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Abstract: Design for Manufacturability (DfM) relies heavily on experiential knowledge to identify and 
resolve manufacturability issues early in product development. However, this knowledge is often tacit, 
inconsistently documented, and at risk of being lost due to demographic changes and workforce 
fluctuation. Existing DfM support approaches are predominantly rule-based or data-driven and therefore 
struggle to reflect experience-based design reasoning and evolving manufacturing contexts. This paper 
proposes a structured Case-Based Reasoning (CBR) approach to support systematic reuse of DfM 
knowledge in early design phases. The core contribution is a case representation that captures 
manufacturability problems, applied solutions, and outcomes within the relevant functional, structural, 
and manufacturing context. Building on the Function–Behavior–Structure paradigm, the representation 
integrates structured attributes with explanatory textual information to balance retrieval performance 
and practical applicability. Following the Design Science Research methodology, the approach is 
implemented in a prototypical CBR system and evaluated using an industrially motivated use case. 
Initial results indicate that the proposed representation enables meaningful retrieval of similar DfM cases 
and supports experience-based design decision-making. The findings demonstrate the potential of CBR 
to complement existing DfM tools by enabling transparent, flexible, and reusable manufacturability 
knowledge support.  
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1 Introduction 
Global megatrends are fundamentally reshaping manufacturing and, consequently, the way new 
products are designed and engineered within New Product Development (NPD). These trends include 
societal shifts, environmental sustainability requirements, rapid technological advances, and increasing 
political and economic uncertainty [1]. As NPD is inherently knowledge- and experience-intensive, 
manufacturing companies are particularly exposed to the risk of workforce-related knowledge loss. 
Demographic change, especially in industrialized regions, further intensifies this challenge by 
accelerating the retirement of highly experienced engineers and designers [2]. To mitigate the resulting 
knowledge drain, organizations must establish effective mechanisms to capture, formalize, and transfer 
experiential design and manufacturing knowledge, either by structured training programs or by decision 
support systems that provide guidance during the design process [3].  

Design for Excellence (DfX) methodologies have emerged as a systematic approach to address these 
challenges by embedding lifecycle-oriented considerations directly into product development. 
The integration of DfX assessments into digital development environments enables 
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designers, particularly those with limited experience, to identify potential design deficiencies early, 
thereby reducing costly late-stage changes and accelerating design iterations [4]. Among the 
various DfX dimensions, Design for Manufacturability (DfM) plays a particularly critical role, 
as it focuses on ensuring efficient, reliable, and cost-effective manufacturing. Despite its 
importance, DfM knowledge is still predominantly applied in a manual and time-consuming 
task. Designers typically rely on iterative feedback loops with manufacturing and quality departments 
to resolve manufacturability issues. Commercial DfM software solutions support this process through 
automated, rule-based checks that identify geometric violations directly within CAD models [5,6]. 
While these systems are robust and deterministic, they are limited to predefined rule sets and require 
substantial effort to adapt to changing manufacturing conditions. More recent Artificial Intelligence 
(AI)-based approaches, particularly those based on machine learning, promise more flexible and data-
driven manufacturability assessments. However, their industrial applicability is often constrained by the 
need for large, curated, and labeled datasets and by limited transparency and reliability of the generated 
results [7,8].  

Despite significant progress, many existing AI based decision support systems fail to incorporate 
experiential knowledge, understood as insights gained through practical, hands on experience. This gap 
is particularly evident in the early stages of design, where decision making is often intuitive and strongly 
influenced by context. In both academic research and tool development, dominant approaches tend to 
prioritize formal methods, abstract models, and data intensive techniques. However, these approaches 
are rarely adopted in industrial practice due to their limited practical relevance, substantial data 
requirements, and poor alignment with the ways designers typically work, which rely heavily on 
experience, intuition, and tacit knowledge [9,10].   

Case-Based Reasoning (CBR) offers a promising AI problem-solving methodology to address this gap 
by explicitly enabling the reuse of experiential knowledge. CBR stores past problem-solving situations 
as cases and retrieves relevant cases when new problems arise [11]. However, despite its potential in 
related fields [19] there is currently no structured framework that defines how DfM-related problem 
situations should be represented as cases to practically support design engineers in identifying and 
reusing solutions to similar manufacturability problems. In the design and development of CBR systems, 
defining an appropriate case representation together with suitable similarity measures for accurately 
retrieving relevant cases remains a challenging task [18]. 

