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Abstract Developing Case-Based Reasoning (CBR) applications is a
knowledge-intensive task that consists of numerous demanding and time-
consuming development steps. Major challenges are posed by knowl-
edge engineering since CBR systems depend on capturing, validating,
and maintaining domain knowledge in an explicit, machine-interpretable
form. This usually can be done only in a close interdisciplinary collab-
oration between CBR and domain experts. To support development,
previous works put forth a broad spectrum of support functions but
mostly have not yet addressed the synergies of support functions or
the potentials for involving domain experts, particularly those without
knowledge-engineering experience. To further improve the accessibility
of CBR frameworks and to reduce the effort of development, this paper
consolidates development challenges along with corresponding support
methods. In addition, we address the potentials for involving domain
experts in the development with the help of support functions. We de-
rived development challenges and support potentials from literature and
conducted an explorative survey in the CBR research community.

Keywords: Case-Based Reasoning · CBR Applications · Knowledge
Engineering · Domain Experts · Development Support

1 Introduction

Developing CBR applications requires both knowledge engineering and specific
CBR-related development steps. Regarding knowledge engineering, one has to
elaborate, populate, validate, and maintain the so-called knowledge contain-
ers [31], i.e., vocabulary, case base, similarity model, and adaptation knowledge.
⋆ The final authenticated publication is available online at https://doi.org/10.

1007/978-3-032-33865-5_36

https://orcid.org/0000-0002-2247-8270
https://orcid.org/0000-0001-8444-7245
https://orcid.org/0000-0002-2458-9943
https://orcid.org/0000-0002-6866-0799
https://orcid.org/0000-0002-5515-7158
https://www.wi2.uni-trier.de
https://doi.org/10.1007/978-3-032-33865-5_36
https://doi.org/10.1007/978-3-032-33865-5_36


2 Grewenig et al.

CBR-related development steps comprise application- and domain-dependent
design decisions and their implementation to ensure effective and efficient knowl-
edge acquisition, user interfaces, retrieval, adaptation, maintenance, and deploy-
ment. Domain experts play a key role in the development process but are usually
inexperienced in knowledge engineering. Ideally, they can express their knowl-
edge like knowledge engineers in terms of formal attributes, categories, and re-
lationships rather than narrative descriptions or holistic judgments. With the
rapid development of Generative AI (GenAI) methods and, particularly Large
Language Models (LLMs), new support potentials for various aspects such as
knowledge acquisition, maintainability, and explainability are opening up [3].
The CBR research community regularly presents new approaches to support the
development of CBR applications. These efforts are also reflected in the ongoing
development of CBR frameworks [37]. However, related works have not yet ad-
dressed the synergies of support functions and potentials for involving domain
experts.

The objective of this paper is to form a basis to further improve the ac-
cessibility of CBR frameworks or specific applications and to reduce the effort
and, consequently, the costs for development in future work. To this end, we
investigate the challenges of typically required development steps along with the
potentials for support methods. The contribution of this work is (1) a literature-
based synthesis of existing support for development steps in CBR, (2) a survey-
based assessment of CBR experts on involvement and support of domain experts
regarding the identified development steps, and (3) a synthesis of challenges in
each development step along with potentials for support methods.

In the remainder of this paper, related work on existing support for develop-
ing CBR applications is presented in Section 2. Section 3 presents the results of
an explorative survey conducted in the CBR research community with a focus on
involving domain experts. Section 4 describes the derived challenges and support
potentials for each identified development step. Finally, Section 5 summarizes the
main findings, limitations, and proposes future work.

2 Existing Support for Developing CBR Applications

This section investigates related work along the development steps that we de-
rived from CBR literature. Fig. 1 illustrates how the development steps can be
mapped to the traditional CBR model, i.e., knowledge containers [31] and CBR
cycle [1]. Please note that the steps are organized in an ideal-typical sequence.
In practice, it can happen that steps are skipped or that there are iterations. In
complement to this work, the INRECA methodology [9] has been proposed to
provide practical guidelines from collected CBR development experiences, rep-
resented as software process models. In [37], we provided an overview3 of the
features of existing CBR frameworks.
3 Please refer to https://git.opendfki.de/easy/overview-and-comparison-of-

cbr-frameworks/-/raw/main/Overview-Table.pdf for an overview table (from
2023).

