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ABSTRACT 
Design is widely understood as a domain-independent notion, comprising any activity concerned with 
creating artefacts. This paper shows that models can be viewed as artefacts, and that the design of models 
resembles the design of artefacts in other domains. The function-behaviour-structure (FBS) ontology of 
design is applied to models, mapping generic characteristics of models derived from literature on 
modelling onto basic, design-ontological categories. An example of model design, namely the CRISP-
DM model for designing data mining models, is analysed and compared with models of designing in 
other domains (systems engineering, mechanical engineering, software engineering, and service design). 
The results show that there are fundamental commonalities but also differences, revealing the need for 
further research in developing a theory of model design. 
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1 INTRODUCTION 

Design is increasingly recognized as a fundamental human activity whose basic processes, methods 

and principles transcend the various domains in which it takes place. Apart from traditional (mostly 

engineering and architecture) design domains concerned with developing physical products, systems 

and software, a number of other domains have adopted an explicit "design" perspective when 

discussing and reflecting upon their practice of developing their own artefacts. Accordingly, fairly 

recent types of design have emerged, including organisation design, enterprise design, business 

process design, service design, communication design, research design, experiment design, and game 

design. 

 

A number of authors (e.g. Churchill (2013), Hotie and Gordijn (2019), Kropp and Thalheim (2017), 

and Zott and Amit (2010)) assume that activities of modelling, i.e. creating models for various 

purposes and in various domains, constitute an additional type of design: "model design". Based on 

the ubiquitous use of models in many domains including engineering design (McAdams and Dym 

2004; Eckert and Hillerband 2018), model design can be viewed as orthogonal to most other design 

types. For example, while model-based software engineering (MBSE) is concerned with the design 

of software, it also deals with the design and use of abstract models of the software and the 

interactions of the software in its environment. Mechanical design using CAx models can be viewed 

in a similar way, combining the design of a physical product and the design of a set of models 

representing that product. The two types of design are intertwined: Changes to the product being 

designed are typically reflected in the model design, and changes to the model representing the 

product can afford changes in the product design. Model design in these instances has a supportive 

role and would not be carried out without the design of the artefact being modelled. There are other 

instances where models are designed independently of the design of other artefacts. For example, 

data mining models are commonly designed as tools for gaining insights in domains such as 

business and science. 

 

While there is some literature on model theory (Stachowiak 1973; Thalheim 2011), there is much less 

work on the process of designing models. There is no general definition of model design, and existing 

model design approaches are limited to specific domains, such as the design of business models (Zott 

and Amit 2010), process models (Hotie and Gordijn 2019) and data mining models (Chapman et al. 

2000). The relationship between these approaches and established insights, models and methods of 

design research remains largely unclear. The lack of design-theoretical foundations may lead to 

inadequate understanding of model design and, consequently, ineffective and inefficient models being 

designed. 

 

This paper contributes to the development of a model design theory by presenting a design-ontological 

view of models, and by analysing a specific approach of model design − the CRoss-Industry Standard 

Process for Data Mining (CRISP-DM) (Chapman et al. 2000) − and comparing it with design 

approaches in other domains: the INCOSE (2015) model of systems engineering, Pahl and Beitz’ 

(2007) model of engineering design, Kruchten’s (2004) Rational Unified Process (RUP) of software 

design, and a Design for Six Sigma (DFSS) model of service design (El-Haik and Roy 2005). The 

differences and commonalities found support positioning model design in the landscape of theories 

and models from other design disciplines, allowing identifying whether existing design methods may 

support the specificities of model design. 

 

The paper is structured as follows: Section 2 provides an overview of some of the literature on 

models, modelling and model design. Section 3 applies the function-behaviour-structure (FBS) 

ontology (Gero 1990; Gero and Kannengiesser 2004; Gero and Kannengiesser 2014) to models, 

showing that their general constructs, as provided in the literature, fit with basic ontological 

categories of design. Section 4 presents how a process of data mining, as an example for model 

design, is analysed and compared with models of design in other domains. Section 5 presents the 

results of the analysis, which are discussed in Section 6. Section 7 draws conclusions and proposes 

future research on model design. 
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2 MODELS, MODELLING, AND THE DESIGN OF MODELS 

Compared to the ubiquitous use of models in a variety of domains, there is relatively little research in 

developing a general theory of modelling (Ritchey 2010). In the area of semiotics, a model is 

understood as a sign in the sense that it represents another, material or immaterial object (Nöth 2018). 