This paper addresses this shortcoming by proposing a CBR-based approach for DfM knowledge support 
with a specific focus on the development of an effective case representation. The central research 
question investigates how DfM problem situations can be structured and represented to enable 
meaningful retrieval of similar cases for design support within a CBR application. Following the Design 
Science Research methodology [12], a CBR-based DfM decision support system is developed as a 
research artifact and iteratively refined to explore and validate the proposed case representation in 
practice. A conceptual model for DfM case representation is derived from the literature and expert 
interviews and implemented in a prototype system, where it is evaluated in terms of retrieval accuracy, 
ability to identify similar DfM problems, and practical applicability in manufacturing-aware design 
activities. The paper concludes with a discussion of results and implications, followed by directions for 
future research.    

2 Foundations & Related Work 
This chapter introduces the fundamental principles of DfM and CBR, along with their key concepts. The 
related work section discusses existing research on the use of AI as a method for supporting design 
decisions in production.   
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2.1 Design for Manufacturability and Case-Based Reasoning 
DfM is a core discipline within the broader DfX framework and aims to ensure that products are 
designed for efficient, reliable, and cost-effective manufacturing. Its fundamental principle is the early 
integration of manufacturing constraints and capabilities into the product development process, thereby 
reducing downstream rework, production delays, and quality issues [13]. Numerous studies indicate that 
decisions made in early development phases have a disproportionate impact on manufacturing cost and 
product quality, underscoring the strategic importance of DfM integration [14]. DfM therefore 
encompasses a wide range of considerations, including geometric simplicity, tolerance specification, 
material selection, process compatibility, and assembly effort [15]. Today, DfM is supported by digital 
tools that enable objective design evaluation, cost simulation, and the generation of optimization 
recommendations. The approach is well established in both industry and academia and continues to 
evolve with increasing automation and digitalization [16]. Typical DfM tools include design axioms and 
guidelines, manufacturing process–specific design rules, and computer-aided DfM software packages 
[14].      

CBR is a well-established analogy-based problem-solving methodology from AI that addresses new 
problems by reusing knowledge from similar, previously solved situations stored as cases [17]. Its 
fundamental assumption is that similar problems tend to have similar solutions, which closely reflects 
engineering practice in DfM, where recurring manufacturability issues often stem from comparable 
design features, process constraints, and functional requirements. A widely accepted conceptualization 
of the CBR process is the four-step cycle proposed by Aamodt and Plaza [18]. In a DfM context, this 
cycle comprises the retrieval of similar manufacturability cases, the reuse with adapting prior design or 
process solutions, the revision of proposed solutions through evaluation or feedback, and the retention 
of validated solutions as new cases for future, upcoming problems. CBR systems structure knowledge 
using distinct knowledge containers, including a defined vocabulary, a case base following this 
vocabulary, similarity measures, and adaptation knowledge. Central to this defined structure is the 
suitable case representation, which determines how experiential knowledge is stored and accessed. In 
addition, the selection and modeling of this case representation directly influence retrieval quality and 
solution adaptation [3]. Over time, CBR has matured into a robust methodology with successful 
applications across diverse domains such as technical diagnosis, design, planning, and experience 
management, all of which share characteristics with DfM, including recurring problem patterns, 
evolving knowledge, and reliance on analogical reasoning [19].   

2.2 Case-Based Reasoning for Design Decision Support 
Several studies have investigated the application of CBR to decision support in product design and 
engineering. Early work on CBR in concurrent engineering and NPD environments demonstrated its 
suitability for supporting designers and managers in situations characterized by incomplete, unstructured 
information. These studies indicate that CBR enables informed decision-making by providing access to 
comparable past situations while maintaining flexibility that is difficult to achieve with traditional rule-
based expert systems. However, they also emphasized that the effectiveness of CBR strongly depends 
on systematic case collection, maintenance, consistent terminology, and user training, and that early 
implementations primarily relied on unstructured textual case descriptions [9,25].    

CBR research has focused on enhancing CBR systems through the integration of formal knowledge 
representation techniques. Ontology-enabled CBR approaches have been proposed for manufacturing-
related decision support tasks, such as manufacturing process selection. By combining similarity-based 
retrieval with ontology-based reasoning, these systems establish semantic relationships between product 
features, materials, and manufacturing processes, enabling more context-aware recommendations [22]. 
While these approaches demonstrate the potential of combining CBR with semantic technologies, their 
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primary focus lies on process-level decisions rather than on design-centric manufacturability 
knowledge.       

