by considering indices
that incorporate multiple integration dimensions [67].

Our paper is structured as follows. We first provide an overview
of the four existing matching tools (Section 2). Further, we outline

errors and biases that may arise during the tools’ design stage
(Section 3). We then present our use case and its results (Section 4)
and conclude with a discussion (Section 5).

2 Matching Tools: An Overview
We provide an overview of the four existing refugee-location match-
ing tools2. These tools share the same goal: to improve the inte-
gration of refugees by matching them to a presumably optimal
location upon arrival in a host country. The tools are designed
for refugees without pre-existing family ties in the host country
(so-called “free-cases”) or those being resettled simultaneously, as
family members are typically assigned to the same location. Despite
sharing the same aim, the tools differ substantially in design and
methodology. To encourage a dialog about the reliability of the
tools and to evaluate potential strengths and limitations, a joined
overview of the tools is crucial. However, existing research has
primarily focused on high-level ethical considerations or broad
comparisons [89, 95], leaving a gap in detailed analysis. To address
this, we conducted comprehensive research on each tool. This re-
sulted in a transparent comparison of the tools across several key
dimensions as summarized in Table 1 and outlined below. Further
details on the resettlement process in each country in which the
tools are currently being piloted, as well as on the methodology of
each tool, can be found in Appendix B and C.

Methodology. To create the overview, we systematically reviewed
original research papers, documentation, and supplementary mate-
rials related to each tool. Additionally, we analyzed official websites
and articles written about the tools. We also searched for available
code bases and conducted interviews with project leads.

2.1 GeoMatch
GeoMatch3, developed by the Immigration Policy Lab (Stanford and
ETH Zurich), was first introduced by Bansak et al. [13]. The authors
apply the tool in two main contexts: the U.S. and Switzerland. In the
U.S., the tool is used by the U.S. resettlement agency Global Refuge4
to assign refugees to one of its local affiliates upon arrival. The
tool aims to optimize refugees’ employment outcomes 90 days after
arrival by considering their individual-level characteristics in the
matching process. Administrative data from Global Refuge is used
for this purpose. In Switzerland, the tool is used to match asylum
seekers (see Appendix A for definitions of terms used in this paper)
to one of Switzerland’s 26 cantons. In this context, asylum seekers’
employment outcomes two, three, and four years after arrival are
sought to be maximized. Data from the ZEMIS database is used
[105]. Methodologically, GeoMatch combines supervised machine
learning with optimal matching algorithms. The process involves,
in brief, the following four steps (see Appendix C). First, historical
data is divided into train and test data. Second, a prediction model
is fitted on the train data, and employment probability predictions
are generated for the refugees in the test data. Predictions are made
for each refugee and for each potential location to which they could
be assigned. The refugees in the test data are matched such that an
2We will often broadly refer to “refugees” throughout this paper. However, it is im-
portant to note that the population targeted by these tools may also include asylum
seekers (e.g., for Match’In). The distinction between the terms is detailed in Appendix
A.
3Website: https://immigrationlab.org/geomatch/.
4Former name: Lutheran Immigration and Refugee Service (LIRS).
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Tool Pilot Study Target Population Location Unit Data Source (Type) Variables Methodology Tool Extensions and Evaluations

GeoMatch [13–15]

U.S. Refugees:
- Age: 18-64

Local affiliates of
Global Refuge

Global Refuge
(Administrative)

Features:
- Individual-level characteristics (sex,
age at arrival, country of origin, year
& month of arrival, free-case, educa-
tion level, english speaking)
Target:
- Employment 90 days after arrival
(no/yes)

Stages:
1.) Data Setup: Train-test split
2.) Modeling: Fit model and generate predic-
tions (Method: gradient-boosted trees)
3.) Mapping: Transform individual-level to
case-level predictions (Metric: probability
that at least one individual finds employment
in the location)
4.)Matching: Match case to location to maxi-
mize global average employment, s.t. capacity
constraints

- Decision support tool for economic
migrants in Canada: [52]
- Incorporate (simulated) refugee pref-
erences into the matching stage: [2, 3]
- Evaluate fairness of matching: [17,
56]
- Consider distributional shifts: [16,
18, 19]
- Adapt matching tool to the Nether-
lands context: [94]
- Evaluation results pilot: NA

Switzerland
Asylum Seekers:
- Age: 18-65
- Residence status: F
permit (temporary ad-
mission as a refugee)

26 cantons of
Switzerland

ZEMIS
(Administrative)

Features:
- Individual-level characteristics (sex,
age at arrival, country of origin, year
& month of arrival, free-case, mari-
tal status, christian, Muslim, french-
speaking)
Target:
- Employment 2, 3, 4 years after arrival
(no/yes)

Annie™Moore [5, 6] U.S. Refugees:
- Age: Working age Local affiliates of

HIAS
HIAS
(Administrative)

Features:
- Individual-level characteristics (gen-
der, age upon arrival, arrival date, re-
lationship status, children, national-
ity, language, education level, medical
condition, treatment urgency, urgency
code)
- Country-level characteristics (average
employment level & average unemploy-
ment rate)
Target:
- Employment 90 days after arrival
(no/yes)

Stages:
1.) Data Setup: Train-test split
2.) Modeling: Fit model and generate predic-
tions (Method: LASSO)
3.) Mapping: Transform individual-level to
case-level predictions (Metric: sum of proba-
bilities)
4.)Matching:Match cases to locations tomax-
imize total expected number of employed
refugees, s.t. binary service and capacity con-
straints

- Incorporate (simulated) preferences
into the matching stage: [44, 45]
- Consider distributional shifts: [7]
- Evaluation results pilot: NA

Match’In [103] Germany
Asylum Seekers:
- Age: ≥ 18
- No spouse or family
- Regular asylum process

Municipalities in
Germany Survey Data

Features:
- Individual-level characteristics & spe-
cial protection needs
- Individual-level preferences (Areas:
social ties, living, work, education,
health, leisure time, advice and help)
- Location-level characteristics
- Location-level capacities (Areas: as
individual-level preferences)

Stages:
1.) Evaluation: Assess feasibility of matching
2.) Case Generation: Generate ideal munici-
pality
3.) Similarity: Calculate similarity (Method:
Case-Based Reasoning)
4.) Matching: Rank and match based on simi-
larity

- Information letter: [100]
- Survey Questionnaire: [24]
- Evaluation results pilot: NA

Re:Match [112] Germany

Refugees:
- Ukrainians fleeing
from the Russian war
- Valid foreign pass-
port/ID
- No temporary resi-
dence permit in Ger-
many yet

Municipalities in
Germany Survey Data

Features:
- Individual-level characteristics & spe-
cial protection needs
- Individual-level preferences (Areas:
family/medical support services, cul-
tural support, housing accessibility,
professional services)
- Location-level characteristics
- Location-level capacities (Areas: as
individual-level preferences)

Stages:
1.) Evaluation: Assess feasibility of matching
2.) Similarity: Calculate similarity
3.) Matching: Rank and match based on simi-
larity

- Recommendation guide: [98]
- Implementation guide: [48]
- Evaluation results pilot: [33, 112]

Table 1: Location matching tools are trialed in multiple contexts, but evaluation results of pilot projects are scarce or largely
absent. The table provides an overview of the four existing matching tools across several (design and application) dimensions.

optimality criterion (e.g. global average employment) is maximized
while accounting for location-specific constraints. GeoMatch has
been piloted by the Swiss State Secretariat for Migration (SEM)
since 2020 and by Global Refuge since 2023 [59]. Additionally, the
tool has been tested by the Dutch Central Agency for the Reception
of Asylum Seekers (COA) in the Netherlands since 2024 [94]. The
GeoMatch functionality as presented by Bansak et al. [13] has since
then been extended [2, 17–19, 52, 56]. Evaluation results of the pilot
projects are not publicly available.

2.2 Annie™Moore
Annie™Moore5, jointly developed by the Universities of Oxford,
Lund, and the Worcester Polytechnic Institute, was first introduced
by Ahani et al. [5]. Similar to GeoMatch, the tool has been applied
in the U.S. context. Specifically, the tool is used by one U.S. reset-
tlement agency, the Hebrew Immigrant Aid Society (HIAS). The
tool aims to optimize refugees’ employment outcomes 90 days after
arrival by considering their individual-level characteristics. Method-
ologically, Annie™ Moore shares similarities with GeoMatch, com-
bining supervised machine learning with optimal matching tech-
niques. However, it differs in the primary prediction method used
and the optimality criteria and constraints chosen for the matching
stage (see Appendix C). The tool has been piloted by HIAS since
2018 [93]. Ahani et al. [7] extended the tool to Annie™Moore 2.0.
Evaluation results of the pilot project are not available.

