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‘Without data, you are just another person with an opinion.’ 

W. Edwards Deming 
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Abstract 

Global challenges such as increasingly competitive markets, low-cost 
competition, shorter lead time demands, and high quality/value output are 
transforming the business model of the company to focus beyond the performance 
requirements. In order to meet these challenges, companies are highly concerned 
with the customer perceived value, which is to connect the product with the 
customer in a better way and become more proactive to fulfil the customer needs, 
via function-oriented business models and Product-Service Systems. 

In literature, the conceptual phase is distinguished as the most critical phase of 
the product development process. Many authors have recognized the improvement 
of design in the conceptual phase as the mean to deliver a successful product in the 
market. At the decision gate, where concepts are selected for further development, 
the design team needs knowledge/data about the long-term consequences of their 
early decision, to see how changes in design propagate to the entire lifecycle of the 
product.  

The main goal of the thesis is to describe how the design of Product-Service 
Systems in the conceptual phase can be improved through the use of a data-driven 
approach. The latter provides an opportunity to enhance decision making and to 
provide better support at the early development phase. The study highlights how 
data are managed and used in current industrial setting and indicates the room for 
improvement with current practices. The thesis further provides guidelines to 
efficiently use data into the modelling and simulation activities to increase design 
knowledge. As a result of this study, a data-driven approach emerged to support the 
early design decision.  

 The thesis presents initial descriptive study findings from the empirical 
investigations, showing a model-based approach that creates awareness about the 
value of a new design concept, thus acting as a key enabler to use data in design. This 
will create a link between the product engineering characteristic to the high-level 
attributes of customer satisfaction and provider’s long-term profitability. The 
preliminary results indicate that the application of simulation models to frontload 
the early design stage creates awareness about how performance can lead to value 
creation, helping multidisciplinary teams to perform quick trade-off and what-if 
analysis on design configurations. The proposed framework shows how data from 
various sources are used through a chain of simulations to understand the entire 
product lifecycle. The proposed approach holds a potential to improve the key 
performance indicators for Product-Service Systems development: lead time, design 
quality, cost and most importantly deliver a value-added product to the customer. 
 

Keywords: Engineering design, data-driven design, conceptual phase, Value-Driven 
Design, Product-Service Systems. 
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1. INTRODUCTION 

Over the past few years, engineering design has increasingly become a more 
data-intensive process [1]. This development is fuelled by global technological 
trends, such as the advancement in industrial digitalization, Industry 4.0, cloud 
computing, big data, and the Internet-of-Things (IoT). Designers are well aware of 
the underlying opportunity of data gathered from the entire lifecycle of a product to 
guide decision-making activities. While technological advancements enable 
companies to harvest and process streams of data from various sensors, wireless 
devices, and other databases, it is still unclear how to manage and create value out 
of them [2]. This is particularly true when looking at the early stages of the product 
development process. 

The interest in data-driven methodologies is testified by large investments 
related to the development of information management systems. This interest 
originates from the fact that product-related data (such as engineering data), as well 
as corporate ones, such supply chain, customer and enterprise data, may be exploited 
to improve competitiveness of operations [3].  

One might think that design is a rather secluded and independent operation 
performed in complete isolation to various other disciplines, such as marketing, sales 
and engineering. Instead, these are largely and substantially involved in shaping the 
final product [4]. A problem is that these disciplines do not share data with the design 
team most of the time. For instance, customer-related data are captured, managed 
and stored in customer relationship management (CRM) applications [5]. Similarly, 
engineering design relies on the efficiency of different CAx applications, such as 
Computer-Aided Design (CAD) and Computer-Aided Engineering (CAE). Most 
often these applications are employed on a monolithic level for activities such 
performance and behavioural analysis, hence the output is still seen with scepticism 
failing short to deliver the expected outcomes to improve the overall decision-
making cycle [6]. This is predominantly caused by insufficient knowledge and 
incorrect deployment of available data [7]. When approaching a decision-making 
stage concerning the design of a product, all parts of the organization need to work 
in harmony and close coordination. Such a unison does not only accelerate the 
knowledge sharing process between disciplines but also improves design synthesis 
capabilities, which is a design team can more quickly converge to the best possible 
design during decision making.  

Product development organizations have long been taking advantage of product 
lifecycle management (PLM) systems, which today is the main tool to manage 
information in design. PLM integrates product-related and corporate data in 
business systems to provide a product information backbone [5]. PLM enables 
management of the entire life cycle of a product through engineering design and 
manufacturing to service and disposal [8]. Besides PLM, these organizations also 
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manage product life-cycle data via dedicated software, such as Product Data 
Management (PDM). A PDM is part of a PLM platform and is used for the storing, 
tracking, managing and sharing of product life-cycle data. However, PDM is often 
limited to the collection of engineering data and does not capture the information 
that lies outside the boundaries of product development [5]. These systems (PLM, 
CRM & PDM) are popular in organizations to reduce cost, time and to improve 
quality. However, many challenges still remain related to interoperability, integration, 
data quality and knowledge transfer to future projects [9][10][5]. Companies have 
also been struggling to overcome the issue related to data quality arising from the 
manual handling of data. Another issue is that the data obtained from existing 
products is most likely to be used to design products that deliver almost identical 
functionalities as the existing ones, i.e. hampering the innovation process [11]. 
Interoperability and integration concern the data and information exchange among 
the above-mentioned heterogeneous applications. Full interoperability is claimed to 
have a drastic impact on the overall productivity of the system as well as on the 
design process [12][13]. In an industrial context, these systems are purchased and 
customized according to organization structure, software application, technology 
and product nature, thereby resulting in many ad-hoc solutions. Any unexpected 
changes in technologies and applications may trigger compatibility concerns for the 
entire solution, negatively affecting the design process. Designers and other users of 
these systems must gain expertise to be able to use them in a more efficient way.  

The aforementioned issues are even more emphasized when a solution is 
designed from a Product-Service Systems (PSS) standpoint. The digitization era has 
revolutionized the business model. Companies that were previously involved in the 
business of selling products, now, understand that there is greater value in the service 
they provide [14], shifting towards PSS [15]. Since both product and service 
influence customer satisfaction, the raw data obtained from the customer must be 
analyzed into two categories such as product-related and service-related descriptions 
[16]. These categorized data might provide a competitive edge for the company as 
they can be used to develop new services in the provided solutions, and 
differentiating it from the competitors [17]. As the need for including service aspects 
in design increases, it demands more connectivity between the actors in the early 
stage of design, such as marketing and customer. If connectivity and data analysis go 
hand in hand with each other, the opportunity of providing services will increase 
rapidly [14]. 

A Value-Driven Design (VDD) methodology can provide methodological 
guidance, together with tools, to leverage the uptake of PSS design process [18]. 
VDD and PSS are aligned in their intentions to measure the impact of service-related 
aspects (intangible) of the product, and to emphasize customer value in design. 
These intangible aspects are difficult to measure due to lack of tools, support and 
sufficient knowledge/data; therefore engineers use early simulations results to 
generate knowledge to learn about customer value and related solutions [19].  
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The opportunity to exploit real-world data to improve such a value assessment 
process lies at the core of data-driven design as defined in this thesis. What makes 
data-driven design to stand-out from classical performance-based analysis is the 
opportunity to seamlessly connect the IoT (and its massive dataset) with PLM, PDM 
and CAx in the design environment, so to ensure that the next generation of 
products, services and systems meet customers’ needs even better than today’s 
generation. Noticeably, rather than making assumptions about how a product 
concept will perform when operated, maintained, dismissed or recycled, the design 
team can extract relevant knowledge for decision making by leveraging existing data 
from the field.  

1.1 Aim and research question 

This research work aims to investigate how a data-driven approach can improve 
knowledge generation in the early phase of the product development process. The 
work presents an approach and a framework in which the design team can assess 
PSS concepts from the perspective of customer value. The primary research question 
(RQ) is: 

How can patterns derived from data streams be used to enhance reliability 
and fidelity of value models in PSS design? 

The research question is broad because it wants to explore the underlying nature 
of the data-driven design concept; hence it does not refer to any specific kind of 
product. A main aspect of interest related to the above question is how ‘patterns’ 
can be derived from data streams to inform designers about the desired features of 
a design. A pattern is intended as any piece of information (and knowledge) that can 
raise awareness about the performances, behaviour, interfaces and relationship with 
the environment of a given product/service combination. These patterns may be 
instantiated in the form of model concepts, functions, equations and more. 
Noticeably, the thesis investigates how these patterns can contribute in developing 
and populating the chain of models that makes possible to simulate the value of a 
solution from its properties and components. 

1.2 Reader’s guide 

The thesis consists of 6 chapters. Chapter 1 includes introduction, aim, and 
research question. Chapter 2 describes the methodology in which the research 
framework, research approach and research environment are discussed. Chapter 3 
investigates the literature needed to support the assumptions leading to the RQ 
section in the introduction. Chapter 4 summarizes the individual paper and their 
links to the thesis. Chapter 5 presents the results of the work in the form of a 
descriptive study findings. Chapter 6 draws conclusions and presents future work.
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2. METHODOLOGY

2.1 Research framework

A Design Research Methodology (DRM) is defined as an approach and a set of 
ethods delines to be used as a framew

research [20]. the 
data-

. The thesis does not 
situation, it also wants
support (the proposed data-driven framework) that is likely to change the existing
situation into the desired situation and maintain this. Other similar methods related 
to DRM are the by Duffy and 
O’Donnell [21], and the Soft System M The work from Duffy and 
O’Donnell [21] focuses , while SSM intends 
to understand the 

a to when .
The latter finds solutions that are ‘feasible and desirable’ and try to overcome the 
difficulties by taking action on-site; thus, providing a local solution. The DRM is 

of (RC), 
Descriptive study I (DS I), Prescriptive study (PS) and Descriptive study II (DS II).

Figure 1. DRM Framework with inputs and outcomes of the different stages 
[20].
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The is where a . Noticeably the RC and DS-
take work, because ratory nature 
of the research. 
which enables the author to understand the existing situation (‘as is situation’) and 

The DS-
s in the ‘as is situation’ are

factors to define such
‘as is situation’. At DS- , the researcher needs to look into more detailed

This is done to 
s that mi

carefully studied. -I had the aim
all the potentially relevant areas for the study, hence it considers a wide range of 

Relevance and C
was used to identify on which research is 

narrow down the literature search
The essential, useful 

and contributi 2). The balloons indicate the 

useful area within these disciplines along with sub-areas which might be useful and 
essential [20]. 

Figure 2. ARC Diagram for data-driven design.



7

The author also used interviews to define the ‘as is situation’ that increases the 
understanding of various connected, influential factors and their effect on the ‘to be 

To be n with PS, the researcher identifies the 
most influential factors and its effects on the ‘as is situation’, and defines the 

them in the form of: “what is it and how it works”. The 
outcome of the PS is
DS- s
assessment to understand the desired situation. T
research project proposed by DRM, which includes a review based literature analysis, 
a -I followed by an initial PS that indicates are used 

which “as is situation”. A 
hensive DS-I involves a literature review, as well as undertakes an empirical 

study to develop support or evaluate support (see Figure 3).

Figure 3. Types of design research and their main focus [20].
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2.2 Research approach 

DRM provides a framework to carry out the research, and an overall 
methodology. This section describes more in detail the research approach, which is 
based on multiple case study research. Yin [22] defines case study research as the 
main procedure to carry out qualitative research. The choice of selecting a case study 
research largely depends on the type of research question generated and is 
particularly suitable for question related to how and why. The research question (see 
section 1.1) also indicates that selecting the case study approach is appropriate as it 
focuses on “how”. In the thesis, the research question is answered by gathering 
empirical data from two cases at companies. Doing multiple case studies is 
considered more compelling than a single study [22] because it allows the researcher 
to draw a unique conclusion from multiple cases, which is more generalizable.  

Yin [22] defines case study research as an ‘empirical inquiry’ that investigates a 
current phenomenon when the boundaries between phenomena and the ‘context’ are 
not clear. The ‘empirical inquiry’ is associated with a distinctive technical situation, and 
requires multiple sources of evidence, triangulating the empirical data [23]. The 
approach followed in this work likens “action research” to improve the 
understanding of the problem and to develop a solution, and not only grow 
knowledge on the topic.  

2.3 Research Environment 

The research is carried out in collaboration with two Swedish multinational 
companies within the Model-Driven Development & Decision support (MD3S) 
research profile at Blekinge Institute of Technology (BTH).  

The first case is investigated in a food packaging company that provides 
packaging solutions to its customers. The company has it headquarter in Switzerland 
and Sweden. The author participated in model mapping activities, emerging from 
interviews and discussions with several practitioners from the design team. The team 
is responsible for organizing the various computer-based models in the organization, 
for improving the quality of the product by modifying its engineering characteristics, 
connecting supplier with that of the customer so to provide an unmatching solution 
to their customer in term of value-added products. 

The second case is investigated at a Swedish multinational company operating 
in seven countries with headquarter in Karlskrona, Sweden. The Company 
manufactures road construction machines, such as, pavers, compactors, rollers, and 
planers. In this case, the author focused on the development of the necessary 
modelling support to guide the development of the future generation of double 
drum asphalt compactors. This includes performance-based models, as well as usage 
and maintenance models to be used to feed the value assessment calculations. The 
latter is used to benchmark alternate product concepts. 
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3. THEORETICAL FRAMEWORK

This section describes the theoretical framework at the basis of this thesis work. The sub-sections 
featured below are defined on the basis of the evidence collected from the literature - which is through 
the use of the ARC diagram – as well as from the preliminary findings collected in the RC and 
DS-I stages of the DRM methodology.

3.1 Product-Service Systems

-Service Systems’ [24]. 

. The latter
eventually charges the customer for the provision of agreed results. The PSS 

s. It
‘Functional 

Product’ or ‘Service- [24]. Noticeably, Tukker [25]
4 s

to Product-oriented PSS, where the business model, as described by Tukker [25] is: 
“still mainly geared towards sales of products, but some extra services are added”. 

Figure 4. Types of Product-Service Systems by Tukker [25].

the main 

business models [24]. Furthermore, services have been observed to 
profit margins than products [26], and this has attracted attention from pure 
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manufacturing towards the opportunity or expanding their offer to capitalize on this 
phenomenon. 

Yet, despite the opportunity of creating extra revenue sources, an extensive 
analysis of 12,521 companies [27] reveals that servitized firms tend to generate lower 
net profit compared to pure manufacturing ones and that they are often not able to 
cover servitization investments. Karlsson et al. [28], as well as Rondini et al. [29], 
stress the role played by early-stage design activities for PSS success in the market. 
These authors highlight the need for informing decisions makers, early on in the 
design process, of the value generation opportunity related to alternative PSS 
embryos. Service aspects such as maintenance, recycle, repair, training, transport 
have been recognized as important value-creating factors in PSS design. In turn, this 
has raised questions about how to effectively and efficiently model them during 
concept selection activities, and how models shall be used to support the cross-
functional engineering team in these decisions.  

