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Abstract: Data-driven design (DDD) has significant potential to enhance the efficiency and quality of engineering
design processes by seamlessly leveraging and integrating data from across the product lifecycle. This capability enables
unprecedented opportunities for improvement that were not traditionally achievable. However, realizing these benefits
remains challenging due to the lack of detailed classification and systematic analysis of existing successful use cases.
To address this gap, this paper proposes a matrix-based methodology for the classification and analysis of DDD use
cases. First, adomain-mapping matrix (DMM) is introduced to systematically classify use cases according to data types,
data sources, and associated lifecycle phases. Building on this, a design structure matrix (DSM) is developed to quantify
similarities between use cases through pairwise comparison. The integration of these approaches results in a multi-
domain matrix (MDM) framework that enables practitioners to identify and prioritize promising DDD use cases aligned
with their specific data environments and contexts.

Keywords: data-driven design (DDD), Dependency and Structure Modeling (DSM), product development, literature
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1 Introduction

Driven by the global megatrend towards digitalization and smartification, companies are challenged to adopt new
technologies (like cyber-physical systems, CPS), adapt new business models (like product-service-systems, PSS), and
thrive within complex stakeholder networks in which modern systems are used (Machchhar et al., 2022).

At the same time, the importance of data is growing due to its vastly increasing amount and availability (Parra-Moyano et
al., 2020). On one hand, data is essential to meet emerging system requirements, such as integrating needed interfaces in
the value-adding network they are operating in (OKks et al., 2024). On the other hand, this data can provide unprecedented
opportunities to generate insights about the system, user, and connected entities. When effectively leveraged, these insights
can be systematically integrated into the design process to support more informed decision-making. This paradigm is
referred to as data-driven design (DDD), which describes decision-making in the design process based on preceding data
gathering and analysis. (Kim et al., 2017).

Despite its potential, DDD implementation is hindered by several challenges, which have been investigated in prior
research. The initial capture of data has been identified as a critical challenge, requiring support both in identifying relevant
DDD applications and in determining the specific data needed to implement the selected use case (Langner et al., 2024).
While reviews of applications of DDD exist in literature, they often lack sufficiently detailed descriptions of the use cases
to allow for structurally inferring to the needed data and required process steps to implement DDD (such as Quifiones-
Gémez et al., 2025; Chiarello et al., 2021), or only describe a very limited number of selected use cases rather than
providing a comprehensive/generalizable overview (such as the work of Paliyenko et al., 2024). Therefore, this paper aims
to review existing successful applications of DDD and classify them regarding the used data and needed data sources. The
research question addressed in this paper is: How can data-driven design use cases be classified to support the
implementation of data-driven design?

2 Approach to research

Before developing a classification method, the relevant DDD use cases must be first systematically identified. To this end,
a systematic literature review (SLR) process is conducted, as illustrated in Figure 1. It visualizes the SLR search string
and filter process in the upper, and the following analysis in the lower part. Since our objective is to specifically identify
use cases, the term "use case" and its synonyms is required to appear in the title, while DDD and its synonyms are limited
to the title, abstract, and keywords. The search is performed using both Scopus and Web of Science. Following a structured
filtering process, which excludes work that uses DDD in a different meaning other than data-driven design, or does not
describe the use cases in detail, a total of 19 well-described DDD use cases are identified for further analysis.

The use cases are then classified by the data used, the source this data is retrieved from, and in which lifecycle phase it is
captured. This selection builds on work by Langner et al. (2024), who derived from an SLR and an industry survey in the
context of challenges for DDD the need to classify DDD applications based on which data is needed, where it is coming
from and which goals can be achieved with it. To address the latter, the competence gained by the application of the DDD
use case is added for the classification. This specific term is used since it is used to describe the connection of data to
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competence in companies by the knowledge staircase of North (2021). Applied on the DDD context, the competence
describes the targets of DDD, while data is the "necessary evil" to achieve this target.

To ensure the linkage of the data type, data source, and which lifecycle phase it is captured from, a domain-mapping matrix
(DMM) is used. It allows to explicitly describe this linkage for each data type used in the use case in an easy-to-understand
visualization. This universally applicable DMM can also be used to characterize additional DDD use cases later at any
time. To analyze the DDD use cases in terms of their similarities or areas of overlap, a design structure matrix (DSM) is
built, which uses the Jaccard-index (Jaccard, 1901) to compare all DMMs pairwise to derive the similarity of the use cases.
This addresses one key challenge of Langner et al. (2024), to guide practitioners to the most suitable use cases that could
be applied in their context. Combined, the DMMs and the DSM result in a multi-domain matrix (MDM) framework for
classifying and analyzing DDD use cases.
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Figure 1. Approach to research with a systematic literature review (SLR) process to retrieve data-driven design use cases

3 Background and related work

Data-Driven Design (DDD) is an approach that enables organizations to strengthen their competitiveness through the
systematic use of data across the entire product lifecycle (Kim et al., 2017). The key is the targeted combination of design
activities and data operations: data operations are selected and adapted in such a way that they effectively support the
respective design process. Since not every design activity and not every data operation is suitable for every application
scenario, practical data-driven approaches can only be achieved through coordinated and consistent integration of both
areas (Liu et al., 2022). The primary benefit of DDD is that it enables the targeted use of the growing potential of data to
support evidence-based decisions regarding the design, adaptation, and further development of technical artifacts (Liu et
al., 2022). Therefore, DDD can be defined as the application-oriented capturing and utilization of data from suitable
lifecycle phases of a product or system to support decision-making in the design process (Trauer et al., 2020).

Despite its potential, the implementation of DDD remains constrained by a number of challenges that have been
extensively examined in existing research. Among these, the initial capturing of relevant data emerges as one of the most
important, requiring methodological support (Briard et al., 2023; Langner et al., 2024). Langner et al. (2024) show that
the needed support should enable targeted data acquisition by identifying relevant DDD use cases and their specific data
foundation. Such support should further assist in analyzing existing systems in terms of data availability, generation, and
usage. Additional aspects include structured data selection methods to face data quality challenges and basic guidance on
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data science processes and tools to support interdisciplinary collaboration. Consequently, a detailed review of successful
DDD applications, along with their classification based on these aspects, is needed.