Similarly, Stachowiak (1973) states that a key feature of a model is that it has a mapping to an 

"origin". The original object may be anything in the existing or non-existing (i.e., imagined) world 

(Guizzardi and Proper 2021). Models vary in terms of scope, precision, granularity and abstraction, 

and can have various means of representation, including text, symbols, graphs, diagrams, tables and 

pictures (Thalheim 2011). Some of the typical models used in engineering design include 

mathematical models, product visualisations, geometric models, physical models, data models, 

abstract models and numerical models (Eckert and Hillerbrand 2022). An example of a data mining 

model is shown in Figure 1. It is conceptualised as a process model, consisting of an input, a 

transformation and an output (Gero and Kannengiesser 2007). 

 

Figure 1. A data mining model as an example 

 

Models typically omit some of the information about the object being modelled. For example, the 

model depicted in Figure 1 omits various details such as the data types, the data sources, the particular 

data mining algorithm and any pre- and post-processing steps. Some information captured in a model 

may also be distorted, idealised, or even extended beyond what was previously known about the object 

(Thalheim 2011). What is represented in a model ultimately depends on its purpose (Browning 2010). 

A common distinction is often made between descriptive and prescriptive purposes (Rothenberg 

1989). Thalheim (2011, p. 543) distinguishes several types of purposes: "construction of a system, 

simulation of real-world situations, theory construction, explanation of phenomena, or documentation 

of an existing system." In addition to the purpose, contextual factors drive the construction of a model, 

i.e. who uses the model when and with what tools (Stachowiak 1973). The model in Figure 1, for 

example, has been kept very simple to convey the basic idea of a model to the readers of this paper 

who are likely to be non-experts in data mining. More details may have been added to the model if it 

was produced for a specialised data mining audience. 

 

Some researchers make the point that modelling is not designing. For example, Reijers (2021) proposes 

that process design has a wider scope than process modelling, entailing design decisions such as "[h]ow 

to organize a process, which technologies to involve, and to whom to assign responsibilities within a 

process" (ibid, p. 3). On the other hand, there is a widespread assumption that modelling is an instance of 

designing in its own right − in particular, when abstracting away from the particular, domain-specific 

entities being modelled, resulting in so-called conceptual models (Churchill 2013). However, the 

connection between modelling and designing is often only loosely made; and there is little research in 

design-theoretical foundations or principles of model design. Thalheim (2010, p. 3122) states that 

"conceptual modelling inherits most principles of engineering", providing modularity and top-down vs. 

bottom-up development strategies as examples. He defines the following activities as constituents of 

modelling: understanding, conceptualising, abstracting, defining, constructing, refining and evaluating 

(ibid, p. 3117-3118) − which map onto a number of categories in Sim and Duffy's (2003) ontology of 

generic engineering design activities. Kaschek (2018) points out that modelling belongs to an 

"analysis−synthesis cycle": Initially, a model is the result of analysing what is being modelled: its 

"origin". Yet, it is then extended or modified to enhance control or predictability of the origin. 

3 A FUNCTION-BEHAVIOUR-STRUCTURE (FBS) ONTOLOGY OF MODELS 

We can develop a design view of models based on the function-behaviour-structure (FBS) ontology 

(Gero 1990; Gero and Kannengiesser 2004; Gero and Kannengiesser 2014) that is a widely used design 

ontology and defines three categories of properties for objects that have been or can be designed: 
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• Structure (S) is defined as the components of an object and their relationships. According to 

Thalheim (2011, p. 549), models consist of "constructs" and relationships between them. There are 

five fundamental types of relationships: aggregation/participation, generalization/specialization, 

exhibition/characterization, classification/instantiation, introduction/utilisation (Thalheim 2010, p. 

3111). For example, the structure of a data mining model can be viewed as shown in Figure 1: three 

components (i.e., input data, data mining algorithm and mined patterns) interconnected by 

aggregation/participation relationships (i.e., the arrows between the components). 

• Behaviour (B) is defined as the attributes derived from the object's structure and its interaction with 

the environment. For example, literature on modelling often stresses the importance of model 

quality, which can be syntactic (measuring correspondence between a model and a representation 

language; e.g. number of syntactic errors), semantic (measuring correspondence between a model 

and its original; e.g. coverage of concepts) and pragmatic (measuring correspondence between the 

model and its interpretation by a user; e.g. redundancies in the model) (Krogstie et al. 1995). 

