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ABSTRACT

The paper presents a Model-Driven approach for Product-Service System (PSS) Design promoting an
increased digitalization of the PSS design process based on the combination of data-driven design
(DDD) activities and value-driven design (VDD) methods. The approach is the results of an 8-year
long research profile named (omitted for blind review) featuring the collaboration between (omitted
for blind review) and nine industrial companies, in the field of PSS Design. It combines VDD models
and the supporting data-driven activities in the frame of PSS design and aligns with the product value
stream and the knowledge value stream in the product innovation process as described by Kennedy et
al. (2008). The paper provides a high-level overview of the approach describing the different stages
and activities, and provides references to external scientific contributions for more exhaustive
descriptions of the research rationale and validity. The approach is meant to ultimately drive the
development and implementation of a simulation environment for cross-functional and multi-
disciplinary decision making in PSS, named Model-Driven Decision Arena, describe in the concluding
part of the paper.
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1 INTRODUCTION

Solving problems in engineering product development becomes increasingly expensive and time-
consuming as development projects progress, and financial commitments are made and production
started (Ullman 2002, Ulrich and Eppinger, 2012). Mechanical and knowledge engineering models are
important means to predict hardware properties at an early stage of design. In the process of an
increasing transition towards Product-Service Systems (PSS) offerings, such models shall also be used
in a broader business perspective to design the entire ecosystem of products and services (Mahut et al.
2017). The exponential evolution of computational hardware (enabling also software development)
has brought also increased growth in the use of virtual models for performance analysis and
optimization (e.g., Computational Fluid Dynamics, Multibody Dynamics, etc.). Vallhagen et al. (2013)
show how virtual modeling methods are becoming a commodity in the domain of structural
mechanics, aerodynamics, and fluid mechanics. The same cannot be said for PSS design support,
where early design decisions are driven by a larger and heterogeneous set of needs including lifecycle
implications, supply chain impact, and more high-level global challenges. Computational modeling
has not reached the level of maturity to compute such dimensions, often referred to as “ilities” in the
scientific literature (McManus et al., 2007; Bertoni and Bertoni, 2019).

The transition from product seller to PSS provider implies fundamental changes in both value creation
for customers and value capture by the provider (Matschewsky et al. 2018). Hence researchers have
turned to the value concept to structure design approaches and provide new ways of measuring the
viability and expected success of such offerings (Bertoni et al., 2016; Kimita et al., 2009a; Sakao and
Lindahl, 2012). This has renewed interest in Value Centric Design (VCD) and Value Driven Design
(VDD) (see: Vengadasalam et al. 2017).

At the same time, one success factor in engineering design is the ability to make effective and risk-
managed decisions in a timely manner. The ability to do so relies on the availability of knowledge,
hence, a major quest in PSS design is search for information and subsequent build of knowledge. This
search comes down to the availability of data to populate early PSS design models and simulations,
while the creation of knowledge is subjected to the interpretation and the analysis of data, dealing with
ingrained uncertainties and the need to validate prediction models. The term Data-Driven Design
(DDD) is being consistently used to refer to the opportunities for data collection and analysis granted
by the advent of cyber-physical systems and the Internet of Things (Kim et al., 2017). By exploiting
connectedness in cyber-physical systems, explorative models can be created and used as a foundation
for more informed decisions. Literature shows three major areas of application for data-driven design
models for PSS, respectively focusing on customer needs identification, design synthesis, and more
recently, early design concept assessment (Bertoni and Larsson, 2017).

The research presented in this paper is grounded on the idea that multidisciplinary simulations become
of foremost importance for PSS design. Those need to emphasize value creation along the entire
lifecycle by confronting the shift toward digitalization and circular economy challenges (Lugnet et al.,
2020). On such a basis the paper presents an approach promoting an increased digitalization of the
PSS design process based on the combination of DDD activities and VDD, ultimately driving the
development and implementation of a simulation environment for cross-functional and multi-
disciplinary decision making. The paper summarizes the results of multiple research contributions in
the field of PSS design, formalizing them in a process model (namely the Model-Driven Product
Service Systems Design approach) with related data-driven activities, ultimately aiming to support the
design of PSS in the light of the increased availability of product and service data.