Existing literature overviews of DDD have shown how DDD can support to plan, improve, and validate design processes
on an objective basis. Designers can be enabled to describe and understand scientific phenomena, analyze and explain
why a certain customer group prefers which products, why one design is more reliable than others, and most importantly,
make predictions into the future. In addition, the design process today is mostly based on experience. With DDD support,
it can be made easier for novice designers to access the knowledge of previous projects. (e.g., Liu et al., 2022; Chiarello
et al., 2021; Bertoni, 2020). However, existing reviews either give high-level overviews of a very broad selection of DDD
without classifying the use cases regarding their underlying data foundation, such as Bertoni (2020), Chiarello et al. (2021),
Quifiones-Gomez et al. (2025), or do not apply a systematic literature screening approach and only describe a very limited
selection of DDD use cases in detail, such as Paliyenko et al. (2024). While latter introduce a lifecycle-oriented
classification framework to classify which data is used from which lifecycle phase, the data source remains unconsidered.

A well-established set of methods for modeling and analyzing complex system environments is formed by the matrix-
based methods of design structure matrices (DSM), domain-mapping matrices (DMM), and multi-domain matrices
(MDM). This toolset has been widely used for structuring and analyzing complex challenges with interdisciplinary
character in engineering domains, such as DDD environments are as described above. It describes elements in a matrix
format, either mapping the elements within a domain (intra-domain) in a square n x n matrix (DSM), or between two
different domains (inter-domain) in a n x m matrix (DMM). When the intra- and inter-domain mapping of one or multiple
DSMs and DMM s are combined into one large matrix, an MDM results. (Eppinger & Browning, 2012)

4 Classification of identified data-driven design use cases

4.1 Generalized data types, data sources, and lifecycle phases

To ensure a generally applicable classification of lifecycle (LC) phases, this work adopts the established VDI standard
(VDI 2206, 2021), which distinguishes the phases of planning, development, realization, usage, and end of life for
engineering products and services. This choice is confirmed by Qureshi et al. (2014), who conducted an extensive
comparison of different LC phases divisions and derived a common division. While the exact terms for each phase vary
slightly, the underlying meanings are consistent, thereby confirming the validity of the selected classification.

Relevant literature dealing with data in engineering in general, and also with DDD specifically, is screened to establish a
generalized categorization of data types and data sources in (data-driven) design processes. Table 1 shows which data
sources are retrieved from literature overall and allocates the literature sources in which they are mentioned. From all this
collected input, four generalized data sources are derived. It is important to note that the listed data sources in Table 1 do
not represent a subdivision of the data sources, but display the literature foundation used to derive the categorization.

Table 1. Generalized data sources in (data-driven) design processes derived from literature

Customer Product/Sensors Internal/Enterprise External

« Customer® 79 12.14.17
« User! 46.8.10,16

* Internet portals?

* Social Media® 1112

« Surveys> 111215

* Lead user workshops!!
 Expert interviews !

« Sensors2 4 89.10,12,13
* Product’ 12,16, 17
+ System!’

* Internal* !

* Enterprise” 16

* Development! 36,13, 14,15
* Servicel:?

* Marketing?

 Customer Service 17

* Manufacturing® 13

« External’

* Supplier®
 Patents?:?
 Guidelines®

* Ecosystem! 17

+ Studies! « Sales!0: 13
* Professional tests'? * Quality Assurance: 1
* Forums!? * Experts®

* Complaints!'?

IAbramovici & Lindner, 2011
2Abramovici & Lindner, 2011
3Bertoni, 2020

4Friedrich et al., 2021
SHedberg et al., 2017

%Igba et al., 2015

"Kiefer et al., 2020

8Lee & Ahmed -Kristensen, 2023
9Lietal., 2019

10Lj et al., 2021

I indemann et al., 2019
12] ju, A. et al., 2022
13Massmann et al., 2020
14Uz Zamann et al., 2022
1SWang et al., 2022

16Yang & Xiao, 2021
17Zambetti et al., 2019

In the same manner, a generalized classification of data types is condensed in Table 2. 12 generalized categories of data
types are defined to be applied in the proceeding steps. As for Table 1, the listed data types do not present a complete sub-
categorization of the data types, but show the literature foundation on which this classification in this work is based on.
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Table 2. Generalized data types in (data-driven) design processes derived from literature

Customer opinion/info

Operating/sensor data

Product specifications

Geometry & material data

Customer data/info>: 1©
User-oriented
information!!
Ratings® 14 12.15
Comments!3
Requirements '?
Condition/mood!-8:?
Using habits/cases® 17
Qualification!
Demography?
Purchase history?
Personal data!

Operating status’
Operating
parameters ! 10-13
Environmental
conditions 189 10,11
Vibrations'
Timetable®
Location®
Passenger?®

Energy consumption®
Usage behavior®
Runtime!'?

Product specifications ! 13

BOMs!d

Requirements !0 16
Technical information !
Product-oriented
information!!
Development data? 3 10
Product structure’
Documentation?®

 Drawings* 3

e Materials>: 12

+ Design data'? 13,14
 Sketches!?

e CAD-models!s

Simulation data

Test data

Manufacturing data

Maintenance/failure data

Simulations3- 43
CAE-Simulations®

Test data* 368
Prototype test data® 310

Manufacturing
data® 12, 14,15, 17

* Maintenance data!-47-9.10
* Failure data*7-10

* Process data!® 12 * Error reports! 10
* Machinery data'? « Warranty data®?
* Energy consumption! * Reclamations '
* Quality data® 10 * Service data'4

* Capacities'?
* Supplier data'?