https://git.opendfki.de/easy/overview-and-comparison-of-cbr-frameworks/-/raw/main/Overview-Table.pdf
https://git.opendfki.de/easy/overview-and-comparison-of-cbr-frameworks/-/raw/main/Overview-Table.pdf


Challenges and Support Potentials in the Development of CBR Applications 3

Query

Case i

Case Base Similarity
MeasuresVocabulary Adaptation

Knowledge I. Retrieve

Query

II. Reuse III. Revise

Retrieved
Case(s)

IV. Retain

Tested
Case

Learned
Case

Knowledge
Containers

CBR Cycle

(1) Defining
Vocabulary

(2) Case
Acquisition

(3) Designing
Similarity
Measures

(5) Retrieval
Configuration

(4) Adaptation
Knowledge

Capture

(9) Main-
taining the
Case Base 

Solved
Case

Development Steps

CBR Theory

(10) Deployment

(6)
Adaptation

Configuration

(7)
Explaining
Solutions

(8)
Validation/ 
Evaluation

Figure 1. Mapping of Elements of the CBR Model to Development Steps

Defining Vocabulary is supported in the myCBR framework through in-
teractive knowledge modeling. It also provides extensions such as integrating
linked open data for taxonomy construction [6,37,40]. The ProCAKE frame-
work provides a GUI-based object editor for system and custom data classes
and automatic derivation of data models from input data [10,37].

Case Acquisition is supported by ProCAKE through visual case editing
for structural and process-oriented cases and automated imports from CSV and
JSON [10,37]. myCBR also supports importing content from unstructured doc-
uments into an existing vocabulary [6]. The proposed competence modeling
method makes coverage and competence regions visible to guide case acquisi-
tion and support maintainers in targeting under-covered regions [39].

Designing Similarity Measures is frequently addressed by related work
with a focus on the design, tuning, and explanation of similarity measures.
myCBR supports interactive similarity modeling and testing through a work-
bench with integrated execution support and immediate feedback [37,40]. Bach
and Mork [5] provide visualizations of global similarity and local contributions.
Marín-Veites and Bach [24] add ranking summaries and per-case-pair views
with global similarity, local similarities, and weighted contributions. For process-
oriented CBR, visualization-based similarity explanations provide mapping-ori-
ented graph views and heatmaps [36]. Building on this, point-mapping methods
are investigated as visualization techniques for similarities in temporal CBR [34].
The tool SimViz provides coordinated views for case comparison and similarity
distributions, including taxonomy-based inspection for semantic similarities, and
supports identifying modeling errors and data quality issues [17,18]. A combi-
nation of SimViz with the CBR framework CBRkit [21] supports iterative sim-
ilarity design with immediate feedback, partial interactive reconfiguration, and
recomputation-based inspection, and explicitly targets CBR designers rather
than end users [19].

Adaptation Knowledge Capture is less supported by existing CBR frame-
works [37]. Frameworks mainly provide implementations of adaptation mecha-
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nisms. myCBR 3 supports rule-based completion and adaptation through inte-
gration with a rule engine [2]. Several approaches for learning adaptation knowl-
edge exist in research (e.g., [12,13]), but no concrete support function for ac-
cessibility of such approaches is provided. ProCAKE includes an integrated rule
engine that enhances the representation, maintainability, and runtime behavior
of adaptation rules [23].

Retrieval Configuration is supported by workflow-oriented tooling regard-
ing retrieval strategy configuration and evaluation through guided steps and
visual inspection, including scatter plots and clustering [15].

Adaptation Configuration is also less supported by existing CBR frame-
works [37]. To optimize adaptation chains, Hotz et al. [16] investigate search
algorithms for determining optimal sequences in rule-based adaptation.

Explaining Solutions is an important aspect of Explainable CBR (XCBR)
where dedicated tools support transparency and communication [35]. The simi-
larity visualizations described above can also be used for user explanation. The
myCBR tool provides explanation support for understanding retrieval outcomes
during development, and myCBR reports provenance information in concept ex-
planations [2,7]. For end-user-facing explanation in the medical domain, Lamy et
al. propose a visual CBR interface combining a polar multidimensional scaling
scatter plot with rainbow boxes [20].