3.2 Role of data in engineering design 

In today's digital world, data is increasingly recognized as a critical asset by 
manufacturing companies. Harvesting large amounts of data and using them into the 
design process is becoming commonplace in many industrial sectors [30]. The 
literature shows significant opportunities and several success stories linked to the 
possibility of using data in the design process [31]. Rolls Royce became the second-
biggest maker of jet engines through the strategic use of data. At the same time, 
General Electric has been observed to successfully exploit data streams from their 
products to improve the design of their aircraft engines [32]. This emerging ‘data 
trend’ poses new challenges for the organization, mainly with regards to how to 
acquire these data and process them in a way to be used for design decision making. 
This is a far more complex problem than simply finding an efficient way for handling 
data that are different in size, type and format [33]. Rather, this is mostly a matter of 
extracting knowledge that is relevant for guiding decision making. Figure 5 describes 
in a visual way the inherent difference between data, information and knowledge. 
This model is known as the Knowledge Pyramid, and illustrates the relationship 
between these seemingly common concepts As suggested by Tuomi [34], “…. data 
as simple facts that become information as data is combined into meaningful structures, which 
subsequently become knowledge as meaningful information is put into a context and when it can be 
used to make predictions”.   
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Figure 5. Knowledge Pyramid [34].

more ‘actionable’ and ‘useful’ for decision-makers when it is turned into information. 
At the same time, information becomes more ‘actionable’ and ‘useful’ when it is 

machines, the 
today so that it 
can be turned into information,
for the organization. The six-step knowledge discovery process (KDP) proposed in 
Kulin et al. [35]
datasets. The KDP framework will be further discussed in the result section with 
regards to the -driven desi framework and its transitions.

is commonly known as 
‘data- [33]. Unlike the Cross Industrial Standard Process for Data 

- [36], which established a standard 
there is n

framework identified in the literature to perform data-driven design. In the 
, lifecycle data t due to the

t-hand data, and 
communication issues [37]. While the lack of data 
remains the common denominator, advanced such, as RFID and 
sensors and customer have opened new opportunities

Several researchers have made contributions related to the
by incorporating data into the design process and have proposed distinctive 

[38] -driven framew the lifecycle demand for new 
product based on historical sales data. Nie et al. [39] have proposed a data-driven
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simulation framework to reduce the simulation time using meta-model without 
compromising accuracy. The frameworks proposed by these authors indicate that a 
data-driven approach has the potential to improve design aspects such as the 
accuracy and quality of the design through informed decision. However, it could be 
more beneficial for the designer to use this information to measure product value 
and non-functional characteristics. As elaborated by Dick et al. [40], the technical 
models remain less efficient in providing a holistic view of a product, as for the final 
solution, relevant stakeholders are unable to utilize this information because of lack 
of domain knowledge. 

Boger and other [41] presented an interesting example of a data-driven approach 
within the domain of PSS. In their work, they propose a data-canvas to enable the 
remote design iteration process of a device (which is a connected baby bottle). They 
showed the possibility to obtain data from user behaviour and experience, streaming 
from sensors. They recognized that user involvement in design for PSS will reduce 
the complexity of the tasks by exploring behavioural and experiential consequence 
on design. Another example of the application of a data-driven paradigm in PSS is 

provided by Lützenberger et al. [42]. The authors describe a methodology and also 
present an example of how information gathered from sensors embedded in 
consumer products (in this case a washing machine) can be used to improved design 
requirements for next-generation PSS hardware. Based on the sensor data from the 
washing machine and the user feedback, the authors exemplify both how the product 
can be adapted to consumer needs and how services can be created/supported. 

3.3 The Conceptual phase of design 

Design is generally considered as an ill-defined, complex and iterative process, 
which is refined over time as the design process proceeds further [43]. A design 
process starts with customer needs by gathering raw data from potential customers 
and ends with the product launch [44]. Noticeably, customer needs have to be 
communicated to the design team as clearly as possible. This is because the list of 
customer needs will be translated into product specifications, which determine what 
technical characteristics are needed in the product. These technical requirements are 
decomposed into the subsystem level and component level [44]. The purpose of this 
decomposition is to know how the design problem is distributed into smaller, more 
manageable design subproblems [43]. In determining the product specifications, 
conflicts typically emerge between the marketing team and the design team. This is 
usually because the manager and market researcher define the product from 
customer view in terms of desirable attributes, while engineers and designers 
concentrate more on engineering characteristics (EC) of design that usually appear 
in terms of physical properties of the product [45].  

Companies need to design a product that meets several criteria such as, technical 
performance, low cost, high quality to provide value-added product to their 
customer. These criteria are likely to be improved if the design requirements are 
systematically addressed in early phase. In addition to this, the recognition that 
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decisions made early in the conceptual stage have a deeper impact on cost, quality, 
and performance, forces companies to develop knowledge that normally needed in 
the following phase of design to the conceptual phase [6]. However, the efficiency 
of design at the conceptual phase has yet been limited by the need for contextual 
input data, mostly ambiguous in the early phases of design, when most significant 
improvements and enhancement can be achieved. Thus, the goal during the early 
design process is “… to learn as much about the evolving product as early as possible in the 
design process because during the early phases changes are least expensive”[43].   

3.4 Model-based system engineering 

Neelamkavil, [46] defines a model as “… a simplified representation of a system intended 
to enhance our ability to understand, predict and possibly control the behaviour of the system.”  
Maria [47] defines Simulation as “A simulation of a system is the operation of a model of the 
system”. 

Model-based systems engineering (MBSE) has been widely accepted within the 
industry for managing the product development process [48][49]. During the design 
phase, the designers have to communicate their ideas through a formal concept 
model. MBSE is then helpful for engineers to develop requirements in a systematic 
manner and allows different teams to work in a collaborative way [50]. Most recently, 
Cameron and Adsit [51] pointed out that models are ubiquitous in engineering design 
and that the “prominence of controlling documents is now replaced by controlling the model of the 
system”. Model-driven development is then identified as this shift from document-
centric to model-centric. Zeigler et al. [52] claim that developing models is not 
enough; rather these must be simulated to address today’s complex, adaptive, 
systems of systems engineering challenges.  

An example of how to bridge the model with simulation as suggested by Zeigler 
et al. [52], is given by Graignic et al. [7] that integrated model and simulation activities 
with data to increase the confidence in the system. To support data integration 
among the simulation tools, several authors have proposed the co-simulation 
approach for optimal system performance [7][53][54]. These authors have shown 
how data among the selected set of simulation tools can be shared. This implies that 
data from one simulation can be integrated automatically into another simulation 
tool through the co-simulation approach. 

To make the co-simulation more flexible so that data can be used from other 
sources into the simulation tools. Tannock et al. [55] and Nie et al. [38] realized to 
move forward with the concept of the data-driven simulation so that the data can be 
put to good use. Their proposed simulation models are able to use the data in an 
automated fashion that considerably reduces the design effort. This is because the 
manual feeding process can be erroneous and time-consuming. To exemplify, 
Tannock et al. [55] collected the Bill of Material (BOM) from the company database 
(CRM) in an automated manner with the help of macro programming in Visual Basic 
Application (VBA) and used them for the simulation exercise.  
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3.5 Value model for decision making 

In order to reduce the risk associated with the conceptual phase of design [44] 
engineers need models to measure ‘goodness’ of design. Recent literature has 
spotlighted the opportunity of developing so-called ‘value models’ to capture the 
long term consequence of design from a value perspective [56]. A value model can 
provide a broader view of a design solution, going beyond technical performances 
to the entire system of product [19]. The crucial part is to find out what customer 
value is, and among all the customer values, which one to focus on [57]. The 
customer perceives value in two forms subjective and objective [58], which can be 
measured in qualitative and quantitative terms, respectively [18]. It becomes intuitive 
for the designer, to integrate the value model with design tools [59] so as to increase 
the capability of the tool to consider the design from a value perspective. As a 
consequence, the designer at the initial stage has to deal with two problems. Firstly, 
to develop a value model that defines the design explicitly to all stakeholders, and 
secondly to simulate the performance and other design attribute and connect them 
to the value models so that the best design can be selected.  

In spite of many conceptual frameworks being proposed for Value-Driven 
Design (VDD) [19][59][60][61], the overall understanding of value modelling is still 
limited due to the difficulties of capturing and measuring all the relevant aspects of 
value for customers - subjective and objective [58]. Gorissen et al. [62] and Bertoni 
et al. [63] recognized that decision-makers need enough information and data to 
properly understand the design ‘trade-off’ assessment using a value model. The 
opportunity of exploiting data from the usage and operational stage related to the 
interaction between humans and the system (hardware, software and service) holds 
great potential to cope with the current limitations of VDD. At the same time, VDD 
approaches shall make better use of data obtained from the early simulation on the 
design concept and use them to populate a value model to understand trade-off 
capabilities, performance, cost and life for a complex product. Current activities in 
the VDD research stream [52][58] are exploring the opportunity to apply value 
models in a data-rich situation, arguing that by applying a data-driven approach for 
value assessment it will be possible to increase the reliability and fidelity of the value 
model at all design levels. 

As the complexity of design increases, due to the need of considering an 
increased number of subsystems and components in the design of Product-Service 
Systems (PSS) solutions, so increases the complexity of the modelling activity. In 
order to manage this, design decision support – in the form of ad-hoc frameworks 
– is needed to guide the design team in exploiting data to assess the value of a design. 
Yet, data-driven approaches in the VDD domain are in their infancy and thus lack 
of a systematic way to structure the value modelling exercise by exploiting the 
available data. 
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4. SUMMARY OF APPENDED PAPERS 

4.1 Paper A 

Bertoni, M., Chowdhery, S.A. and Bellini, A., 2018. Model-driven value 
assessment: a case from the food packaging industry. In International Design Conference 
(DESIGN 2018), Dubrovnik (Vol. 1, pp. 161-170). The Design Society. 

Summary 

Modelling and simulation have long been used for improving the design of new 
food packages. As consumer demands more functionality in the products. This 
brings new challenges to populate value models and integrate the simulation models 
with those value models at the conceptual phase. Due to the increasing number of 
models for a product, the paper proposes a framework in which simulation models 
are mapped and provide support for collaborative decision making. The proposed 
method also allows to perform quick analysis on product characteristics and its 
propagation on value.  

Author’s contribution 

The author collected empirical data from several interviews and workshops 
sessions, participating in meetings and company presentations. The author collected 
and mapped more than 30 models relevant to connect the performance of a package 
to its value contribution. The author developed a set of demonstrators and was able 
to present the idea of a data-driven paradigm and its capability to exploit the 
technical aspect of the product. The understanding of how data are used in a model-
based setting has significantly increased during the work and shown that 
frontloading the models with data increases the model quality. The author further 
proposed a framework that serves as a decision-making tool connecting all studied 
models in one place and simulating those in terms of value aspect in decision theatre 
at the Blekinge Institute of Technology.  

Relation to the thesis: 

Advanced modelling and simulation can demonstrate the system’s capability and 
function. The work contributes to develop an initial framework for this research 
based on MBSE. The proposed approach shows how model-based system 
engineering can be represented as a value enabler; therefore, this exploits the 
engineering team to frontload data into the design. 

4.2 Paper B 
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Chowdhery, S.A. and Bertoni, M., 2018. Modelling resale value of road 
compaction equipment: a data mining approach. IFAC-PapersOnLine, Vol. 51, No. 
11, pp.1101-1106.  

Summary 

The purpose of the paper is to investigate the role of data-driven methodology 
in developing a cost model for the product. The paper shows how the engineering 
characteristics of a product can be linked to its resale value. A data mining 
methodology has been proposed to enable the company to focus during the early 
phase of design by initiating a discussion among the engineers and managers in the 
company to design a product keeping “value” as a centre.     

Author's contribution 

The author’s contribution mainly focuses on the selection of product feature 
(i.e., engineering characteristic in terms of dimension), understanding of the features, 
and its impact on cost. The author developed visual basic scripts and used the 
WEKA tool. VBA Codes are written to automate the process, fetching data from 
the website, re-structuring the data, merging thousands of product’s information into 
a tabular form, and postprocessing. The author made the final choice of which 
algorithm to adopt.  

Relation to the thesis: 

In relation to the thesis, this work provides an understanding of how data from 
different sources (customer, dealer, and company) can support to develop a data-
driven approach. The paper proposes an approach which is automated in a way to 
extract a large amount of data to populate cost models where the designer can see 
the effect of engineering characteristic on the cost model. This also allows the 
designer to capture the tacit knowledge from customer and used them in quality 
improvement. 

4.3 Paper C 

Chowdhery, S.A., Bertoni, M., Wall, J., Larsson, T. “A data-driven design 
framework for early-stage PSS design exploration”. (submitted for publication)  

Summary 

Ubiquitous and pervasive computing holds great potential in the domain of 
Product-Service Systems to introduce a model-driven paradigm for decision support. 
Data-driven design is often discussed as a critical enabler for developing simulation 
models that comprehensively explore the PSS design space for complex systems, 
linking of performances to customer and provider value. Emerging from the findings 
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of two empirical studies conducted in collaboration with multinational 
manufacturing companies in the business-to-business market, this paper defines a 
data-driven framework to support engineering teams in exploring, early in the design 
process, the available design space for Product-Service Systems from a value 
perspective.  

Author’s contribution 

The author proposed an initial framework which was then generalized and 
modified. The framework was then presented to the industrial partners, and an initial 
demonstrator was established to see the framework in action. The demonstrator has 
been presented in academia and industry. The author worked with Discrete Event 
Simulations, MATLAB, and VISUAL BASIC tools and explored the possibility to 
establish a connection among these tools. The tools are then be used in a data-driven 
context. The author proposed guideline in which data from the available sources are 
fed into the demonstrator. 

Relation to the thesis: 

A data-driven co-simulation approach has the ability to deal with a complex 
system, increase understanding among the design team. The proposed approach 
allows the designer to use data into the design. The proposed data-driven approach 
involved various stages of the conceptual phase; as a result, the designer can select 
the final concept for the next stage of the design. Verification activities show that 
the framework and modelling approach is considered to fill a gap when it comes to 
stimulating value discussions across functions and organizational roles, as well as to 
grow a clearer picture of how different disciplines contribute to the creation of value 
for new solutions. 
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5. RESULTS: A DATA-DRIVEN APPROACH FOR PSS 
DESIGN

are 
described in two f the two main 

-driven e are described as
‘transitions’
dimension to value, as well as The second one zooms 
in the data-
the framework, describing how to cope with interoperability, integration and 
computational challenges.

5.1 Overall setup of the data-driven approach

The results of the thesis the current role – -
of the data-driven approach in the context of Model-Based System Engineering. The 

- shall be 
that of rais awareness about how technical performance contribute to the 
realization of a value.

reveals two main transitions – and challenges -that 
characterise data-driven design (Figure 6). 