Economic data Recycling data Competition data Boundary conditions
* Economic data'? + Recycling data!'? » Competition data® 121 * Patents®
* Sales amount® 10 * Guidelines®
* Financial information !¢ * Management
* Profitability'3 restrictions* 16
* Market data'? * Legal conditions'©
* Costs® * Regulatory information'

! Abramovici & Lindner, 2011
2Ali et al., 2021

3Bertoni, 2020

“Igba et al., 2015

SLiet al., 2019

Li et al., 2021

TLiet al., 2022

8Liu et al., 2022
9Machchhar et al., 2022
10Massmann et al., 2020

Meyer et al., 2022
2Tsang et al., 2022

13Uz Zamann et al., 2022
4Wang & Liu, 2021
15Wang et al., 2022

16Zahay et al., 2004
17Zambetti et al., 2019

4.2 Domain-mapping matrix to represent the classification of data-driven design use cases

To represent the classification in a traceable manner, a domain-mapping matrix (DMM) is constructed, as shown in
Figure 2. The DMM captures the relationships among three domains: data types, data sources, and the lifecycle phases
from which the data is obtained. By mapping data types to their corresponding sources and lifecycle phases, the matrix
provides a clear and structured visualization of these interdependencies. To read the DMM, it is exemplary read across the
row of a data type. Each row represents a data type (1-12), and an “X” indicates its association with a specific data source
(A-D) and lifecycle phase (I-V) within a given use case. The format and size of this DMM is universally applicable to all
DDD use cases, since it uses the earlier described generalized divisions of the three domains. Accordingly, a distinct DMM
is constructed for each use case to enable consistent classification.

The classification of the use cases is illustrated along the work of Jiang et al. (2022). The classification of the described
used data, its sources and lifecycle allocation is displayed in Figure 2: The use case describes the development of a
personalized bicycle saddle whose internal structure and shape are individually adapted to the user's requirements. This is
based on collected saddle designs, both internal previous designs (4/C/I1), as well as externally from competitors (11/D/1),
detailed geometry and material data, and user preferences, which are recorded via online reviews/questionnaires (1/A/l).
By allocating the possible available characteristics of the product to the wished changes/inputs from the user, a most
suitable product design is derived. Furthermore, pressure measurements are carried out with sensors (2/B/1V) to adapt the
internal structure of the selected design of the saddle to the actual sitting behavior, which is ultimately implemented via
additive manufacturing. Like this, the competence of designing and building customized product geometries is enabled
through the DDD approach. In the same style, the classification process is carried out for all identified use cases. Figure 2
and 3 show the classifications of all use cases in detail. The allocation of the gained competence through the DDD use
case is visualized in Figure 5.
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Data sources | Lifecycle phases
2
Source: J.iang etal., 2022 é % _
s cosomied | 5| 2|5| | | 25| |2
product geometries (bicycle g _g) E % g < ﬁ & kS
saddles) HEEIEHEIRIEIEE Arioli et al., 2022 Arjomandi Rad et al., 2023
AlBlcCcID|1|1I|I|IV|V A|B|C|D|I |IIIO|IV|V A|B|C|D|Il|II|I|IV|V
Customer opinion/info 11X X 11X X 1
Operating/sensor data 2 X X 2 X X 2
Product specifications 3 3 X X 3
Geometry and material data | 4 X X 4 4 X X
| Simulation data 5 5 5 X X
E& Test data 6 6 6
§ Manufacturing data 7 7 7
s Maintenance/Failure data 8 8 8
Economic data 9 9 9
Recycling data 10 10 10
Competition data 11 XX 11 11
Boundary conditions 12 12 12
Arjomandi Rad et al., 2026 Bickel et al., 2022 Bleisinger et al., 2022 Eickhoff et al., 2022
A|B|C|D|TI|ID|OIIV|V A|B|C|D|T1|IIHIOIIV|V A|B|C|D|I|IIOIV|V A|B|C|D|I|IOHIOIV|V
1 1 1 1
2 2 2 X X 2 X X
3 X X 3 3 X X | X 3 X X
4 4 X X 4 4 X X
5 X X 5 X X 5 5 X X
6 6 6 6
7 7 7 7
8 8 8 8 X X
9 9 9 9
10 10 10 10
11 11 11 11
12 12 12 12
Kotha et al., 2026 Lachmayer et al., 2014 Liu & Wang, 2022 Mahabadi & Salahshoor, 2026
A|B|C|D|T|I|OIIV|V A|B|C|D|TI|IIIIV|V A|B|C|D|TI|IIHIOIIV|V A|B|C|D|TI|IIHIIV|V
1 1 1 1
2 2 X X 2 2
3 3 X X 3 3 X X
4 4 X X 4 X X 4 X X
5 5 X X 5 5
6 6 6 6
7 7 7 7
8 X X 8 8 X | X X X 8
9 9 9 X X 9
10 10 10 10
11 11 11 11
12 12 12 12

Figure 2. Investigated data-driven design use cases classified by a domain-mapping-matrix approach - part 1

By looking at the domains separately, it should be noted that the most commonly used data types are product specifications
(55 % of use cases), geometry and material data (55 %), and operating/sensor data (45 %), followed by simulation data
(25 %) and maintenance/failure data (25 %). This observation confirms the general character of DDD of feeding
operational data back into the design process to support decision-making there. Related, internal/enterprise (90 %) and the
product/sensors (50 %) are the most commonly used data source, deriving data from the development (85 %) and planning
phase (35 %), as well as from the usage phase (60 %). Test data, recycling data, and competition data are used rarely (each
5 %), while notably, no use case uses the data type of boundary conditions. This may either be because compliance with
guidelines is simply assumed and is not explicitly mentioned in the description of the use cases, or, e.g., automations for
analyzing patent databases, might fall outside the scope of the search string as they might not be labeled as DDD.
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Mozgova et al., 2018 Nemani et al., 2022 Orlovska et al., 2024 Ridler et al., 2020
A|B|C|D|I|IO|IIIV|V A|B|(C|D|I|II|II|IV|V A|B|C|D|I|IO|IIIV|V A|B|(C|D|I|II|II|IV|V
1 1 11X X 1
2 X X 2 2 X X 2
3 3 X X 3 X X 3 X X
4 X X 4 4 4 X X
5 5 5 5
6 6 6 6
7 X X 7 7 7 X X
8 X X 8 X X 8 8
9 9 9 9
10 10 X X |]10 10
11 11 11 11
12 12 12 12
Trauer et al., 2020 Tiichsen et al., 2018 van Eck et al., 2025 Yang et al., 2023
A|B|C|D|I|IO|IIIV|V A|B|(C|D|I|II|II|IV|V A|B|C|D|I|O|IIIV|V A|B|C|D|I|IIHIIIV|V
1 X X 1 1
2 X X 2 2 X X 2
3 3 3 X XX 3 X X
4 4 X X 4 4 X X
5 5 5 5
6 6 6 X X | X 6
7 7 X X 7 7
8 8 8 8
9 9 X X 9 9
10 10 10 10
11 11 11 11
12 12 12 12