Validation and Evaluation is supported by the eXiT*CBR framework
through an executable environment with a GUI for navigating experiments and
comparing alternative configurations through visual analytics such as receiver
operating characteristic curves and cost curves [22]. It also supports experiment
replication by managing and backing up experiment artifacts. Workflow-oriented
tooling further supports retrieval strategy configuration and evaluation through
guided steps and visual inspection [15].

Maintaining Knowledge is supported by eXiT*CBR through human ap-
proval workflows for adding cases and instance selection techniques for pruning
[22]. The framework CloodCBR supports retain-side functions such as forgetting
cases and recomputing similarities [37]. The tool SimViz supports maintenance-
oriented inspection [17,18]. Competence modeling makes coverage and compe-
tence regions visible to guide case acquisition and maintenance decisions [39].
Interactive visualization supports redundancy and outlier detection and makes
case base evolution transparent [25].

Deployment is supported by the CloodCBR framework, which exposes CBR
functionality through a microservice-oriented REST architecture [26,37]. my-
CBR provides a REST interface for modeling and runtime functionality [4]. Pro-
CAKE exposes its functionality via REST and provides a Docker-based setup,
facilitating its use as a service in external applications. CBRkit supports embed-
ding and deployment through a REST interface, a command-line interface, and
a Docker image [21].

General Support Functions span multiple development steps. Frame-
works typically provide support by dedicated GUI, API, and deployment-oriented
infrastructure [37]. jColibri provides guided configuration and generation, includ-
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ing interactive testing of partially configured systems and generation of deploy-
able applications such as standalone CBR systems and web interfaces [14,37].
Within the COLIBRI ecosystem, system design itself is treated as a CBR prob-
lem by retrieving and recommending templates based on project requirements
[27]. Semantic templates add a graphical template editor, multi-level template
libraries, and semantic annotations to compute template similarity and guide
adaptation under dependency constraints [28]. COLIBRI Studio stores architec-
tures as templates, tries them as executable implementations, and adapts them
through component selection [30,33]. The COLIBRI Open Platform adds pub-
lishing support and a central repository for data, executable systems, and exper-
imental protocols, thereby strengthening reuse and reproducibility of complete
designs [29]. myCBR further supports rapid prototyping and provides practical
modeling guidance and documented workflows in accompanying documentation
rather than tool functionality [6,40]. CloodCBR adds dashboard-based inspec-
tion and transparency, including parallel plots for reviewing outcomes and sup-
porting revision through interactive analysis [26].

3 Explorative Survey in the CBR Research Community

To ensure that important development steps and support methods are not missed
and to gather practical insights from the CBR research community regarding the
involvement of domain experts, we conducted an explorative survey [42].

Setup - In three internal workshops of the authors, the goal and purpose of
the survey have been determined, and we iteratively refined the set of questions,
items, and measurement scales. The survey consists of seven questions, which
are divided into four categories: (1) Background of the participant, (2) rating of
the difficulty of development steps for domain experts, (3) rating of the utility
of support functions for domain experts, and (4) the experience of the partici-
pant in developing CBR applications in collaboration with domain experts. The
development steps and support functions have been derived from the literature,
complemented with our experience in developing CBR applications. We used the
mailing list of the International Conference on Case-Based Reasoning (ICCBR)
to invite all subscribers to participate in our survey. The survey ran for two
weeks in Q1 2026 and we received 22 responses. In the following, we summarize
the results.

(1) Background of the Participants - Fig. 2 depicts the profile of survey
participants. The survey mainly reflects the viewpoints of academic researchers
(16 out of 22). Most responses came from people with more than three years of
experience with CBR (16 out of 22) and most people have practical experience
in developing CBR applications together with domain experts in the past (15
out of 22).