Figure 6. Horizontal and vertical dimension recognized in data-driven 
design.

properties/performances of a component/subsystem/system to the realm of 
customer value generation. The horizontal dimension refers to the transition from 
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raw data to design knowledge. The graph on the left-end side of Figure 5 pinpoints 
how data-driven design is both a matter of turning data into relevant knowledge for 
decision making, and a matter of using this information to avoid focusing on sub-
optimal designs (i.e., based on performances) but to identify the design with the 
highest value from a lifecycle viewpoint. 

5.1.1 The vertical dimension: from properties/performances to value 

The study conducted in Paper A reveals that the transition from system 
properties to value shall be considered the main building block of a data-driven 
approach. The case conducted in food packaging industry shows that this transition 
is composed of many layers that share the same purpose of building a chain of cause-
effect relations between the engineering characteristics of a design (lower-level) and 
its value aspects (higher-level).  

The knowledge generated through value modelling activities is witnessed to 
serve as a discussion platform allowing the involvement of stakeholders into the 
design process and decision-making. The value models are observed in both studied 
cases to facilitate the sharing of knowledge and communication of ideas amongst 
managers, experts and design teams. They support the design team in performing 
‘trade-off’ analysis of various design concepts, by means of ‘what-if’ scenario 
exploration and weighting design concepts with respect to their engineering 
characteristics.  

Yet, the empirical observations conducted in both companies also reveal that 
design teams lack a systematic approach to assess the high-level contribution of a 
design as a function of its micro-level properties. It is far from clear for practitioners 
and experts how the underlying chain of simulation models shall be developed, 
populated and connected to explore the value aspects of a design concept through 
its engineering characteristics (EC). The research work shows that a data-driven 
design approach can eventually be generalized and cascaded down to six main layers, 
corresponding to the main outcomes of the associated simulation models. These 
have been defined both to consider the generic product lifecycle phases (see: 
www.capgemini.org) and to encompass the circular economy system strategies 
described by MacArthur [64]. Paper C provides an overarching view of the data-
driven framework and illustrates the sequence of simulation activities - and the 
associated flow of data – needed to be performed to support value assessment 
activities along the concept design stage. Data are gathered at each layer to support 
the definition of relevant simulation models able to represent the contribution of 
each design from a value perspective. Several sources have been identified and 
mapped in the framework with regards to the main data items to be considered in 
the value modelling activity. These primarily include sensor data collected from 
production processes and during the usage phase of existing hardware. Information 
stored in internal and external databases (e.g., originating from manual reports and 
other activities), is also included in the framework as a secondary data source. 
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Eventually, the outcomes from previous modelling activities (e.g., the results of CAx 
models and more) provides further information to define and populate the chain of 
simulation models at each step.  

5.1.2 The horizontal dimensions: from data to design knowledge  

In the context of MBSE, the thesis investigates the role of data-driven approach 
for understanding the value of a design concept, where decisions about the design 
are based on knowledge from a different discipline (i.e., marketing, finance and after-
sales). Extracting and utilizing the knowledge derived from data streams holds great 
potential to enhance the understanding of the connection between higher-level 
design goals and lower-level design characteristics.  

The research work highlights another important transition for realising a data-
driven approach for PSS design, which is the transformation of the input from 
sensors, databases and other sources to something that the designer can use to 
validate the assumption they have about a design. The framework proposed in Paper 
C provides an example of how data collected and stored from various sources, such 
as company database, supplier, sensors, manufacturer and end-user can be exploited 
in the design process. For instance, to assess a design from manufacturing 
standpoint, data regarding tooling cost, labour cost, overhead cost, idle time for the 
machine, production rate, rejection rate, etc., must collected from the field and 
actively used for decision making. Paper B further exemplifies how historical data 
stored in internal and external databases can be mined and analysed to obtain 
important information about the performances of a given design during the phase-
out and disposal phase.  

Importantly, Paper B investigated the capability of automating the data 
collection process (i.e., generating and extracting data). This automation capability is 
an integral part of the proposed Knowledge Discovery Process (KDP) that includes 
all the necessary steps to transform data into knowledge when dealing with new 
knowledge in large datasets. Initially, the design team must state the specific piece of 
knowledge needed to populate the simulation model at each layer. This statement 
must then be explicitly formulated as a data science problem, describing how the 
data can be used to define the input to the simulation model. The data must then be 
collected - according to the definition stated – and explored so to validate both the 
dataset and the formulation of the data science problem from the previous step. In 
the pre-processing phase, the raw data must be transformed into a format suitable 
for feeding into machine learning algorithms or CAx applications. The goal of the 
Data Mining phase that follows is that of training the algorithms to solve the 
knowledge discovery problem that was identified and formulated in step 1, as 
reported in Paper B. The performance of previously trained data algorithms must be 
then evaluated so to select the best performing model. Eventually, the functions, 
expressions and other outputs from the KDP process are turned into relevant inputs 
for the simulation models at each layer. 
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The result of the study shows that extracted dataset, and the implementation of 
the machine learning algorithm on these data set, yield reliable relations between the 
engineering characteristic and value of a design concept. This aids the designer to 
predict the product cost by a unit change in these engineering characteristics. This 
will facilitate the design team to understand why specific feature or engineering 
characteristics are of higher value in design, thus allowing them to reconsider their 
design ideas. The study in Paper B also shows how a designer can perform trade-off 
analysis between two design features that may further lead to resolving conflicts 
associated with design alternatives. 

5.2 A detailed view of modelling activities and data exchange 

In this section, the thesis describes how models are developed, populated and 
linked to support the value assessment activity for a complex system. Figure 7 
provides a detailed view of how the models at the performance layer (CAx, 
MATLAB) are used to derive the input parameters for the models at the 
Operational/Lifecycle layer (which are typically following a Discrete Event logic). 
The framework shows not only the input/output relationship between models and 
components but also how it is possible to improve their interoperability through the 
use of Visual Basic coding.  
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Figure 7. A detailed view of modelling activities and data exchange between 
the Performance and Life Cycle layer.

5.2.1 Performance layer

At the system level, multiple CAD concepts can be generated through a design 
Each 

whic

The data are then used t This 
mathematical model described by a differential or 

that takes the an 
variable. For example, to calculate the velocity performance for a simple spring-mass 

constants, and the force needed to move the mass [38]. The designer may treat force, 
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mass, and coefficient as a variable to achieve a certain velocity performance of the 
system. This will allow decision-makers to find an appropriate set of variables to 
improve the performance, and the proposed approach makes the iteration process 
easy. 

The mathematical model is described in the MATLAB software. In here, 
engineering characteristic data, technical data, and technological characteristic data 
are linked with the mathematical model as variables to measure the performance. 
This model takes a form of System Dynamic (SD) or Continuous Event Simulation 
(CES). The design team can then explore the performance of a design by acting on 
the input variables. The results obtained at this step are forwarded to the following 
layers (e.g., the Operational layer) to analyse how the system will perform under 
different environmental conditions. 

5.2.2 Operational/Life Cycle layer 

Operational Scenarios are broadly defined as possible ways and environmental 
conditions in which a system is intended to be used. For example, in scenarios, 
several usage properties can be varied in terms of day to day usage time, idle time, 
temperature variations, operating conditions, and end-user preferences, and more. 
The properties can be acquired from the existing product in use and can be utilized 
directly in the underlying simulation environment. Different customers use the 
product in different operating conditions (country, climate and with different 
working parameters) from which data can be obtained and fed back into the 
simulation model so that product behaviour and cost profile can be determined for 
the entire life. 

In the proposed data-driven framework, scenarios at the Operational and Life 
Cycle layer are generated using Discrete Event Simulation (DES). DES allows 
decision-makers to quickly modify and test each of the concepts in a virtual 
environment, track the time of each instance and monitor the sequence of operation 
– e.g., in a working site. DES not only simulates the system itself but also connects 
it to the super-system to predict how a solution will behave during the usage, service 
and maintenance phases. The DES model provides important information (in the 
form of key performance indicators) to populate the value model in the following 
step. This enables the designer to iteratively refine the design process through value 
analysis within the design loop. For example, decisions about the particular 
technology can be taken based on simulation results which may include maintenance 
plan, service, and performance evaluation with respect to time. 

5.2.3 Value Assessment 

To carry out the value assessment processes, the framework foresees the use of 
both qualitative and quantitative models. In situations where qualitative data and 
assumptions prevail, such as in early design, it is often preferable to apply Multi-
Criteria Decision Analysis (MCDA) techniques to the value assessment problem. 
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Paper A describes how these qualitative models are used to execute quick what-if 
analysis of alternative configurations already in the project fuzzy front end. Their 
main aim is to support decision-makers in filtering out options that do not achieve 
the expected target in terms of value provision. 

Paper B further points out how the Knowledge Discovery process is exploited 
to detail the type and shape of the function that characterizes the relationship 
between value and the lower level engineering characteristics of a hardware/concept. 
In the first iteration, the data-driven approach can support engineers in developing 
the MCDM model. For instance, Paper B exemplifies this process by describing how 
this has been used to determine the relationship function characterizing the 
relationship between vibration frequency and resale price for a double drum 
compaction machine. This information has further been used to populate the 
EVOKE model [65], a particular type of MCDM for early-stage decision making. 

Qualitative models are complemented by more quantitative assessments based 
on profit-based models. The ability to link system and component properties and 
costs (Performance and Manufacturing layer) with its behaviour/availability when 
operated by the customer (Operational and Life cycle layer), up to its monetary 
contribution (Value Layer) has been acknowledged in the study to facilitate an 
interplay among several roles and functions in the company, including managers, 
engineers, and technology suppliers. 

Quantitative value models in the proposed data-driven framework take the form 
of monetary models developed using the Net Present Value (NPV) and Surplus 
Value (SV) techniques [66]. The NPV cost function monitors the cash inflows and 
outflows over a defined period of time, while SV calculates the difference between 
reservation price and manufacturing cost, [67]. The outcome of both functions is 
interpreted as a proxy for long term profitability and is used to benchmark different 
designs to identify the solution that is ‘most valuable’ from a life cycle perceptive 
[68]. As also indicated by Isaksson et al. [69], these value models have been 
acknowledged by practitioners and experts in the cross-functional team to leverage 
the level of understanding of the ‘goodness’ of a design from a value perspective. 

5.2.4 Interoperability and Integration 

The thesis further spotlights several issues with regards to interoperability, data 
integration and simulation speed in the frame of the proposed data-driven approach. 
The work has brought to the definition of a software architecture for data exchange 
among applications that is based on the MS Excel platform. Figure 8 provides a 
schematic overview of how the latter acts as a server to exchange data with all those 
applications needed to realize the proposed chain of simulation models- such as 
Continuous-Event Simulations (CES) in MATLAB and the Discrete-Event 
Simulation (DES) software.  
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Figure 8. Interoperability and integration mechanism.
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6. CONCLUSIONS 

This thesis presents the results from two case studies in collaboration with 
companies in the business-to-business market that investigate the question of how 
patterns derived from data streams can be used to enhance reliability and fidelity of 
value models in PSS design. The results of this work illustrate how it is possible to 
utilize data streams from the different phases of a system lifecycle to derive relevant 
knowledge to support early-stage design decision making. The case studies provide 
a description of the existing situation (as-is) with regards to the above question and 
further investigate the opportunity to improve existing data-driven methods and 
practices for the concept design.  

Overall, the empirical study findings emphasize that practising such approach 
will yield a better understanding of a design at different levels in term of customer 
value and product characteristics. The opportunity to determine the most 
appropriate design based on the right configuration of subsystems and components 
through performance and value analysis is acknowledged to increase the efficiency 
of the design process. This is mainly due to improved capabilities for design space 
exploration, triggered by the availability of better, more reliable simulation models. 
The latter is achieved by exploiting data mining and machine learning tools to extract 
relevant information to define the functions linking the functional characteristics of 
a system to its ability to create value in the design process. The latter holds great 
potential and opportunity to apply value models in a data-rich situation, as literature 
argue that by applying a data-driven approach for value assessment it will be possible 
to increase the reliability and fidelity of the value model at all design levels. 

An important aspect revealed by the investigation is that a data-driven approach 
is used by designers mainly to validate the assumptions that they have about the 
correlation between the engineering characteristics of a design and what a customer 
desires (the value a solution creates for them). Importantly the thesis points out that 
the decision-making process cannot just be automated but is important to keep 
human in the loop when approaching an early stage decision. 

The work digs deeper into the MBSE domain to show how data are captured, 
managed and translated into models in the current industrial setting. The methods 
exercised in the company today indicate that the designers are not fully aware of how 
to utilize the data effectively and carry them forward into the design process. This is 
because of the complications arising from interoperability and integration issues, the 
predominant existing solution adopted by companies.  

Eventually, the work proposes a generic framework to guide the cross-
functional engineering team in systematically exploiting a data-driven approach, and 
in coping with the interoperability and integration issues that characterize existing 
systems. The proposed vertical and horizontal dimensions of the framework are 
intended to guide decision-makers in making better use of data streams originating 
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from the product lifecycle, providing guidance on how to use them to model and 
simulate the behaviour of a system to solve design trade-offs.   

Future work will focus on improving the reliability of the value modelling 
results, and of the robustness of the proposed chain of models/tools. Paper A 
pinpoints the need to communicate the reliability and maturity of the modelling 
results as an important way forward for the data-driven methodology. One way to 
assess the maturity level of each model is to measure by how much it deviates (in 
percentage) from the available physical counterpart, but this is not always feasible. 
A possible way forward is that of conceptualizing design support for improving 
confidence and validity in models, by communicating uncertainties from modelling 
and simulation to relevant stakeholder. Also, it will be important to explore the 
connection between the data-driven framework and existing approaches dedicated 
to support the creation, implementation and management of digital twins. 
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Abstract

Consumer perception of food packaging solutions is driven by early design decisions on paperboard 
configuration and manufacturing technologies. Simulation Driven Design is common to frontload 
design activities but is confined to the engineering field and fails to capture higher-level value aspects. 
This paper presents an assessment framework connecting customer value dimensions with simulations 
conducted on the mechanical properties of the packaging material and discusses how value modelling 
results can be visualised to support collaborative decision making in cross-functional teams.