Figure 3. Investigated data-driven design use cases classified by a domain-mapping-matrix approach - part 2

Notably, out of the investigated 19 use cases, it is not possible to derive unique patterns in the DMM classification that
would indicate that use cases which, in principle, pursue similar objectives based on their descriptions also have identical
classification DMMs. Therefore, the following section introduces a DSM-based comparison of the use cases.

5 DSM to derive similarity of data-driven design use cases

In addition to the DMM-based classification of the DDD use cases, an analysis approach is also needed to allow us to
derive insights when comparing all use cases with each other, and being able to assess one's situation in a company as
shown in Section 2. To do so, a DSM approach is introduced in this section. Since a DSM is mapping a single domain (the
DDD use cases to themselves, in this case), a value for defining the dependency between each use case is needed. The
Jaccard index (Jaccard, 1901) is a widely used metric for quantifying the similarity between two sets, A and B. It is defined
as the ratio between the intersection and the union of A and B. Figure 4 visualizes this and also gives an example of how
this results in the comparison of two DMMs. Out of the total available matrix cells, two are identically filled with an "X".
In total, six distinct cells are filled in, resulting in a similarity value of the Jaccard index of 0,33. This value is also
highlighted in Figure 5 showing the overall resulting DSM below. The Jaccard index value is calculated for each use case
comparison in Excel. Since the similarity from A to B must be the same as from B to A, a symmetric DSM is resulting.

A Arjomandi Rad et al., 2026 Bickel et al., 2022
A|[B|C|D|I|II|I[IV|V A[B|C|D|I|II|I|IV|V
Jaccard (A, B)= ——— ]
3 X X 3 \
4 4 X X
2 5 5
Jaccard = =0,33
@ 3 , BEESl | =SB

Figure 4. Jaccard index to quantify the similarity between two DMMs
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While one key value of this DSM model is already achieved by the visualization itself, allowing to read across a
row/column to investigate which other use cases are "more or less similar", it is further helpful to restructure the DSM to
identify sets of "relatively similar" use cases. This can be achieved by clustering. In this case, a symmetric DSM and the
target to identify clusters, the normalized cut algorithm is suitable, first introduced by Shi & Malik (2000), since it aims
to minimize dependencies between the established clusters and maximize the dependencies within them. Therefore, it
delivers meaningfully balanced clusters rather than splitting the overall DSM in clusters of similar sizes such as other
algorithms would do. Figure 5 shows the resulting DSM which is build and clustered using the Lattix software.

Similarity of data-driven design use cases based on Jaccard-index (symmetric DSM) 3 ‘ 4 ‘ 5 ‘ 6 ‘ 718 ‘ 9 ‘10‘11‘12 13‘ 14 15‘16‘17‘18‘19
Optimizing a structure for a design goal using multi-material designs | Mahabadi & Salahshoor, 2026 | 1 100(42 20 20 20 20|14 27 50 33 33|11 9 28|11 11
Faster generation of new design solutions | Yang et al., 2023 2 ||100 42 20 20 20 20|14 27 |50 33 33|11 9 28|11 11
Data-Driven process optimization leading to “as fast as possible” manufacturing | Radler et al., 2020 | 3|/ 42 42 16 |16 40 40|25 33|27 25 25|20 16 22|20 20
Assessing the value of condition monitoring systems | Liu & Wang, 2022 4|20 20|16 14|23 | 33 28 14 20 2016 25
Designing and building customized product geometries | Jiang et al., 2022 5/(20 20|16 14 33 33 28 33 20 20 14 18 |27 40 25
(Automated) data-driven design generation and selection | Tlchsen et al., 2018 6/(20 20 (40 23 33 33 12 |14 20 zExampm? 16
Offering predictive maintenance service / Design components real-load fitting | Mozgova et al., 2018 | 7 (20 20 |40 33 33 33 50 |33 20 7 (11|14 1816 16 25
Faster design exploration and evaluation for crash performance | Arjomandi Rad et al., 2026 8|14 14 25 40 33|33 33|25 20 28|25 25
Offering predictive maintenance service / new business model "pay per use" | Eickhoff et al., 2022 9|(27 27 33 28 |28 12 50 |40 63|40 40|23 9 |28 36|33 33 20
Evolutionary improvement of components based on real data | Lachmayer et al., 2014 10(|50 S50 27 1433 14 33|33 (63 50 50| 7 23 44|27 27 25
Automated classification of components/parts | Bickel et al., 2022 11((33 33 25 2020 20 20|33 40 50 100
Image-based qualification of design variants instead of simulations | Arjomandi Rad et al., 2023 12133 33 25 20 20 20 20|33 40 50 (100
Data-Driven Remanufacturing (What to remanufacture or to replace) | Nemani et al., 2022 13|11 11 20 16 7|25 237 33(16 22 20 20
Data-Driven prediction of wear instead of needing to conduct experiments | Kotha et al., 2026 14 25 11 9 33
Data-Driven Requirements management | van Eck et al., 2025 15 9 9 16 14 14|20 28 |23 16 44 40 40|25
Optimize software based on real usage data rather than simulation data | Bleisinger et al., 2022 1628 28 22 18 18 128 36 |44 22 44 57 5740
Personalized service offering / Increasing acceptance of system by user | Orlovska et al., 2024 17|11 11 20 27 7 16|25 33|27 20 40 | 57 71|33
Personalized service offering / Predictive maintanance | Arioli et al., 2022 181t 11 20 40 16 16 25 33 |27 20 40 (57 | 71 33
Data-Driven Requirements management | Trauer et al., 2020 19 25 25 20|25 25 40 33 33

