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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, a domain-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 

review 

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 (Oks 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 Quiñones-

Gómez 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. 

 

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), 

Quiñones-Gómez 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 DMMs 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 

 

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. 

  ternal nternal  nter risePro  ct  ensorsC sto er

 External7

 Supplier6

 Patents3, 9

 Guidelines9

 Ecosystem1, 17

 Internal4, 11

 Enterprise7, 16

 Development1, 5, 6, 13, 14, 15

 Service1, 2

 Marketing2

 Customer Service3, 5, 17

 Manufacturing5, 13

 Sales10, 13

  uality Assurance 5, 10

 Experts 

 Sensors2, 3, 4,  , 9, 10, 12, 13

 Product7, 12, 16, 17

 System17

 Customer3, 7, 9, 12, 14, 17

 User1, 4, 6,  , 10, 16

 Internet portals 2

 Social Media3, 11, 12

 Surveys3, 11, 12, 15

 Lead user workshops11

 Expert interviews11

 Studies11

 Professional tests12

 Forums12

 Complaints12

1Abramovici   Lindner, 2011
2Abramovici   Lindner, 2011
3Bertoni, 2020
4Friedrich et al., 2021
5Hedberg et al., 2017

6Igba et al., 2015
7 iefer et al., 2020
 Lee   Ahmed   ristensen, 2023
9Li et al., 2019
10Li et al., 2021

11Lindemann et al., 2019
12Liu, A. et al., 2022
13Massmann et al., 2020
14Uz  amann et al., 2022
15Wang et al., 2022

16 ang    iao, 2021
17 ambetti et al., 2019
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Table 2. Generalized data types in (data-driven) design processes derived from literature 

 

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 “ ” 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/II), as well as externally from competitors (11/D/I), 

detailed geometry and material data, and user preferences, which are recorded via online reviews/questionnaires (1/A/I). 

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/IV) 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. 

 eo etr     aterial  ataPro  ct s ecifications  eratin  sensor  ataC sto er o inion info

 Drawings4, 15

 Materials5, 12

 Design data12, 13, 14

 Sketches15

 CAD models15

 Product specifications12, 15

 BOMs15

 Requirements10, 16

 Technical information16

 Product oriented

information11

 Development data2, 3, 10

 Product structure7
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 Operating 

parameters1, 10, 13

 Environmental 

conditions 1,  , 9, 10, 11
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 Timetable 

 Location 
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 Energy consumption 

 Usage behavior9

 Runtime12

 Customer data/info5, 16

 User oriented

information11

 Ratings , 14, 12, 15

 Comments15

 Requirements12

 Condition/mood1,  , 9

 Using habits/cases , 17

  ualification1

 Demography 

 Purchase history3

 Personal data1

 aintenance fail re  ata an fact rin   ataTest  ata i  lation  ata

 Maintenance data 1, 4, 7, 9, 10

 Failure data4, 7, 10

 Error reports1, 10

 Warranty data2, 3

 Reclamations10

 Service data14

 Manufacturing 

data4, 12, 14, 15, 17

 Process data10, 12

 Machinery data13

 Energy consumption1

  uality data6, 10

 Capacities10

 Supplier data12

 Test data4, 5, 6,  

 Prototype test data3,  , 10
 Simulations3, 4, 5

 CAE Simulations 

Bo n ar  con itionsCo  etition  ata ec clin   ata cono ic  ata

 Patents5

 Guidelines5

 Management 

restrictions4, 16

 Legal conditions10

 Regulatory information16

 Competition data5, 12, 16 Recycling data10 Economic data12

 Sales amount , 10

 Financial information 16

 Profitability13

 Market data13

 Costs6

1Abramovici   Lindner, 2011
2Ali et al., 2021
3Bertoni, 2020
4Igba et al., 2015
5Li et al., 2019

6Li et al., 2021
7Li et al., 2022
 Liu et al., 2022
9Machchhar et al., 2022
10Massmann et al., 2020

11Meyer et al., 2022
12Tsang et al., 2022
13Uz  amann et al., 2022
14Wang   Liu, 2021
15Wang et al., 2022

16 ahay et al., 2004
17 ambetti et al., 2019
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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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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. 

 

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. 

 

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 

et al. (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 

Similarity of data-driven design use cases based on Jaccard-index (symmetric DSM)

Optimizing a structure for a design goal using multi-material designs | Mahabadi & Salahshoor, 2026

Faster generation of new design solutions | Yang et al., 2023

Data-Driven process optimization leading to "as fast as possible" manufacturing | Rädler et al., 2020

Faster design exploration and evaluation for crash performance | Arjomandi Rad et al., 2026

Offering predictive maintenance service / new business model "pay per use" | Eickhoff et al., 2022

Evolutionary improvement of components based on real data | Lachmayer et al., 2014

Automated classification of components/parts | Bickel et al., 2022

Image-based qualification of design variants instead of simulations | Arjomandi Rad et al., 2023

Data-Driven Remanufacturing (What to remanufacture or to replace) | Nemani et al., 2022

Data-Driven prediction of wear instead of needing to conduct experiments | Kotha et al., 2026

Data-Driven Requirements management | van Eck et al., 2025

Optimize software based on real usage data rather than simulation data | Bleisinger et al., 2022

Personalized service offering / Increasing acceptance of system by user | Orlovska et al., 2024

Personalized service offering / Predictive maintanance | Arioli et al., 2022

Data-Driven Requirements management | Trauer et al., 2020

Assessing the value of condition monitoring systems | Liu & Wang, 2022

Designing and building customized product geometries | Jiang et al., 2022

(Automated) data-driven design generation and selection | Tüchsen et al., 2018

Offering predictive maintenance service / Design components real-load fitting | Mozgova et al., 2018
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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. 

 

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.  
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