5Website: https://www.refugees.ai/.

2.3 Match’In
Match’In6, jointly developed by the University of Hildesheim and
the Friedrich-Alexander University of Erlangen-Nuremberg, was
introduced by Sauer et al. [103]. The tool, used in the German con-
text, aims to match asylum-seekers residing in initial reception
centers with German municipalities that best match their prefer-
ences. For this purpose, survey data is collected from voluntarily
participating asylum seekers andmunicipalities. Unlike the first two
tools, Match’In does not rely on supervised learning. Instead, the
matching process involves the following steps: evaluating whether
a match is feasible based on exclusion criteria, generating an “ideal
municipality” for each asylum seeker based on their preferences,
using a case-based reasoning (CBR) approach to identify municipal-
ities most similar to the ideal one, and ranking them accordingly.
The tool was piloted from 2023 to 2024 in four federal states7 in
Germany [86]. The evaluation results of the pilot project are not
yet available8.

2.4 Re:Match
Re:Match9, jointly developed by Pairity, Berlin Governance Plat-
form, Right to Protection (R2P) and Salam Lab, was first presented
by Smith et al. [112]. The tool, applied in the German context, aims

6Website: https://matchin-projekt.de/en/.
7Hesse, Lower Saxony, North Rhine-Westphalia, and Rhineland-Palatinate.
8The results of the evaluation are intended to be made publicly available according to
the tool’s website (https://matchin-projekt.de/en/project-results/).
9Website: https://rematch-eu.org/.
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to match Ukrainian refugees residing in Poland or planning to flee
fromUkraine with Germanmunicipalities that best match their pref-
erences. To this end, survey data is collected from voluntarily par-
ticipating refugees and municipalities. Similar to Match’In, the tool
does not use supervised learning. The matching process involves
the following steps: a feasible set of municipalities is identified for
each refugee, and a score is calculated for each municipality based
on the match between the refugee’s background characteristics and
preferences and the municipality’s characteristics and capacities
and ranked accordingly. The tool was piloted in eight German mu-
nicipalities across several states in two phases between 2022 and
2024 [48]. Evaluation results (including satisfaction and integration
after matching) for the first phase are publicly available [33, 112].

3 Tool Design Components: Mapping Error
Sources to Design Decisions

The life cycle of matching tools broadly includes the design, imple-
mentation, and evaluation stages. Each stage includes critical com-
ponents that must be addressed to avoid harm to any (sub)group.
In this study, we focus on the design stage, which involves the
initial steps taken by researchers and developers to conceptual-
ize and design the matching system, and lays the groundwork for
subsequent stages. Unaddressed issues at this stage can critically
exacerbate the tool’s (disparate) impacts. Accordingly, we examine
the following components [53, 110]: the role of the data source and
collection method, the definition of the target variable, the selec-
tion of features, and the handling/ anticipation of concept drift. We
thereby map sources of bias discussed in the algorithmic fairness
literature [58, 87, 88, 115] to the matching context, highlighting
critical decision points along the tools’ design stages.

Since the four matching tools differ in methodology, we cate-
gorize them into prediction-based tools (GeoMatch and Annie™
Moore) and non-prediction-based tools (Match’In and Re:Match).
The distinction is relevant as design decisions within different
methodological frameworks can lead to varying consequences.

3.1 Data Source & Collection Method
Overview. Reliable data is fundamental not only in ensuring

accurate models but also in addressing fairness concerns [20]. A
detailed overview of biases in data is provided by Mehrabi et al.
[87] and Suresh and Guttag [115]. Among these, two key biases
are particularly relevant in our context: biases inherent in the data
itself and biases arising from the data collection method. First,
historical bias is a well-known concern that arises when the data
reflects pre-existing biases in the world, such as discrimination
based on gender or race [115]. Second, representation bias occurs
when certain groups are under (or over) represented in the data,
e.g., as a result of an inadequate sampling method [115]. This can
result in some groups being more likely to be included in the final
data sample than others (selection bias) or in some groups being
more likely to self-select into the sample (self-selection bias) in
comparison to the composition of groups in the target population
[97, 106]. This type of bias is intensively studied in the survey
data context [26, 61]. Survey data may additionally suffer from
non-sampling errors like measurement error [26] (see also Section
3.2).

Refugee-Location Matching Context. Prediction-based matching
tools are subject to historical bias when the optimization outcome
in the training data is affected by discrimination processes and so-
cial inequalities. In the context of refugee resettlement, the outcome
typically represents a (labour market) integration measure, such as
whether the refugee finds employment within a given time period
[13]. However, these outcomes can reflect underlying discrimina-
tion in hiring practices, both between and within different (refugee)
subpopulations. Fossati et al. [55], for instance, find that female
refugees without children are preferred over male refugees and
female refugees with children in hiring decisions across Germany,
Austria, and Sweden. Van der Zwan and Van Tubergen [125] demon-
strate that Muslim refugee women wearing veils are disadvantaged
compared to non-Muslim refugee women in the Netherlands.

Representation bias can arise when the sampling method is non-
random. In the context of refugee resettlement, two primary data
sources are used: administrative and survey data. Here, administra-
tive data refers to data collected by official resettlement agencies
or federal offices of all resettled refugees. Using complete data sets
or random samples of these records for the matching tools reduces
the risk of representation bias. However, administrative data may
still suffer from such bias if resettlement offices determine which
refugee groups are first distributed and included in their data base.
The second type of data source, survey data, refers to information
collected for (non-prediction-based) matching projects through
surveys. Representation bias may arise if only certain locations
or refugee groups are included during the project’s recruitment
phase (selection bias) or if survey non-participation is systematic
(self-selection bias). As a result, refugees and locations that partici-
pate may share certain characteristics (e.g., higher language skills,
stronger motivation to integrate or better resources, more favorable
attitudes towards refugees).

In addition to representation bias, the survey data may suffer
from measurement error for a number of reasons [74]: 1) the ques-
tionnaire design, e.g., if the survey questions were designed with
specific refugee groups in mind [114], 2) the mode of data collection,
e.g., if the presence of interviewers influences refugees’ responses
due to social desirability [69], 3) interviewer characteristics, e.g.,
if female interviewees adapt their answers when interviewed by
men [83], and 4) respondent characteristics, e.g., if respondents
misunderstand questions due to their cultural background [114].
Furthermore, as highlighted by Ahani et al. [5], in addition to strate-
gic responses, refugees’ responses may be affected by feelings of
insecurity, lack of trust, or insufficient understanding of how the
information will be used. Inaccurately capturing refugees’ data and
preferences can ultimately result in flawed matches.

Matching Tools. GeoMatch relies on administrative data collected
by the resettlement agency Global Refuge, and data from the ZEMIS
database in Switzerland. Annie™ Moore relies on administrative
data collected by HIAS. Historical bias is a plausible concern in all
three data sources, yet it is neither explicitly acknowledged nor ad-
dressed in the proposed matching tools. Further, representation bias
may be present in all three data sources. While the data from the
two U.S. agencies includes all resettled refugees, there may be selec-
tion bias: agencies use specific criteria to decide which refugees to
resettle – and therefore which data to collect [99]. Similarly, in the
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Switzerland case, although the ZEMIS database provides compre-
hensive records of all asylum seekers, the data used in GeoMatch is
restricted to asylum seekers granted an F permit within a five-year
window [14]. If certain refugee groups were more likely to receive
this protection status during that period, the data set may exhibit
representation bias, as not all asylum seekers would have an equal
chance of being included.

Match’In and Re:Match rely on survey data, which makes them
prone to representation bias and measurement error. The Match’In
tool uses surveys to collect information from two groups: host mu-
nicipalities and refugees accommodated in initial reception centers.
Given that municipalities were not selected randomly but based
on suitability and feasibility criteria for the project, participating
municipalities may not present the best matches across the full
spectrum of refugees’ needs and preferences [100]. Additionally,
self-selection bias may be introduced as refugees and municipalities
decide whether to participate.

