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Abstract. For the successful integration of refugees, it is essential
to place refugees in a municipality that best matches their personal
needs and future plans. It is therefore important to individualize the
choice of location with the highest possible match to personal at-
tributes and needs of a refugee. In this paper, we describe the de-
velopment of the Match’In system, a recommender system that rec-
ommends municipalities for the integration of refugees, based on
the knowledge representing an individual refugee and his or her
needs. We describe the knowledge elicitation and formalization
process we developed and applied in the Match’In project. A partic-
ipatory and multi-stage process was used to develop the algorithm-
based decision support system for the individualized recommenda-
tion of municipalities for refugees. We detail on the decision and
rational of using case-based reasoning (CBR) as the reasoning ap-
proach within the Match’In system. We then describe the specific
capabilities of the use of structural CBR in terms of transparency of
the knowledge model, with an emphasis on the detection and pre-
vention of algorithmic bias. We further describe the reasoning tech-
nique and the possibilities to automatically derive explanations from
these to justify the recommendation of specific municipalities by the
Match’In system.

1 Introduction

Refugees and asylum seekers within the regular asylum procedure
in Germany cannot choose their exact place of arrival themselves.
Instead, refugees in Germany are, in a first step, distributed to the
federated states and, in a second step, to the municipalities within
their territories. Both decisions are mainly based on a quota system.
The individual needs and characteristics of refugees, as well as the
infrastructure and resources of the local authorities, are not systemat-
ically considered when this decision is made. This regularly creates
‘mismatches’, causing dissatisfaction for both refugees and munic-
ipalities. The current system is often criticized, putting pressure on
the institutions in charge to seek alternatives.

In recent years, algorithmic matching systems have begun to play a
key role in reforming the placement of refugees in several countries,
usually as part of resettlement schemes, for an overview see Ozkul
[18]. The existing projects have a strong focus on the labor mar-
ket. However, taking a broad understanding of integration as a basis,
long-term integration depends on a broad variety of factors, as is e.g.

emphasised by Ager and Strang [2]. This is the case both on the side
of the refugees and of the receiving communities, as Bansak et al.
[7] have shown. Therefore, the Match’In1 project strives to develop
a decision support system for matching purpose that includes many
different criteria of refugees and municipalities, aiming at the best
possible integration of the refugees by accommodating their needs
and resources in more dimensions than only the labor market. A suc-
cessful integration is not only for the benefit of the refugees but also
for the receiving municipalities, saving resources and strengthening
local communities.

This goal cannot be reached without the use of an algorithm, as
the criteria that need to be taken into account are far too complex
for the administrative staff to consider when making a placement
decision. For that reason, within the Match’In project [13], scien-
tists from both social and computer science collaborate to develop an
algorithm-based matching system. The algorithm will then be used
to deliver decision support by recommending municipalities for the
institutions responsible for the placement of refugees in German mu-
nicipalities.

Figure 1. Matching recommendation algorithm workflow

In this paper, we first formulate four research questions on the
possibilities, challenges and possible limitations of creating and us-
ing an algorithm-based decision support system for individualized

1 https://matchin-projekt.de/en/about-the-project/
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recommendations of municipalities for the integration of refugees in
section 2 of the paper. To answer these four research questions, we
first review relevant work on the use of knowledge-based systems
and give a brief introduction into matching algorithms, the AI tech-
nique of case-based reasoning (CBR), as well as the open source
CBR development tool "myCBR" in section 3. In section 4 we de-
scribe the interdisciplinary approaches we employed for the elicita-
tion and formalization of the domain knowledge to create the knowl-
edge model on the Match’In system operates. We then describe the
Match’In algorithm itself and its use of CBR as well as the possibil-
ities of generating explanations for the recommendation of munici-
palities by the Match’In algorithm in section 5. Section 6 then gives
an overview of the software implementation and integration of the
operational Match’In system. In section 7 we describe the currently
ongoing evaluation of the Match’In algorithm and system and in sec-
tion 8 we conclude on the current Match’In system and give a brief
overview of the next steps we plan for the Match’In system.