Figure 5. Clustered use case - use case similarity DSM based on Jaccard index. Values in percent (%)

Notably, there are two pairs of DDD use cases that show a 100% overlap: Mahabadi & Salahshoor (2026) enable the
optimization of a structure for a design goal using multi-material designs. Over a complex structure of an additively
manufactured component, different materials are spread to achieve a design goal, e.g., maximizing the dissipation of the
structure. Based on experimentally retrieved characteristic values for each material, a lattice geometry (grid) of the
complete structure is modeled and analyzed to derive the optimized material distribution in the multi-material structure.
Yang et al. (2023) describe the automated generation of new product designs based on historical design data. By retrieving
features from the previous designs related to several design parameters, a knowledge base is formed. New, text-written
requirements can then be automatically analyzed, related to the existing designs, and in combination of the old designs,
new ones are generated which are presented for selection. Both use cases therefore are built on internally available
geometry and material data, as well as product specifications, retrieved from the early stages for the lifecycle.

Arjomandi Rad et al. (2023) implement a neural network (NN) to predict the simulation outcomes of a geometry based on
a huge database of previous geometries, rather than having to conduct expensive FEM-simulations. By training the NN, it
can assess new geometries image-based and predict the outcomes of a FEM-simulation at high accuracy. Like this, parts,
such as airbags, are qualified without costly simulations. The use case of DDD of Bickel et al. (2022) is the classification
of mechanical components using a NN, too. Building on a learning database of previously existing part geometries and
their simulation results showing which functions and characteristics the parts have, the trained NN is able to classify new
parts based on the geometry into pre-defined labels to state what kind of part the new part is. Therefore, both use cases
show an identical approach using geometry and simulation data from previous parts and analyzing new parts, with a
different target setting, but reasonably identified as very similar in this analysis.

While at a very detailed view, the exact data used for both pairs of use cases differ, in the generalized perspective, they
are very similar, and this assessment can be viewed as reasonable.

Similarly, upon closer inspection, it turns out that the other high overlaps between use cases can be rated as reasonable.
Interestingly, DDD use cases with different target settings, or in the introduced terminology with different gained
competencies, can be identified as similar, such as the cluster of Bleisinger et al. (2022), Orlovska et al. (2024), and Arioli
etal. (2022). While the latter two both analyze the system's performance to offer customer-specific improved services, the
former also analyzes the system's performance in detail, but uses the gained insights to support design space exploration
and optimize the existing software parametrization of the system. These observations indicate that DDD use cases are not
isolated applications, but that from an existing, successfully implemented DDD use case, other applications might be close

DSM 2026 57



A Matrix-Based Method for the Classification and Analysis of Data-Driven Design Use Cases

to reach, even if they might be considered of a different target setting first. On the other hand, while the clustering helps
structuring the DSM and to identify groups of similar use cases, it can also be seen that not necessarily, all closely similar
use cases must be in the same cluster, such as for Jiang et al. (2022), see row 5 in the DSM. It is therefore important to
point out that the clustering is just a supporting step for structuring the DSM and identifying similar DDD use cases faster,
but does not result into explicitly disjoint clusters of "similar" and "unsimilar" use cases.

6 Combined multi-domain-matrix framework for the assessment of data-driven design use cases

From the steps outlined above, a framework for combining the DMM classification and the DSM analysis can be
concluded. The combination of the DMMs and the DSM results in a multi-domain-matrix framework as described in
Figure 6. To support the implementation of data-driven design, the framework allows both for applications where a DDD
use case is already implemented, and further use cases requiring a similar foundation are looked for, and for applications
where no DDD use case is implemented yet, but based on the available data types and sources along the lifecycle, an
assessment is desired to derive recommendations on which use cases to apply first. The presented generalized DMM is
used to classify the present situation based on data types, source, and lifecycle phases available for capturing. The DDD
use case database that is presented in this work is used to compare the classified present situation with the existing
successfully implemented DDD use cases by calculating the Jaccard index and building the described DSM with it. From
the resulting DSM, it can be derived which use cases of DDD are suitable to be pursued for the analyzed circumstances.

C Similarity assessment with DSM J

No DDD application is ~—] Available DDD use case ) =
implemented yet. How U- characteristics database o o Y P PR Analyze g
- can potentially easy - BB BEE which D D D Ee
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Figure 6. Combined multi-domain-matrix (MDM) framework for the classification and analysis of data-driven design use cases

7 Discussion and outlook

The presented outcomes build on a rigorous literature-based approach. While this ensures scientific character, it may miss
out on other existing successful DDD use cases which are not published in scientific databases. Further industry-related
sources should therefore be screened to grow the DDD use case database larger than the identified 19 use cases in this
paper. Besides, a large number of successful DDD use cases might simply not published at all by industry since they are
considered a competitive advantage and proprietary. Ultimately, this area of DDD use cases remains inaccessible.
Nevertheless, increasing the number of analyzed use cases in the built database should be a target for further efforts.