Further, measurement error can arise from the questionnaire
design. Since refugees know the potential outcomes of the process
(i.e., the municipalities participating in the project), they may tai-
lor their responses to strategically influence the matching results,
causing deviations from their true preferences. The factors cited
by Ahani et al. [5] as reasons for such deviations similarly apply to
Match’In. The Re:Match project shares similarities with Match’In
in its data collection methodology, subjecting it to similar biases.

3.2 Target Variable
Overview. The target variable is a further critical component of

algorithmic systems and plays a central role in fairness discussions
[63, 73, 126]. The target variable of interest is often not directly ob-
servable. To this end, researchers usually use one or multiple proxy
variables derived from observed data to operationalize the unobserv-
able target [63]. Prominent examples include using criminal history
or re-arrests as a proxy for recidivism risk [54, 73], or health care
costs as a proxy for a person’s health needs [92]. The target vari-
able may be subject to several biases [63]: outcome measurement
error, selective labels, selection bias, and confounding bias. The first
bias arises when there is a discrepancy between the proxy and the
true target. To mitigate such mismatch, measurement models with
multiple proxy variables may be employed [28, 73]. Selective labels
occur when the proxy (target) is only observed for groups that
were exposed to a historical decision or treatment. In such cases,
the counterfactual, how the outcome would have differed under an
alternative decision or treatment, remains unknown [42]. Several
methods are proposed to evaluate model performance in the pres-
ence of selective labels [38, 81]. Further, the selection bias discussed
in Section 3.1 may exacerbate the problems of selective labels. This
bias occurs if independent variables, as well as unobservables, affect
the decision or treatment. Moreover, if these variables additionally
affect the outcome, confounding bias is introduced [96].

Refugee-Location Matching Context. The matching tools are de-
veloped to improve refugee integration, making this the primary
target variable. However, integration represents a multidimensional
concept whose definition is highly debated among scholars [31].
The challenge lies in the multidimensional nature of integration
as a process unfolding in multiple directions, spanning different

dimensions, and involving different actors [31]. Integration may
be conceptualized as a one-way (refugees adapt to the host soci-
ety - assimilation) or two-way (both refugees and the host society
adapt to each other) process [31]. Esser [49] views integration as
a form of assimilation comprising four key dimensions: cognitive
(adaption in knowledge, skills, and language proficiency), structural
(adaption in rights, education, and employment), social (adaption in
daily interactions), and emotional (sense of identification with host
country). In contrast, Ager and Strang [4] understand integration
as a two-way process, structured around four main dimensions
defined as “markers and means”: employment, housing, education,
and health. Harder et al. [67] conceptualize integration across six di-
mensions: psychological, economic, political, social, linguistic, and
navigational. The diversity of theoretical approaches highlights the
complexity of conceptualizing the integration process and, there-
fore, the difficulty of measuring integration. To this end, matching
tools typically rely on proxy variables. The most common prox-
ies are indicators of economic integration, such as employment
status [89]. However, since integration spans multiple dimensions
(beyond economic integration), relying on a single proxy variable
introduces a significant risk of outcome measurement error. More-
over, even when the proxy variable is meant to operationalize only
one dimension of integration, measurement error may be present.
For instance, next to employment status, other proxies such as job
type, contract duration, and employment conditions are critical to
measure economic integration [37].

While outcome measurement errors are a concern in both set-
tings, prediction-based tools must also address selective labels, se-
lection bias, and confounding bias. Using employment status as
a proxy for integration can result in selective labels, as outcomes
may only be observed for specific groups of refugees: in Germany,
for instance, refugees whose employment bans are lifted early and
those with shorter asylum processes are more likely to find em-
ployment due to reduced bureaucratic barriers [27, 29, 78]. As a
result, positive employment outcomes may be underrepresented in
data for refugees still facing bans or pending asylum procedures.
Selection bias further exacerbates the issue of selective labels. For
instance, studies have found that decisions such as asylum ap-
plication approval are influenced by refugee characteristics like
socioeconomic status and social capital [79]. This may lead to an
over-representation of refugees with higher socioeconomic status
among those employed in the data. Additionally, if location assign-
ment is treated as a form of intervention, it is crucial to account for
variables that affect both the assignment decision and the outcome
to avoid confounding bias.

Matching Tools. GeoMatch and Annie™Moore rely exclusively
on labor market proxies to measure integration. Specifically, the
proxies used are employment status 90 days after arrival in the
U.S. context and employment status two, three, and four years after
arrival in the Swiss context [5, 13]. Since only one proxy is used
to operationalize the integration outcome, its validity is limited
and subject to outcome measurement error. While this limitation
is acknowledged in matching research, its consequences are not
addressed [5, 13, 89]. Further, we point out the potential for con-
founding bias in the U.S. context. Refugees are not (quasi-)randomly
assigned to local affiliates by resettlement agencies. Instead, various
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factors, including individual-level characteristics, are considered in
the assignment process [70, 84]. This increases the risk of confound-
ing bias, as many of these factors may be unobserved or otherwise
not accounted for in model training but could have affected both the
(historical) allocation decisions and the integration outcomes. For
instance, mental health needs, which are considered by the reset-
tlement agency Global Refuge in the resettlement decision, are not
included in GeoMatch but can affect employment chances [41, 84].
In the use case of Switzerland, the (quasi-)random allocation of
asylum seekers to cantons reduces the risk of confounding [111].
However, selection bias and selective labels may still be present.
This can be the case when specific characteristics (e.g., country of
origin) influence whether asylum seekers receive an F permit [39],
or when inter-individual variations in the asylum process (e.g., the
asylum process length) influence employment outcomes [65, 111].

The Match’In and Re:Match tools do not have a target variable
in the sense of the label in supervised learning. However, the col-
lected information on refugees’ preferences for certain areas can be
understood as proxy variable(s) for the target variable integration.
Indeed, the tools aim to maximize these preferences by finding
a municipality that best matches them. In this respect, Match’In
and Re:Match, unlike the prediction-based tools, take into account
multiple integration dimensions. They consider not only economic
preferences but also preferences in areas like housing, language,
and health [103, 112]. Additionally, Match’In allows refugees to
double-weight one of the seven integration areas (see Table 1).

3.3 Features
Overview. The feature variables of matching systems must be

carefully considered, not only because model accuracy and thus
matching quality depend on them, but also because of their role
in encoding social processes and shaping fairness outcomes [64].
Features may include (correlates of) protected attributes such as
age, sex, race, and religious affiliation as defined in global anti-
discrimination law [109]. At the very least, developers need to en-
sure that members of protected groups are not disadvantaged [50].
However, sensitive features may appear or emerge as combinations
(e.g., gender and race), correlate with “non-sensitive” variables, or
vary in definition and measurement across contexts [32]. Address-
ing the implications of these complexities is essential at all stages
of the algorithm life cycle.

In addition, similar to the issues discussed in Section 3.2, fairness
concerns may be rooted in the proxies used for the features, which
in turn may suffer from measurement error [82]. A further role
of features in connection with fairness is their contribution to
Explainable Artificial Intelligence (XAI). In machine learning, a
common objective of XAI is to balance prediction model complexity
and interpretability [21, 85]. Including a large number of features
with complex interactions may improve prediction accuracy at the
expense of interpretability. This can complicate the identification
and mitigation of bias sources [43] and reduce human trust and
acceptance in these systems [108].

Refugee-Location Matching Context. Features of matching tools
can be categorized into two levels: individual-level and location-
level features. Individual-level features comprise refugee informa-
tion, including socio-demographic characteristics, preferences, and

needs. Location-level features include information about resettle-
ment locations that may influence refugee integration, e.g., labour
market opportunities, housing conditions, and medical and sup-
port services. Most of this information, like the target variable,
must be operationalized into adequate variables. In addition, many
individual-level features can be considered protected attributes ac-
cording to global anti-discrimination law, particularly those related
to racial and ethnic origin and religion. While there is no universal
agreement on how and whether protected attributes should be in-
cluded in predictive models, they are crucial for evaluating fairness
outcomes [64].

In any case, careful attentionmust be paid to how these attributes
are defined and measured. This is particularly the case for multi-
dimensional constructs such as ethnicity, which may be measured
in diverse ways, critically affecting the ability to identify adverse
outcomes across different communities of refugees [75].