Keywords: case study, conceptual design, value driven design, design models, visualisation

1. Introduction

The food packaging industry has undergone a deep transformation in the last decades, with consumers 
wanting to have more functionalities and greater convenience in their packaging (e.g., Coles et al. 2003, 
Wang 2013). Consumers’ perception of packaging solutions can eventually be traced back to early stage
decisions concerning raw materials and paperboard configuration (Sand 2010). The fine-tuning of the 
latter has a great impact at system level, both on the performances of the entire value chain and on the 
behaviour of consumers. The introduction of new packaging material configurations requires much 
prototype development and physical/virtual testing, which is a long and costly process. Increasing 
effectiveness of early-stage design decisions is critical to reduce lead time and cost of the development 
process and to increase the quality of its outcomes. Finite element modelling (FEM) is a natural support 
to this task and is extensively used to downselect concepts, before investing too many resources on a 
sub-optimal package design (Andreasson and Jönsson 2014). 
However, geometrical models, FE simulations and blueprints do not raise awareness about the end game 
solution and do not consider all relevant aspects of value for the product, such as packaging trends, 
fashions, recycling and more (Singh et al. 2012; Rundh et al. 2016). Knowledge from different 
disciplines (e.g., marketing, finance, aftersales) needs to be combined to identify the most valuable 
configuration, and the design team shall be supported in the process of identifying and negotiating trade-
offs from a lifecycle perspective. Hence, the use of modelling and simulation support shall be expanded 
from the prediction of technical product features as a function of different combinations of design 
variables, to the prediction of value-related aspects for business-to-business customer and end-users.
The aim of this research work is to explore the use of a model-driven approach to enable the assessment 
of the value produced by alternative packaging material configurations in early design. The ambition is 
to create a chain of models, from raw material to consumer experience, which can generate (by 
simulation) the necessary information on how much customers and consumers value certain capabilities
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against each other, to eventually improve multidisciplinary understanding in early design. The main 
research question driving the work can be described as: 

• How to support decision-makers in assessing the value of early stage design concepts, 
increasing awareness of unspoken needs, estimated performances, and impact of contextual 
conditions on product operations? 

The objective of the paper is to present an assessment framework to connect high-level aspects of value 
with simulations and analysis conducted on the mechanical properties of the packaging material. 
Furthermore, the paper introduces and discusses the development of an environment where to visualize 
the outcomes of the value analysis. This environment is intended to link the results of value modelling 
activities with requirements and material information, with the final goal to support collaborative 
decision making in cross-functional teams. 

2. Methodology 

The paper presents the findings of applied research based on a single case study approach (Yin 2013). 
The research is conducted in collaboration with a multinational food packaging and processing 
company based in Sweden. The company offers packaging, filling machines and processing for dairy, 
beverages, cheese, ice-cream and prepared food, including distribution tools. The overall research effort 
can be framed into the Design Research Methodology (DRM) framework (Blessing and Chakrabarti 
2009). DRM consists of four stages: Research Clarification (RC), Descriptive Study I (DS-I), 
Prescriptive Study (PS) and Descriptive Study II (DS-II). The research presented in this paper covers a 
review-based RC, a comprehensive DS-I and an initial PS.  
Following the guidelines for qualitative research proposed by Miles et al. (2013), the research question 
was iteratively developed from the conceptual framework developed under the RC stage. The question 
guided the sampling plan for the interviews and the development of the coding scheme for the analysis 
of the transcripts. Data collection activities featured 8 semi-structured interviews, which were 
conducted between May and November 2017. The sample covers a variety of roles, both at managerial 
and engineering level. In line with what suggested by Ritchie et al. (2013) for small-scale, in-depth 
studies, respondents were located by means of non-probability sampling. This means that they were 
selected ‘with a purpose’: experience with modelling and simulation and with design decision gate 
meetings were considered the main criteria for purposive selection.  
The analysis of internal company documentation and multi-day physical co-creation workshops served 
as triangulation method. In these workshops the authors compiled visual representations and 
demonstrators of the emerging modelling concepts, which were verified with company stakeholders to 
identify critical topics for modelling. Reflective learning was further aided by the participation in 
regular debriefing activities. Findings were also iteratively discussed and validated with a broader set 
of industrial practitioners in co-located research workshops. 

3. Model-driven value assessment: trends and challenges 

Literature recognizes the importance of models as a means for verification, but also stresses the need 
for a broader view on how these are used to support new product development, i.e., using models and 
simulations to learn about ‘what’ to develop, rather than to merely verify if a design does not fail 

regarding performance (e.g. Isaksson et al. 2009). Enhancements in computer-based product modelling 
and simulation promote parallel experimentation, where multiple designs can be assessed iteratively 
while avoiding early commitment to a specific concept. This raises awareness of behaviour and 
performances of a design, identifying potential failures as well as improvements. 
A simulation-driven design (SDD) paradigm (Sellgren 2004) is becoming more common in the 
manufacturing industry to ‘frontload’ (Thomke and Fujimoto 2000) engineering design activities. In 
the packaging industry, Finite Element Methods (FEM) are increasingly used proactively - rather than 
reactively and late in the development process - to facilitate early stage design decisions (Andreasson 
and Jönsson 2014), for instance in the development of package opening solutions (Islam et al. 2016). 
Models are built and executed at multiple length scales (e.g., microscopic level, subsystem level and at 
a macroscopic application level), and researchers are starting to bridge the different length scales in the 
application. However, SDD remains often confined to material and mechanical properties (Panarotto et 
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al. 2017) and a gap exists with regards to creating a chain of models able to render a broader picture of 
the value of design solutions since an early design stage. 

Value assessment: quantitative vs. qualitative models 

Isaksson et al. (2015) explain that engineering value-added systems means for practitioners to look at 
design trade-offs from the perspective of how much customers ‘value’ certain capabilities against each 

other. Monetary units are often regarded as the most convenient, practical and universally understood 
metrics to resolve trade-offs in system design. The monetary value of an engineering system is often 
computed as Surplus Value (SV), which is the price paid by the customer that makes the net present 
value of the transaction to be zero (Price et al. 2012). The SV function captures revenues and costs 
items along the system lifecycle, extending beyond manufacturing cost and performance, to consider 
all the ‘ilities’ of a system (McManus et al., 2007) and intangible/subjective factors.  
In situations where qualitative data and assumptions prevail, such as in early design, it is often 
preferable to apply Multi Criteria Decision Analysis (MCDA) techniques to the value assessment 
problem. An issue in MCDA is defining appropriate value criteria from the initial list of needs. The 
‘main headings’ for design evaluation proposed by Pahl and Beitz (1996, p. 179), together with the 
hierarchical structure of needs (primary, secondary, tertiary) from Voice-of-the-Customer theory, 
spotlight macro-categories from which to extract criteria for the MADM exercise. Other major 
frameworks from which value criteria can be derived are the Value Proposition Canvas (VPC) 
(Ostervalder et al., 2014) and the Desirability-Feasibility-Viability (DFV) framework from the Design 
Thinking methodology (Leavy, 2010). The Triple Bottom Line (TBL) (Willard et al., 2012) model 
complements the above by forcing decision makers to reflect on value creation from ‘social’, 

‘environmental’ and ‘financial’ point of view. 

4. Descriptive study findings 

Food and beverage packages are produced with different shapes, sizes and materials. They are built 
from a functionally layered composite made of:  

• a thick (about 500 µm) paperboard ply that confers stiffness, stability and strength to the 
package, bearing the load when the package is filled, folded and gripped, and that provides the 
necessary support for printing;  

• a thin (10 µm) aluminium foil, which acts mainly as oxygen and light barrier; 
• a low-density polyethene (LDPE, 30 µm) film that protects paper and print from moisture-

related damage, seals in the liquid, avoids contamination, facilitates hermetical closure, and 
enables adhesion between the layers. 

The descriptive study showed that the development of a new packaging solution presents a complicated, 
interdisciplinary set of challenges including the interaction of packaging and fillgoods, dynamic 
processes, and mechanical components of packaging and packing equipment. For this reason, the 
introduction of a new packaging material configuration is a costly and time-consuming process, which 
takes on average 2 months from the earliest idea generation stages to the physical tests for a new 
packaging configuration.  
A main concern for the design team is that the characteristics of the package system are highly 
dependent on how the manufacturing process is configured. The production of packages involves 
several steps, where layers are assembled together by thermo-mechanical action and some of the 
polymers are melted during manufacturing. Different temperature and pressure values in the process 
influence the behaviour of the paperboard and aluminium foil, rendering different mechanical properties 
in the machine direction and cross direction, causing defects and cracks. What can be done in the 
manufacturing line or in the material structure to obtain the desired level of customer value and end-
user satisfaction is a concern in early-stage decision making. 
A main concern for the engineering team is to be able to execute quick what-if analysis of alternative 
configurations already in the project fuzzy front end, to filter out options that “do not work”. This “do 

not work” expression was further cascaded down to concerns related to the opportunity of having 

“customers at your fingerprints”, to be able to assess if a given configuration will fulfil the expected 
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level of performance and value. A wish emerging from the field work it to be able to test more efficiently 
the interplay between these factors, avoiding trial and error approaches. Modern computer technologies 
are increasingly used to fulfil this wish, both to explore the design space and optimize existing 
configurations. However, interviews and observations showed that early stage design decision making 
is a matter of interplay between different roles and functions in the organization, including both 
engineers and individual with a managerial role. Concerns have been raised by practitioners about the 
difficulty of communicating value-related aspects together with other properties and requirements 
during in the stage-gate process. An issue in this respect is that simulation models are not easily 
connected to the set of models used in the business domain. The analysis of the empirical data further 
highlighted the need of promoting value discussions between the individuals being part of the cross-
functional teams. These findings point to the need for an environment where to display the results of 
the value analysis and connect them to engineering issue, so to highlight which areas are contributing 
to given value dimensions.

5. Development of a model-driven value assessment environment 

DS-I showed that value creation in the development of food packaging configurations includes 4 levels 
and 3 main transitions, which likens the Systems Engineering V-model (Figure 1): 

• customer experience and value creation is highly influenced by both mechanical and barriers 
properties of the package ‘system’;

• these are affected by the outcome of creasing and folding activities conducted on the packaging 
material during the manufacturing process;

• these activities are influenced, in turn, by the atomic properties of the materials processed in the 
manufacturing line.

Figure 1. Model-driven value assessment framework with (simplified) model mapping.

Arrows in the model represent correlations between models as found during the empirical study, 
meaning that the output from one model is taken as an input in the following model. Each model in the 
framework (which is, both statistical models and virtual engineering models) is treated as a black-box. 
The concept of black boxes implies that an object is viewed only in terms of its inputs, outputs and 
transfer characteristics, while its underlying mechanism and internal workings remain hidden.

From customer/consumer value to package properties
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The development of the assessment framework kicked-off by defining high-level drivers for customer
and consumer value. A literature review highlighted the multi-faceted role played by packaging when 
it comes to consumer perceived value (e.g., Coles et al. 2003). This is not only understood as a means 
of protecting a product in the process of distribution, transport or storage (e.g., Rundh 2009), but carries 
more values with regards to its ability to communicate with the environment (Wyrwa and Barska 2017). 
The field data gathered from practitioners and experts (both engineers and managers) helped in refining 
the description and prioritization of the value dimensions for packaging solutions. Several of the areas 
above were discussed, with the most relevant for early-stage decision making being Shelf life, Food 
quality and Forming appearance, together with Customer operational costs, Printing and the ability to 
stack one package upon the other. Even if the proposed value drivers feature different degrees of 
priorities for the customers (i.e., some being more important than others, such as food quality) and are 
not linearly independent (e.g., packages with an extended shelf life have a positive impact on food 
quality), they were considered the most representative by the industrial experts to assess the value of 
packaging solutions at a customer level. DS-I brought to the identification main modelling areas for the 
package “system” influencing consumer experience and value: Sharpness of creases, Board weakness, 

Oxygen permeability, Light permeability and Board integrity (Figure 1). 

Figure 2. Linking material properties to shelf life in the value assessment model.

A more illustrative example of how models are connected across levels relates to the issue of assessing 
‘shelf life’ (Figure 2). In shelf life modelling, chemical reactions, biological degradation and mechanical 

properties are major inputs needed to obtain reliable predictions for food degradation. Shelf life 
modelling requires a list on input parameters to be executed, such as the concentration of oxygen or 
vitamin C (for juice), the use of nitrogen in the filling process, as well other characteristics related to 
the machine. At Package System level, shelf life is linked with ‘Barrier Properties’ of the package, 

which is also linked to food quality. These depend mainly on oxygen and light permeability in different 



 

 

42 

 

zones of the package. To model how shelf life can be extended due to a new packaging configuration, 
oxygen permeability values for the flat laminated board, for the board corners and for the creasing lines 
are needed for the simulation. These values are further obtained by linking the model at the Packaging 
material level and to those at Material properties level. 

Linking package behaviour to material properties  

The Packaging Material level contains models that describe the outcome of creasing operations on the 
laminated multi-layered board. Creasing processes may be divided into 2 main families, two-
dimensional (2D) (between two panels) and three-dimensional (3D) (three crease lines combine at the 
corner) creases, which facilitate the 2D folds and 3D corner folds (Nygårds et al. 2009).  
The empirical investigation showed that, once creasing operations are performed, the properties of the 
laminated structure change, affecting board weakness and possibly contributing to the formation of 
cracks in aluminium-foil. The latter causes issues with Integrity at Package System level, eventually 
affecting food quality and shelf life. Alternative configurations of the folding process (which is, inside-
inside fold, inside-outside fold and outside-inside fold.) may have different effects on the board 
weakness at the micro level (microstructure and fibre orientation), which translates into different barrier 
properties of the board at the macro level. Eventually, decisions concerning folding operations were 
found not only to be related to barrier properties issues and food quality, but also to have an influence 
on package ‘appearance properties’. Interestingly, while weakness in the board is associated with food 
deterioration, it is a desirable feature to achieve good folding quality. 
The Material property level is the primary input to all the models. Models at this level deal with the 
individual mechanical properties of the different layers of the board (aluminium foil, paperboard, LDPE 
and adhesive material), including microscopic and macroscopic phenomena. These properties play a 
significant contribution in terms of system performances. The consequences of decisions at this level 
(e.g., different layer thicknesses) propagated through the entire chain of models, ultimately affecting all 
value dimensions related to customers and consumers. For instance, aluminium foil properties influence 
the propagation of weaknesses in aluminium foil, which in turn allows the diffusion of oxygen in the 
package. Specific inputs for modelling activities at this level (i.e. young modulus and yield strength for 
aluminium foil and polymer) are gathered from suppliers, as well as by experimental means.   

6. Value visualization environment 

Figure 3 shows a mock-up of the value visualization environment realized in the Model-Driven 
Decision Arena (MDDA) (Bertoni et al. 2018b). The MDDA is a computer-based environment to 
support early stage design concept exploration. In the described case, the MDDA is used to display the 
cause-effect relationships that characterize the 3 transitions illustrated in the section above.  
More than in producing an absolute number representing the value of a design, the descriptive study 
showed that practitioners are interested in understanding how a concept is positioned against relevant 
benchmarks, which is how much a solution is better or worse than previous options. Hence, the 
environment is designed to support comparative studies between a given baseline configuration and 
innovative proposals. Its main objective is to assist engineers and managers in negotiating features of 
innovative packaging configurations by conducting quick what-if value studies at varying material 
properties and process characteristics. 
Figure 3 exemplifies how the cross-functional design team can interact with the MDDA to assess the 
behaviour and value of a package configuration during design exploration activities. After selecting the 
package type under analysis (bottom-left screen in Figure 3), decision-makers can modify material 
properties (e.g., layer thickness) for a given design option moving from an existing baseline (bottom-
right screen). In the example, models are used to calculate, from this input, the oxygen permeability 
performances of option #n in different areas of the package (top-right screen). These results are 
benchmarked with the performances of the baseline, to facilitate trade-off negotiation. 
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Figure 3. Value visualization environment mock-up in the MDDA.