While the presented DSM and the applied clustering algorithm already allow to derive useful insights, further work should
investigate if there is a reasonable threshold for the Jaccard index similarity in the matrix splitting in promisingly "similar"
use cases and "too far off" use cases. In addition, it should be investigated if a "DDD maturity level"” can be defined. While
the underlying data, sources, and lifecycle phase are the basis for the DDD application, there are a number of intermediate
steps required to actually reach the described competence of DDD. As described in Section 2, this could possibly be done
by applying the knowledge staircase of North (2021) further. Besides data as the basis, it describes the intermediate steps
of data - information - knowledge - action - competence. For each described DDD use case, this classification could be
applied to describe the required steps from the initial data capturing to the desired target. By incorporating derivations of
existing maturity metrics, such as the maturity ladder (Andersen & Jessen, 2003), project management maturity models
(Pretorius et al., 2022), or others, a methodology guiding companies to assess their "DDD readiness™ in general and giving
recommendations through a roadmap on which DDD use cases to pursue first and later could be achieved.

Consequently, after enriching the existing method with the described additions, it must be applied in an industry context.
While the presented work can be considered valid through its fully literature-based approach, the ultimate target of
supporting the implementation of DDD in companies can only be validated by applying the resulting methodology in
practice.

DSM 2026 58



Christopher Langner, Ali Yassine, Daniel Roth, Matthias Kreimeyer

References

Abramovici, M., Lindner, A. (2011). Providing product use knowledge for the design of improved product generations. CIRP Annals,
Vol. 60 (1) 211-214. doi: 10.1016/j.cirp.2011.03.103.

Abramovici, M., Lindner, A. (2013). Knowledge-based decision support for the improvement of standard products. CIRP Annals, Vol.
62 (1) 159-162. doi: 10.1016/j.cirp.2013.03.076.

Ali, H.B., Helgesen, F.H., Falk, K. (2021). Unlocking the power of big data within the early design phase of the new product
development process. INCOSE International Symposium, 31, 434-452. doi: 10.1002/j.2334-5837.2021.00846.X.

Andersen, E.S., Jessen, S.A. (2003). Project maturity in organisations. International Journal of Project Management 21, 457-461. doi:
10.1016/S0263-7863(02)00088-1.

Arioli, V.; Ruggeri, G.; Sala, R.; Pirola, F.; & Pezzotta, G. (2023). A Methodology for the Design and Engineering of Smart Product
Service Systems: An Application in the Manufacturing Sector. Sustainability 2023, 15, 64. https://doi.org/10.3390/su15010064.

Arjomandi Rad, M.; Cenanovic, M., & Salomonsson, K. (2023). Image regression-based digital qualification for simulation-driven
design processes, case study on curtain airbag, Journal of Engineering Design, 34:1, 1-22. doi:
10.1080/09544828.2022.2164440.

Arjomandi Rad, M., Martinsson Bonde, J., Isaksson, O., Panarotto, M., Warmefjord, K., and Malmqvist, J. (2025). Product Dataset
Platform: System-Level Design Evaluation Using Data Engineering and Functional Modeling, A Crashworthiness Case Study.
ASME Journal of Mechanical Design 148(3): 031401. doi: 10.1115/1.4068755

Bertoni, A. (2020). Data-driven design in concept development: systematic review and missed opportunities. Proceedings of the Design
Society, Vol. 1, 101-110. doi:10.1017/dsd.2020.4.

Bickel, S., Schleich, B., Wartzack, S. (2022). A New Projection Based Method for the Classification of Mechanical Components Using
Convolutional Neural Networks. Proceedings of the Design Society, Vol. 2, 1501-1510. doi: 10.1017/pds.2022.152.

Bleisinger, O., Malek, C., Holbach, S. (2022). Machine Learning Based Simulation for Design Space Exploration. Proceedings of the
Design Society, Vol. 2, 1521-1530. doi:10.1017/pds.2022.154.

Briard, T., Jean, C., Aoussat, A., Véron, P. (2023). Challenges for data-driven design in early physical product design: A scientific and
industrial perspective. Computers in Industry, Vol. 145, 103814. doi: 10.1016/j.compind.2022.103814.

Chiarello, F., Coli, E., Giordano, V., Fantoni, G., Bonaccorsi, A. (2021). Data for Engineering Design: Maps and Gaps. Proceedings of
the Design Society, Vol. 1, 821-830. doi: 10.1017/pds.2021.82.

Eickhoff, T., Forte, S., Gobel, J.C. (2022). Approach for Developing Digital Twins of Smart Products Based on Linked Lifecycle
Information. Proceedings of the Design Society, Vol. 2, 1559-1568. doi:10.1017/pds.2022.158.

Eppinger, S.D., Browning, T.R. (2012). Design Structure Matrix Methods and Applications. doi: 10.7551/mitpress/8896.001.0001.

Friederich, J., Francis, D.P., Lazarova-Molnar, S., Mohamed, N. (2022). A framework for data-driven digital twins of smart
manufacturing Systems. Computers in Industry. Vol. 136,103586. doi: 10.1016/j.compind.2021.103586.

Hedberg, T., Jr., Feeney, A. B., Helu, M., and Camelio, J. A. (2017). Toward a Lifecycle Information Framework and Technology in
Manufacturing. ASME Journal of Computing and Information Science in Engineering 17(2): 021010. doi: 10.1115/1.4034132.

Igba, J., Alemzadeh, K., Gibbons, P.M., Henningsen, K. (2015). A framework for optimising product performance through feedback
and reuse of in-service experience. Robotics and Computer-Integrated Manufacturing, Vol. 36, 2-12. doi:
10.1016/j.rcim.2014.12.004.

Jaccard, P. (1901). Etude comparative de la distribution florale dans une portion des Alpes et du Jura. Bulletin de la Societe VVaudoise
des Sciences Naturelles 37 (142), 547-579. doi: 10.5169/seals-266450.

Jiang, Z., Wen, H., Han, F., Tang, Y., Xiong, Y. (2022). Data-driven generative design for mass customization: A case study. Advanced
Engineering Informatics, Vol. 54, 101786. doi: 10.1016/j.aei.2022.101786.

Kiefer, F., Joussen, K., Hunke, F. (2020). Methodische Unterstiitzung fr die Gestaltung analysebasierter Dienstleistungen. HMD Praxis
der Wirtschaftsinformatik 57, 684-696. doi: 10.1365/s40702-020-00642-7.