Matching Tools. According to the sensitive attribute categoriza-
tion outlined by Simson et al. [109], both GeoMatch and Annie™
Moore have access to a range of protected attributes which are
included as predictors in their prediction models10 (thereof: sex,
national origin, language, religion, family status, marital status, and
age). At the same time, the total number of features included in both
tools is limited. GeoMatch, in particular, includes eight individual-
level predictors for the U.S. and ten for the Swiss context (see Table
1). Annie™Moore incorporates eleven individual and two additional
country-level features. Neither tool includes location-level features,
despite research showing their importance in influencing refugee
integration in the U.S. and Switzerland [90, 117]. Further, both
tools incorporate feature interactions, both implicitly and explic-
itly. GeoMatch draws on gradient-boosted trees, limiting its direct
interpretability. To facilitate transparency in matching decisions,
however, these tools need to report the relationships identified be-
tween features and integration outcomes in each location. Annie™
Moore offers some transparency by providing a table of estimated
coefficients for each location from their LASSO model. GeoMatch,
however, does not report on the most relevant features and their
relationship with the integration target.

In non-prediction-based tools, contextual individual and location-
level information captured through survey questions can be inter-
preted as features (analogous to preferences representing the target
variable). Both Match’In and Re:Match collect socio-demographic
information about refugees, in addition to their preferences and
needs. Some of these variables can again be understood as protected
attributes. For both tools, however, it remains unclear whether
biographical information (e.g., age) is directly used in the match-
ing process. For Re:Match, the lack of publicly available informa-
tion about the collected data makes it difficult to determine what
individual-level information beyond preferences, including pro-
tected attributes, is used.

3.4 Concept Drift
Overview. Concept drifts broadly refer to different types of changes

in the data distribution, which can significantly affect the tool’s
functioning [71]. Despite its importance, concept drifts are often

10For detailed information, see Table 3 in Appendix C.
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overlooked during the design stage and are typically addressed in
later downstream stages [22]. We argue that these considerations
should be integrated into the design phase of matching tools: proac-
tively accounting for concept drift beforehand ensures that the
tool’s architecture is better equipped to anticipate and mitigate its
potential impacts [53]. In supervised learning, a mismatch between
the training and the deployment data can lead to concept drift [62].
Bayram et al. [22] provide a comprehensive overview of various
types of concept drift, of which two are particularly relevant in this
context [22]: (1) shifts that occur when the distribution of the input
variables changes, and (2) shifts that occur when the joint distribu-
tion of input and target variables changes, either with or without
changes in the marginal distribution of the input data. Outside of
prediction settings, drifts may cause a mismatch between the data
that was collected and the true information it is sought to represent,
for instance, due to changes in local conditions or preferences over
time [22, 35, 102]. In case of survey data, two main considerations
should be kept in mind. First, the frequency of survey updates,
and second, the extent to which the questions, especially those
capturing preferences, remain generalizable over time.

Refugee-Location Matching Context. A shift in input data over
time may occur due to a change in the population of refugees ar-
riving in a host country. This can happen when individuals from
previously unaffected countries or from countries not previously
considered eligible for resettlement are in need of refuge. For in-
stance, new conflicts such as the war in Ukraine and the conflict in
Sudan have forced people to flee and apply for asylum in new host
societies [121, 122]. Such abrupt and often unexpected events could
even be understood as a defining characteristic of refugee move-
ments and thus are critical to consider in the design of matching
tools. Changes in resettlement eligibility criteria can also have no-
table consequences, as evidenced by the sharp increase in refugees
admitted from Venezuela and Guatemala in the U.S [34, 46].

The second type of drift, which involves changes in the relation-
ship between input and output over time, can occur when unex-
pected shocks alter, for example, labor market integration chances
for refugees. These shocks may include adverse events that shift
societal attitudes towards (groups of) refugees, such as incidents
like the 9/11 attack [107], as well as further salient events [9, 51, 91].

In non-machine learning settings, drifts can occur when the
location-level data used in the matching process becomes outdated.
Since regional characteristics are highly dynamic and subject to
economic and demographic changes, as well as affected by the
ongoing resettlement process itself, maintaining accurate data is
challenging. For example, when location data is only updated annu-
ally but refugees are assigned throughout the year, local resources
like language course availability may fluctuate considerably over
time, making the collected data less accurate.

Matching Tools. Studies extending and evaluating GeoMatch and
Annie™Moore raise concerns about distribution shifts [7, 16, 18].
However, these studies primarily focus on how shifts affect the
matching stage rather than the prediction modeling stage. This
focus arises because, to effectively match incoming refugees, the
tools must determine the capacity of each location. Hence, the num-
ber of future arrivals informs the optimality criterion. To address
this, Bansak and Paulson [18] propose for GeoMatch a dynamic

matching algorithm that uses historical data to predict future ar-
rivals, while Bansak et al. [16] introduce two additional algorithms
that do not depend on historical data. For Annie™Moore, Ahani
et al. [7] emphasize the expertise of resettlement officers and their
active monitoring of events that may affect the resettlement process.
Therefore, Annie™Moore allows officers to override predictions
when alternative scenarios are expected. As a (rare) example of
addressing shifts in the modeling stage, Bansak et al. [19] apply
GeoMatch in the Netherlands and propose to account for shifts by
predicting a long-term outcome alongside a correlated short-term
proxy. Despite this extension and acknowledging the risk of drift,
the tools do not address the potential impact of concept drift on
(subgroup) model performance or provide details of any monitoring
mechanisms. Furthermore, there is no information on how often
the models are re-trained or how new training data affected by the
tools’ previous decisions is incorporated into the modeling process
[53].

Turning to the non-prediction-based tools, Match’In, which was
piloted for one year, did not update municipality information during
the matching period. Noteworthy is, however, the following: the
tool follows a Case-Based Reasoning (CBR) approach, which typi-
cally involves storing information about solved cases (here, the mu-
nicipality to which the refugee was matched) in a knowledge base.
This base is then used for matching newly arriving refugees [1, 103].
However, Match’In does not retain such information, which reduces
the risk of the knowledge base becoming outdated, redundant, or
inconsistent [103, 113]. Re:Match, in contrast, addresses potential
drifts by updating municipality information before each cohort is
matched [112]. Nonetheless, if these tools were implemented long-
term, regular data updates and survey revisions would be necessary
to keep the matching aligned with observed realities.

4 Empirical Illustration: Target Choice
Sensitivity in GeoMatch

We empirically illustrate the importance of design decisions in
algorithmic matching, focusing in particular on how different oper-
ationalizations of the target variable can influence matching out-
comes. To this end, we simulate the application of the GeoMatch
tool using German refugee survey data. Specifically, we model a
hypothetical scenario in which asylum seekers arriving in Germany
are assigned to one of Germany’s 16 federal states by the GeoMatch
tool. This contrasts with the standard resettlement procedure in
Germany, which relies on the “Königsteiner Key”[12]. This key
determines the quota of asylum seekers that each state must ac-
commodate, calculated on the basis of two (weighted) factors: 2/3
tax revenue and 1/3 population. Once resettled, asylum seekers
are restricted to reside in the assigned state for at least three years
[10]. Paired with rich panel data on refugees, the (quasi-)random
allocation makes Germany a strong case study, as it significantly
reduces selection and confounding bias [116]. We use the case study
to highlight the critical role of the target variable in location match-
ing tools. In particular, we aim to demonstrate the implications of
using different integration proxies.

4.1 Data Source, Target and Features
We use data from the IAB-BAMF-SOEP Survey of Refugees in Ger-
many. The survey is conducted annually since 2016 and is integrated
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into the German Socio-Economic Panel (SOEP v38)11 [30, 47]. Re-
sponsible for the study are the Institute for Employment Research
(IAB), the Research Center of the Federal Office for Migration and
Refugees (BAMF-FZ), and the SOEP. The survey collects represen-
tative information on refugees and asylum seekers who arrived in
Germany since January 2013 by drawing random samples from the
Central Register of Foreigners (AZR). The data provides detailed
information on various characteristics and integration outcomes
of refugees, making it a high-quality source for studies on refugee
integration in Germany [8, 80, 116]. We use the survey to construct
information for all asylum seekers aged 18-67 who arrived between
2013 and 2018, resulting in a total of 5,889 observations. Summary
statistics can be found in Appendix D.