A foundational contribution to knowledge-intensive CBR is the CREEK architecture, which tightly 
integrates cases with general domain knowledge by embedding them within a unified semantic 
network. In this approach, cases are treated as first-class knowledge entities rather than isolated data 
records, enabling similarity assessment to be grounded in semantic and causal explanations instead of 
purely syntactic feature matching. This paradigm highlights the potential of explanation-driven, 
knowledge-intensive CBR for supporting complex design reasoning tasks beyond process-level decision 
making. [23].   

Advances in knowledge graph technologies have further expanded the representational capabilities of 
CBR-based systems. Recent work proposes representing design cases as knowledge graphs structured 
by domain ontologies, allowing both explicit and implicit design knowledge to be captured in a 
semantically rich and machine-readable form. Graph-based similarity measures enable retrieval based 
on structural and semantic similarity rather than purely textual matching [24]. However, these 
approaches introduce new challenges related to modeling effort, scalability, and the appropriate level of 
semantic granularity required for practical design support.   

CBR has also been combined with formal design methodologies, such as Axiomatic Design, to enable 
systematic reuse of design knowledge across different abstraction levels. In these approaches, cases are 
represented through hierarchical structures of customer requirements, functional requirements, 
constraints, and design parameters, enabling modular retrieval and adaptation [27]. Nevertheless, their 
applicability is limited by the need for rigorous functional decomposition and well-structured case 
libraries, which can be difficult to maintain in heterogeneous and evolving manufacturing 
environments.      

Despite these advances, there remains a lack of case representations specifically tailored to DfM 
problem solving, in which manufacturability issues emerge from the interaction between design 
features, manufacturing constraints, and contextual production factors. In particular, the structured 
representation and retrieval of DfM knowledge at the intersection of product geometry, manufacturing 
context, and observed manufacturing outcomes remain largely unexplored. This research addresses this 
gap by developing and evaluating reusable CBR representations for DfM design problems. These 
representations balance structural expressiveness with practical applicability, enabling easy capture of 
design knowledge and systematic reuse of manufacturability knowledge during manufacturing-aware 
design activities.  

3 Requirements for Case Representation 
The requirements for the case representation are derived from the research project XDP-Opt [11] and 
grounded in established literature on CBR in design and product development, as well as expert 
interviews. Consistent with established CBR approaches in concurrent engineering and new product 
development, each case must capture the problem, the applied solution, and the resulting outcome [25].   

Design cases represent complex experiences that cannot be adequately modeled using flat data 
structures. Prior work therefore emphasizes aggregated and hierarchical case representations that reflect 
multiple design aspects, such as function, behavior, and structure [28]. This motivates the use of 
composite case objects composed of semantically distinct attributes.   

Furthermore, the case representation must support both structured and unstructured information. While 
structured data improves consistency and retrieval performance, many elements of 



 Thanabalan et al. / HIPPE 2026 
 

173 
 

 

design knowledge, such as problem descriptions, constraints, and decision rationales, remain difficult to 
formalize and require textual representation. This is particularly relevant in early product and 
manufacturing design phases, which are characterized by uncertainty, incomplete information, and ill-
structured problems [9,28]. Based on these findings, the following requirements are identified:   

(R1) Explainability of design cases: Cases must support human understanding of past design decisions, 
including their context and consequences, to compare different cases.   

(R2) Problem-solving documentation: Each case must describe how a DfM problem has been addressed 
and which solution strategy has been applied.  

(R3) Outcome representation: The effects of the solution must be recorded to support learning from both 
successful and unsuccessful decisions.  

(R4) DfM context coverage: A case must represent the essential context of a DfM problem, including:  

§ the manufacturing process,  
§ product or component characteristics,  
§ the function of the component, and  
§ the manifestation and consequences of the design problem.  
§ Support for hard-to-structure knowledge: Information that cannot be reliably structured must 

still be captured within the case representation. 

4 Case Representation 
Case representation is a critical success factor in CBR, as retrieval effectiveness directly depends on the 
structure and content of stored cases. In line with established CBR literature, cases are understood as 
structured descriptions of past problem-solving episodes, typically comprising a problem description, 
solution, and outcome, complemented by explanatory context and lessons learned [29].   

Building on these principles and established approaches for capturing DfM knowledge, the proposed 
case representation is designed to support experience-based retrieval of manufacturability knowledge in 
early product design. Each case describes a concrete design situation in which a manufacturability issue 
occurred, how it manifested during manufacturing, which design or process changes are applied, and 
the resulting outcomes. The case structure is developed by analysis of the product development 
decision-making environment, iterative refinement, and alignment with literature 
and identified requirements [9].     