(2) Rating of the Difficulty of Development Steps for Domain Experts
- In this category, we asked participants to rate the difficulty of development
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Figure 2. Profile of Survey Participants.

steps for domain experts without knowledge engineering experience on a 5-point
Likert scale (1 – not difficult to 5 – extremely difficult). Participants also had
the option to name one additional development step along with a rating. The
phrasing of the question and development steps, along with the participants
ratings, are depicted in Fig. 3. The diagram shows aggregated percentages for
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positive, neutral, and negative assessments. The items are sorted by the average
Likert scores in descending order. The steps capturing adaptation knowledge and
designing similarity measures stand out with an assessment of mostly being
extremely difficult. Regarding the other end of the scale, the picture is not so
clear. There is a tendency that defining case structures and collecting cases are
rather rated as less or not difficult. There is not a single task that was not rated
as extremely difficult by at least one participant. Other development steps along
with a difficulty rating (in parentheses if available) specified by the participants
are fixing incompatibilities in the knowledge base (4), unit testing (3), training
domain experts (-), deployment and support in an industrial context (4), licensing
(5), and building a deep learning CBR (5).

(3) Rating of the Utility of Support Functions for Domain Experts -
In this category, we asked participants to rate the utility of support functions
for domain experts on a 5-point Likert scale (1 - not useful to 5 - extremely
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useful). Participants also had the option to name one additional support function
along with a rating. The phrasing of the question and support functions, along
with the participants ratings, are depicted in Fig. 4 analogous to the previous
diagram. One can see that there is a tendency for participants to rate all features
towards (extremely) useful. The support by interactive tuning with immediate
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feedback stands out as being considered the most useful. Other support functions
along with a utility rating specified by the participants are automatic vocabulary
extraction (3) and AI-based generation of an initial complete CBR application
based on a data set and a given objective in natural language (5).

(4) Experience of the Participants in Developing CBR Applications in
Collaboration with Domain Experts - In this category, 15 out of 22 partici-
pants stated that they have such development experience. In this case, we asked
follow-up questions concerning the used CBR tools, role of the domain experts,
and the most challenging aspects of the collaboration. Participants stated that
they used open-source CBR frameworks (six different frameworks in total), pro-
prietary implementations, and their implementations. The most commonly men-
tioned roles of domain experts are providing data and knowledge (11 mentions),
modeling knowledge (3 mentions), and testing and evaluation (5 mentions). The
most challenging aspects of working with domain experts with at least two men-
tions are finding a common vocabulary (6 mentions) and explaining the CBR
paradigm and similarity (3 mentions). It is noticeable that although the sur-
vey participants rated defining a case structure and collecting/encoding cases as
least difficult for domain experts, it is mentioned as most challenging to find a
common vocabulary when collaborating. The participants rated similarity mod-
eling as the second most difficult challenge for domain experts, which is in line
with the mentioned aspect that they need to understand the notion of similarity.
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4 Development Challenges and Support Potentials

After analyzing the existing support functions proposed by related work and the
practical insights gained through the survey results, we refined the development
challenges and conceptualized corresponding support potentials. In the following
section, we describe them for each development step.

4.1 Defining Vocabulary

A central challenge in the development of a CBR system is defining an appro-
priate case structure and vocabulary to describe cases [31]. This task requires
experts to translate often tacit and experience-based domain knowledge into an
explicit, structured representation that can be processed by a CBR system. In
practice, this involves determining which attributes are relevant for describing
a case, deciding on appropriate levels of abstraction, defining data types and
value ranges, and ensuring that the resulting structure captures the aspects of
a problem that are important for similarity assessment and retrieval. This step
requires a combination of domain expertise and knowledge engineering skills.
Consequently, this step typically requires interdisciplinary collaboration.

Schema Definition can be supported by analyzing existing data sources
(e.g., CSV, JSON, Excel, databases, or unstructured text) representing past
problem–solution situations and suggesting candidate attributes together with
inferred data types, value ranges, units, and default values. E.g., automatic vo-
cabulary extraction can help identifying relevant terms and relationships as a
basis for further processing with terminology tools. Complementary acquisition
interfaces, such as structured input forms, data import tools, or guided inter-
view prompts (e.g., chatbots), can help transform real-world examples into well-
formed cases while simultaneously refining the underlying case schema.

Terminology Management can support consistent use of domain terms
when defining attributes and values, e.g., with visual editors. Such tools may
provide mechanisms for managing synonyms, aliases, taxonomies, and controlled
vocabularies [2], while automatic normalization harmonizes heterogeneous value
representations (e.g., units or codes).