Target. We define two target variables. Each target captures one
dimension of integration: economic and social integration [67]. This
is the first application of GeoMatch using a target that goes beyond
economic integration.

(1) Employment: This target measures whether asylum seekers
found employment within three years of arrival in Germany
(0 = "no", 1 = "yes"). We use a long-term outcome, similar
to GeoMatch in Switzerland [13], since employment rates
of refugees remain low in the first few years of arrival in
Germany [29].

(2) Social activity: This target measures asylum seekers’ social
activity based on an assessment of their membership in or-
ganizations, frequency of social interactions, and participa-
tion in various activities (following Harder et al. [67]). The
combined measure then determines whether an individual’s
social activity is above the median of others in the same
survey year (0 = "no", 1 = "yes"). We provide an overview of
the individual questions in Appendix D.

Features. We consider the following pre-arrival features as pre-
dictors for both targets: sex, age, immigration year, free-case, coun-
try of origin, religious affiliation, German level (speaking, writing,
and reading), education level, school years, and vocational training.
This is the same set of features included in the original GeoMatch
applications [13], with two additions: school years and vocational
training.

4.2 Analytical Approach
Our modeling approach includes four stages: data setup, modeling,
mapping, and matching (following Bansak et al. [13]). In the first
stage, we divide the data into train and test data. The train data
consists of information on asylum seekers who arrived in Germany
between 2013 and 2015, while the test data includes those who
arrived between 2016 and 2018. We divide the train data into 16 sub-
sets, one for each federal state. In the second stage, we fit a model
on each train data subset using gradient-boosted trees [13, 57, 68].
Each model generates location-specific integration (proxy) predic-
tions for each individual in the test set. For the target variable
employment, the models predict the probability of a person find-
ing employment within three years of arrival for each potential
resettlement location. The same logic applies to the target variable
social activity. In the third stage, we transform the individual-level
11The refugee samples included in the SOEP are: M3, M4, M5, and M6 [76].

predictions for each state to case-level predictions for individuals
belonging to the same “case,” such as family members. The case-
level metric is the probability that at least one individual in the
case finds employment/carries out a social activity in the respective
state. In the final stage, cases in the test set are assigned to an “op-
timal” state. The optimal assignment is determined as the one that
maximizes the respective global average integration probability.
To solve the optimization problem, following Bansak et al. [13], a
RELAX-IV cost flow solver is used. The optimization accounts for
capacity constraints to ensure that no state receives more cases than
its defined capacity. The capacity is derived from the actual number
of cases assigned to each state in the test data. This stage yields
the following results for our evaluations: for each individual in the
test set and both target variables, in addition to the actual (random)
state assignment and observed outcome, we obtain the predicted
outcome probabilities in all states and the respective algorithmic
state assignment.

4.3 Results
We present the main results of our analysis in Figure 1. Panel A
illustrates the gains achieved through algorithmic matching when
GeoMatch maximizes economic integration. Under the observed
(random) allocation process, the average employment rate is 15%.
By matching refugees algorithmically, the rate increases to 31%, im-
plying a relative gain of nearly 98%. The average social activity rate
under the observed resettlement process is 28%. Social integration
also improves under employment-optimized matching, with a rela-
tive increase of 14%. Results change considerably when we depart
from the standard GeoMatch approach, which uses employment
as a proxy for integration. Panel B presents the gains when social
integration, instead of employment, is used as the target. In this
case, the gain in social integration is significantly higher, with a
relative increase of 56%, compared to the 14% observed in Panel A.
Employment gains are lower when social integration is prioritized,
but still achieve a 28% relative increase.

Changing the operationalization of the integration target leads to
different location assignments for about 88% of refugees in the test
set, further highlighting the susceptibility of algorithmic allocations
to design decisions. In addition, we observe varying gains across
groups (e.g., higher employment gains for women than for men), as
well as an overall low prediction performance when applying the
tool “out of the box” with our data (see Appendix D, Table 7 and 8).

5 Discussion
Location matching tools affect the lives of members of the most vul-
nerable communities – refugees that recently arrived in their new
host country. While aiming to support their integration outcomes,
algorithmic matching tools face significant risks to incorporate
a range of errors and biases in model development and deploy-
ment due to the nuanced interplay between data, design decisions,
and the multi-layered modeling steps common in location match-
ing systems. Against this background, we provided a systematic
comparison of the four major matching tools to date – GeoMatch,
Annie™ Moore, Match’In, and Re:Match – point to weak spots
and demonstrate the need for a holistic (re-)evaluation of common
design choices in such systems given their considerable impacts.
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Figure 1: The prospective gains from algorithmic assignment heavily depend on the integration target optimized. The figure
illustrates the prospective gains from assigning refugees algorithmically, compared to the observed resettlement process,
when the objective was to maximize (A) employment and (B) social activity. For each scenario, distributions of the predicted
probabilities for both targets are shown (dashed lines). The vertical lines indicate the actual (solid) and predicted mean
employment/social activity rates (dotted).

In the first part of our research, we provided a comparative
overview of the tools and their similarities and differences. This
was prompted by the observation that existing research and the
tools themselves often refer to each other without clearly stating
the extent of their comparability [86, 89, 101]. The prediction-based
tools (GeoMatch and Annie™ Moore) operate in two layers. The
first layer involves a binary classification problem where machine
learning is used for predictions, and the second layer utilizes these
predictions in the matching process. Non-prediction-based tools
(Match’In and Re:Match) directly perform the matching using simi-
larity measures.

We highlight that, with the exception of Re:Match, none of the
tools have published evaluation results of their pilot studies, con-
tributing to an opaque view of their effectiveness and making it
challenging to assess their impact.

The algorithmic fairness community has consistently empha-
sized the role of data, target, features, and deployment dynamics in
shaping the social impacts of algorithmic models. In the second part
of our study, we mapped this knowledge to allocation algorithms.
Our mapping underscores that tools relying on machine learning
have only been partially assessed with respect to the fairness im-
plications of their design components. Open challenges include
addressing historical biases in the training data, the operationaliza-
tion and selection of the integration target and features, and the

capacity to handle concept drift. These tools have instead primarily
focused on the second layer, the matching stage [7, 17, 18, 56]. In
contrast, the non-prediction-based tools have addressed specific
limitations of prediction-based tools through a different design ap-
proach. They consider multiple integration dimensions, refugees’
preferences, and the importance of data updates to account for
shifts (notably Re:Match). However, other risks of biases remain
unaddressed, including selection bias, measurement error, and the
(ambiguous) role of protected attributes in matching.

In the last part, we exemplified the critical role of carefully con-
ceptualizing the target for the allocation algorithms. We did this by
applying GeoMatch to data from Germany and optimizing for social
integration next to the common employment outcome. Our results
show that the choice of the target has far-reaching implications
for the matching process and the resulting integration gains. We
find that social integration gains are much lower when the tool
maximizes employment (and vice versa), and about 88% of refugees
would be sent to a different locationwhenmodifying the integration
target. We underline that these results do not advocate prioritizing
one integration outcome over another but rather demonstrate the
susceptibility of matching algorithms and the need for a more com-
prehensive understanding of multidimensional concepts such as
integration in the matching context.
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We acknowledge that our case study relies on survey data rather
than official administrative data, which would likely be used in
an actual implementation of GeoMatch in the German context.
Additionally, we implemented GeoMatch “out-of-the-box” with
basic state-level capacity constraints. Finally, the two proxy targets
chosen to measure integration outcomes represent two specific
design options, and further research is needed to understand the
impact of other design decisions on matching outcomes across
diverse groups of refugees.

We strongly encourage the algorithmic fairness community to
apply their knowledge in the context of location matching. We
suggest, in particular for the prediction-based tools, the develop-
ment of new evaluation, auditing, and bias mitigation techniques
that consider both interconnected layers of these tools. We further
emphasize the need for systematic evaluation strategies for non-
prediction-based matching tools, as the literature on fairness for
these systems is particularly scarce.

6 Ethical Considerations Statement
In the course of our research, we encountered and addressed three
main ethical challenges.