2 Research questions
This paper addresses the following research questions that had to be
answered as part of the development of an algorithm for the distri-
bution of refugees to municipalities in 4 different federal states in
Germany:

Research question 1. How can highly complex domain knowl-
edge be formalized, abstracted for a matching procedure so that cor-
relations are retained with minimal loss of knowledge?

Research question 2. How can this matching process be per-
formed algorithmically?

Research question 3. How can the algorithm provide explanations
for recommendations provided?

Research question 4. What can a bias-free knowledge model look
like?

3 Relevant background
3.1 Use of knowledge-based systems for decision

support

A technical definition of a knowledge-based system (KBS) is pro-
vided by Chandrasekaran, Johnson and Smith as a "KBS having ex-
plicit representations of knowledge as well as inference processes
that operate on these representations to achieve a goal". Further-
more "an inference process consists of a number of inference steps,
each step creating additional knowledge. [...] typically, both domain
knowledge and possible inference steps have to be modeled and rep-
resented in some form."[9]. There are a number of categories into
which certain types of KBS can be classified. The five main types of
KBS are Expert systems, Linked systems, CBR systems, Database
systems in conjunction with an intelligent user interface and intel-
ligent tutoring systems [3]. Frequent objectives of KBS are the fa-
cilitation of tasks for non-expert users, providing decision support,
the recommendation of products and workflows, strategy and plan-
ning support, design support, providing interactive tutorial systems
as well as providing financial analysis[12]. On a more abstract level
KBS are employed to solve problems of the following kind: Diagno-
sis, Selection, Prediction, Classification, Optimization, Control [17].

3.2 Matching algorithms

In the Match’In algorithm, case-based reasoning (CBR), see section
3.3, is used in such that the criteria describing a refugee’s prefer-

ences, situation, and needs and the criteria that describe the facilities
and characteristics of receiving communities are taken into a synthe-
sis process that enables them to be modeled in the same way. This
approach enables that a description (case) of a refugee’s preferences,
situation, and needs can be matched to the most similar (case) de-
scription of the facilities and characteristics of receiving communi-
ties. This approach is further supported by a number of rule-based
decisions in the pre-processing of criteria describing the refugee and
mapping them to criteria of the receiving communities.

Next to the matching or AI technique of CBR we evaluated further
matching techniques, such as the Gale-Shapley algorithm, propensity
score matching, and Mahalanobis matching. However, after evaluat-
ing the applicability of the previously named matching algorithms on
the knowledge-base we are working on in the Match’In project, we
concluded that CBR is the best applicable matching algorithm. The
knowledge model that the Match’In algorithm employs to deduce its
recommendations needs to be a transparent knowledge model, e.g.,
it must be fully traceable and explainable how the algorithm created
a recommendation. This transparency is important to prevent hidden
algorithmic bias [11], which needs to be avoided strictly. In a trans-
parent knowledge model such bias can be identified and avoided by
adjusting the knowledge model. In an opaque knowledge model, such
as an artificial neural network, this kind of transparency is not possi-
ble and hence it is no suitable technique for our purpose. Further, the
transparency of the knowledge model allows for explanations being
automatically generated by the algorithm, based on the knowledge
model, following the approach of explainable AI (XAI) [4].

3.3 Case Based Reasoning

The basic idea of case-based reasoning is to imitate a human
problem-solving strategy. When we are faced with a new problem
in person, we try to remember similar problems so that we can apply
the solution to the problem we have already solved to the problem
that is new to us.

This procedure is formalized in the so-called CBR-cycle shown
in Figure 2 introduced by A. Aamodt and E. Plaza [1]. The process
of the CBR-cycle provides four successive steps for the process of
being applied to a new problem: 1.Retrieve, 2.Reuse, 3.Revise and
4.Retain.

Knowledge about the problem domain as well as general knowl-
edge is stored in the knowledge base of the system. This knowledge
base also contains the so-called case base. In the case base, problems
are stored with their description and the corresponding solution in
the form of so-called cases. Furthermore, so-called local and global
similarity measures for comparing problems are stored in the knowl-
edge base [5]. In addition, the knowledge base can store knowledge
in the form of rules, e.g. completion rules and/or association rules
[16],[6].