Consistency Checking - To reduce modeling errors, maintaining vocabu-
lary and case structure as a single source of truth can ensure consistency across
the case base and related knowledge artifacts. Changes made to the case schema
should therefore be propagated automatically to other knowledge containers.
This can be supported with visual editors that show the relationships between
knowledge artifacts.

4.2 Case Acquisition

Case acquisition relies on past problem–solution situations that are typically
contained in historical data sources or exist as implicit experiential knowledge.
However, such experiences are rarely available as ready-to-use cases and must
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instead be constructed from recorded information. Consequently, relevant infor-
mation about problems, decisions, and outcomes is often embedded in narrative
descriptions or distributed across multiple records. Identifying suitable cases
therefore requires collecting and interpreting these records and transforming
them according to the defined case structure into explicit cases.

Semi-Automatic Case Extraction can assist in identifying candidate
cases within existing data. By detecting recurring problem–solution patterns
or suggesting potential cases from historical data, these tools can reduce manual
effort while keeping domain experts involved in validating and refining the ex-
tracted cases. Natural language processing (NLP) techniques can further support
this process by automatically extracting relevant case fields from unstructured
text and mapping them to elements of the case representation.

Interactive Case Acquisition – Adaptive input forms or conversational
interfaces (e.g., chatbots) can support users in capturing problem situations and
solutions while dynamically adapting inputs based on the case schema and pre-
viously entered information. Such environments can ensure that newly created
cases conform to the defined structure [10] and can reveal gaps or inconsisten-
cies in the schema or vocabulary, linking acquisition with data analysis in 4.1.
In addition, elements of case base maintenance (see Section 4.9) can already be
incorporated during acquisition by enforcing quality constraints, for example, by
preventing the inclusion of incomplete or inconsistent cases.

Case Base Exploration – Visualization and analysis techniques can sup-
port case acquisition by enabling users to explore and interpret existing cases
while assessing the coverage of the problem space. Adaptive visualizations based
on the case schema can support clustering or filtering of cases according to
user-defined criteria, helping users identify patterns and relationships. Comple-
mentary analysis methods, such as competence- or coverage-based approaches,
can reveal underrepresented regions and boundary areas where additional cases
are needed [39]. Based on these insights, systems can guide domain experts to
contribute counterexamples or boundary cases that capture rare but critical sce-
narios, which is particularly important in safety-critical domains.

Support for case base maintenance may already be integrated into the ac-
quisition process to ensure that newly created cases satisfy basic quality criteria
and do not introduce avoidable inconsistencies or redundancies.

4.3 Designing Similarity Measures

Similarity assessment is central to CBR, as retrieval relies on identifying cases
that are most similar to a given problem [1]. However, defining similarity is of-
ten non-trivial because the relative importance of different attributes may vary
across domains and contexts [31]. Domain experts typically possess intuitive
knowledge about which aspects of a case are more relevant for comparison, but
translating this knowledge into formal similarity functions and numerical weights
requires knowledge engineering expertise. Furthermore, different attribute types
may require different similarity models, such as numerical distance functions,
symbolic comparisons, or taxonomy-based similarities [8]. Poorly designed simi-
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larity measures or inappropriate feature weights can significantly affect retrieval
results and reduce the usefulness of the CBR system [39].

Configuration Recommendation can assist in configuring similarity mod-
els by suggesting both appropriate similarity functions and parameter settings,
such as feature weights or thresholds. Based on attribute types (e.g., numeric,
symbolic, hierarchical), such assistants can guide domain experts in selecting
suitable similarity functions while also proposing reasonable default configura-
tions. Machine learning or optimization techniques can further refine these sug-
gestions by analyzing historical cases and retrieval outcomes to improve retrieval
performance. In addition, such tools can highlight potential modeling issues and
provide transparent explanations to help users understand and validate the pro-
posed similarity model.

Interactive Similarity Tuning – Graphical editors can enable users to
adjust feature weights and select similarity functions for individual attributes
through sliders or parameter controls. Immediate previews of retrieval results
allow users to observe how configuration changes affect case ranking. Such in-
teractive feedback supports what-if analyses by showing how retrieval outcomes
change when feature values or weights are modified, allowing experts to explore
the sensitivity of the similarity model and identify attributes that dominate or
have little influence on retrieval results (see Section 2).