The paper summarizes the results of an 8-year long research profile named Model-Driven
Development and Decision Support (MD3S) featuring the collaboration between Blekinge Institute of
Technology and nine industrial companies. The research environment and the research approach are
described in detail in section 2. Section 3 presents a brief review of DDD and VDD models in PSS
design. Section 4 provides a high-level overview of the approach for model-driven PSS design
developed during the research profile, describing the different stages and activities, and providing
references to external scientific contributions for more exhaustive descriptions of research rationale
and validity of the different processes included in the approach. Section 5 discusses the findings in
light of the current literature highlighting relevant questions for further research in the field.
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2 RESEARCH APPROACH AND ENVIRONMENT

The research presented in this paper has been performed in the frame of the MD3S research profile at
Blekinge Institute of Technology. The profile is a research initiative dedicated to sustainable Product-
Service Systems (PSS) innovation which has the main objective to develop, disseminate, and integrate
relevant, user-friendly, and efficient computer-aided support methods and tools for sustainable PSS
innovation into business leaders’, business developers’ and product developers’ working environments.
The applied research was performed to support and enable industry to thrive in the changing global
context, supported by both simulated and real data using the internet of things and Al/machine
learning. The research was performed through a combination of participatory action research and case
study analysis in collaboration with nine industrial partners operating in the aerospace, construction
machinery, packaging, fixtures, and sealing industry. Despite operating in different sectors the partner
companies shared some key features making them relevant as research subjects: they were all active in
the business-to-business sector, most of them were familiar with systems engineering and set-based
concurrent engineering, they had experience with cross-functional design teams; they had grown
lessons learned on the need to facilitate a participatory process in the design; their business was facing
rapid transformations largely driven by the same macro trends, i.e. servitization, digitalization,
connectivity, artificial intelligence, and resource scarcity. Figure 1 shows the partner structure of the
MD3S research profile.
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Figure 1. Partner structure of the MD3S research profile at Blekinge Institute of
Technology

3 VALUE-DRIVEN AND DATA-DRIVEN PSS DESIGN

More than a decade ago, Isaksson et al., (2009) in their paper on challenges and opportunities for
product-service systems development published in the Journal of Engineering Design, highlighted the
need for an integrated effort of engineering, marketing, and sales to develop PSS offering. They
described a situation in which services and physical products were largely developed independently,
arguing the need for a development process, called Functional Product Development (FPD) process, to
address the new needs introduced by the PSS transition. They identified four main constituents of the
FPD process, namely:

e  Being highly driven by the focus on customer needs.

¢ Include a high degree of customer involvement during the development process.
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e  Enlarge the stakeholder collaboration network to include customers partners and suppliers.

e  Being capable of modeling and simulating all aspects of PSS in the early phases of design.

When the Isaksson et al. (2009) paper was published, the academic discussion on the concept of
Value-Driven Design was very much in its infancy, mostly limited to some use case applications in the
field of aerospace systems engineering. At the same time the term Data-Driven Design, despite being
already coined (Domazet 1995), had not gained momentum in research and the application of data
science in engineering design counted only a few examples and prototyped applications (see Kusiak
and Tseng, 2000; Agard and Kusiak, 2004; Kusiak and Smith, 2007).

The VDD term was popularized by Collopy and Hollingsworth (2011) in the Journal of Aircraft and
collects methods/tools for design decision support that uses generated value (rather than requirements)
as the main design objective to orient trade-off resolution for complex systems and ecosystems
(Isaksson et al. 2013). VDD features two main approaches to increases awareness of how much
customers value certain capabilities against each other, namely deterministic optimization models and
gualitative models.

Intuitively, mathematical optimization models are used to identify the “best system solution” for the
maximization of a given monetary function for value. Several case studies in the aerospace sector
proposed variations of Net Present Value (NPV) and Surplus Value (SV) equations to perform such an
optimization (see: Curran et al. 2010; Cheung et al., 2012). NPV is a widely adopted method for the
analysis of investments based on the cash flow generated by different investment strategies over the
years; it uses a yearly “discount rate” making cash flows less and less valuable the farther they happen in
the future. The SV is instead based on the assumption that seeking optimization of the profit of a whole
industry (including all the actors in the supply chain) will render design decisions that will maximize the
profit for each company involved. Thus SV should be easier to compute as a subset of NPV since it is
not affected by competition (Cheung et al., 2012). Critique has however been raised on the use of
monetary functions (Soban et al., 2012) and proposes the use of more qualitative models. The lack of
trustworthiness in deterministic models, induced by uncertainty and lack of data, is claimed to hinder
communication among the decision-makers (Collopy, 2012, Monceaux et al. 2014), thus calling for the
implementation of VDD models based on Multi-Attribute Decision Making to support early-stage
system design. The EVOKE model (Bertoni et al., 2018) and the EVA model (Rondini et al., 2018) are
two examples of such models developed in the field of PSS design decision making.