In the first step of the retrieval process, the problem description is
entered as a query case in a formalized manner and, if necessary, pre-
processed by the system. For example, completion rules are used to
improve a query. Furthermore, within the case base, the query case is
compared with the cases in the case base. Depending on the applica-
tion domain, either one or more cases from the case base are retrieved
based on their similarity to the query case. In the reuse step, the solu-
tion of the most similar case is considered as a possible solution for
the new problem. General knowledge from the knowledge base can
be used to validate this solution. In the revise step, general knowl-
edge from the knowledge base can be used to validate this solution.
Alternatively, the revise step can also be performed by a human or
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Figure 2. The CBR Cycle according to Aamodt and Plaza.

by evaluating the solution automatically. Once the solution has been
validated, it is saved as a new case in the case base together with the
new problem description. This step is termed the retain step.

3.4 Selection of the open source CBR tool "myCBR"

After evaluating common CBR tools, we selected the open source
application myCBR 2. The Vocabulary in myCBR 3 is stored in the
model component, using various types of attribute descriptions. The
Vocabulary can either be built from scratch or can rely on the import
of existing data. As myCBR 3 is focused on the creation of structural
CBR systems, the case representation is either flat or object oriented
[6]. Furthermore, the myCBR 3 Workbench aids the knowledge engi-
neer in the creation of the vocabulary by providing facilities to define
value ranges for numeric and symbolic attributes [5]. These facilities
have proven to be very helpful in the discussion with domain ex-
perts, while formalizing the vocabulary, during this research work.
The vocabulary was subject to research in the implementation of this
research work.

The Similarity measures are represented independently from the
Vocabulary and are connected to the model itself. The data types cov-
ered by the similarity measures in myCBR 3 are simple data types
like Integer, Float, Double for numeric attributes and String for tex-
tual attributes. The formats the similarity measures can be modeled in
are simple and complex functions (with respective GUIs) for the nu-
meric data types and comparative tables as well as taxonomic model-
ing for String (Symbol) Attributes [5, 23]. A GUI that integrates the
data model is available for retrieval within the myCBR workbench.
Alternatively, there is a REST interface for the integration of myCBR
into web-based applications. This enables the generation of an Open
API client for communication with the myCBR API running on a
Server.

2 https://mycbr-project.org/

Figure 3. The myCBR Architecture [5]

4 Domain knowledge formalization

4.1 Formalizing integration factors of refugees and
municipalities

In this section we review the process of bridging the gap between
theory and practice by formalizing integration factors of refugees
and municipalities to be used algorithmically. The process of knowl-
edge formalization took place within the interdisciplinary team of the
Match’In project in order to make the social science domain knowl-
edge on integration and its success factors usable for an algorithm.

Step 1: Collection and structuring of relevant matching crite-
ria First, the social sciences determined, on the basis of existing re-
search, which factors are decisive for integration and therefore need
to be taken into account when making more accurate distribution
decisions with the goal of strengthening local integration. In order
to supplement this data, the research gaps were filled with our own
qualitative data, based on expert interviews and focus groups.

Example: "It is highly important that refugees arriving in the mu-
nicipality are accommodated according to their special protection
needs."

Subsequently, the relevant criteria were divided into main and sub-
criteria and included in a list, the scope of which was condensed in
several steps. This was done in iterative steps in exchange with prac-
titioners and experts, arriving at a first final list of matching criteria.

Example: "The relevant special protection needs apply to victims
of sexual violence, victims of torture and victims of human trafficking,
but also unaccompanied minors, women traveling alone, LGBTIQ*
people, and people with disabilities and serious or chronic illnesses".