Similarly, Thalheim's (2011) notion of "model value" fits with the definition of behaviour: It is 

based on the three categories of quality defined in ISO/IEC 9126, namely, internal quality (derived 

solely from a model's structure; e.g. correctness and complexity), external quality (derived from the 

interaction of the model's structure with an execution environment; e.g. execution time), and quality 

of use (derived from the interaction of the model's structure with the user's working environment; 

e.g. time needed for understanding, creating or modifying the model). 

• Function (F) is defined as the teleology of an object. Functions of models can be the various 

purposes associated with the use of a model (Guizzardi and Proper 2021; Thalheim 2011), 

specialised to the individual circumstances and domains at hand. Examples include the (model-

based) design of a system, the discovery of new business insights (e.g., by using data mining 

models) and a better understanding of a phenomenon (e.g., by using conceptual models). 

 

In the FBS ontology, behaviour is not only connected to structure but also function. This is the result 

of humans associating purposes with behaviour, in which case the behaviour becomes a desired or 

"expected" behaviour (Be) that can then be used to assess an object's "actual" behaviour derived from 

structure (Bs). For models, this connection has been observed by Thalheim (2011, p. 553), who stated 

that the "assessment of model value [occurs] in dependence on purpose". Divergence between Be and 

Bs can be seen as the main driver of the process of designing, as it can cause new cycles of synthesis 

and analysis. The coverage of concepts required for current model purposes can thus be seen as a key 

expected behaviour for model design. As Kaschek (2018, p. 30) puts it, "[m]odel use is about an 

information deficit with regard to some item, a so-called model origin[…]: someone wishes to achieve 

a certain goal with regard to the origin[…]. They, however, turn out to be ignorant of some 

information (subjectively) required for achieving that goal. The key idea to solve this problem is to 

obtain the required information with regard to the model and then transfer it to the origin[…]." 

 

The FBS framework (Gero 1990), which describes eight fundamental processes in designing, 

incorporates the dichotomy of behaviour, together with two additional categories, each of which can 

be expressed in FBS categories: Requirements (R) are needs, demands, wishes and constraints that are 

explicitly provided at the outset of designing. In the context of model design, R may include a 

specified purpose of the model and a specified modelling language such as the entity-relationship 

notation. Description (D) is any form of external output of the design process. In model design, these 

may be the various graphs, symbols, diagrams, texts etc. produced. The FBS framework is shown in 

Figure 2. Comparisons between Be and Bs are covered by process 4 (called "evaluation"); while 

synthesis and analysis are represented by processes 2 and 3, respectively. R is transformed into F and 

then Be by process 1, and D is produced by process 5. Additional processes (6−8) are defined to cover 

the reformulation of S, Be and F after an initial design structure has been specified. 

4 ANALYSIS OF MODEL DESIGN: DATA MINING AS AN EXAMPLE 

4.1 The CRISP-DM model of designing data mining models 

CRISP-DM (CRoss-Industry Standard Process for Data Mining) (Chapman et al. 2000) is today the 

most widely used approach for carrying out data mining and data science projects (Martinez-Plumed et 
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al. 2021; Saltz 2021). It provides an industry-independent and technology-neutral process model for 

developing data mining models. CRISP-DM is the result of practitioners synthesizing their data 

mining experience into a systematic and standard approach. One of the goals associated with the 

development of CRISP-DM was to "create the impression that data mining is an established 

engineering practice" (Wirth and Hipp 2000). There are six phases defined in CRISP-DM, as shown in 

Figure 3: 

 

Figure 2. The FBS framework (after Gero (1990) and Gero and Kannengiesser (2014)) 

 

 

Figure 3. The phases in the CRISP-DM model of data mining (Chapman et al. 2000) 

 

1. Business Understanding: is concerned with comprehending the project objectives from a business 

perspective and deriving a data mining problem definition. 

2. Data Understanding: is about collecting and familiarising with the data. 

3. Data Preparation: includes the steps required to produce the final dataset to be input into the 

modelling tool. 

4. Modeling: develops and parameterises the transformation techniques to be applied on the dataset. 

5. Evaluation: assesses the data mining model with respect to the business objectives. 

6. Deployment: implements and documents the model in the target organisation. 

 

The authors of CRISP-DM stress that iterations between different phases are required (Chapman et al. 