Additionally, current VDD research shows that in situations where the ‘system’ to be engineered is
becoming increasingly large and complex, value models are the main enablers to support a value
orientation in requirement management. Furthermore, the availability of data from the usage phase,
granted by the increased access to information communication technologies, enables the development
of more reliable assessment models based on quantitative measurement rather than qualitative
assessment. For instance, the ability to record data about hardware use, service performances, and
human-product interactions (e.g., using smart devices to collect feedback from customers and
stakeholders) is believed by many to sensibly improve the early-stage design decision making, hence
the above-mentioned ‘frontloading” exercise. The qualitative value analysis loop is also believed to be
a necessary complement of more deterministic analysis, creating awareness and consensus among
decision-makers on possible solution directions even before starting to engineer the PSS.

The interest in integrating data science as an enabler of better design decisions has radically increased
in the last years from both researchers and industrial practitioners. Nevertheless, due to its novelty, the
research field still lacks consistent methodologies and approaches generalizable in different industrial
areas and implemented into the established design processes (Bertoni, 2018). While some case studies
and conceptual frameworks are available dealing with the very early planning of a new product,
limited contributions are available integrating data-driven models in traditionally engineering-oriented
product or service development projects, encompassing idea generation and sub-system embodiment
(Bertoni and Larsson, 2017). Recently, the idea to support PSS as a whole has been addressed by the
proposal of a Data-Driven Product-Service Systems Design and Delivery methodology (Sala et al.,
2020) developed to leverage the benefits of data collection and analysis both in the PSS design and in
the delivery process of PSS. Such methodology is partially based on the PSS Lean Design
Methodology (Pezzotta et al., 2018), which proposes a comprehensive approach focusing on the whole
PSS life from the identification of customer needs to the monitoring of performances on the market.
The model-driven PSS design approach presented in this paper builds on the theory here described
taking as a standpoint the specific issues emerging in the early stages of PSS design. It does not aim to
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provide a comprehensive picture of PSS lifecycle design and management, rather it proposes an
approach encompassing processes and deterministic and probabilistic models to be applied at a lower
level of process granularity.

4 THE MODEL-DRIVEN PRODUCT SERVICE SYSTEMS DESIGN APPROACH

This section provides a summary of the approach for model-driven PSS design developed in the frame
of the MD3S research profile. The text does not go into the details of the case studies implementation,
rather it presents the overview of the processes and methods applied all along the product innovation
process, providing references to the specific cases to further investigate the applications in detail.
Finally, the section describes the cross-disciplinary simulation environment for multi-disciplinary
decision-making that has been developed and tested to operationalize the proposed design approach.
Figure 2 summarizes the steps of the Model-Driven PSS Design process (in orange) framed in the
generic activities of a VDD process adapted from the work by Bertoni and Bertoni (2019a) (in green)
and in relation to the knowledge value stream and the product value stream as defined by Kennedy et
al. (2008).

VALUE-DRIVEN DESIGN PROCESS (adapted from Bertoni and Bertoni 2019)
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Figure 2. The model driven PSS design approach and its relationship with value-driven
design process and data-driven design activities framed in the product innovation process
by Kennedy et al. (2008).

4.1 Stage 1: Problem recognition

This is the initial phase of the PSS design process and it is where a problem to be solved or a set of
needs to be satisfied are identified. This step wants to provide an understanding of the main
dimensions of ‘value’ that are relevant for PSS engineering and design. The Triple Bottom Line
(Norman and MacDonald, 2004), Value Proposition Canvas (Osterwalder et al., 2014) and the Design
Thinking methodology (Brown, 2008) frameworks are the main references in this respect. From a
DDD perspective, this step provides an understanding of what problem needs to be investigated,
setting the boundaries of what data are relevant. It answers the question: “What would you need to
know if you could have all the data you want?”.

4.2 Stage 2: Model design

In this stage, the first simulation and assessment models are developed. The work starts with the
definition of a Value Creation Strategy (VCS) (Bertoni and Bertoni, 2019a). The VCS provides a
detailed description of the characteristics, motivators, and preferences of different markets and
customers for the PSS. The VCS also helps the design team in defining a complete and customized list
of value criteria for a new PSS solution. These criteria are further prioritized to mirror the preferences
of a given market and consider both a customer and provider perspective. Customer Tier Analysis,
Personas, and Value Strategy Canvas are the main tools used here to inform the creation of the VCS.
Here is also where a data collection strategy is formulated and where DDD models are designed to
support the quantification of value drivers. Initial data gathering can happen out of historical databases
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or live measurements with the intent to create an understanding of the AS-IS situation in terms of data
availability and structure.