The main criteria chosen for the matching on the side of the
refugees are personal details (e.g. gender), living (e.g. wish for
decentralized housing), work (e.g. previous experiences), educa-
tion/qualification (e.g. degrees), hobbies/interests (e.g. leisure ac-
tivities), personal preferences (e.g. connections to linguistic com-
munities), and special protection needs (e.g. disabilities). These are
matched with the following main criteria on the municipalities’ side:
living (e.g. availability of accessible housing), language courses (e.g.
job-related German classes), work (e.g. employment ratios), educa-
tion (e.g. universities), health (e.g. hospitals), culture and leisure (e.g.
sports clubs), living environment (e.g. closeness to nature), mobility
(e.g. public transport), and support and advice services (e.g. migra-
tion counseling). These criteria comply with the factors identified as
being decisive for a successful integration, including hard facts (like
the labour market) as well as softer criteria (like hobbies), building
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on the knowledge that both are equally important.
Choosing these criteria, even considering the participatory and

multi-stage process, brought with it an inevitable reduction of com-
plexity. Refugees, like all human beings, have a complex set of indi-
vidual skills, needs, and wishes. By breaking these down into mea-
surable indicators, we had to find a compromise between recognizing
peoples’ individuality and choosing criteria that can be processed by
an algorithm. In order to include as many important perspectives as
possible in the process, we conducted focus groups with refugees,
NGOs representing their interests, representatives of municipalities,
experts for specific protection needs, and actors currently working in
the area of refugee allocation within the respective authorities. This
way, we could not only determine which factors to include, but also
how much weight should be put on certain criteria (cf Step 3).

Example: “In a focus group with refugees, one participant named
her teaching job as the significant factor for settling in, another re-
ferred to his football club as the most important element, as it helped
him in other areas of life, e.g. acceptance into a university and find-
ing a place to stay.”

Step 2: Operationalization The social science knowledge of the
consolidated list of criteria was then translated into technically us-
able, collectible and comparable indicators. One or more indicators
were created for each criterion. The various characteristics were de-
fined in the form of response options for the questionnaires3 which
are available online via the URL given in the footnote.

Example: "The following indicators on the side of the municipal-
ities are queried for the prototype: Suitable accommodation for 1)
women traveling alone, 2) men traveling alone, 3) LGBTIQ* per-
sons, 4) People with an increased need for psychological care."

Step 3: Weighting of the matching criteria and criteria synthe-
sis Drawing from data gathered in the first steps, the criteria were
weighted, hence their influence in comparison with other criteria for
the allocation recommendation was individually defined, again using
an iterative feedback process.

Weighting The process of weighting the criteria is not only part of
the algorithmic design as such but already forms one element of the
project’s data collection process. Hence, a significant pre-step of the
weighting is already carried out by structuring the criteria into three
types during data collection on the refugee side: exclusion or dropout
criteria, possible exclusion criteria, and matching criteria, as shown
in figure 4.

Figure 4. Structure of the Match’in criteria

1) Exclusion criteria that lead to discontinuation: Participants are
first asked about the aspects that could potentially stand in the way of
their participation in the matching. These exclusion criteria result in
particular from legal obligations (such as the right to be allocated to
close family members in a German municipality) and from the fact

3 https://hilpub.uni-hildesheim.de/handle/ubhi/16960

that those seeking protection should not suffer any disadvantages as
a result of participating in the project.

2) Possible exclusion criteria: Discontinuation of participation is
possible, but not absolutely necessary - the criteria only lead to dis-
continuation and direct recommendation to the respective municipal-
ity if the person explicitly requests this themselves.

3) Matching criteria: If participation has not been excluded, all
other criteria are collected as matching criteria divided into main cri-
teria and sub-criteria and included in the distribution decision with
their respective weights. Their weighting within the algorithm and
their collection, again, follows four basic rules:

A) All main criteria are weighted equally by the algorithm. Ac-
cordingly, these categories each have the same weight for the algo-
rithm’s distribution proposal.

B) The sub-criteria are weighted within the respective main cate-
gory.

C) At least one sub-criterion under each main criterion must be
answered as part of the data collection.

D) Special protection needs play a separate role due to important
legal and ethical standards: Here, in contrast to the other main cri-
teria, each applicable sub-criterion is weighted individually, not the
entire area in a fixed sum. The individual weights of the sub-criteria
under special protection needs are added together and thus result in
an individual sum that is based on the specific needs of a person.
This procedure is necessary in order to take into account the possible
existence of mutually reinforcing, intersectional special protection
needs (eg. a woman traveling alone who is also pregnant, see below
in figure 5).