Efficiency and Scalability Analysis – As similarity computations directly
influence retrieval performance, tools can support domain experts in assessing
the computational efficiency of similarity models. This may include estimating
computational costs, identifying expensive similarity functions, or recommending
optimized configurations that balance retrieval quality and runtime performance.

4.4 Adaptation Knowledge Capture

Adaptation knowledge denotes the knowledge required to transform the solu-
tion of a retrieved case into one that fits a new problem [1,31]. Although CBR
frameworks may provide technical adaptation mechanisms [2,37], the underlying
adaptation knowledge is usually not available explicitly. Instead, it has to be
elicited from domain experts, formalized, and configured for use in the system.
As a result, the acquisition and validation of adaptation knowledge typically
require substantial effort.

Adaptation Capture – One promising support potential is the capture
of adaptation knowledge from user edits. In such a setting, domain experts
can modify proposed solutions directly, while the system records these changes
and generalizes recurring edits into reusable adaptation patterns or candidate
rules. Similarly, adaptation knowledge may be learned from pairs of original and
adapted cases, reducing the effort of making such knowledge explicit. Machine
learning methods can further support this process by identifying regularities
across repeated corrections [13].

Visual Editing - Visual adaptation knowledge interfaces can lower the bar-
rier for specifying rules, operators, or constraints by providing intuitive authoring
environments instead of purely symbolic representations. Such environments may
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also support the structured validation and refinement of adaptation knowledge
in an interdisciplinary and collaborative fashion.

4.5 Retrieval Configuration

Retrieval determines which cases are considered relevant for a given problem
specification and therefore directly influences the quality of the proposed solu-
tions [1]. It may be challenging for users to translate a current problem into a
formal query according to the defined case structure. Thus, it is important to
provide suitable query interfaces. Designing an effective retrieval configuration
involves selecting appropriate retrieval strategies, defining indexing structures,
and tuning parameters such as the number of retrieved k-nearest neighbors, sim-
ilarity thresholds, or ranking mechanisms. These decisions depend on domain-
specific similarity notions, case base characteristics, and task-specific retrieval re-
quirements. Poorly configured retrieval mechanisms may lead to irrelevant cases
being retrieved or useful cases being overlooked.

Visual Retrieval Pipeline Configuration – Dedicated configuration tools
can support designers in defining the retrieval workflow as a sequence of re-
trieval and filtering steps [21]. A graphical retrieval pipeline creator can allow
users to compose and configure stages such as candidate selection, similarity-
based ranking, and post-filtering. Such tools help make the retrieval process
explicit and easier to adjust, especially in systems with multi-stage retrieval
strategies. Furthermore, such a pipeline should also include a feature for editing
the query—based on the methods of Interactive Case Acquisition — which also
allows for configurations related to retrieval.

Indexing Support – As case bases grow, efficient indexing becomes in-
creasingly important for maintaining acceptable retrieval performance. Tools
can automatically suggest suitable indexing strategies or partitions based on
key attributes or data distributions. Such assistance can help balance retrieval
accuracy and efficiency without requiring deep expertise in indexing techniques.

Parameter Recommendation can assist in selecting appropriate retrieval
parameters, such as the number of retrieved cases (k) or similarity thresholds. By
providing default values, parameter suggestions, or feedback based on retrieval
behavior, such mechanisms can help iteratively refine the retrieval configuration.

4.6 Adaptation Configuration

The Reuse step focuses on applying adaptation knowledge to tailor solutions. The
configuration can be challenging, for example, when multiple adaptation steps
need to be chained together and a (runtime) optimized sequence is required.

Visual Adaptation Pipeline Configuration – Support can also be pro-
vided during the practical application of adaptation knowledge. Interactive adap-
tation environments may suggest similar adaptation steps, potentially in a case-
based manner, from which users can select, revise, or refine appropriate ac-
tions. Such environments may also support chained adaptations by suggesting
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and managing sequences of dependent adaptation steps. In addition, LLMs may
support the formulation, proposal, or explanation of adaptation steps.