These data, together with the results of other similar models, are eventually aggregated in a ‘customer 

value’ view (top-left), where value assessment results along drivers of interest are displayed. The 
underlying value model in the proposed case mixes a quantitative and qualitative approach, with the 
latter being based on the Evoke method proposed by Bertoni et al. (2018a). Relevant value criteria for 
the MCDA exercise in Evoke are derived from the DFV framework (Leavy 2010). Design merit scores 
(a concept borrowed from Eres et al. 2014) are obtained for each criterion of interest and for each 
analysed configuration. Ultimately, they are aggregated to render a total value score, which represents 
the ‘goodness’ (see: Cheung et al. 2012) of a design. By modifying the rank-weights of each criterion 
in the MCDA matrix, it is possible to assess the design for different strategies of value creation, which 
is for different markets or customer tiers.

7. Discussion

The main driving factor in the development of the environment is the opportunity to exploit a ‘pool’ of 

representations that mixes deterministic and qualitative aspects. Research in cognitive behaviours has 
shown that the human ability of processing information is increased when multiple cues are presented 
both across and within media/channels, ultimately leading to tasks being completed in less time and 
with less effort (Krikelis and Weems 1994). This ‘pool’ is intended to facilitate negotiation in the cross-
functional teams, with some models being generic enough to be grasped by those stakeholders without 
a technical background, while others being specific enough to benchmark alternative concepts with 
sufficient confidence and detail. Observing the convergence between the different models helps the 
team in building an understanding of problems and solutions through associative processing.
A preference has been expressed towards techniques for browsing report results that display a limited
set of criteria at a time, and that support information drill down for access to more detailed data. Studies 
have also shown an inverted U-shaped relationship between the efficiency of the decision-making task 
and the amount of information provided (Zanakis et al. 2013). Hence, in order not to overwhelm 
decisions makers with unnecessary details at the gate, the number of criteria to be presented at a time 
during the evaluation should be kept to a minimum, while providing enough information regarding 
strengths and weaknesses of proposed alternatives.
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Verification with industrial experts 

Verification activities with the partner company showed that a main benefit of the proposed model-
based approach is that of providing an understandable picture of how different disciplines (from 
engineering to management) contribute to the creation of value for new products. Practitioners 
recognize that in the fuzzy front-end engineers are lacking tools to communicate why their work is 
‘good’, and to deliberate about the most value-adding design. Hence, the proposed chain of models is 
acknowledged to cover a gap when it comes to stimulate value discussions across functions and 
organizational roles, as well as to maintain focus on the underlying business case, so that individuals 
can build arguments for selling their innovative ideas, both externally and internally. 
The mapping activity is believed to be beneficial not only to explain what the models are doing in the 
system and how they are interacting with each other. It also serves the purpose of 1) answering questions 
at the production level, in terms of what changes are necessary to gain the competitive advantages, and 
2) exploring supply chain opportunities, which is about understanding which combination of suppliers 
is likely to render superior performances in terms of package quality.  

Lessons learned and proposed way forward 

Two main lessons learned emerging during the creation of the model-driven environment relate to data 
availability and maturity of the models.  
Firstly, it shall be noticed that, while some models are fully developed and have achieved a good level 
of accuracy, other models in the chain do not feature the same degree of maturity and are still in building 
phase. One example is the lamination model at Packaging Material level, which is not yet fully 
developed because of the complexity of adhesive bonding, which makes computation time to be 
significant. Importantly, in the proposed framework statistical/virtual engineering models and physical 
models are intended to feed each other when new data are obtained, to increase fidelity and quality of 
the simulation over time. Nowadays, the challenge is not only to make the virtual model more realistic, 
but also to reduce computation time. For some aspects of the product, which is, for instance, with 
regards to structural integrity, simulations might require days or even weeks to produce results. The use 
of response surface methodology or surrogate modelling techniques is therefore highly interesting to 
enable the effective implementation of the proposed framework. 
A major problem with value assessment, especially in a preliminary phase, is that the underlying models 
vary a lot in terms of quality and reliability, which is they are built on knowledge with a low degree of 
maturity. This degree of uncertainty needs to be handled by assisting designers and decision makers in 
achieving a better understanding of what those uncertainties, ambiguities, and assumptions involved. In 
other words, designers need to know which is the level of maturity (Johansson et al. 2011) of the 
knowledge upon which the models, and thus value assessment, are built. It is critical to have pointers 
that indicate to what extent people may trust the material entering in the assessment activity. Models 
able to communicate reliability and maturity of this information have been advocated as a major 
enhancement to support the visualization of value. One way to assess the maturity level of each model 
is to measure by how much it deviates (in percentage) from the available physical counterpart, but this 
is not always feasible. A possible way forward is that of conceptualizing a design support for improving 
confidence and validity in models, by communicating uncertainties from modelling and simulation to 
relevant stakeholder, as proposed by Johansson et al. (2017). 

8. Conclusions 

The paper presents and discusses an assessment framework to support collaborative decision making in 
cross-functional teams dealing with the design of innovative food packaging material configurations. 
The proposed model-driven environment is intended to connect high-level aspects of value with 
simulations and analysis conducted on the mechanical properties of the hardware. 
The presented results are considered a step forward toward a larger research effort whose purpose is to 
create a model-driven platform for value-based decisions in conceptual design. The purpose is to use 
models to capture and represent ‘value’ aspects and link these to the engineering design process. While 
continuing with the development of the above-described value modelling environment, future research 
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will also feature ‘few-focused case studies’ to overcome the limitations of the single-case study 
approach. Enlarging the number of cases will allow to further build theory on the topic of value-driven 
engineering design, identifying key variables, describing their linkages and why relationships exist. An 
interesting track for future developments is related to the use of data mining techniques to support 
decision makers in discovering patterns and making predictions. Developing capabilities to organize 
such patterns would greatly enhancing the reliability and fidelity of value models at all levels. 
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Abstract: Resale value is an important aspect to be addressed when companies aim to shift 
from one-sale models to Product Service Systems (PSS). In the initial stages of the PSS design 
process, it is beneficial to predict how the mechanical features of the PSS hardware will impact 
resale value, so to orient business strategy decisions accordingly. The objective of this work is 
to propose a methodology to model the resale value of road compaction equipment using data 
mining techniques. By scrapping and merging data sets from the machine manufacturer and 
from dealers of second-hand machines, the work discusses how the derived correlations may be 
used to populate value models for early stage decision making. 

Keywords: Data-driven decision making, product service system, new product development, decision 
support systems, data mining.  

 

1. INTRODUCTION 

Second hand markets are an important source of revenue 
for manufacturers, in particular for high-end products. 
Hence, resale value is an important aspect to consider 
when companies shift from one-sale models to Product 
Service Systems (PSS) (Ölundh and Ritzén 2003). 
Intuitively, higher resale value raises the appeal of 
traditional ‘one-sale’ models because it lowers the 

customer Total Cost of Ownership (TCO) in the sales 
system, positively influencing the decision to buy a 
product (Oraiopoulos et al. 2012; Waldman 2003). At the 
same time, it reduces the appeal of more service-oriented 
business models. This forces PSS providers to decrease 
the fees of their functional offers, to make them more 
attractive than ‘buying’ (van Loon, et al. 2017). 

Product-oriented services (POS) (Tukker and Tischner 
2006) are a PSS type that represents an exception to this 
rule. POSs are an early PSS transition step for many 
manufacturers and are still largely associated with the 
sale of products to consumers. In this business model, 
products are sold together with additional services, such 
as a maintenance contract or an end of life take-back 
agreement. In this situation, a higher resale price is a 
desirable feature, and the designers of the technical 
hardware shall aim at maximizing its appeal for second-
hand customers. A challenge is then to predict how the 

mechanical properties of the hardware are expected to 
influence the resale value dimension.  

Interpreting information about resale market prices and 
linking it to the requirements for the PSS hardware is a 
difficult and time-consuming task. While several 
contributions discuss the role of equipment and 
machines in second-hand markets (e.g., Bartolomeo et 
al. 2003, Holmström et al. 2010), they neither attempt to 
link specific mechanical properties to price, nor to 
position the discussion from a PSS standpoint. As 
discussed by Harding et al. (2001) market information is 
not often used effectively to guide design decision 
making activities, the latter relying heavily on designers’ 

intuition and gut feelings. This is a main limitation in 
PSS design, since research has shown (e.g., Mitchell 
1997) that even very experienced professionals are able 
to recognize only a subset of all possible patterns linking 
hardware design to its value. This challenge points to the 
need of developing more systematic and formal 
approaches to support decision making in early stage 
design.  

2. OBJECTIVES AND RESEARCH DESIGN 

The objective of this paper is to propose a methodology 
that exploits machine learning techniques to raise the 
cross-functional design team awareness of how the 
requirements of the hardware can influence its resale 
value in a POS business model. Figure 1 details the 
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process followed by the authors to identify the most 
value-adding engineering characteristics of a road 
compaction equipment in second-hand markets

These findings originate from of applied research based 
on a single case study conducted in collaboration with a 
Swedish multinational Original Equipment 
Manufacturer (OEM) of mobile compactors for road 
surfaces. The machines considered in the analysis are 
double drum asphalt rollers that range between 1.5 tons 
to 25 tons in weight, and between 1000mm to 2100 mm 
in drum width. The process features 10 steps. Initially, 
data are scrapped and restructured from the OEM 
website (to retrieve information about the engineering 
characteristics of the machines) and from the dealer 
websites (gathering information, such as price, model 
and year of manufacturing for all machines on sales). 
Then the two datasets are merged, filling the missing 
values and preprocessing the data before applying the 
machine learning algorithm. Eventually, results are 
displayed to the cross-functional team and used to 
support design decisions concerning new machines.

Fig. 1. Data mining methodology for resale value 
analysis

3. DATA MINING APPLICATIONS FOR 
EQUIPMENT DESIGN 

Literature (e.g., Linoff and Berry 2011, Scherer et al. 
2016) shows that data mining techniques can be 
successfully applied to determine the customer value for 
new products and services, identifying patterns that 
describes the nexus between customer satisfaction and 

business process, so to make more effective business 
decisions. Data mining (Witten et al. 2016) is the process 
of applying an algorithm to large datasets to identify 
unknown patterns that can be used as an optimization 
tool for industry (see also: Koh and Low 2004). Linoff 
and Berry (2011) describe the application of data mining 
in a business situation as a four-stage process: problem 
identification, transforming data into information, taking 
action and measure the outcome. The second stage 
‘transform data into information’ is a vast field that falls 

under the domain of machine learning, and that touches 
upon issues from artificial intelligence research. 

Data mining plays an important role in design decision 
making, and it is a gateway for both qualitative and 
quantitative models for design concept selection. Bertoni 
et al. (2017) recently presented a study related to the 
applicability of data mining algorithms as decision 
support in early design stages in the construction 
equipment sector. The authors present a scenario where 
machine usage data are fed back to the design stage and 
used as a basis to populate value models for decision 
making. Data mining is applied on a dataset built on 
machine performances and contextual and 
environmental data. The proposed demonstrator focuses 
on the estimation of the fuel consumption of alternative 
design concepts and estimates the performance 
variations given different contextual variable.

Auto Regression tree is another data mining algorithm 
applied by Fan et al. (2008) to predict the residual value 
of heavy construction equipment. The authors firstly 
shortlisted 50 top equipment models from different 
manufacturers. Then they selected different features of 
the machine and built a function to forecast their residual 
value. In this work, they treated price as a dependent 
attribute, while several features of the equipment were 
treated as a potential influencer. A research conducted 
by Perry et al. (1990) on farm tractors showed that 
manufacturing year and mileage are important decision 
criteria while purchasing second-hand equipment. In 
their work, the author showed that resale price featured 
a 0.75 correlation coefficient between age and hour in 
operation. Lee et al (2014) further applied a fuzzy logic-
based algorithm to identify the value in patterned data. 

By analyzing the price of second-hand cars in Mauritius, 
Pudaruth (2014) provides one of the clearest examples of 
how to link machine features to resale value through the 
application of machine learning capabilities. In this 
work, the author identifies age as one of the most 
important drivers in developing a relationship between 
resale price and features of the vehicle. In the analysis, 
‘price’ is treated as an independent variable, while four 
dependent attributes are ‘manufacturer’ (original 
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equipment manufacturer OEM), ‘cylinder volume’, 

‘year of manufacturing’ and ‘total mileage’ The author 

further applied different machine learning techniques, 
such as K-Nearest Neighbour (KNN), Naïve Bayes, 
Multiple Linear Regression Analysis and decision tree 
analysis, and compared their results in the resale value 
prediction exercise. 

4. RESALE VALUE ANALYSIS FOR ROAD 
COMPACTION EQUIPMENT

4.1. Data scrapping and restructuring

The residual value of a road compaction equipment in 
second-hand markets is determined by the mix of its 
geometrical and topological properties. In the analysis, 
resale price was considered a dependent variable, while 
these properties were considered the independent 
variables. To get a better understanding of the effect of 
such characteristics on second-hand market price, it was 
decided to exclude manufacturing year and mileage from 
the analysis, normalizing the outcomes of the data 
scraping task. Figure 2 describes the geometrical and 
topological properties of the double drum compactor 
used in the analysis, with an indication of their minimum 
and maximum values. It also displays to which machine 
sub-system these properties relate to. 

Machine data have been initially scrapped from the OEM 
website, and later imported into an MS Excel 
environment. A script in Visual Basic (VB) (Albright 
2001) was developed by the authors to automate this 
task. The script was designed to fetch data about machine 
model, machine dimension, technical specifications, and 
more. As a result of data scrapping, 111 sheets, 
corresponding to 111 machines models, were obtained in 
the MS Excel workbook. In the following step, the 
authors created a unique master sheet to summarize the 
entire workbook. The same VB code was used to fetch 
data from dealer web pages for different machines 
models. The obtained workbook contains machine 
model name, cost, hours of operations, machine 
conditions, and more. In total, the scrapping activity 
generated more than 600 sheets in MS Excel workbook. 
Those machine models that were not featured in the 
OEM workbook (e.g., because the machine was simply 
too old) were eliminated from the Dealer workbook.

Fig. 2. Independent variables for the resale value study.