Figure 5. Example weighting of the matching criteria

4) Individual weighting (preference-based element): As part of the
data collection surveys, the participants are given the opportunity to
go beyond the standard weighting by the algorithm and give double
weighting to a particularly important category for them individually.
This creates the possibility for participants to include their individual
preferences.

Criteria synthesis
As part of the criteria synthesis, the indicators on the side of

refugees were set in relation to those on the side of the municipal-
ities. An indicator on the refugee’s side can relate to one or more
municipality indicators.

Example: "1) Weighting: On a scale of 1 to 10, special protection
needs were weighted between 6 and 10. Inter alia, ’women travel-
ing alone’ was weighted at 8. 2) Criteria synthesis: It relates to the
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following criteria on the side of the municipalities: Accessibility of
women’s counseling centers, women-specific projects and special re-
quirements for the protection against violence in accommodations
within the local authority a person is to be allocated to."

During the criteria synthesis we developed a set of 64 rules that are
based on the necessities derived from the characteristics and needs of
refugees to setup a hypothetical municipality that would match the
needs of a specific refugee in an ideal way.

Example: IF: "Difficulty walking or climbing stairs" == 1 OR ==
2 OR == 3 THEN: IF: "Need/desire for centralized or decentralized
accommodation (expectation management, weighting)" == 1: Set:
"Barrierfree_low_barrier_housing_GU" = 100

In the above example the criterion "Barrier-
free_low_barrier_housing_GU", describing the availability of
barrier-free or low-barrier housing in a municipality, is set to the
maximum possible value to match the need of a refugee if he/she
has indicated that he/she has difficulties walking or climbing stairs.

A key aspect of the use of the formalized knowledge, especially
the information about individual refugees, is the provision of secure
data protection as well as the use of anonymization techniques if per-
sonal data of a refugee has to be used by the Match’In system. To
address these key points, we decoupled personal data of a refugee
from the description of an individual refugee’s needs. We further de-
fined value ranges for a number of criteria of a refugee to prevent the
re-identification of a person by the analysis of precise values, such as
age or specific data on a refugee’s education.

4.2 Knowledge model

One of the primary reasons for making the decision in favor of
a CBR-based approach is the potential to utilize various forms of
knowledge representation such as ontology, taxonomy, similarity
measures for numerical values, rules, etc. [19]. As myCBR [15] can
serve for both reasoning and modeling, it is also integrated into our
modeling process, thus obviating the necessity for model adaptation
at runtime.

The final knowledge model that we developed from the knowledge
elicitation process contains 87 criteria that describe a municipality.
For each of the 87 criteria, a specific similarity measure was devel-
oped. The criteria of the municipality are further grouped into the
following groups: living, language courses, work, education, health,
culture and leisure, living environment, mobility, and support and ad-
vice services. The grouping of the criteria of a municipality allows
to apply weights to specific groups and thereby increase their influ-
ence on the recommendation of a municipality, based on the needs of
an individual refugee. Furthermore, we derived a set of 64 rules, an
example for such a rule is given in section 4.1, that are applied to gen-
erate an ideal municipality based on the specific needs of a refugee
which are entered into the system using the developed questionnaire
(see section 4.1).

In conclusion, we have shown in this section that it is possible to
formalize the complex domain knowledge given in the domain of al-
locating refugees to best fitting municipalities, answering research
question 1: How can highly complex domain knowledge be formal-
ized, abstracted for a matching procedure so that correlations are re-
tained with minimal loss of knowledge?

5 The ’Match’In’ algorithm
The Match’In algorithm is a two-stage process based on the CBR cy-
cle. In Chapter 3.3, the fundamental terms and functions of a CBR

system were introduced. These components are represented in the
Match’In algorithm as follows: a query represents the problem state-
ment and includes the machine-readable form of the information
about a refugee and form their query corpus. The general knowl-
edge includes rules for examining and adjusting the query, and the
case base consists of a set of potential target municipalities. The ba-
sic structure of CBR makes it possible to provide explanations for
suggestions made by the algorithm and, if necessary, to enrich them
with knowledge from the knowledge base. The two steps of the al-
gorithm are described in the next two sub-sections. Furthermore, a
third sub-section deals with how explanations can be prepared by
the algorithm for the user and how these can support an end user if
necessary.