Kim, H., Liu, Y., Wang, Y., Wang, C. (2017). Special Issue: Data-Driven Design (D-3), Journal of Mechanical Design, Transactions
of the ASME, vol. 139, 11, SI. doi: 10.1115/1.4035002.

Kotha, A.S., Madhukar, P., Punugupati, G. (2026). Artificial neural network-based prediction and microstructural insights of wear in
Nb C-103 alloy for aerospace applications. Journal of the Brazilian Society of Mechanical Sciences and Engineering 48, 59.
doi: 10.1007/s40430-025-06088-6.

Lachmayer, R, Mozgova, |., Sauthoff, B., Gottwald, P. (2014). Evolutionary Approach for an Optimized Analysis of Product Life Cycle
Data. Procedia Technology, Vol. 15, 359-368. doi: 10.1016/j.protcy.2014.09.090.

Langner, C., Paliyenko, Y., Miller, B., Roth, D., Guertler, M. R., Kreimeyer, M. (2024). Challenges for capturing data within data-
driven design processes. Proceedings of the Design Society, Vol. 4, 2099-2108. doi: 10.1017/pds.2024.212.

Lee, B., Ahmed-Kristensen, S. (2023). Four Patterns of Data-Driven Design Activities in New Product Development. Proceedings of
the International Conference on Engineering Design (ICED23), Bordeaux, France. doi:10.1017/pds.2023.193

Li, Y., Roy, U., Saltz, J.S. (2019). Towards an integrated process model for new product development with data-driven features (NPD3).
Research in Engineering Design 30, 271-289. doi: 10.1007/500163-019-00308-6.

Li, X., Wang, Z., Chen, C.-H., Zheng, P. (2021). A data-driven reversible framework for achieving Sustainable Smart product-service
systems. Journal of Cleaner Production, Vol. 279, 123618. doi: 10.1016/j.jclepro.2020.123618.

Li, S., Wang, J., Rong, J., Wei, W. (2022)._A digital twin framework for product to-be-designed analysis based on operation data.
Procedia CIRP, Vol. 109, 179-184. doi: 10.1016/j.procir.2022.05.233.

Lindemann, M., Nuy, L., Briele, K., Schmitt, R. (2019). Methodical Data-Driven Integration Of Perceived Quality Into The Product
Development Process. Procedia CIRP, Vol. 84, 406-411. doi: 10.1016/j.procir.2019.04.205.

Liu, A., Wang, Y., Wang, X. (2022). Data-Driven Engineering Design. doi: 10.1007/978-3-030-88181-8.

Liu, X., Wang, P. (2022). Valuation of Continuous Monitoring Systems for Engineering System Design in Recurrent Maintenance
Decision Scenarios. ASME Journal of Mechanical Design 144(9): 091702. doi: 10.1115/1.4054493.

Machchhar, R.J., Toller, C.N.K., Bertoni, A., Bertoni, M. (2022). Data-driven value creation in Smart Product-Service System design:
State-of-the-art and research directions. Computers in Industry, Vol. 137, 1-21. doi: 10.1016/j.compind.2022.103606.

DSM 2026 59


https://doi.org/10.1002/j.2334-5837.2021.00846.x
https://doi.org/10.3390/su15010064
https://doi.org/10.1080/09544828.2022.2164440
https://doi.org/10.1080/09544828.2022.2164440
https://doi.org/10.1115/1.4068755
https://doi.org/10.1017/pds.2021.82
https://doi.org/10.1115/1.4034132
https://doi.org/10.1115/1.4035002
https://doi.org/10.1017/pds.2024.212
https://doi.org/10.1016/j.compind.2022.103606

A Matrix-Based Method for the Classification and Analysis of Data-Driven Design Use Cases

Mahabadi, R.K., Salahshoor, H. (2026). Data-Driven-Design (D3) of multi-material systems: A novel framework and its application to
viscoelastic  metamaterials.  International Journal of Solids and Structures, Vol. 329, 113844. doi:
10.1016/j.ijsolstr.2026.113844.

Massmann, M., Meyer, M., Frank, M., von Enzberg, S., Kiihn, A., Dumitrescu, R. (2020). Framework for Data Analytics in Data-
Driven Product Planning. Procedia Manufacturing, Vol. 52, 350-355. doi: 10.1016/j.promfg.2020.11.058.

Meyer, M., Wiederkehr, 1., Koldewey, C., Dumitrescu, R. (2022). Planning the Analysis of Use Phase Data in Product Planning.
Proceedings of the Design Society, Vol. 2, 753-762. doi:10.1017/pds.2022.77.

Mozgova, |., Yanchevskyi, 1., Lachmayer, R. (2018). Prediction of the residual life of a component under intensive random dynamic
loading within the scope of technical inheritance. Proceedings of DESIGN 2018, 1643-1650. doi: 10.21278/idc.2018.0511.

Nemani, V. P., Liu, J., Ahmed, N., Cartwright, A., Kremer, G. E., Hu, C. (2022). Reliability-Informed Economic and Energy Evaluation
for Bi-Level Design for Remanufacturing: A Case Study of Transmission and Hydraulic Manifold. ASME Journal of
Mechanical Design 144(8): 082001. doi: 10.1115/1.4054160.

North, K. (2021). Wissensorientierte Unternehmensfiihrung. doi: 10.1007/978-3-658-32771-2.

Oks, S.J., Jalowski, M., Lechner, M., Mirschberger, S., Merklein, M., Vogel-Heuser, B., M&slein, K.M (2024). Cyber-Physical Systems
in the Context of Industry 4.0: A Review, Categorization and Outlook. Information System Frontiers 26, 1731-1772. doi:
10.1007/s10796-022-10252-x.

Orlovska, J., Wickman, C., Soderberg, R., Bark, D., Carlsson, C., Gustavsson, P. (2024). Design and implementation of driver coach
application for pilot assist: A first validation study. Transportation Research Interdisciplinary Perspectives, Vol. 25, 101130.
doi: 10.1016/j.trip.2024.101130.