To reflect designers’ reasoning about manufacturability problems, the representation follows the 
Function–Behavior–Structure (FBS) paradigm [30]. This enables explicit linking of the functional intent 
of a component or product, the observed manufacturing behavior indicating a problem, and the 
underlying structural design causes. Contextual metadata and outcome information are additionally 
included to support case filtering, interpretation, and informed reuse. Formally, a case is represented as:   

Case = ⟨Meta Data, F, B, S, Solution, Outcome⟩ 

The Meta Data provides contextual information for retrieval and comparison, including the 
manufacturing process (e.g., classified according to DIN 8580), component category, material class, and 
the product development phase in which the issue occurred. The Function (F) element captures the 
functional intent of the component or product, including function class and relevant material, energy, or 
signal flows [31]. The Behavior (B) element describes the manufacturability problem, consisting of 
a DfM problem class and a free-text symptom description of observed manufacturing issues. 
The Structure (S) element represents the underlying design causes using relevant feature types defined 
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by a controlled vocabulary. The Solution element documents the applied corrective action, including a 
controlled solution type and a textual description of the implemented change. Finally, 
the Outcome element records whether the issue has been resolved and qualitatively assesses the impact 
on cost, time, and quality. 

  
Figure 1: Case Representation Structure 

5 Proof-of-Concept Implementation 
To demonstrate the feasibility of the proposed CBR approach for supporting DfM in product 
development, a Proof-of-Concept implementation is realized.   

The Proof-of-Concept is implemented using the state-of-the-art CBR system named ProCAKE, which 
provides native support for case-based reasoning, taxonomy-based knowledge representation, and 
similarity-based retrieval [32]. Case representation follows a structured, object-oriented modeling 
approach. Each case is modeled as an aggregate object composed of multiple attributes, such as 
manufacturing process, material, component, function, behavior, structure, solution, and outcome. 
Attribute values are either references to other aggregate objects or taxonomy-constrained string values 
defined by hierarchical vocabularies. This ensures consistent and semantically meaningful classification 
while still allowing limited free-text descriptions where required. In this way, the case base captures 
practical design knowledge in the form of problem–solution–outcome tuples.    

For case retrieval, existing similarity measures provided by ProCAKE are employed. Local similarities 
are computed for individual attributes and combined into a global similarity score using a weighted 
aggregate similarity measure. Taxonomy-based attributes are compared using path-based similarity 
within the respective hierarchies, while textual attributes are compared using string-based similarity. 
Standard similarity configurations and default parameter settings provided by the ProCAKE framework 
are used. Further details on the underlying similarity measures can be found in 
the ProCAKE documentation [33]. To support transparency and reproducibility, the implementation of 
the Proof-of-Concept, including the case structure and example cases, is made publicly available online 
via a GitHub repository.1 

 
1 https://github.com/XDP-Opt/XDP_Opt_Truckdesign_Demo 
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6 Evaluation 
The evaluation aims to assess the suitability of the developed case representation for supporting design 
decision-making in a DfM context. The evaluation is based on an industrially motivated use case derived 
from the research project XPT-Opt [11]. In this project, case data has been collected by expert interviews 
and subsequently transformed into individual cases for the case base. 

The selected use case comprises 20 truck design cases, each representing a concrete design experience 
related to a specific truck component. Each case describes a design or manufacturing problem with 
relevant contextual information (e.g., component type, material, and manufacturing process), a proposed 
solution addressing the identified DfM issue, and the resulting outcome. The developed case base has 
been integrated into the Proof-of-Concept implementation in ProCAKE. This integration aims to 
examine whether the proposed case representation is suitable for providing design decision support in a 
DfM context. 

For the experiment, three representative query cases are defined, each reflecting a realistic design 
situation within the scope of the industrial use case. As a baseline (ground truth), an experienced domain 
expert analyzes the case base and identifies, for each query, the cases considered most useful w.r.t. 
solving the given design problem. These expert assessments are based on professional judgment and 
domain experience and serve as the benchmark against which the retrieval results are evaluated. 

Retrieval performance is evaluated using the retrieval error metric, a methodology commonly used in 
CBR research [34]. The metric assesses whether the expert identified most useful case is retrieved within 
the top-k most similar cases returned by the developed CBR system. 