2000). Yet, they do not provide any detailed description of how the iterations occur or which phases they 

involve. The only indication provided are the loops in the graphical model shown in Figure 3. 
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4.2 Method of analysis 

The method used to compare CRISP-DM with the four other models of designing (INCOSE, Pahl and 

Beitz, RUP and DFSS-ICOV) follows the two-step approach developed by Kannengiesser and Gero 

(2022). In the first step, the different design approaches are brought into a uniform FBS representation. 

For space reasons, the detailed mappings onto FBS issues (i.e., instances of one of the six FBS 

categories: R, F, Be, Bs, S and D) are not elaborated in this paper. Readers may refer to Kannengiesser 

and Gero (2022) for further details. The output of this step are sequences of FBS issues, where every 

sequence corresponds to a simulated execution of individual steps described in each approach. For 

CRISP-DM, a number of alternative FBS sequences are considered, to account for the different 

iterations possible shown in Figure 3. Specifically, the variants shown in Figure 4 have been defined. 

 

Figure 4. Iteration types in CRISP-DM considered for analysis (Types are labelled using an 
"X-Y-Z" schema, indicating the number of iterations at the first (X), second (Y) and third (Z) 

location in the CRISP-DM model), based on Figure 3 in iconised forms 

 

In the second step, three statistical analyses are run on these representations: 

 

• Correspondence analysis: reduces the dimensionality of data to visualise it on a two-dimensional 

plot. In the context of this study, two categories of data are considered: the design approaches 

(and the phases defined within them) and the six types of FBS design issues. 

• Cumulative occurrence analysis: aggregates the occurrences of each FBS issue over all design 

steps, allowing the following characterisations of the resulting graphs: regression lines, slopes 

and first occurrences at start. 

• Markov model analysis: calculates the probabilities of moving from one FBS issue to another 

during a design approach. 

5 RESULTS 

5.1 Correspondence analysis 

Two correspondence analyses were carried out; one considering the number of each of the six types of 

FBS issues in the different approaches, and one considering their number in the different phases of 

each approach. The results are shown in Figures 5(a) and (b). 

 

It can be seen in Figure 5(a) that CRISP-DM is the only approach located in the top-left quadrant, 

indicating that it is quite different to the other design approaches. It is positively associated with Bs 

issues (and, to a lesser extent, S issues), and negatively associated with R and F issues (and, to a lesser 

extent, Be issues). This indicates that CRISP-DM is strongly oriented towards design solutions as 

opposed to design problems. 

 

The plot in Figure 5(b) shows that no phase in CRISP-DM is located in the top-right quadrant. In this 

quadrant the phases concerned with requirements analysis in the other design approaches are located, 

highly associated with R and F issues. The most problem-oriented phase in CRISP-DM is Business 

Understanding (shortened to Bus Undst in Figure 5), based on its close connection to Be issues. The 

phase of Evaluation in CRISP-DM is closely connected to Bs issues, similar to the INCOSE phases of 

Verification and Validation. These results confirm the highly solution-focused character of CRISP-

DM. 

 

https://doi.org/10.1017/pds.2023.271 Published online by Cambridge University Press

https://doi.org/10.1017/pds.2023.271


ICED23 2711 

 

Figure 5. Results of correspondence analysis: (a) across the five design approaches, and 
(b) across the different phases in the design approaches 

5.2 Cumulative occurrence analysis 

The cumulative occurrence of FBS issues in CRISP-DM is shown for iteration types 0-0-0 and 2-2-1 

in Figure 6. 

 

Figure 6. Cumulative occurrence of FBS issues in CRISP-DM: (a) for type 0-0-0 (i.e., no 
iterations), and (b) for type 2-2-1 

 

The graphs for Bs, S and D issues are linear in all iteration types. The graphs for F and Be issues 

flatten towards the end when no iteration occurs (see Figure 6(a)). These graph behaviours are 

consistent with those observed for the other four design approaches (Kannengiesser and Gero 2022). 

 

As the number of iterations increases in CRISP-DM, the graphs for F and Be issues become linear (see 

Figure 6(b) for type 2-2-1). This is different from the other design approaches, which can be explained 

based on the unique style of iteration considered for CRISP-DM: It includes a large loop from 

Evaluation back to Business Understanding, having the effect that any non-linearities over the course 

of the design process are "ironed out" as the graphs scale up with increasing numbers of iteration. 