Paliyenko, Y., Langner, C., Miller, B., Dausch, V., Roth, D., Guertler, M., Kreimeyer, M. (2024). Facilitating the Implementation of
Data-Driven Processes in Product Development. DS 134: Proceedings of the 26th International DSM Conference (DSM 2024),
Stuttgart, Germany, 11-20. doi: 10.35199/dsm2024.02.

Parra-Moyano, J., Schmedders, K., & Pentland, A.S., (2020). What Managers Need to Know About Data Exchanges. MIT Sloan
Management Review, Vol. 61, No. 4. http://dx.doi.org/10.2139/ssrn.3670680.

Pretorius, S., Steyn, H., Bond-Barnard, T.J. (2022). The relationship between project management maturity and project success. The
Journal of Modern Project Management, 10(1), 218-231. doi: 1019255/JMPM029014.

Rédler, S., Rigger, E. (2020). Participative Method to Identify Data-Driven Design Use Cases. 17th IFIP International Conference on
Product Lifecycle Management (PLM), Jul 2020, Rapperswil, Switzerland. pp.680-694. doi: 10.1007/978-3-030-62807-9_54.

Quifiones-Gémez, J.C., Mor, E., Chacon, J. (2025). Data-Driven Design in the Design Process: A Systematic Literature Review on
Challenges and Opportunities.  International  Journal of Human-Computer Interaction 41:4, 2227-2252.
https://doi.org/10.1080/10447318.2024.2318060.

Qureshi, A.J.; Gericke, K.; Blessing, L. (2014). Stages in Product Lifecycle: Trans-disciplinary Design Context. Procedia CIRP 21,
224-229. doi: 10.1016/j.procir.2014.03.131.

Shi, J., Malik, J. (2000). Normalized Cuts and Image Segmentation. IEEE Transactions on Pattern Analysis and Machine Intelligence,
Vol. 22 (8), 888—905. doi: 10.1109/34.868688.

Trauer, J., Schweigert-Recksiek, S., Onuma, L., Spreitzer, K., Mértl, M., Zimmermann, M. (2020). Data-Driven Engineering —
Definitions and Insights from an Industrial Case Study for a New Approach in Technical Product Development. Proceedings of
the NordDesign 2020 Conference (NordDesign 2020). doi: 10.35199/NORDDESIGN2020.46.

Tsang, Y.P., Wu, C.H., Lin, K.-Y., Tse, Y.K., Ho, G.T.S,, Lee, C.K.M. (2022). Unlocking the power of big data analytics in new product
development: An intelligent product design framework in the furniture industry. Journal of Manufacturing Systems, Vol. 62,
777-791. doi: 10.1016/j.jmsy.2021.02.003.

Tuchsen, J., Pop, A.-C., Koch, M., Schleich, B., Wartzack, S. (2018). Data Driven Design Selection and Generation - An Industrial
Case Study on Electric Motors. Proceedings of DESIGN 2018, 1709-1720. doi: 10.21278/idc.2018.0223.

Uz Zaman, U.K., Ghoto, M.R., Siadat, A., Bagai, A.A., Ageel, A.B., Qamar, U. (2022). Integrated Product-Process Design: Conceptual
Framework for Data Driven Manufacturing Resource Selection. 2nd International Conference on Digital Futures and
Transformative Technologies (ICoDT2), Rawalpindi, Pakistan, 1-7. doi: 10.1109/ICoDT255437.2022.9787394.

van Eck, M.L., Markslag, E., Sidorova, N., Brosens-Kessels, A., van der Aalst, W.M.P. (2019). Data-Driven Usability Test Scenario
Creation. HCSE 2018, LNCS 11262, 88—108. doi: 10.1007/978-3-030-05909-5_6.

Verein Deutscher Ingenieure (VDI) VDI 2206. (2021). Development of mechatronic and cyber-physical systems.

Wang, L., Liu, Z. (2021). Data-driven product design evaluation method based on multi-stage artificial neural network. Applied Soft
Computing, Vol. 103, 107117. doi: 10.1016/j.as0c.2021.107117.

Wang, Z., Zheng, P., Li, X., Chen, C.-H. (2022). Implications of data-driven product design: From information age towards intelligence
age. Advanced Engineering Informatics, VVol. 54, 101793. doi: 10.1016/j.aei.2022.101793.

Yang, B., Xiao, R.-B. (2021). Data-Driven Product Design and Axiomatic Design. 2021 IEEE International Conference on Progress in
Informatics and Computing (PIC), Shanghai, China, 489-493. doi: 10.1109/P1C53636.2021.9687021.

Yang, M., Jiang, P., Zang, T., Liu, Y. (2023). Data-driven intelligent computational design for products: method, techniques, and
applications. Journal of Computational Design and Engineering, Vol. 10 (4), 1561-1578. doi: 10.1093/jcde/qwad070.

Zahay, D., Griffin, A., Fredericks, E. (2004). Sources, uses, and forms of data in the new product development process. Industrial
Marketing Management, Vol. 33 (7), 657-666. doi: 10.1016/j.indmarman.2003.10.002.

Zambetti, M., Pinto, R., Pezzotta, G. (2019). Data lifecycle and technology-based opportunities in new Product Service System offering
towards a multidimensional framework. Procedia CIRP, Vol. 83, 163-169. doi: 10.1016/j.procir.2019.02.135.

Contact: C. Langner, University of Stuttgart, Institute for Engineering Design and Industrial Design, Pfaffenwaldring 9, 70569
Stuttgart, Germany, +49 711 68568078, christopher.langner@iktd.uni-stuttgart.de

DSM 2026 60


https://doi.org/10.1007/s10796-022-10252-x
https://doi.org/10.1007/s10796-022-10252-x
https://doi.org/10.35199/dsm2024.02
http://dx.doi.org/10.2139/ssrn.3670680
https://doi.org/10.1080/10447318.2024.2318060