4.7 Explaining Solutions

Explaining solutions is relevant within the Revise phase, where users need to
assess, understand, and potentially modify the proposed solution. The difficulty
lies both in explaining why a particular case is considered similar to the query
case and in explaining how the final proposed solution emerged from the retrieved
case and its adaptation [5,24,36].

Retrieval Explanation describes why a particular case is considered sim-
ilar to the query. Support functions include visualizations of global similarity,
local attribute contributions, and ranking behavior, which make the influence of
individual features and weights more transparent [5,17,24,36]. In addition, in-
teractive exploration with side-by-side comparisons of past retrieval results can
further support understanding.

Adaptation Explanation complements similarity explanation and describes
how the final solution emerged from the retrieved case. Adaptation trace expla-
nations and side-by-side comparisons of the query, retrieved case, and adapted
solution can help users understand which parts were reused, modified, or newly
introduced. Natural-language explanations, potentially supported by LLMs, may
further help communicate adaptation decisions in a more understandable way.

4.8 Validation and Evaluation

This step is part of the Revise phase, where the proposed and, if applicable,
adapted solution has to be assessed regarding its usefulness for the target prob-
lem. Depending on the application, this may require real-world testing, expert as-
sessment, user feedback, or simulation-based evaluation. The challenge is highly
domain-dependent, since suitable evaluation criteria vary with the task and the
extent to which outcomes can be observed directly. It is also often difficult to
distinguish between weaknesses in retrieval and weaknesses in adaptation.

Evaluation Environments enable testing of proposed or adapted solu-
tions under controlled conditions before being applied in practice. This may
include simulation sandboxes, replay settings, or other domain-specific test en-
vironments.

Feedback Capture supports a structured feedback process. Interactive in-
terfaces can guide domain experts in assessing the usefulness of proposed solu-
tions based on ratings, qualitative feedback, and domain-specific criteria.

Evaluation Analysis supports a systematic interpretation of evaluation
results. This may include performance metrics, comparisons of alternative con-
figurations, and error analyses that distinguish between weaknesses in retrieval
and weaknesses in adaptation. This may also include (technical) malfunctions,
which are subject to testing.
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4.9 Maintaining Knowledge

This step can be performed in the Retain phase to ensure the long-term efficiency
and effectiveness of the case base. In practice, maintenance has to address dupli-
cates, near-duplicates, obsolete or invalid cases, and domain drift, i.e., changes
in the application context that make previously useful cases less representative
over time [11,41]. At the same time, reducing the case base should not lead to
a loss of competence. In addition to the case base, all knowledge containers are
subject to maintenance activities and their close interdependencies have to be
considered and coordinated [32].

Continuous Case Base Inspection supports identifying problematic or
maintenance relevant cases. This includes the detection of duplicates, near-
duplicates, outliers, obsolete cases, and possible signs of domain drift [18,25].
Such support can help domain experts review the current state of the case base
more systematically and identify cases that may require further attention.

Remembering to Forget Analysis goes beyond general inspection and
supports deciding which cases should be removed, merged, or retained without
unnecessarily reducing the competence of the case base. Such support can build
on competence-oriented analyses, e.g., by considering coverage or the contribu-
tion of individual cases to future problem solving, and can provide recommen-
dations for competence-preserving deletion or consolidation decisions [8,38].

Maintenance Dashboards complementarily support the accessibility of in-
spection results and maintenance recommendations. Such dashboards can high-
light likely deletion, merge, or retention candidates with explanations and thereby
support informed maintenance decisions. In addition, they can visualize depen-
dencies between knowledge containers, helping users identify required updates in
related components and avoid inconsistencies across the overall knowledge base.

4.10 Deployment

The difficulty of this step does not only lie in making a CBR system technically
available but also in integrating it into the software context. This may require
integrating CBR functionality with existing process steps, user roles, data flows,
and surrounding software systems, as well as onboarding and supporting users.

Interface Generation - To provide easy access to the functions of the CBR
system, interfaces and reusable connectors can be provided, e.g., based on REST
or MCP, as well as support for common data exchange formats [4,21,26].