4.3 Stage 3: Model analysis

This stage provides a more granular, detailed assessment of the value of alternative PSS design
concept configurations. The EVOKE model (Bertoni et al., 2018) is a major support tool for this task.
It exploits value functions of different shapes and sizes to map the engineering characteristics of a
product against the value criteria. This mapping process matrix is informed by an IBIS map. The
EVOKE model is initially used for a high-level screening of the concept ideas from a value
perspective, and it is extended in a second step for a more detailed assessment of specific pre-selected
concepts. Such extension is possible when a shared agreement on an overall concept definition is
reached, thus when specific design features of the new PSS are defined at a high level. The extension
consists of enhancing the EVOKE computation by the estimation of the EVOKE parameters through
Design of Experiment (DOE) allowing for the automatic computation of multiple EVOKE results
inside the design space boundaries of a specific concept (see Bertoni and Bertoni, 2019b). As a last
step sensitivity analysis is run on the model parameters to identify the needed improvement in terms of
data availability and reliability, this is done to provide the most consistent and reliable models to be
used in stage 4 when quantitative simulations are run.

4.4 Stage 4: Options generation and pre-selection

At this stage, the PSS concept starts to take a more defined shape both in terms of more detailed
geometry definition and service systems simulations. In other words, this stage brings the design team
from the realm of qualitative assessment to the domain of quantitative analysis. A basic geometrical
definition of the product allows for simple optimization models utilizing Computer-Aided Engineering
simulations. From the service systems design side, process models are used to simulate the operational
life of the PSS and Discrete Event Simulations are used here to calculate the performances of a design
concept in alternative lifecycle scenarios. The individual behaviors of customers or relevant agents can
also be modeled when relevant by the use of agent-based simulations. The increased use of
guantitative simulations requires models to be populated by data derived from historical databases,
collected on the field, or based on assumptions and expertise of the design teams. Scenario simulations
are allowed by the creation of surrogate models for both product and service behaviors, those are
enhanced using data science algorithms (see for instance Bertoni et al., 2020). A critical aspect to be
considered for the DDD activity in this stage is the necessity to keep “transparency” on the collection,
use, and application of data science algorithms. This is because of the heterogeneous nature of the
computed data that own different reliability and maturity level. Failing to keep transparency on data
sources and reliability might give a false impression of models' reliability to the decision-makers.

4.5 Stage 5: Choice

In this stage, the final design decision on the PSS design is taken. More advanced simulations are
developed based on the increased understanding of what needs to be modeled and what data need to be
collected, awareness respectively obtained as follow-up of the “model design” and “model analysis”
stage. The new simulation can be now complemented by the new “fresh” data collected from the field.
Choices are made to improve the simulations and the design concepts. In parallel VDD models focus
now on calculating the monetary value of design solutions no longer encompassing qualitative
measurement. This brings VDD models to be used in the same fashion as in the definition of VDD by
Collopy and Hollingsworth (2011) and iterated in a number of examples by (Castagne et al., 2009;
Cheug et al., 2012). In this way, based on the information provided by the previous simulations, the
design team can estimate the monetary value (representing long-term profitability) of a proposed PSS
solution, both from a provider and customer viewpoint.

4.6 Stage 6: Implementation

This stage goes beyond the product development process and concerns the practical implementation
and delivery of the PSS. Although the development being formally closed such a stage is relevant to
monitor the effects of design decisions. Based on the information available, delivery decisions are
implemented, new data are stored, and the DDD models are kept up to date. This creates a virtuous
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loop in which a constant update and refresh of operational data improve the reliability of the design
models and support the constant development of innovative PSS solutions. The resulting design
support takes the form of a digital twin featuring constant updates based on the data from the usage
phase. A methodology for the continuous design and delivery of PSS has been proposed as
complementary research to the proposed process by Sala et al. (2020) but it is not described in this paper.