5.1 Mapping refugees to a hypothetical ideal
municipality

Case-based reasoning offers the use of completion rules, which are
originally intended to enrich the query with knowledge from the
knowledge base, e.g. to add missing but conclusive attributes from
the query to the query. In the first step of the Match’In algorithm
shown in Figure 1, a set of rules defined by experts (see section 4:
Domain knowledge formalization) are applied to the query consist-
ing of data from a refugee. On the one hand, these rules are used to
check whether a recommendation for the distribution of the refugee
can be offered by the algorithm; exclusion criteria may be present
here. To clarify, this of course means that an allocation still takes
place. On the other hand, the rules are used to form an "ideal" mu-
nicipality for a refugee that is described as completely as possible.
An ideal municipality is described as one that fulfills all the needs of
a refugee. Another advantage provided by CBR as a method of ar-
gumentation is worth highlighting at this point as well: Requests for
a CBR system do not have to be complete. That is, if a refugee can-
not or does not want to answer all the questions on the questionnaire
for the algorithm, an ideal municipality can still be generated from
the request. However, this ideal municipality would only consider the
knowledge provided to it. By utilizing these rules in the form of com-
pletion rules, our request is prepared to the extent that it is available
for the second step of the matching algorithm.

5.2 Using CBR to identify best matches

In the second phase of the algorithm, the actual retrieval phase, the
fundamental principles of retrieval from classical case-based reason-
ing are adopted, but adjustments are made in the representation of
cases. In contrast to classical CBR, where a case consists of a de-
scription of attribute values plus a solution, in our algorithm, the
case itself, which also consists of attribute values, is a possible so-
lution. Furthermore, our algorithm allows for indirect influence of
refugees on their selection of potential recommendations. During the
interview phase, refugees can specify which aspects are of particular
interest to them in their location choice. These attributes are assigned
a higher global weight on average. This is intended to emphasize par-
ticipation, but a single permitted input is avoided to prevent distorting
the results until, for example, a desired outcome is achieved. Addi-
tionally, we aim to prevent the formation of bias within the system
with this approach.

During the retrieval process, the ideal municipality formed in Step
1 for a refugee is compared to all cases in the case base, e.g. the avail-
able real municipalities, based on their attribute values using similar-
ity measures stored in the CBR system. The algorithm outputs the X
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municipalities most similar to the ’ideal’ municipality as suggestions
for potential assignments of the asylum seeker. Where X is a num-
ber of 1 to all available real municipalities, sorted in a decreasing
order by their degree of similarity to the generated hypothetical ideal
municipality.

In the Reuse step of the CBR cycle, the results of retrievals are
adopted as a solution for an assignment option for the refugee. The
Revise step is carried out by the case worker of the responsible au-
thority, who uses the suggestions of the Match’In algorithm, among
other things, as a basis for a decision on the assignment. It has been
decided against direct feedback or returning the decision on the as-
signment to the system, which would take place in the Reuse step.
New cases or new knowledge in the knowledge base must be explic-
itly entered into the system by an admin user. So in summary, in this
section we have answered the research question 2: "How can this
matching process be performed algorithmically?" by presenting the
workflow and techniques the Match’In algorithm employs.

5.3 Generating explanations for decision support

Following Roger Schank [22], explanations are the most common
method used by humans to support their decisions. Therefore, an ex-
planation aims to explain a solution to a problem and the reasoning
that led to this solution. Furthermore, an explanation must be able to
point out how a system works and how it is operated [20]. Next to
these purposes of an explanation, a number of more subtle but never-
theless not less important goals of explanations exist. A user’s trust
in the system and its results can also be increased by the provision
of explanation on the results themselves as well as on the reasoning
process of the system that led to these results [14]. Furthermore, ex-
planations can be used by a knowledge-based system to justify its
solutions and thereby becoming accountable for its solutions [10].
Explainable AI, in short XAI, meaning the ability of AI systems in
general to explain their reasoning and so justify their decisions or in
our case recommendations, is currently a core topic of research in AI
systems [4].