 

The graphs show that all six FBS issues first occur at the beginning of the CRISP-DM process. This is 

consistent with the other design approaches for R, F, Be and D issues. However, in all of the other 

approaches the first occurrence of Bs and S issues was observed only later in the process. This is 

because CRISP-DM is the only approach where the suitability of existing design solutions is assessed 
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in the first phase. Other approaches are based on the assumption of greenfield design, where existing 

solutions do not exist or are intentionally ignored for the new design. 

5.3 Markov model analysis 

First-order Markov models produced for all iteration types show the same patterns in terms of so-

called dominant state transitions − transitions between FBS issues that are the most likely to occur, 

based on the highest probability of occurrence in the model for that transition. They are shown in 

Figure 7, together with those identified for the other design approaches (see Kannengiesser and Gero 

(2022)). The results show that CRISP-DM shares two dominant state transitions with the other 

approaches: R to F, Bs to S, and D to S. The dominance of the F-to-F transition and of the S-to-S 

transition in CRISP-DM is shared only by RUP and DFSS/ICOV, respectively. The dominant Be-to-

Be transition in CRISP-DM is unique among the approaches. Therefore, a rather unique feature 

emerges from the CRISP-DM Markov model: There is an apparent lack of dominant transitions 

transforming function to expected behaviour and then structure − which are generally viewed as 

essential activities in generating a design, based on their abductive nature (Roozenburg 1993). Since 

only dominant transitions are shown, this does not imply that there are no such transitions, only that 

they are not dominant. 

 

Figure 7. Dominant state transitions in the Markov models of (a) CRISP-DM, (b) INCOSE, 
(c) Pahl and Beitz, (d) RUP and (e) DFSS/ICOV 

6 DISCUSSION 

Overall, the analysis shows that CRISP-DM can be studied as a design approach, in the same way as 

INCOSE, Pahl and Beitz, RUP and DFSS-ICOV. Its individual steps can be mapped onto the six types 

of design issues, resulting in sequences of FBS issues that can be characterised quantitatively and 

compared to the other approaches. The results of the comparison show similarities in multiple aspects, 

but also differences: 

 

• CRISP-DM is more solution-oriented in its emphasis on Bs and S and its lack of emphasis on R, 

F and Be issues (see Section 5.1). 

• The rate at which F and Be issues are generated is constant the more iterations occur (see Section 

5.2). 
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• Bs and S issues first occur at the beginning, as existing solutions are analysed in the first phase 

(see Section 5.2). 

• There is a lack of dominant abductive transformations from F to Be and from Be to S issues (see 

Section 5.3). 

7 CONCLUSION 

Our design-ontological perspective of models, using the FBS ontology, and our analysis of an example 

of model design indicate that models can be designed in a similar way as other artefacts. The process 

of model design covers all six fundamental FBS design issues, while there are differences in the 

emphasis on specific issues overall or over the course of designing. These insights were derived from 

only one instance of model design, namely, CRISP-DM. More research is needed, which may be 

based on similar analyses of other model design approaches, in order to enhance validity. The design-

ontological perspective of models lends itself to a range of model development that includes domains 

not traditionally considered as design activities. For example, in presenting a research project it is 

often necessary to include a research plan, which needs to be developed for the specific research 

questions to be explored or hypotheses to be tested (Harrington, 2020). Military planning can be 

viewed through this design-ontological perspective of models and as a consequence can be modelled 

as a design activity (US Army, 2010). 

 

A better understanding of modelling as a design activity can potentially lead to improved methods in 

this area. Here adopting a design view may be helpful again: Prescriptive models of designing, such as 

the process model defining the CRISP-DM approach that was visualised in Figure 3, can themselves 

be viewed as artefacts that can be designed and re-designed for enhanced performance. We can view 

the design of models of designing as meta-design. In such as meta-design context, the results of our 

analysis (e.g., CRISP-DM's emphasis on solutions at the expense of problems) represent the behaviour 

(Bs) derived from its process model structure. The characteristics of the other design approaches 

studied (INCOSE, RUP, etc.) could serve as benchmarks for expected behaviour (Be), which may then 

be used to re-design CRISP-DM. For example, this may lead to modifications of CRISP-DM 

strengthening the focus on the requirements and functions that the data mining model is to address, 

thus making this approach more problem-oriented. 
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