Noticeably, several off-the-shelves software solutions 
for data scrapping were tested during the work, such as 
Octoparse, Mozenda, Parsehub, and more. However, 
hypertext in both the OEM and dealer’s database was 

found to be rather unstructured and raw, hindering the 
direct implementation of data scrapping software. Due to 
the complexity of web structure and layout, they were 
not able to reliably automate the scrapping activity. 
Furthermore, both the OEM and Dealer workbooks 
featured unwanted and/or irrelevant information that 
needed to be eliminated, restructured and refined, which 
made it necessary to manually adjust the results of the 
scrapping activity. Also, due to the complexity of the 
website layout and structure (i.e., dimensions may be 
reported in plain text, tabular form, or figures in .png 
format), it was necessary to manually fill in the missing 
values. 

4.2. Data merging

At this point, the authors started to pre-process the data, 
combining the OEM and dealer workbooks, so that the 
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resulting dataset could be then processed by a data 
mining application. 

The OEM workbook was named ‘Set A’ and contained 

data about machine model and features, i.e. 

Set A (OEM workbook) = {Equipment Model, DW, DD, 
DST, W, L, WB, MOM, SA, FTC, VF}

The Dealer workbook was named ‘Set B’ and contained 

data about machine model and resale price. 

Set B (Dealer workbook) = {Equipment Model, Resale 
price}

The combination of set A and B was performed using 
VB programming, using the Boolean operation U, which 
represents the union of OEM workbook and Dealer 
workbooks (see: Chakrabarti 2003).

AUB = {Equipment model, DW, DD, DST, W, L, WB, 
MOM, SA, FTC, VF, Resale price}

Once the combined master-sheet was generated, the 
authors had to intervene again to fill in the missing 
values manually. It was then possible to complete the 
pre-processing process, by assigning attributes to the 
data, such as ‘numerical’, ‘nominal’ or ‘string’, so that 

the data could be analyzed. Noticeably, the machine 
model name was termed as ‘string’ (nominal), because 
the regression analysis was performed only for the 
numeric values. Hence, the machine model name was 
neglected for the purpose of the analysis.

5. RESULTS  

The resulting dataset was imported in the Weka machine 
learning open source software, (see: Frank, et al. 2016) 
to observe hidden patterns in data. The correlation 
between resale price and the other machine features was 
displayed using scatter plots, such as the one pictured in 
Figure 3 and showing the relationship between resale 
price vs. Vibration Frequency. 

Fig. 3. Vibration Frequency (x-axis) vs. Resale price (y-
axis).

The analysis shows a seemingly linear, but weak, 
correlation between this technical features and price. A 
similar weak and linear relationship with resale price was 
also observed for other engineering characteristics, such 
as Length (L), Fuel tank capacity (FTC) and Maximum 
operating mass (MOM). Other plots show a relationship 
that is even more diffuse and far less evident than the one 
pictured above. This is the case of the maximum steering 
angle (SA) dimension, as well as of drum shell thickness 
(DST). Interestingly, the scatter plot for DTS, (Figure 4) 
shows a pattern that was quite unexpected. The industrial 
experts during the descriptive study suggested this 
characteristic to likely produce a linear pattern with 
resale price (i.e., thicker the drum, higher the price). 
However, the plot reveals that this machine characteristic 
is not seemingly valued as foreseen by practitioners. This 
shall suggest decision makers that the price for second 
hand machines is not driven by considerations on how 
worn the drum shell is. At an operational level, this may 
suggest producing thinner drums, or to avoid using more 
expensive material in the construction, which is a 
material less subject to wearing.  

Fig. 4. Drum shell thickness (DSF, x-axis) vs. Resale 
price (y-axis).

These preliminary findings were followed up by a 
multiple regression analysis between resale price 
(dependent variable) and all independent variables to 
produce a more reliable prediction for which features are 
negatively correlated to the resale price. Multiple 
regression can be defined by (1), in which β terms are the 

linear parameters and ϵ is the error associated with the 
data-set.

y= β˳+ + β2 x2+⋯……. βpxp+ ϵ

(1)

Table 1 shows that steering angle (SA) and drum shell 
thickness (DST) are slightly negatively correlated with 
price (the latter is also evident in plot matrix in Figure 
4). Wheelbase (WB), instead, features the highest 
positive correlation (0.55), and Drum width (DW) the 
second highest (0.39).
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Table 1.  Correlations between variables in the study

These analytic results (plot matrix, multiple regression 
analysis, and correlation coefficient table) were followed 
by the creation of a regression model with a reduced 
number of independent variables. Table 2 shows the 
results of such model, which further confirm that DW is 
the more valuable characteristic for second-hand market 
customers This is quite intuitive, considering that an 
equipment with a larger drum width (DW) has a larger 
surface working area, hence reducing operational time 
and associated cost. 

Table 2.  Regression analysis (only selected independent 
variables).

6. DISCUSSION: USING DATA MINING RESULTS 
IN EARLY STAGE PSS DESIGN

Both the qualitative and quantitative approaches for 
value modeling require human decision makers to 
interpret and establish relationships between design 
properties and value. The results from the application of 
the proposed methodology are of great interest to 
populate both qualitative (i.e., the House of Quality, part 
of Quality Function Deployment) and quantitative 
(monetary) value models for early stage design concept 
selection.

6.1. Populating the House of Quality 

Quality Function Deployment (QFD) is a well-
established and widely adopted technique to identify 
customer needs and translates these into technical 
requirements. The House of Quality (HoQ) is the first as 
well as one of the most fundamental steps in QFD: here 
customer needs are listed, and then transformed into 
product features and functions, or design requirement. 

The numerical weights featured at each intersection of 
the matrix are often the results of a gut-feeling process, 
where patterns are recognized based on previous 
experience of the practitioners (Weiss 2013). A major 
issue with the HoQ is that professionals must often 
predict patterns of future relationships for radical new 
concepts, which are difficult to substantiate because 
historical data are lacking.

In the HoQ, the machine learning results can be used to 
validate the assumptions used to generate correlations 
between customer desires and the engineering 
characteristics which may be relevant to those desires. 
Also, they can help set targets for the engineering 
characteristics in the matrix, which are often set by 
design engineers, based on their knowledge and 
experience of the product type (Harding et al. 2001). In 
the presented example, while it is intuitive to relate the 
year of manufacturing to resale price, it is less intuitive 
to assess how the capacity of the fuel tank might affect 
this criterion. The results of the machine learning 
analysis can support decision-makers in associating the 
appropriate numeric weights to each intersection of the 
matrix, supporting the assumption that resale value 
features strong, moderate or weak correlation with the 
geometrical or functional properties.

6.2 Determining the value function for Multi-Criteria 
Decision Analysis

PSS design literature further shows that the relationship 
between customer satisfaction and machine properties 
features a nonlinear behavior. The ‘Receiver State 
Parameters’ approach proposed by Kimita et al. (2009) 

(Figure 5), for instance, is based on the use of an 
exponential function, similar to the one proposed by 
Xing et al. (2013) to measure the functional fitness of a 
PSS hardware in a time perspective. The CODA model 
(Eres et al. 2014) and the EVOKE model (Bertoni et al. 
2018) are two QFD extensions use non-linear merit 
functions in PSS design to map the engineering 
characteristics of a product to its expected value 
contribution.

Fig. 5. Exponential value functions in Kimita et al. 
(2009) (left) and Bertoni et al. (2018) (right)

Price WB W DD L DW FTC SA MOM VF DST

Price 1,00

WB 0,55 1,00

W 0,37 0,82 1,00

DD 0,33 0,75 0,93 1,00

L 0,33 0,79 0,94 0,98 1,00

DW 0,39 0,84 1,00 0,93 0,93 1,00

FTC 0,29 0,79 0,93 0,95 0,98 0,92 1,00

SA -0,30 -0,16 0,22 0,34 0,39 0,19 0,42 1,00

MOM 0,34 0,81 0,95 0,92 0,94 0,95 0,94 0,27 1,00

VF 0,22 0,21 -0,30 -0,46 -0,41 -0,27 -0,35 -0,71 -0,28 1,00

DST -0,09 0,22 0,62 0,70 0,67 0,59 0,65 0,57 0,71 -0,73 1,00

Coefficients

Intercept -13653,40

WB 16,50

W -392,36

DD 52,70

L -14,17

DW 438,68

MOM 0,07
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The main challenge when working with these more 
sophisticated mappings is that the nature and type of 
value functions is difficult to determine with precisions. 
Literature (e.g.: Gervásio and da Silva 2012) highlights 
the existence of several preference functions for multi-
attribute decision making, from impulse to step 
functions, from linear to parabolic ones. Determining the 
nature and shapes of these curves is often an iterative 
task (Alarcon et al. 2010), which can be supported by the 
proposed data mining methodology, as shown in the 
resale value example. 

Machine learning can be exploited to detail type and 
shape of the function that characterizes the relationship 
between customer value and a value-creating resource 
(such as a geometrical feature of the hardware). In a first 
iteration, machine learning algorithms can support 
engineers in evaluating tendencies (increase or decrease) 
in the value function. In the example described in Figure 
3, the value function describes a (weak) increase 
relationship between vibration frequency (VF) and 
resale price. This information can be used, for instance, 
in the EVOKE model to determine the relationship 
function (i.e., maximization) at the intersection of these 
two dimensions. 

In a second step, the retrieved information can be used to 
define the points controlling the overall shape of the 
value function, such as those corresponding to minimum, 
average or maximum satisfaction. Again, using EVOKE 
as an example, the plot shown in Figure 3 suggest setting 
the neutral point for the maximization function (i.e., the 
level to which a 50% satisfaction is obtained), at 
approximatively 60 Hz. In a third iteration, the results of 
the Weka analysis can help in defining the exact shape 
of value function (e.g., linear, concave, convex, S-
shaped). Eventually, decision makers can use the 
identified patterns to deliberate with more confidence on 
the precise mathematical expression of the value 
function. 

7. CONCLUSIONS 

PSS design can be described as a game of making 
thoughtful trade-offs between technical aspects (costs, 
performances), business dimensions and consumer 
experience. A major gap in PSS design research is how 
to build models that, since an early design stage, can 
support decision-makers in predicting the future impact 
of hardware configurations on a number of value-related 
aspects. The paper shows that capabilities exist to exploit 
data-driven design approaches to support early stage 
design decisions in a PSS context. The presented case 
study illustrates that a data mining approach can be 
applied to support decision makers in gathering facts 
about how resale value is affected by changes in the 

characteristics of the product. By raising awareness on 
tacit and hidden patterns, engineers and designers can 
build arguments in favour (or against) certain technical 
solutions, and can deliberate on design trade-offs with 
more confidence. 

Future work in the road compaction equipment industry 
will aim at increasing the number of dealers to get a 
larger data-set, to identify the patterns more accurately 
and precisely. Also, the authors will expand the number 
of geometrical and mechanical properties included in the 
model, to include other relevant characteristics, such as 
the size of the cabin, volume of the water tank and more. 
Furthermore, running a demonstrator on a single 
industrial context creates an intrinsic limitation in terms 
of multi-context validation of the results. Future work 
will also aim at growing lessons learned from the 
application of the proposed approach in heterogeneous 
case studies and industrial sectors. 
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Abstract: Ubiquitous and pervasive computing holds great potential in the 
domain of Product Service Systems to introduce a model-driven paradigm for 
decision support. Data-driven design is often discussed as a critical enabler for 
developing simulation models that comprehensively explore the PSS design 
space for complex systems, linking of performances to customer and provider 
value. Emerging from the findings of two empirical studies conducted in 
collaboration with multinational manufacturing companies in the business-to-
business market, this paper defines a data-driven framework to support 
engineering teams in exploring, early in the design process, the available 
design space for Product-Service Systems from a value perspective. 
Verification activities show that the framework and modeling approach is 
considered to fill a gap when it comes to stimulating value discussions across 
functions and organizational roles, as well as to grow a clearer picture of how 
different disciplines contribute to the creation of value for new solutions. 

Keywords: data-driven design, co-simulations, decision making, value-driven 
design, design space exploration, engineering design. 

Reference to this paper should be made as follows: Chowdhery, A.S., Bertoni, 
M-., Wall, J. and Larsson, T. (xxxx) ‘A data-driven design framework for early 
stage PSS design exploration’, Int. J. <<omissis>>, Vol. X, No. Y, pp.xxx-xxx  

 

1 INTRODUCTION 

Engineering design is a decision-intensive activity (Ullman and D’Ambrosio 1995) which often peaks at 

the earliest phases of design (Baumann and Pfitzinger 2017). To reduce the risk and costs of rework in a 
later phase caused by sub-optimal decisions, it is important to frontload early-stage tasks with simulation 
models (Isaksson et al. 2013) to support the comprehensive exploration of the feasible design space 
(Green 2000). Paradoxically, while the results of these simulations are used to make design decisions on 
increasingly complex systems (Zeigler et al. 2018), the available modelling and simulation support is 
strongly mono-disciplinary, and software tools are poorly integrated (Fitzgerald et al. 2010). For 
instance, dynamic systems simulation, finite element analysis, and lifecycle analysis are often performed 
in isolation, even though there is an intuitive logical connection between these domains. When a system 
is composed of multiple subsystems (Bhise 2013), a more holistic view on the integration of simulation 
domains is needed, something that is referred to in the literature as co-simulation (Gomes et al. 2018; 
Sinha et al. 2001). 
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A major gap is seen today when it comes to co-simulate the ability of a design concept to deliver 
‘value’ to customer and stakeholders during the front-end of a development project. The knowledge used 
to build the sequence of simulations model for concept assessment is often of speculative nature (see: 
Dorst 2006; Mocko et al. 2004). This hinders the ability to assess if a given concept will raise customer 
satisfaction and, in turn, revenues and profitability for the provider. Intuition, instinct, gut feelings and 
personal experience have been observed to be primary means to link micro-level decisions (e.g., on 
material properties) to macro-level phenomena (e.g., customer satisfaction) (Ericson et al. 2007).  

Digitalization and the Internet of Things are often discussed as game changers when dealing with the 
construction of relevant and reliable models for early stage design decision making (Kim et al. 2017). 
The opportunity to gather and analyse a large amount of data from existing solutions is seen as a major 
enabler in the process of identifying trends - and hence functions - to improve the trustworthiness of early 
simulation models (King et al. 2017; Provost and Fawcett 2013; Yu and Zhu 2016). This opportunity is 
often captured by the umbrella term ‘data-driven design’ (e.g., Labrinidis and Jagadish 2012). Several 

authors (e.g., Yu and Zhu 2016) have discussed how data-driven design might close the knowledge gap 
between how the product is realized and how this will satisfy the final users. Data-driven frameworks 
(Afrin et al. 2018; Tuchsen 2018) have been proposed to support this co-simulation exercise. Existing 
literature shows examples of how data-driven approaches have been adopted for predicting product 
performances (Zhang 2017; Zheng 2018) and to explore the available design space (Bogers et al. 2016) 
during concept design. An issue common to most of the proposed frameworks is their poor 
generalizability outside their proposed domain and/or industrial sectors. At the same time, these 
frameworks are often limited to the evaluation of product configurations from a performance perspective 
and do not support the assessment of the ‘ilities’ of a system (e.g., adaptability, changeability, 
sustainability), of heir fit-for-purpose for different PSS types (Baines et al. 2007), and of tehir circularity. 