The research question 3 of this paper is "How can the algorithm
provide explanations for suggestions provided?". To answer this re-
search question, we will now describe the approach of generating
explanations in the Match’In system. For the Match’In system the
explanatory knowledge, the knowledge needed to generate explana-
tions [8], consists of the CBR knowledge model’s knowledge con-
tainers, namely the vocabulary, the cases, the 87 similarity measures
and the adaptation knowledge of the CBR knowledge model [21] and
the set of 64 rules derived during the knowledge formalization pro-
cess of the domain knowledge, see section 4: Domain knowledge for-
malization. The fact that structural CBR uses a completely transpar-
ent knowledge model as well as a completely transparent reasoning
technique, which means the knowledge model as well as the reason-
ing techniques can be retraced by a human user, was a major factor
for our decision to use structural CBR for the Match’In system. The
complete transparency of the knowledge model and reasoning tech-
niques in the Match’In system also allows for easy detection of pos-
sible algorithmic bias [11] and a subsequent correction of either the
knowledge model or adaptation of the reasoning techniques. With re-
gard to research question 4: "What can a bias-free knowledge model
look like?" we can state that it is imperative that the knowledge model
used must be 100% transparent to allow for the detection and, if nec-
essary, correction of algorithmic bias. For the next iteration of the
Match’In system it is planned to generate explanations for the pur-
pose of justifying its recommendations. Therefore it will use the 87

similarity measures and an analysis of the firing of the 64 rules from
the rule set. Analyzing these can provide a fully transparent retrace
of the reasoning that led to the system’s recommendation.

It is further planned to derive short textual explanations from the
firing of the rules as well as to add short textual explanations derived
from the application of the similarity measures of the CBR knowl-
edge model. Additionally, though not aimed on the justification of
the recommendations of the system, the Match’In system currently
uses "canned explanations", pre-defined texts that were elicited and
prefabricated during the knowledge formalization process, see sec-
tion 4, to support the user of the system via its GUI.

6 Technical implementation

The development of the Match’In system leverages a groundbreak-
ing integration of two distinct technological systems: a database-
supported web application for data capture, and a case-based reason-
ing (CBR) matching system implemented using myCBR. The web
application is crafted with ASP.NET Blazor Server and a LowCode
technology, while the matching system is developed in Java, con-
nected via a RESTful interface. Despite the divergence in their tech-
nological stacks, a specially designed C# library bridges these sys-
tems efficiently, utilizing the myCBR REST API to provide function-
alities tailored for the project’s specific CBR model.

Figure 6. Example view of the software (proposal selection)

Within the web application framework, a myCBR Service has
been integrated to streamline the access and updating processes for
the database, enabling the system to refresh or establish new munici-
pality information based on the refugees’ profiles. This service facil-
itates the identification of ideally matched municipalities for individ-
uals seeking refuge, thereby optimizing the allocation process. The
implementation encompasses a variety of communication and data
classes, ensuring seamless integration and manipulation of complex
attributes and values conversion between the disparate systems.

The matching process initiates once an individual seeking refuge
completes a questionnaire, triggering the web application to re-
trieve pertinent information about municipalities from the database
and synchronize it with the myCBR model. The system evaluates
whether each municipality is already represented within the model
or needs to be added. Subsequently, it constructs an "ideal" munic-
ipality based on the individual’s responses, a task orchestrated by
a sophisticated rule class known as the ‘PersonenAnfrageBuilder‘.
This class is responsible for translating the detailed responses from
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the questionnaire into a comprehensive set of attributes that define
the ideal municipality. Utilizing a series of predefined rules, derived
from extensive research and collaboration with experts, the ‘Person-
enAnfrageBuilder‘ adjusts and refines these attributes to accurately
reflect the needs and preferences of the refugee. This meticulous pro-
cess ensures that the ideal municipality constructed is a close match
to the individual’s requirements, taking into account factors such as
availability of services, community support, and other critical ameni-
ties that can significantly impact the well-being of the refugee.