4.7 The Model-Driven Decision Arena: an enabler for model-driven PSS design

Even if the outcome of the model analysis stage contains the necessary information to support the
sought decision, it is still hard for a diverse group of stakeholders to navigate through and make sense
of the generated data. Key enablers for exploration and negotiation in a multi-stakeholder decision
scenario are constructs and practices aiding interaction with model-generated data. A major challenge
in this exercise is how to exploit human judgment to deal with situations where the data set is both
very large but also incomplete and inconsistent. In this situation, the visualization strategy shall
consider the need to empower the human component and augment its ability to recognize patterns and
relationships in the data set. Visualization is an important part of the intended workflow as it may
augment problem-solving capabilities by enabling the processing of more data without overloading the
user. Cognitive tools propel users into far more effective thinkers and computer-based tools with
visual interfaces may be the most powerful and flexible cognitive systems (Ware, 2005).

The research leading to the model-driven PSS design process described in this paper has identified in
the Model-Driven Decision Arena (MDDA) a suitable enabler for PSS development. The MDDA is a
simulation and decision-making environment where PSS models are visualized at decision gate events.
Those models include the 3D geometry for the given design case, the results of the qualitative and
quantitative value assessment models, the color-coded visualization of the latter, and the control panel
for parameters selection in the DoE. The MDDA provides decision-makers with ad-hoc interfaces to
explore the behavior of given configurations under varying assumptions. These interfaces allow the
design team participants to play with some of the model inputs and other relevant scenario parameters.
A detailed description of the MDDA environment is available in Wall et al. (2020).

5 CONCLUDING DISCUSSION

The transition toward the PSS business model generates cascading effects on the design and
development process. Engineers need to keep the focus on value creation from the perspective of the
whole lifecycle, thus access to multidisciplinary models and simulations becomes a key competitive
advantage. The approach presented in this paper is the result of applied research in multiple industrial
contexts facing the design challenges introduced by the transition to PSS.

The challenge of the co-existence of multidisciplinary models in complex development projects is not
new. Researchers in model-based systems engineering have stressed the need for multiple and
heterogeneous models to communicate and share data and information. Model-based systems
engineering environments have been developed together with specific modeling languages (such as
UML or SysML) to manage the complexity of the concurrent design of multiple sub-systems driven
by the cascading definition of requirements. In such a context, the concept of VDD has challenged the
requirements-driven approach for system development, based on the idea that to develop new
innovative solutions engineers should focus on the maximization of value rather than on the
fulfillment of requirements.

The approach presented in this paper concerns the design of a PSS, which is an effort that lay in-
between a traditional product development process and a systems engineering project. In specific the
approach contributes to the early stages of the design (aligning with the Knowledge Value Stream
definition by Kennedy et al. 2009). Here the consideration of a service-dominant logic requires the
definition of a common denominator upon which solution alternatives can be benchmarked. To this
purpose, the concept of value, as proposed by VDD, has been identified as such a common
denominator to ease engineers' decision-making. Nevertheless, the concept of ‘value’ itself is a
context-dependent and multi-faceted notion, which needs to be reduced (i.e., rendered in more
practical and actionable terms), to guide the decisions along the different stages of a development
project. To make VDD models more “actionable” in the context of early PSS design, the proposed
approach leverages the increased possibility of product ownership and control introduced by PSS,
opening to a spectrum of opportunities for data collection.
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In the engineering design field, the concept of DDD has been often discussed and several applications
have been presented with the intent to solve problems identified “ad-hoc” (see Kim et al. 2017). Fewer
contributions are instead focusing on how to integrate a full spectrum of data-driven activities in the
current development process, to proactively design a development process that would exploit the
benefit of increased data availability in early engineering design. The novelty of the proposed Mode-
Driven Product Service Systems Design approach relies on complementing the VDD approach by
formalizing a number of data-driven activities that enable a more consistent and reliable development
of models to support decision making. In particular, the approach adds a clear indication on when,
how, and for which purpose data-driven activities shall be introduced in the development process, to
become effectively integrated into a model-driven approach for the design of PSS. Data can then be
used to support the creation, population, and operationalization, of the VDD models. In this way, the
“static” view of VDD models can be overcome by a smoother integration of data-driven methods (and
data science) in traditional engineering working practices, making a transition from low-fidelity value
models to deterministic functions as the PSS design process proceeds.