(1) In our main section, we reviewed the fairness implication of
the design components of the four matching tools. We are
aware that our comparison may be perceived as either crit-
icizing or favoring certain tools. However, we deliberately
refrained from making judgmental comments and rather
aimed at identifying gaps in current location matching prac-
tice and pointing out instances where certain analyses or
tests are currently missing. We believe it is crucial for the
research groups responsible for these tools to acknowledge
current limitations and address potential biases, given the
tools’ direct impact on people’s lives and their implementa-
tion in multiple countries.

(2) For our use case, we constructed two proxies to measure
two dimensions of integration. We fully recognize that these
proxies represent only one of many possible approaches
to assessing these dimensions. We also acknowledge that
integration is a complex concept encompassing multiple
dimensions beyond the two we have focused on in our re-
search.

(3) We used individual-level data of asylum seekers in Germany
in our empirical analysis. To ensure the privacy of the re-
spondents, we took the following measures: 1) we followed
the official procedure to obtain data from the SOEP and
signed a nondisclosure agreement. 2) We agreed to keep the
data confidential and to use it only for the intended research
project. 3) We did not make any material publicly available
that could disclose the obtained data.

7 Adverse Impacts Statements
Our research may have two crucial unintended impacts.

(1) The comparison of tools and the enumeration of potential
biases for each tool may be used to favor one tool over an-
other. However, the number of challenges we list for each
tool should not be taken as a direct indication of its quality.

Our purpose in listing sources of biases is to raise aware-
ness of potential problems in different contexts, and great
care is needed in weighing risks and potential benefits of
implementing a particular tool in practice.

(2) The results of our use case may be subject to misinterpreta-
tion, specifically the findings indicating substantial gains in
employment and social activity when asylum seekers are as-
signed algorithmically. To prevent misuse, we stress two key
points. First, these results do not come from a full-scale evalu-
ation of an implemented project but from a hypothetical test
based on survey data with a specific evaluation focus. There-
fore, we do not imply that algorithmic allocation necessarily
improves over the current allocation process in Germany
across all relevant measures and dimensions. Second, while
the algorithmic assignment shows higher overall gains when
using the employment compared to the social activity target,
this should not be interpreted as a preference for optimizing
employment over social activity. On the contrary, we argue
that matching tools should recognize that integration is a
multi-dimensional process.
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A Glossary

Term Definition References

Asylum
Seeker

An individual who has left their country of nationality and is seeking
protection in another country, but whose refugee status or complemen-
tary protection status has not yet been processed. The legal definition is
primarily based on the 1951 United Nations Convention On the Status of
Refugees and its 1967 Protocol.

[77, 118]

Refugee An individual who, according to the 1951 United Nations Convention On
the Status of Refugees and its 1967 Protocol, has been forced to flee their
country of nationality and cannot return due to a well-founded fear of
persecution based on race, religion, nationality, social group, or political
opinion. If the application for asylum has not yet been processed, the
individual is defined as an asylum seeker.

[77, 120]

Migrant An individual who chooses to leave their country of nationality not because
of a direct threat of persecution or death, but for reasons such as work and
education. A migrant does not apply for asylum, but for a visa or residence
permit.

[60, 123]

Resettlement A process that allows refugees to be resettled in another country with a
status that guarantees international protection and, ultimately, permanent
residency.

[119], p.9

Table 2: The table provides an overview of key terms and
their definitions that lack a consistent and unambiguous
definition in existing research [60].

B Background: Resettlement Process
B.1 U.S.
The resettlement process in the U.S., managed by the U.S. Refugee
Admissions Program (USRAP), works as follows [5, 99, 124]. Ini-
tially, the United Nations High Commissioner for Refugees (UN-
HCR), U.S. embassies, or designated NGOs assess whether individ-
uals seeking refugee status are eligible for resettlement in the U.S.
These individuals undergo a rigorous screening process outside the
U.S., which includes UNHCR assessments, interviews conducted by
the Department of Homeland Security (DHS)/U.S. Citizenship and
Immigration Services (USCIS), andmedical and security checks. The
president determines the number of admitted refugees to the U.S.
each year. Once approved for resettlement, applicants are referred
to one of the ten U.S. resettlement agencies. Two of these agencies
are Global Refuge and HIAS. Each agency has a network of local
affiliates across the country. The agencies decide to which local
affiliate refugees will be assigned upon arrival. Placement decisions
are made manually by agency staff, considering individual-level
characteristics (such as language proficiency and country of origin)
and location-specific factors (including housing availability, em-
ployment opportunities, and the capacity of local affiliates). Upon
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arrival, the agencies are responsible for providing housing and
essential needs for the refugees. Additionally, refugees receive sup-
port through the Reception and Placement (R&P) program, which
offers financial assistance and services for up to 90 days after arrival.

B.2 Switzerland
The resettlement process in Switzerland, managed by the State
Secretariat for Migration (SEM), works as follows [13, 40, 111].
Upon arrival in Switzerland, asylum seekers are placed in one of
the federal asylum centers within the six asylum regions run by the
SEM. At these centers, it is determinedwhether an asylum request is
to be approved or dismissed. If the request is not dismissed, asylum
seekers are granted an N permit, indicating that their application
is being processed and allowing them to reside in Switzerland
during this period. Asylum seekers stay in the federal centers for a
maximum of 140 days. If no decision is made within this period, or
if the asylum seeker is assigned to the extended procedure, they are
allocated to one of Switzerland’s 26 cantons. The allocation decision
is made according to Article 21(1) AO1, which states that each
cantonmust receive a percentage of asylum seekers in proportion to
its population. As no individual-level characteristics are included in
the decision other than family reunification and special care needs,
the decision can be considered (quasi-)random. After allocation, the
cantons are responsible for providing accommodation and other
services. Further, once assigned, asylum seekers cannot change
their canton and must await the decision on their asylum request.
The duration of the process can vary. If approved, they may receive
a B permit, granting refugee status and a residence permit, or an F
permit for temporary admission as refugees.

B.3 Germany
The resettlement process in Germany, managed by the Federal Of-
fice for Migration and Refugees (BAMF), works as follows [12, 66,
100]. Upon arrival in Germany, asylum seekers register at one of
the nearest reception centers operated by BAMF. After registration,
these reception centers use a computer-based system called EASY
(Initial Distribution of Asylum Seekers) to assign asylum seekers
to one of Germany’s 16 federal states. The allocation decision is
based on a distribution key called the "Königsteiner key." This key
calculates the quota of asylum seekers each federal state must ac-
commodate. The quota is re-calculated every year and is based on
a weighted formula combining population and tax revenue. Specifi-
cally, 1/3 of the quota is determined by a state’s share of the national
population, and 2/3 by its share of national tax revenue. The allo-
cation decision is considered (quasi-)random, as no factors other
than the key and family reunification influence the assignment.
Once assigned to a federal state, asylum seekers stay in the initial
reception centers for a maximum of 18 months before being moved
to municipalities within the state. The distribution to municipalities
follows a similar quota-based system, though the specific allocation
may vary depending on the federal state’s policies. The asylum
application is examined through document review and interviews
throughout this process. Asylum seekers may receive approval for
asylum, refugee protection status, subsidiary protection, or a de-
portation order.
The resettlement process for individuals fleeing Ukraine differs from

the standard asylum procedure [11]. Individuals with Ukrainian
nationality, their family members, and those with permanent resi-
dence in Ukraine do not need a visa or residence permit to enter
Germany. Ukrainian refugees must register at one of the recep-
tion centers to receive government support upon arrival. Ukrainian
refugees who have private accommodation or family relatives in
Germany can register in those municipalities. Otherwise, a quota-
based system called "FREE" assigns those needing accommodation
tomunicipalities. Ukrainians must register and apply for a residence
permit within 90 days of arrival.

C Matching Tools: Context and Methods
Formal Setup. We use the following notation to describe the tools.