The main aim of this research work is to support engineering designers in exploiting a data-driven 
design paradigm for early stage design. The objective of the paper is to propose a framework that guides 
the design team in the development of a chain of simulations models – and related data sources - capable 
of exploring design space comprehensively - in terms of performances, behaviour, and generated value 
along the system lifecycle. The driving research question for the work can then be described as: 

 

How can a data-driven approach support the design exploration process for PSS concepts in early 
design?  

 

The concept of ‘value’ is central to the research question and to the development of the proposed 

framework. This is because the recent “servitization” [71] and “service transformation” [72] trends have 
highlighted how manufacturing companies are transforming their business nature, from being owners of 
competencies and resources to become integrators of a set of skills, resources, and technologies able to 
realize complex value creation processes. In turn, rather than focusing on technical improvements and 
cost reduction, the manufacturers of products and systems are increasingly promoting the selling of the 
utility and performance associated with its use. The engineering toolbox for early design must then 
contain design decision support that is able to account for the value generated by early concepts along 
their lifecycle. In turn, data-driven approaches must consider ‘value generation’ as its end-game goal. 
Hence, its shall support the generation of relevant models for value assessment, facilitating the team in 
evaluating the long-term consequences related to different hardware, software and service 
configurations. 

In the following sections, the paper describes how the proposed data-driven framework has been 
conceptualized from the analysis of the literature review and of the empirical data. Section 2 presents the 
research methodology and describes how empirical data have been collected and analysed. Section 3 
investigates the literature review conducted to build a theoretical background to support the proposed 
framework. Section 4 describes the proposed data-driven framework for design assessment and 
exploration. Section 5 discusses the findings from the study, while the conclusions and future work are 
presented in Section 6. 

2 METHODOLOGY 
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The overall research effort is framed according to the Design Research Methodology (DRM) framework 
(Blessing and Chakrabarti 2009). DRM consists of four stages: Research Clarification (RC), Descriptive 
Study I (DS-I), Prescriptive Study (PS) and Descriptive Study II (DS-II). Hence, the work presented in 
this paper covers a review-based RC, a comprehensive DS-I and PS, and an initial DS-II. The application 
of DRM in this research is justified both by the complexity of the data-driven design phenomenon, and 
by the aim to improve (and do not merely understand) design practices. DRM is thought to be suitable 
when the objective is that of developing support rather than mainly explain or predict a phenomenon. 
The paper does not merely focus on modelling a theory but wants also to propose a vision of the desired 
situation, as well as of the support (the proposed data-driven framework) that is likely to change the 
existing into the desired situation and maintain this.  

The Research clarification (RC) stage has benefitted from the analysis of current literature in the 
domain of data-driven design and PSS, as well as from the interaction with industry practitioners, process 
owners and experts from a range of different manufacturing sectors (from aerospace and mining to road 
construction and automotive). Empirical data in DS-I have been obtained from the analysis of two case 
studies (Yin 2013) conducted in collaboration with multinational manufacturing companies active in the 
business-to-business market. Company A is a multinational food packaging and processing company 
based in Switzerland and Sweden. The company that offers packaging, filling machines and processing 
for dairy, beverages, cheese, ice-cream and prepared food, including distribution tools. Company B is a 
multinational engineering manufacturer of mobile compactors for road surfaces, also based in Sweden. 

Data collection activities featured semi-structured interviews (both individual and paired interviews), 
regular multi-day physical co-creation workshops and the analysis of company documents. Following 
the guidelines for qualitative research proposed by Miles et al. (2013), interviews activities covered a 
variety of roles, both at managerial and engineering level, to generate knowledge from both the ‘meatiest’ 

cases and the ‘peripheries’. Each of the 12 interviews conducted in the 2 cases lasted for about 50 
minutes. Respondents were located mainly using a snowballing technique (Warren 2002). Once the 
initial respondent (fulfilling the theoretical criteria) was identified, he/she helped to locate others through 
his/her social network. During the interviews and the workshops, the authors compiled visual 
representations and demonstrators of the emerging modeling concepts for data-driven design. These were 
used mainly as discussion triggers to identify critical topics for the development of the proposed 
framework. These findings were iteratively verified with the industrial practitioners in co-located 
research workshops and through the participation in regular debriefing activities within the research 
project. 

3 LITERATURE REVIEW: TOWARDS DATA-DRIVEN PSS DESIGN 

A wave of change fostered by the so-called Fourth Industrial Revolution or Industry 4.0 is sweeping the 
manufacturing industry in recent years. The introduction of the Internet of Things has led to vertically 
and horizontally integrated production systems (Thoben et al. 2017). The shift from ‘traditional 

production methods’ to ‘intelligent manufacturing’ (Zhong et al. 2017) has been enabled by the 

combination of cheap and ubiquitous sensors high computational speeds, and advancements in artificial 
intelligence applications.  

The opportunity to exploit real-world data to improve product design, reliability and quality lies at 
the core of the notion of ‘data-driven design’. What makes the latter to stand-out from classical 
performance-based analysis is the opportunity to seamlessly connect the IoT (and its massive dataset) 
with the design environment, so to ensure that the next generation of products, services and systems 
meets customers’ needs even better than today’s generation. Noticeably, rather than making assumptions 
about how a product concept will perform when operated, maintained, dismissed or recycle, the design 
team can extract relevant knowledge for decision making by leveraging existing data from the field. 
Imagine a manufacturer that monitors usage of a fleet of products operating in different markets, 
geographical areas or customer groups. By gathering field data, the team might come to the realization 
that a particular sub-system (or component) is over-engineered and unnecessary. In turn, this may lead 
to products that are unnecessarily costly, while still being unable to add value to customer and users. The 
team can use this information to modify the original design - e.g. by simplifying its architecture or 
installing cheaper components - reducing production costs so to reduce selling price or improve margins.  

3.1 Towards model-based value analysis 
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A model-driven paradigm to support the early stages of the design of complex systems has been exercised 
for many years. Today, it is possible to build physical or behavioural models for almost any 
system/subsystem across any relevant stage of their life cycle. For instance, models produced in 
MATLAB, Simulink, Ansys, LS-Dyna provide engineers with quantitative data on the performances of 
the systems for different internal and external inputs. Through these simulations, it is possible to evaluate 
design alternatives to find better solutions and support design for robustness, reliability, and safety. 

Model-Based System Engineering (MBSE) is a common approach in the domain of Systems 
Engineering (SE) to exploit domain models as the primary means of information exchange between 
engineers (Alemanni et al. 2011; Gausemeier et al. 2013).  As described by Zeigler et al. (2018) MBSE 
calls for formalized models to replace documents as the fundamental building blocks of  (SE). In practice, 
MBSE promotes the use of a ‘central model’ to serve as a means of coordinating system design (Cameron 

and Adsit 2018). This model facilitates all the activities related to requirements definition, analysis, 
verification and validation of a complex system since the conceptual design, throughout development, 
and until the later phases of its lifecycle.  

Nowadays MBSE is considered a critical capability to develop complex system requirements in a 
systematic manner and to enable different teams to work in a collaborative way (Madni and Purohit 
2019). Yet, recent work (e.g., Cameron and Adsit 2018). has highlighted several practical challenges 
related to the introduction of MBSE in the organization, a major one being the MBSE inability to support 
a “full-system lifecycle” view (see: Madni and Sievers 2018). SE literature has stressed the importance 
of assessing, early on, the expected value of a complex system design concepts (Collopy and 
Hollingsworth 2011). This means extending modelling and simulation capabilities behind traditional 
performances, so as to measure the ability of a system to provide value to customers and stakeholders. 
Collopy (2009) is among the firsts to spotlight the opportunity of developing so-called ‘value models’ to 

capture the long term consequence of design from a value perspective. Yet, in spite of many conceptual 
frameworks being proposed for Value-Driven Design  (VDD) (Lee and Paredis 2014; Isaksson et al. 
2015; Bertoni et al. 2017), the uptake of value modelling methodologies is still limited due to the intrinsic 
difficulties of capturing and measuring all the relevant aspects of value for customers - subjective and 
objective (Weiss 2013) – since an early design phase.  

Gorissen et al. (2014) and Bertoni et al. (2015) recognize that decision-makers need enough 
information and data to properly understand the design ‘trade-off’ assessment using a value model. The 

opportunity of exploiting data from the usage and operational stage related to the interaction between 
humans and the system (hardware, software, and service) holds great potential to cope with the current 
limitations of VDD. At the same time, VDD approaches shall make better use of data obtained from the 
early simulation on the design concept and use them to populate a value model to understand trade-off 
capabilities, performance, cost and life for a complex product. Current activities in the VDD research 
stream (e.g., Isaksson et al. 2015; Bertoni et al. 2017) are exploring the opportunity to apply value model 
in a data-rich situation, arguing that by applying a data-driven approach for value assessment it will be 
possible to increase the reliability and fidelity of the value model at all design levels. 

As the complexity of design increases, due to the need for considering an increased number of 
subsystems and components in the design of PSS solutions, so does the complexity of the modelling 
activity. In order to manage the latter, design decision support – in the form of ad-hoc frameworks – are 
needed to guide the design team in exploiting data to assess the value of a design. Yet, data-driven 
approaches for value analysis are in their infancy, and a systematic way to structure the value modelling 
exercise by exploiting the available data is substantially missing.  

3.2 Data-driven design 

Data-driven approaches feature a long history in the domain of engineering design. Their main goals can 
be described as ‘predictive’, which is to forecast the value of a given variable, and ‘descriptive’, having 

the objective to understand and discover patterns in the available data (Anand and Büchner 1998). Tsent 
and Hiao (1997) are often indicated to be the first to propose the use of data mining for the recognition 
of functional requirements patterns in design. Since then, the application of data-driven models in design 
has captured increased attention in recent years, mainly with regards to the opportunity of improving the 
design synthesis stage and the ability to understand customer needs and expectations (see: Bertoni 2018).  
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Vale and Shea (2003) are among the first to define a modification-based design framework where 
design solutions develop through the successive application of modification operators to the existing 
design. Machine learning is used to support synthesis by guiding the solution search process using past 
experience that is self-learned by on-going observation. In this approach data are accumulated through 
observations and machine learning is applied to learn relevant relationships between the design 
objectives, constraints and modification operators. Song and Kusiak (2009) describes the application of 
data mining algorithms to historical sales data, extracting knowledge from them and using it to manage 
product diversity. In this work, the knowledge (rules) extracted from the historical dataset was used to 
infer customers’ future buying patterns, thus allowing producers to meet customer requirements and to 

manage efficiently the enterprise's resources. Later, Wickel and Lindemann (2015) propose a data-driven 
approach to help companies in improving their decisions in engineering change processes by discovering 
new patterns and structures through the use of machine learning algorithms. Nie et al. (2018) lately 
describe the combined use of MATLAB and Simpack, as well as of surrogate modelling, to support the 
design of railway vehicles under the data-driven paradigm. 

Digital technologies have long been described as critical enables to help companies in the journey 
towards service-based business (Neu and Brown 2008). Ubiquitous and pervasive computing holds great 
potential in the domain of PSS to introduce a model-driven paradigm for decision support. For instance, 
the ability to record a large quantity of data about hardware use, service performances, and human-
product interactions is believed to dramatically enhance decision making at different levels of the 
enterprise (strategical, tactical and operational) and along the entire lifecycle (see: Bertoni 2018). Geng 
et al. (2012) illustrate an interesting example of the application of data-driven approaches in the PSS 
domain. In their work, they propose an apriori-based association rule mining algorithm for aiding PSS 
conceptual design. In their work, the authors describe how parameter translating rules are extracted from 
historical PSS design data, providing the designers with sufficient knowledge to aid analysing parameter 
translation between two adjacent domains and to decrease the subjectivity and complexity of the 
decision-making process. Another example of the application of a data-driven paradigm in PSS is 
provided by Lützenberger et al. (2016). The authors provide a methodology and an example of how 
information gathered from sensors embedded in consumer products (in this case, a washing machine) 
can be used to retrieve improved design requirements for next-generation PSS hardware. Based on the 
sensor data and on the user feedback, the authors exemplify both how the product can be adapted to 
consumer needs and how services can be created/supported. Additional contributions have focused at a 
more operational level to propose mining techniques suitable for product development tasks. Woon et al. 
(2003), for instance, propose the use of the so-called Product Development Miner (PDMiner) to mine 
weblogs efficiently and effectively and, in this way, design faster products by discovering the 
relationships among parts and assemblies. An interesting recent contribution is the Predictive Life Cycle 
Design (PLCD) design framework proposed by Ma and Kim (2016). PLCD enables engineering 
designers to optimize a product design - adjusting product attributes, the selling prices and production 
quantities of new and reman product – by considering the current and future demand for a product 
through data trend mining. The framework enables the engineering team to eventually identify the 
product design that is expected to maximize the total profit over the entire product life cycle. 

4 DEVELOPING A DATA-DRIVEN FRAMEWORK 
FOR PSS DESIGN 

The results from the literature review and empirical study have brought to the definition of a data-driven 
framework to support engineering teams in exploring - early in the design process - the available design 
space for PSS from a value perspective. Figure 1 provides an overarching view of the and illustrates the 
sequence of simulation activities - and the associated flow of data – needed to be performed to support 
value assessment activities along the concept design stage. 
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Figure 1: The generic data-driven design framework for early stage PSS design exploration.

The framework is composed of 6 main layers, corresponding to the main outcomes of the associated 
simulation models. These have been defined to highlight, on the one end, the generic product lifecycle 
phases (See: www.capgemini.org). On the other end, the definition of the layers has been inspired by the 
main layers point circular economy system strategies described by (MacArthur 2013). Data are gathered 
at each layer to support the definition of relevant simulation models able to represent the contribution of 
a design from a value perspective. Several sources have been identified and mapped in the framework 
with regards to the main data items to be considered in the value modelling activity. These primarily 
include sensor data collected from production processes and during the usage phase of existing hardware. 
Information stored in internal and external databases, e.g., originating from manual reports and other 
activities, is also included in the framework as a secondary data source. Eventually, the outcomes from 
previous modelling activities (e.g., the results of CAx models and more) provides further information to 
define and populate the chain of simulation models at each step. 