Onboarding and Runtime Support supports the introduction and practi-
cal use of a CBR system in its target context. This includes onboarding materials
such as documentation, tutorials, or explanatory videos that help users under-
stand the workflow of the application and the principles of CBR. Conversational
support, potentially based on LLMs, may complement such functionality by pro-
viding application-specific assistance across the broader software environment.
During runtime, it may further assist users by explaining system functions, clar-
ifying process steps, and guiding them through typical usage situations.
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4.11 General Support Functions

Beyond support functions tailored to individual development steps, our analysis
revealed several mechanisms that provide benefits across all challenges.

Implementation Recommendation provides guidance for selecting a suit-
able technological basis for a given application scenario. This includes choosing
appropriate frameworks [37] and considering aspects such as extensibility, de-
ployment options, integration requirements, and licensing constraints.

Guided Modeling Support in the form of wizard-style guidance can pro-
vide step-by-step assistance across multiple stages of the CBR development
process, addressing all previously introduced challenges. Such guidance can be
realized through intuitive, low-code graphical interfaces that reduce technical
complexity (see e.g., jColibri [14], myCBR [40], eXiT [22], CloodCBR [26]) and
enable domain experts to actively participate in system development. Error-
tolerant interaction design, including validation and immediate feedback, can
help prevent modeling errors and support incremental refinement. Interactive or
conversational components, such as chatbot-like interfaces, can further facilitate
knowledge elicitation and user engagement.

Template-Based System Design can support the development of CBR
systems by enabling the reuse of previously defined system designs across mul-
tiple stages of the development process. Instead of constructing models from
scratch, designers can retrieve and adapt existing templates that capture case
structures, similarity models, or retrieval strategies [15], effectively treating sys-
tem design itself as a case-based reasoning task. The COLIBRI ecosystem exem-
plifies this approach by providing reusable and adaptable CBR system templates
that can be selected and refined based on project requirements [27,28,30,33]. This
idea can be further extended by intelligent assistants that generate initial CBR
system configurations from data and high-level user objectives, for example ex-
pressed in natural language, as proposed in our survey by a participant.

5 Conclusion, Limitations, and Future Work

In this paper, we investigated the development challenges for CBR applications
with corresponding support potentials. We explored the current landscape of sup-
port functions and elicited practical insights from the literature and the CBR
community on involving domain experts in the development. To summarize,
there is a wide range of support functions already available but mostly consid-
ered for specific tasks. There is a potential to leverage synergies by integrating
different support functions to provide support across different development steps.
This work could be a first step in this direction. There might also be a potential
to increase involvement of domain experts for various steps, such as defining
a case structure or collecting cases. But support is needed, particularly for ex-
plaining the CBR paradigm to novices and for supporting the interdisciplinary
collaboration to efficiently find a common, shared vocabulary.

Our study has some limitations that should be considered. In the literature
review, we investigated related works with a strong focus on CBR that typi-
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cally do not focus on domain experts and rarely distinguish between different
stakeholders. The survey has been conducted with a limited number of partici-
pants who are mainly academic researchers and experienced in the development
of CBR applications. Furthermore, the survey posed rather high-level questions
with a selection of items derived from literature. To reduce effort for partici-
pants, we did not distinguish between types of CBR applications or domains,
although CBR covers a broad application field with varying complexity. Con-
sequently, the results should be considered as a first indication of the potential
of domain expert involvement and support. Moreover, a prioritization for future
framework development heavily depends on various factors such as CBR tasks,
domain, and user knowledge.

In future work, a more extensive survey is needed that includes perspectives
beyond academia and, in particular, more direct input from domain experts.
Based on the identified challenges and support potentials, future research should
prioritize relevant support functions for a selected CBR framework, implement
them in a user-friendly environment, and evaluate their usefulness for involving
domain experts. Existing support functions should be reused and connected
through suitable interfaces where possible. In addition, the identified challenges
and support potentials could be investigated in a more domain- and application-
specific manner to address specific requirements.

Furthermore, recent advances in LLMs and agent-based approaches offer ad-
ditional opportunities for supporting CBR development, in particular, assisting
in generating an initial CBR system configuration and coordinating continuous
evolutions over time across all knowledge containers. While current limitations,
such as the limited availability of CBR-specific training data, may restrict their
immediate applicability, leveraging generative and agent-based AI represents a
promising direction for future research.
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