The number of refugees to be resettled upon arrival is indicated
as 𝑖 ∈ {1, ..., 𝑁 }. Refugees are classified either as part of a "case"
(usually a family unit) or as a "free-case". A refugee may be part
of a case that includes members who have already been resettled.
In this situation, the new arrival will generally be assigned to the
same location as the previously resettled members. Similarly, all
members will be assigned to the same location when a case arrives
together. Refugee-location matching tools only consider refugees
who are free-cases or cases arriving at the same time. The number
of cases is denoted as 𝑗 ∈ {1, ..., 𝐽 }, with 𝐽 ≤ 𝑁 . The locations
to which refugees may be resettled upon arrival are indicated as
𝑘 ∈ {1, ..., 𝐾} (e.g., states, municipalities, or local affiliates of a
resettlement agency). The time of arrival of refugees prior to re-
settlement can be specified in various formats, e.g. year, quarter,
month, or day, and is denoted as 𝑡 . Refugee-level characteristics
are summarized as 𝑋𝑖 , location-level characteristics as 𝐿𝑘 . Each
refugee’s integration outcome (e.g., employment status) is observed
only for the location to which they were actually assigned. Hence,
if the refugee is assigned to location 𝑔, the observed outcome is
𝑌𝑖 (𝑔). According to the potential outcome framework, the outcome
for the same refugee in a different location𝑤 , though unobserved,
can be represented as 𝑌𝑖 (𝑤).

C.1 GeoMatch
Literature. The tool was originally introduced by Bansak et al.

[13]. Since its introduction, several studies have evaluated and ex-
tended the tool’s functionality. For instance, Ferwerda et al. [52]
adapted it to serve as a decision support tool for economic migrants
in Canada. Acharya et al. [2] added the option of incorporating
refugee preferences into the matching stage using simulated pref-
erence data. Bansak and Marten [17] assessed the fairness of the
tool using a potential outcomes approach with data from Sweden,
while Freund et al. [56] explored group fairness in the matching
stage. Additionally, Bansak et al. [19] presented various prediction
methods to account for random distributional shifts using data
from the Netherlands. Bansak et al. [16] introduced new matching
algorithms that can account for distributional shifts. Bansak and
Paulson [18] proposed an improved matching algorithm to ensure
that the allocation of refugees across locations is balanced over
time.

Method. The GeoMatch tool, as introduced by Bansak et al. [13],
comprises four key stages: data setup, modeling, mapping, and
matching. The integration outcome in GeoMatch is a binary variable
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indicating the employment status of refugees after a certain time
period (for the U.S, 90 days after arrival, and for Switzerland, 2, 3, 4
years after arrival). In the first stage, historical data is split into train
and test data according to a specific arrival time 𝑡 . For instance,
in the case of Switzerland, the train data includes all individuals
who arrived between 1999 and 2012, while the test set consists of
those who arrived in 2013. In the second stage, the train data is split
into 𝐾 subsets. For instance, one subset contains information on all
individuals that were assigned to 𝑘 = 1. A model is fitted to each
of these subsets using various methods (gradient-boosted trees,
random forests, elastic net regression, and kernel-based regularized
least squares). Gradient-boosted trees are chosen as the primary
prediction method due to their accuracy, calibration reliability, and
variable selection capabilities. Each fitted model 𝑓𝑘 (𝑋 ) is used to
predict the employment probability 𝑌𝑖 (𝑘) for each 𝑖 in the test set
for each location 𝑘 . Thus, for each 𝑖 , 𝐾 employment probability
predictions 𝑌𝑖 (1), 𝑌𝑖 (2), . . . , 𝑌𝑖 (𝐾) are generated. However, only
one true outcome is observed for each 𝑖 . In the third stage, the
individual-level employment probabilities are aggregated into case-
level probabilities using various metrics. The primary metric is the
probability that at least one individual in the case finds employment
at a given location, computed as: 1 −∏

𝑖∈ 𝑗 (1 − 𝑌𝑖 (𝑘)). Additional
robustness metrics include the mean, maximum, and minimum
probabilities of employment for each case. In the final stage, each
case is assigned to the location that maximizes the global average
employment probability while satisfying capacity constraints.

C.2 Annie™Moore
Literature. The tool was originally introduced by Ahani et al.

[5]. Delacrétaz et al. [45] added the option of incorporating refugee
preferences into the matching stage using simulated preference
data. Ahani et al. [7] released an extension, Annie™Moore 2.0, that
considers future refugee arrivals in the matching stage.

Method. Annie™ Moore, as introduced by Ahani et al. [5], fol-
lows four key stages similar to GeoMatch: data setup, modeling,
mapping, and matching. The integration outcome in Annie™Moore
is a binary variable indicating the employment status of refugees 90
days after arrival. In the first stage, historical data is split into train
and test sets according to a specific arrival time 𝑡 . In the second
stage, a LASSO logit model is fitted on the train data. The model
includes interactions between resettlement locations and individual-
level characteristics. Annie™ Moore, analogous to GeoMatch, also
uses gradient-boosted trees for prediction. Both prediction methods
perform similarly across various performance measures (misclassi-
fication error, recall, precision, and AUC-ROC). The LASSO model
is selected as the primary prediction method and used to generate
employment probability predictions for each individual 𝑖 in the
test data for each location 𝑘 . In the third stage, the individual level
probabilities are transformed to case-level probabilities. The case-
level metric used is the sum of all individual predicted employment
probabilities by case, computed as

∑
𝑖∈ 𝑗 𝑌𝑖 (𝑘). Further robustness

metrics are the mean, maximum, and minimum individual-level
predicted employment probabilities for each case. In the final stage,
each case is assigned to the location that maximizes an optimal-
ity criterion given existing constraints. The optimality criterion
consists in maximizing the total expected number of employed

refugees. Two types of constraints are included: 1) binary service
constraints (language, nationality, single-parent, and large-family
support) and 2) capacity constraints.

C.3 Match’In
Literature. The tool and methodology are presented by Sauer

et al. [103].

Method. Match’In relies on Case-Base Reasoning (CBR), an ex-
perience based problem-solving methodology that simulates the
human problem-solving approach [25]. The solving process, the
CBR cycle, can be summarized in four steps according to Aamodt
and Plaza [1]: 1. Retrieve, 2. Reuse, 3. Revise and 4. Retain. Meaning
in order to solve a new case (new problem), similar cases from the
case-base (collection of past problems) are retrieved, the solution of
one or more similar cases reused, the constructed solution is revised,
and the newly solved problem is retained into the knowledge-base
[1, 25]. The Match’In tool operates in four main stages: feasibility
evaluation, case generation, similarity calculation, and matching
[100, 103]. In the first stage, the tool uses pre-defined exclusion
criteria to determine whether an individual can be algorithmically
matched. For instance, one such criterion is whether the individual
has existing family ties in Germany. If this is the case, the individual
will not be matched by the algorithm. In the second stage, if there
are no exclusion criteria preventing a match, an ideal municipality
is generated for the individual. This ideal municipality is created
using a set of 64 pre-defined rules that translate the refugee’s col-
lected data into the characteristics of an optimal municipality. This
ideal municipality serves as the new case in the CBR approach. In
the third stage, the tool retrieves similar cases from the case base,
which contains data on all participating municipalities. Similarity
measures, defined in advance, are used to identify the municipality
most closely matching the ideal case. Finally, before finalizing the
match, a caseworker reviews and potentially revises the solution.
Unlike standard CBR approaches, the revised solution is not stored
in the knowledge base.

C.4 Re:Match
Literature. An overview of the first pilot phase in 2023 is provided

by Smith et al. [112] and Celeste et al. [33]. The project further
published a recommendation and an implementation guide [48, 98].

Method. The Re:Match tool operates in three key stages [48, 112].
In the first stage, a feasible set of municipalities is selected for each
individual. Feasibility is determined by the size and composition of
the individual’s household and specific medical needs. In the second
stage, a score is calculated for each feasible municipality by quan-
tifying the match between refugees’ background characteristics
and preferences and municipalities’ characteristics and capacities.
Finally, municipalities are ranked according to their score. The top-
ranked match is presented to the refugee, who has the option of
accepting or rejecting the proposed location.