The system then queries for a list of municipalities that best match
the idealized profile, storing the outcomes in the database. Based on
these results, municipalities are ranked in descending order of their
overall match quality, thereby enabling an effective and equitable dis-
tribution of refugees to the most suitable locations.

This technical solution exemplifies the potent synergy between
web technologies and artificial intelligence in addressing and resolv-
ing the challenges associated with refugee distribution. The architec-
ture’s flexibility and the system’s efficient data processing capabili-
ties are pivotal in enhancing decision-making processes and promot-
ing fair distribution practices. By harnessing the power of case-based
reasoning and sophisticated web application frameworks, the project
showcases a novel approach to leveraging technology for the social
good: paving the way for improved integration and support mecha-
nisms for refugees worldwide.

7 Evaluation

The first iteration of the Match’In system was implemented and
is currently in evaluation in a pilot phase in participating authori-
ties in four federal states of Germany, namely Hesse, North Rhine-
Westphalia, Rhineland-Palatinate and Lower Saxony. The current
case-base of the Match’In system contains 20 pilot communities dis-
tributed over the named four federal states. Prior to this, an expert
evaluation of the results was carried out using test data. The system
was able to show that suitable municipalities could be recommended
as possible proposals for the refugees to be assigned to. We are cur-
rently in the pilot phase of our project, primarily focusing on data
gathering. This phase is crucial for viable suggestions of further re-
finement and development of the Match’In system. One of our key
activities during this pilot phase is the ongoing evaluation of the rec-
ommendations generated by our knowledge model and algorithm.
We are meticulously assessing their accuracy and relevance to ensure
the effectiveness of our system. Additionally, we are actively solicit-
ing feedback on the usability of the Match’In software from local au-
thorities across the 4 federal states that participate in the pilot phase.
This feedback is invaluable as it helps us refine and improve the user
experience, ensuring that our software meets the diverse needs of our
stakeholders. To fascinate these activities, we are in direct exchange
with the local authorities in the four federal states and further use
additional questionnaires as well as focus group meetings and in-
terviews with all involved parties. A further focus of our evaluation
also lies on the assessment and improvement of the acceptance of the
questionnaire used by refugees to characterize their needs and cir-
cumstances. The evaluation of the questionnaire is primarily carried
out by interviewing the participating refugees and the counselors in
the reception facilities who enter the participating refugees’ data into
the software. We just started the pilot phase of the Match’In system
in February 2024 and therefore are currently in the data and feedback
gathering stage of the evaluation, using the techniques and involving
the stakeholders described above.

8 Conclusion and Outlook

In this paper we first formulated four research questions on the pos-
sibilities, challenges and possible limitations of creating and us-
ing an algorithm-based decision support system for individualized
recommendations of municipalities for the integration of individual
refugees. To answer these four research questions, we reviewed rel-
evant work on the use of knowledge-based systems and gave a brief
introduction into matching algorithms, the AI technique of CBR and
the CBR development tool "myCBR". We further described the inter-
disciplinary approaches we employed for the elicitation and formal-
ization of the domain knowledge to create the knowledge model on
which the Match’In system operates. We also described the Match’In
algorithm itself in detail. Furthermore, we gave an overview of the
software implementation and integration of the operational Match’In
system. We were able to answer research question 1 in section 4 of
this paper, research question 2 in section 5.2 of this paper, research
questions 3 and 4 in section 5.3 of this paper. As we progress be-
yond the pilot phase of the Match’In system, our next steps involve
a deeper evaluation of the system’s performance and functionality.
This includes refining our knowledge model to enhance its accuracy.
Moreover, we plan to expand the usage of our system beyond the pi-
lot municipalities. This wider implementation will allow us to gather
more diverse data and insights, enriching the effectiveness of our so-
lutions. Furthermore, we aim to enhance the explanatory capabilities
of our system. By refining the generation of explanations, we can
provide users with clearer insights into the rationale behind recom-
mendations, fostering better understanding and trust in the system.
In summary, our focus remains on continuous improvement, with
a commitment to refining our knowledge model and algorithm, ex-
panding usage of the Match’In system, and enhancing explanation
generation for a better and user-friendly experience.
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