The Knowledge Discovery Process (KDP) featured in the framework is adapted from the work of 
Kulin et al. (2016) and describes all the necessary steps to transform data into knowledge when dealing 
with large datasets. Initially, the design team must state the specific piece of knowledge needed to 
populate the simulation model at each layer. This statement must then be explicitly formulated as a data 
science problem, describing how the collected data can be used to define the input to the simulation 
model. As explain by Kulin et al. (2016), data must then be collected - according to the definition stated 
– and explored so to validate both the dataset and the formulation of the data science problem from the 
previous step. In the pre-processing phase, the raw data must be transformed into a format suitable for 
feeding into machine learning algorithms. This phase foresees four main sub-steps: data cleaning, data 
integration, data transformation, and data reduction. The goal of the Data Mining phase that follows is 
that of training the algorithms to solve the knowledge discovery problem that was identified and 
formulated in step 1. The performance of previously trained data algorithms must be then evaluated so 
to select the best performing model. Eventually, the functions, expressions and other outputs from the 
KDP process are turned into relevant inputs for the simulation models at each layer.
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4.1 Performance layer 

Previous research in the domain of complex system design (e.g., Isaksson et al. 2013)  has shown that 
new products, sub-systems, and components are seldom radically new designs, but rather incremental 
improvements of a given product platform. Evans et al. (2007) further highlight how a platform strategy 
can be a significant enabler to create high-performing PSS, thanks to the opportunity of customizing and 
contextualizing system-level solutions to fit many sets of different needs. As also pinpointed by Evans 
et al. (2007) a platform-based approach allows derivative products to be developed with more variety, 
shorter schedules, and lower costs. The data collected from the empirical investigation support these 
considerations, further revealing that the necessity to comply with a number of requirements – e.g., 
manufacturing commonality, logistics and supply chain management – considerably limit the design 
team's freedom to develop radical solutions. Hence, early in the design process, the assessment of a PSS 
hardware kicks-off from the identification and further development of such a platform. From this, a 
number of platforms ‘variants’ (i.e., design configurations) are tested for ‘suitability’ for the targeted 

PSS business models. A product platform during early design is typically described by a functional 
diagram and by a fully parametric CAD model, which also contains rules for the automatic generation of 
alternative topological variants of given platform design. Multiple configurations are generated through 
a Design-of-Experiment (DoE) routine (Bertoni et al. 2018), and each of them features its own physical 
and engineering characteristics, which may change during the design process until a final concept is 
chosen (Logan and Smithers 1993). 

The Performance layer represents the first step in the value analysis. The objective is to calculate the 
specific performances (e.g., acceleration, speed and fuel consumption for a vehicle) associated with a 
give platform variant. This information is, in turn, exploited at the Operational, Life Cycle and End-of-
Life layer of the framework, in order to assess the expected behaviour of the machine and its contribution 
to the creation of value for both customers and other stakeholders. To estimate performances at this layer, 
a Dynamic System (DS) simulation is developed in MATLAB. The differential or algebraic equations 
underlying the DS simulation are defined in a way so that the main engineering characteristics of each 
platform variant can be treated as a variable. Several functional attributes needed to define the equations 
in the MATLAB environment are derived from the CAD description, such as the mass of a sub-system 
or component, its geometrical features and more. These equations may further contain constant factors, 
coefficients, and other constraints, which are typically extracted from the company database or from the 
existing product in use. The simulation model further interacts with other software referred to as clients 
(e.g., Computer Aided Engineering, Finite Element Modelling, numerical computing platform and 
more), which run specific models needed to assess different aspects of the studied concept. 

4.2 Realization layer 

The main purpose of the Realisation layer is to raise awareness among design decision-makers about the 
lead time, energy cost, equipment investment and other factors associated with the production of a given 
platform variant. A Discrete Event Simulation (DES) model is deployed to quantify the ability of a design 
to meet the production goal, as well as to spotlight unforeseen bottlenecks and production issues. The 
simulation model takes as input geometrical data from CAD, such as for example, the number of 
components in a system (affecting manufacturing and assembly cost), estimated mass (affecting logistics 
in the manufacturing operations), component size and more. Sensor data are gathered at the shop floor, 
cell and workstation level to feed the simulation model with relevant functions to simulate the behaviour 
of the machine in operation. The Manufacturing Execution Systems (MES) provides further information 
related to the throughput of the production process and to its planning that is used to guide the value 
modelling activity. This layer further incorporates a simulation model that accounts for the opportunity 
to bring end-of-life products back to good-as-new. Remanufacturing refers to the industrial process 
whereby used products referred to as ‘cores’ are restored. Sensor data from the restoration facilities can 

be collected and analysed to provide an assessment of how the product would fit a circular strategy based 
on the remanufacturing model. 

4.3 Operational layer  

The Performance layer renders geometrical-, physical- and performance-related data that can be 
exploited in the simulation environment to assess the behaviour of a design concept in the usage phase. 
The ability to quantify the value creation opportunity for customers and users is of behemoth importance 

https://www.zotero.org/google-docs/?0vFvUF
https://www.zotero.org/google-docs/?mQIg0P
https://www.zotero.org/google-docs/?mQIg0P
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for guiding early stage design decisions towards value optimization. The Operational layer foresees the 
creation of several usage simulation models, that are iteratively refined during the development process. 
These models take a more ‘system-level’ view compared with those deployed in the previous step and 

consider the interaction of the proposed hardware with both humans and other machines. They also 
consider evolving contextual conditions in the scenario and evaluate the performances of a given 
hardware-service package in a given timeframe. The simulation model is also designed and configured 
to estimate the impact of refurbishing operations on the overall usage process highlighting the changes 
in performances triggered by the opportunity of updating the system components. 

 The framework shown in Figure 1 proposes the use of a DES approach to quantify the usage-related 
performances of a design. The main reason to approach scenario simulation with DES is that it considers 
the stochastic nature of the usage scenario parameters, providing realistic predictions of how the PSS 
hardware will operate. Also, since the simulation verifies a limited number of moments during the 
simulation time, the run results are compressed and more efficient. Previous research (e.g., Bertoni et al. 
2016) has also shown that DES models are preferred ‘boundary objects’ for the design team, mainly 

because they are intuitive to understand across the organizational roles and functions, facilitating 
negotiations and knowledge sharing across individual and disciplines., This has shown to have with 
beneficial effects for decision-making during the early stages of the design process. 

Sensors data are collected and analysed from the usage process to support the definition of the general 
layout, the relationships between objects/entities and the functions in the DES model. These include all 
relevant performances-related data for the hardware in operation, its geographical location and other 
environmental data influencing the use of the hardware in given scenarios. Hardware settings data and 
information about which systems are deployed at any given time are also important information to be 
collected so to define relevant functions for the simulation model. A module at this layer further accounts 
for the feasibility and associated benefit/cost of repairing or refurbishing the hardware to its desired level 
of performance. While process-related data – e.g., related to cleaning and recovering operations – may 
be gathered from sensors, other relevant inputs, such as information about the inspection and reassembly 
process are typically recorded by the service technician and stored in a database.  

4.4 Life cycle and End-of-life layer 

Research (e.g., Fadeyi et al. 2017) shows that PSS are characterized by heavy product usage, which 
requires higher product serviceability. Customers expect service procedures to be carried out with the 
absolute minimum disruption of product use. Serviceability and maintainability must then be built into 
the hardware already during the earliest phases of design, configuring the product platform variant in 
such a way to ease service provision.  

Simulation activities at this layer aim at quantifying the costs and efforts needed to ensure the proper 
availability of the PSS hardware throughout its entire lifecycle. As shown by Sassanelli et al. (2016) the 
serviceability efficiency of the design is typically determined considering each disassembly operation 
and item removal. This focus on ‘disassembly operations’ justifies the adoption of a DES approach – 
which can be possible scaled-up to exploit hybrid model capabilities (see: Rondini et al. 2017) - to 
evaluate different maintenance strategies, by incorporating all the maintenance operational settings such 
as asset location, spare part levels, labour availability, travel time to asset, etc. in the simulation model. 
The use of DES is further justified from previous research focusing on the application of simulation in 
maintenance research (see: Alrabghi and Tiwari 2015).  

Sensor data capturing the conditions of the hardware in operation (e.g., vibration, temperature and 
more for a vehicle) are considered critical in the proposed framework to identify those changes that 
indicate the development of a fault. Additional data are gathered and analysed to determine functions 
that can predict failure modes. Service scheduling data, as well as data from the Computerized 
Maintenance Management Information System (CMMIS), are an additional source of information to 
populate the simulation model at this layer. Noticeably, the model further assesses the feasibility and the 
economic viability of maintaining and prolonging the life of the hardware. Information about the speed 
and quality of repair is fed into the model to inform decision-makers about the extent to which a proposed 
platform variant can be serviced and maintain along its lifecycle. 



Int. J. <<omissis>>, Vol. X, No. Y, xxxx 

 

67 

   

Historical data stored in internal and external databases can be mined and analysed to obtain 
important information about the performances of a given design during the phase-out and disposal phase. 
One important aspect in this respect is the opportunity to assess the resale value of hardware by extracting 
relevant functions that describe how different components (and their status) influence prices and 
purchaser decisions in the second-hand market (Chowdhery and Bertoni 2018). Condition monitoring 
data, as well as other data from the targeted markets, are of interest to define the structure and the 
expressions governing the simulation model at this step. The simulation model at the end-of-life layer 
requires further information about the key performance indicators of the reverse logistics chain, as well 
as data from cleaning/valeting processes.    

4.5 Value layer 

The simulation results obtained at the different layers are eventually used to populate a Net Present Value 
(NPV) – or, alternatively, a Surplus Value (SV) -  function at the Value layer. NPV and SV are monetary 
models that calculate the long-term profitability of a design concept, in a similar fashion to what proposed 
in the Value-Driven Design literature for the evaluation of complex systems (Soban et al. 2012; Cheung 
et al. 2012; Monceaux et al. 2014). The function compares cash inflows and outflows over a period of 
time considered relevant by the design team. The definition of the cost items follows the model for the 
Total Cost of Ownership proposed by the PROTEUS Tool book (Finken et al. 2013). From here, cost 
areas are shortlisted, distinguishing between items considered to be priorities, negligible or not assessable 
when developing the cost engineering approach. Importantly, separate value models are developed to 
account for alternative PSS business model types. In doing so, revenue data are calculated by considering, 
for instance, the effective utilization of the PSS hardware, its availability in the different PSS types, its 
flexibility in operation and more. The NPV model results are used then to identify the most valuable 
combination of features for the hardware given alternative business models. 

5 Discussion 

The research presented in this paper foresees several iterations loops where the qualitative researcher 
moves back and forth between design and implementation to ensure congruence among question 
formulation, literature, recruitment, data collection strategies, and analysis. The proposed data-driven 
framework shall be considered the outcome of such initial iterations and a first step towards the 
elaboration of a more comprehensive guidelines to support the design exploration activity for Product-
Service Systems using models. The main benefit of this ‘frontloading’ exercise is to raise awareness 

among decision-makers of the long-term consequences of their design decisions in alternative business 
scenarios. 

Verification activities have foreseen the involvement of industrial practitioners, academic experts, 
and other stakeholders, and has been conducted through the development of increasingly complex 
demonstrators to progressively validate the emerging modelling concepts. Debriefing activities with the 
partner company in the project indicate that the application of the proposed model-based approach may 
leverage communication among the different disciplinary teams involved in the early stages of PSS 
design. By combining models – and using data to raise their reliability and maturity – each individual in 
the design team may grow a clearer picture of how different disciplines (from engineering to 
management) contribute to the creation of value for new solutions. The opportunity to link engineering 
characteristics and ‘performances’ to value are considered a critical capability by practitioners. They 
recognize that in the fuzzy front-end, design decision-makers also lack the ability to communicate why 
their work is ‘good’, and, hence, to deliberate about the most value-adding design. The application of the 
proposed framework and modelling approach is considered to fill a gap when it comes to stimulating 
value discussions across functions and organizational roles. Importantly, the ability to leverage the value 
negotiation early in the design process is considered critical to keeping the focus on the underlying 
business case when developing products and ‘hardware’, which is to justify why a proposed technology, 
material or design is ‘good’ in the light of the targeted PSS type. 

6 Conclusions 

The selection of PSS design concepts is an iterative process, which requires systematic support that is 
able to adapt to the pool of information and knowledge available during decision events. The data-driven 
framework presented in this paper shall be considered a step forward toward a larger research effort 
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whose purpose is to create a data-driven platform for value-based decisions in PSS conceptual design. 
This contribution illustrates the initial finding from this iterative research process, pinpointing the model 
chain, techniques and data sources that need to be introduced in PSS design to assess the value of solution 
concepts already in an early phase. Noticeably, the proposed framework is generic enough to be applied 
across industrial sectors and PSS types, and it is meant to provide a reference upon which to further 
investigate the benefits of simulation models in data-intensive environment for early stage decision 
making, to ultimately push forward the state of the art and the state of the practice of data-driven design. 

The overall purpose of this work is to use data-driven models to capture and represent ‘value’ aspects 

and link these to the engineering design process. Future research will focus on the further development 
of the proposed framework by gathering and collecting empirical evidence from a broader range of 
industries and case studies. Enlarging the number of cases will allow to further build a theory on the topic 
of data-driven design, identifying key variables, describing their linkages and why relationships exist. 
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Global challenges such as increasingly competi-
tive markets, low-cost competition, shorter lead 
time demands, and high quality/value output are 
transforming the business model of the company 
to focus beyond the performance requirements. 
In order to meet these challenges, companies are 
highly concerned with the customer perceived val-
ue, which is to connect the product with the cus-
tomer in a better way and become more proactive 
to fulfil the customer needs, via function-oriented 
business models and Product-Service Systems.

In literature, the conceptual phase is distinguished 
as the most critical phase of the product develop-
ment process. Many authors have recognized the 
improvement of design in the conceptual phase 
as the mean to deliver a successful product in the 
market. At the decision gate, where concepts are 
selected for further development, the design team 
needs knowledge/data about the long-term conse-
quences of their early decision, to see how chang-
es in design propagate to the entire lifecycle of the 
product. 

The main goal of the thesis is to describe how the 
design of Product-Service Systems in the concep-
tual phase can be improved through the use of 
a data-driven approach. The latter provides an 
opportunity to enhance decision making and to 
provide better support at the early development 
phase. The study highlights how data are managed 

and used in current industrial setting and indicates 
the room for improvement with current practices. 
The thesis further provides guidelines to efficiently 
use data into the modelling and simulation activi-
ties to increase design knowledge. As a result of 
this study, a data-driven approach emerged to sup-
port the early design decision. 

 The thesis presents initial descriptive study find-
ings from the empirical investigations, showing a 
model-based approach that creates awareness 
about the value of a new design concept, thus 
acting as a key enabler to use data in design. This 
will create a link between the product engineering 
characteristic to the high-level attributes of cus-
tomer satisfaction and provider’s long-term prof-
itability. The preliminary results indicate that the 
application of simulation models to frontload the 
early design stage creates awareness about how 
performance can lead to value creation, helping 
multidisciplinary teams to perform quick trade-off 
and what-if analysis on design configurations. The 
proposed framework shows how data from various 
sources are used through a chain of simulations to 
understand the entire product lifecycle. The pro-
posed approach holds a potential to improve the 
key performance indicators for Product-Service 
Systems development: lead time, design quality, 
cost and most importantly deliver a value-added 
product to the customer.
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