C.5 Protected Attributes
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GeoMatch [13, 14, 19] AnnieTM [5, 6] Match’In [24]
Gender and Sexual Identity
Sex ! (U.S., CH, NL) ! (U.S.)
Sexual orientation ! (GER)
Gender ! (GER)
Racial and Ethnic Origin
Race
Color
Ethnic origin ! (NL)
National origin Country of origin (U.S., CH,

NL)
! (U.S.) Passport (GER)

Language English-speaking (U.S.),
French-speaking (CH),
Native language (NL)

! (U.S.) ! (GER)

National minority
Socioeconomic Status
Social origin
Property
Recipient of public assistance
Religion, Belief and Opinion
Religion ! (U.S., CH, NL) ! (U.S.) ! (GER)
Political opinion
Other opinion
Family
Birth
Familial status ! (U.S., CH) ! (U.S.) ! (GER)
Marital status ! (CH, NL) ! (U.S.) ! (GER)
Disability and Health Conditions
Disability Medical condition type

(U.S.)
! (GER)

Genetic features
Age
Age ! (U.S., CH, NL) ! (U.S.) ! (GER)

Table 3: Matching tools draw on a number of protected attributes as defined by global anti-discrimination law. We follow the
categorization presented by Simson et al. [109]. In line with the authors of this categorization, we indicate a ! if the feature
of the tools matches the exact phrasing of the protected attribute in global anti-discrimination law; otherwise, we note the
phrasing used. The abbreviations are as follows: U.S. for the United States, CH for Switzerland, and NL for the Netherlands.
Information on the features, and consequently the protected attributes for GeoMatch in the Netherlands, is drawn from the
study by Bansak et al. [19]. Further information on features for GeoMatch in the U.S. and Switzerland is drawn from Bansak
et al. [14], for Annie™ Moore from Ahani et al. [6], and for Match’In from the survey questionnaire [24]. For Re:Match, no
information on protected attributes is provided due to the lack of a publicly available questionnaire.
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D Case Study: Additional Results

Target % in Train Data % in Test Data
Employment

... Yes 21.38 15.44

... No 78.62 84.56
Social Activity

... Yes 35.00 28.19

... No 65.00 71.81
Observations (N) 5112 777

Table 4: Summary statistics of integration targets.

Feature Mean/% Train Mean/% Test
Age at immigration 32.00 31.81
Immigration year 2014 2016
School years 9.9 9.38
Sex

... Female 39.77 % 43.63 %

... Male 60.23 % 56.37 %
Free-case

... No 46.13 % 34.62 %

... Yes 53.87 % 65.38 %
Country of origin

... Syria 52.8 % 42.86 %

... Iraq 13.34 % 16.09 %

... Afghanistan 12.52 % 8.49 %

... Eritrea 4.32 % 7.34 %

... Iran 2.31 % 4.89 %

... Pakistan 1.72 % 1.16 %

... Russian Federation 1.45 % 0.51 %

... Somalia 1.19 % 4.38 %

... Kosovo 0.94 % 0 %

... Serbia 0.8 % 0.39 %

... Lebanon 0.63 % 0.51 %

... Albania 0.7 % 0.13 %

... Nigeria 0.68 % 3.99 %

... North Macedonia 0.35 % 0.13 %

... Ukraine 0.23 % 0.26 %

... Bosnia and Herzegovina 0.14 % 0 %

... Turkey 0.12 % 0.39 %

... India 0.08 % 0.39 %

... Romania 0.02 % 0 %

... Other 5.65 % 8.11 %
Religious affiliation

... Catholic 2.51 % 2.87 %

... Protestant 2.65 % 3.78 %

... Christian Orthodox 1.03 % 2.35 %

... Other Christian religious denomination 6.65 % 4.69 %

... Islamic religious denomination 6.69 % 7.04 %

... Shiite religious denomination 60.64 % 56.45 %

... Sunnite religious denomination 7.61 % 10.43 %

... Alevite religious denomination 0.28 % 0 %

... Other religious denomination 6.17 % 6.52 %
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Feature Mean/% Train Mean/% Test
... No religious denomination 5.78 % 5.87 %

Education level (cat: low)
... No 66.11 % 61.29 %
... Yes 33.89 % 38.71 %

Education level (cat: medium)
... No 73.22 % 72.16 %
... Yes 26.78 % 27.84 %

Education level (cat: high)
... No 60.67 % 66.55 %
... Yes 39.33 % 33.45 %

German reading level
... Very good 0.31 % 0.26 %
... Good 0.61 % 0.77 %
... Fairly 1.41 % 1.81 %
... Poorly 2.55 % 0.9 %
... None 95.12 % 96.26 %

German writing level
... Very good 0.35 % 0.26 %
... Good 0.61 % 0.77 %
... Fairly 1.3 % 1.81 %
... Poorly 2.26 % 1.29 %
... None 95.49 % 95.87 %

German speaking level
... Very good 0.73 % 1.29 %
... Good 1.12 % 1.81 %
... Fairly 1.37 % 1.94 %
... Poorly 2.85 % 1.55 %
... None 93.94 % 93.42 %

Vocational training
... No 75.19 % 82.95 %
... Yes 24.81 % 17.05 %

Table 5: Summary statistics of features.
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Category Survey Question Answer Options

Membership Are you a member of a trade union? Yes/No
Are you a member of a professional body? Yes/No
Are you a member of a club or similar organization? Yes/No
Are you a member of a works or staff council? Yes/No

Social Interaction In the last 12 months, have ...
... you visited people of German origin in their home? Yes/No
... you visited people not from Germany or whose parents are not from

Germany in their home?
Yes/No

... people of German origin visited you in your home? Yes/No

... people not from Germany or whose parents are not from Germany
visited you in your home?

Yes/No

Activity Frequency How often do you ...
... visit neighbors or friends? 1 (Often) - 5 (Never)
... visit family and relatives? 1 (Often) - 5 (Never)
... attend sport events? 1 (Often) - 5 (Never)
... spend time with German people? 1 (Often) - 5 (Never)
... spend time with people from other countries? 1 (Often) - 5 (Never)

Which of the following activities do you take part in during your free time
...

... meeting with friends, relatives, or neighbors? 1 (Daily) - 5 (Never)

... helping out friends, relatives, or neighbors? 1 (Daily) - 5 (Never)

... volunteer work in clubs or social services? 1 (Daily) - 5 (Never)

... participation in political parties, municipal politics, or citizen initia-
tives?

1 (Daily) - 5 (Never)

... going to church or attending religious events? 1 (Daily) - 5 (Never)

Table 6: The table presents the survey questions that were used to construct the integration target "social activity". In line
with Aksoy et al. [8], our approach takes into account social interactions with both natives and non-natives, while excluding
interactions with people from the same country of origin.

Target ROC-AUC PR-AUC Brier-Score F-Score Precision Recall
Employment 0.65 0.22 0.13 0.35 0.23 0.70
Social Activity 0.59 0.36 0.20 0.46 0.35 0.68

Table 7: The table reports the average performance of the integration prediction models across states for both target variables
(see Section 4). The following probability thresholds were applied to measure the F-score, Precision, and Recall: 15% for
employment, based on the mean employment rate, and 28% for social activity, based on the mean social activity rate. Lower
performance results were expected since we replicated the tool, and deliberately avoided to fine-tune it. Our goal was not to
optimize the tool, but to reconstruct and analyze it as-is transparently.
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Employment Social Activity
Group Mean Outcome Mean Prediction Gain Mean Outcome Mean Prediction Gain
Sex

... Female 0.05 0.17 2.32 0.18 0.38 1.13

... Male 0.24 0.41 0.76 0.36 0.49 0.35
Country of origin

... Syria 0.11 0.25 1.17 0.30 0.39 0.30

... Iraq 0.08 0.30 2.78 0.19 0.43 1.23

... Afghanistan 0.17 0.28 0.66 0.33 0.43 0.30

... Eritrea 0.33 0.38 0.15 0.21 0.55 1.60
Religious affiliation

... Islamic religious denomination 0.08 0.47 4.81 0.32 0.47 0.48

... Shiite religious denomination 0.08 0.25 1.96 0.33 0.44 0.31

... Sunnite religious denomination 0.14 0.26 0.92 0.29 0.42 0.45

... Other religious denomination 0.07 0.34 3.56 0.22 0.41 0.80

... No religious denomination 0.24 0.31 0.28 0.20 0.39 0.94
Vocational training

... No 0.16 0.29 0.83 0.27 0.43 0.62

... Yes 0.14 0.38 1.78 0.36 0.47 0.33
Education level (cat: high)

... No 0.15 0.30 1.06 0.28 0.43 0.56

... Yes 0.15 0.34 1.21 0.37 0.48 0.28

Table 8: Gains from algorithmic assignment differ significantly across groups, particularly for those with lower mean outcomes.
Gains are calculated as relative differences, defined as the difference between predicted and true outcomes, divided by the true
outcome. Only groups with more than 5% observations in the test data are reported (see Table 5).
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