For a given query, the retrieval error is defined as follows: 

§ The retrieval error is 0 if the most useful case identified by the expert is contained within the set 
of the k most similar retrieved cases. 

§ Otherwise, the error is 1. 
 

The overall retrieval error is computed as the mean percentage of queries for which the retrieval error 
equals 1. A lower retrieval error indicates better retrieval performance and, consequently, a higher 
suitability of the retrieval results. To reflect realistic system usage in an interactive design support 
scenario, the number of retrieved cases k is varied. In practice, users are typically presented with 
multiple similar cases rather than a single best match, and increasing k provides a more realistic view of 
whether the system retrieves the expert-relevant case among the top suggestions. In this evaluation, k is 
varied (k = 1, 2, and 3). 

Case retrieval is based on a weighted similarity measure, where individual case attributes contribute to 
the overall similarity score according to their relevance for DfM problem similarity. For this initial 
evaluation, uniform attribute weights have been applied, such that all attributes contributed equally to 
the similarity computation. This design choice is made intentionally to keep the experiment simple and 
to focus on assessing the feasibility of the proposed case representation itself. In addition, determining 
and validating attribute weights typically requires substantial effort from domain experts. Using equal 
weights avoids biases introduced by potentially inappropriate or suboptimal weight configurations, 
which could otherwise distort the evaluation outcomes. 

An example query case and the corresponding retrieval results are illustrated in Figure 2. The figure 
shows how the individual similarity measures are computed during retrieval. The yellow and black 
arrows indicate the local similarities between the attributes of the two cases, while the yellow 
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arrows additionally represent the aggregated similarities at the object level. The green arrow denotes 
the global similarity between the two cases, i.e., the final retrieval score. 

 
Figure 2: Example Retrieval with Similarity Results  

7 Results & Discussion 
This section presents the retrieval results for the three query cases and evaluates system performance 
using the retrieval error metric defined in the previous section. The number of retrieved cases is varied 
(k = 1, 2, 3) to reflect an interactive decision-support setting in which users typically inspect several 
similar cases rather than a single best match. For each query, retrieval is considered successful if the 
expert-identified most useful case appeares within the top-k results returned by the system. 

Table 1: Evaluation Results 

Query k = 3 k = 2 k = 1 Ø Retrieval Error 

Q1 0 0 0 0 % 

Q2 0 1 1 66,7 % 

Q3 0 0 0 0 % 

Ø Retrieval Error 0 % 33,3 % 33,3 %  
 

Table 1 summarizes the results. For Q1 and Q3, the retrieval error is 0 for all values of k, demonstrating 
that the expert’s most useful case is consistently retrieved even when only the top-1 result is considered. 
For Q2, the retrieval error depends on k: the system succeeds for k = 3 (error 0), but fails for k = 2 
and k = 1 (error 1). This leads to an average retrieval error of 33.3% for k = 1 and k = 2, and 0% for k = 
3 across the three queries. These results indicate that the developed case representation and similarity 
computation reliably retrieve the expert-relevant case for two out of three queries, and that presenting 
multiple candidates improves robustness: when three results are shown (k = 3), the expert’s preferred 
case is always included. The failures for Q2 at k = 1 and k = 2 suggest that, in this particular query, the 
expert’s target case is ranked slightly lower than the top two results, pointing to limitations in the current 
similarity model (e.g., uniform attribute weights and a small case base) and the case representation.  

8 Conclusion & Future Work 
This paper presented a case representation for DfM-specific knowledge and demonstrated the feasibility 
of a CBR system using this representation by a first experimental evaluation. The results indicate that 
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the proposed case structure is suitable for capturing manufacturability-related design experiences and 
for retrieving similar cases to support design decision-making in early product development.    

However, the evaluation is limited to a small, industrially motivated dataset. Further experiments with 
larger case bases, ideally using real-world data from industrial practice, are required to assess the 
robustness, scalability, and general applicability of the proposed approach. In addition, this work 
assumed that all case attributes are equally important. Future work could therefore investigate adaptive 
attribute weighting and learning-based similarity refinement to improve retrieval quality and increase 
coverage of additional relevant cases. 

Future research should focus in particular on the adaptation phase of the CBR cycle to investigate how 
previously applied solutions can be systematically adapted to new DfM problems. In addition, further 
research could explore methods for integrating information from non-textual sources, such as technical 
drawings or CAD models, to enable reuse of manufacturability knowledge embedded in legacy design 
artifacts. 
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