When using the proposed approach engineers and decision-makers shall be aware that a reason for
applying it is that of staging discussions about the value contribution of a design, rather than to
identify the best possible concept via optimization. Triggering discussion forces cross-functional
design teams to converge to a common view of what the value of a new PSS is and resolve conflicts.
Gut feeling and personal experience still play a key role in engineering decision making and the
complexity of the PSS design requires the ability to foresee how product and service features will
mutually interact and how they will impact the final value delivery. The development and the
implementation of the Model-Driven Decision Arena described in section 4.7 supports such cross-
disciplinary discussion in early design. This is obtained by leveraging the role of visualization in an
engineering context in which multiple competencies concur to define the overall design of the future
PSS architecture, and in which the integration of data-driven models introduces the need for data
science knowledge, which is often outside the portfolio of competencies of engineers and innovation
experts. Such problem of understanding the logic and reliability of specific models in a cross-
disciplinary decision-making environment is not new to the literature in engineering design (e.g.,
Johansson et al., 2011), thus the improvement of the understanding through suitable visualization
techniques becomes a necessary part of a Model-Driven PSS design process.

The further development of the proposed approach can be promoted from several perspectives. Among
those, a challenge is not only about producing data or results, but rather to make the data accessible
and understandable in a wider community. This reflects the need to generate guidelines on how to best
interact with the environment without the need for expert knowledge. At the same time robustness and
speed of execution are also main challenges: failing in providing almost instantaneous feedback to a
decision-making team might compromise the effectiveness of the models to work as a “boundary
object”, thus acting as a support for facilitating discussions and negotiations between diverse
stakeholders from different backgrounds to negotiate value contributions in the light of design changes
(Panarotto et al., 2019). From another angle, the verification activities run with the partner companies
have highlighted the need for the measurement of a Model Maturity Level (MML) as a promising
concept to deal with the uncertainty of the knowledge base in early PSS design. The first version of an
MML has been proposed by Johansson et al (Johansson et al., 2017) computing the distance between
the current and ideal value of maturity to be expected from a given model, displaying it using a five-
level scale. Such a notion would need to be further developed to assess the degree to which a lack of
maturity will impact the development process activities.

ACKNOWLEDGEMENTS

The research has received financial support from the Swedish Knowledge and Competence Development
Foundation through the Model-Driven Development and Decision Support research profile at Blekinge
Institute of Technology.

REFERENCES

Agard, B. and Kusiak, A., (2004). Data-mining-based methodology for the design of product families.
International Journal of Production Research, 42(15), pp.2955-2969.
https://doi.org/10.1080/00207540410001691929 https://doi.org/10.1016/S0007-8506(07)62286-0

2144 ICED21

https://doi.org/10.1017/pds.2021.475 Published online by Cambridge University Press


https://doi.org/10.1017/pds.2021.475

Bertoni, A. (2018). Role and challenges of data-driven design in the product innovation process. IFAC-
PapersOnLine, 51(11), 1107-1112. https://doi.org/10.1016/j.ifacol.2018.08.455

Bertoni, A., & Bertoni, M. (2019). Modeling ‘ilities’ in early Product-Service Systems design. In 11th CIRP
Conference on Industrial Product-Service Systems, CIRP IPS2 2019; Zhuhai; China; 29 May 2019 through
31 May 2019 (Vol. 83, pp. 230-235). Elsevier. https://doi.org/10.1016/j.procir.2019.03.091

Bertoni, A., & Bertoni, M. (2019b). Supporting early stage set-based concurrent engineering with Value Driven
Design. In Proceedings of the Design Society: International Conference on Engineering Design (Vol. 1,
No. 1, pp. 2367-2376). Cambridge University Press. https://doi.org/10.1017/dsi.2019.243

Bertoni, A., & Larsson, T. (2017). Data mining in product service systems design: Literature review and research
questions. Procedia CIRP, 64, 306-311. https://doi.org/10.1016/j.procir.2017.03.131

Bertoni, A., Bertoni, M., Panarotto, M., Johansson, C. & Larsson, T.C. (2016). Value-driven product service
systems development: Methods and industrial applications. CIRP Journal of Manufacturing Science and
Technology, Vol. 15, pp. 42-55. https://doi.org/10.1016/j.cirpj.2016.04.008

Bertoni, M., & Bertoni, A. (2019a). Iterative value models generation in the engineering design process. Design
Science, 5. https://doi.org/10.1017/dsj.2019.13

Brown, T. (2008). Design Thinking. Harvard Business Review, (June).

Castagne, S., Curran, R., and Collopy, P. (2009). Implementation of value-driven optimisation for the design of
aircraft fuselage panels. International journal of production economics, 117(2), 381-388.
https://doi.org/10.1016/j.ijpe.2008.12.005

Cheung, J., Scanlan, J., Wong, J., Forrester, J., Eres, H., Collopy, P., Hollingsworth, P., Wiseall, S. & Briceno, S.
(2012). Application of value-driven design to commercial aeroengine systems, Journal of Aircraft, Vol. 49,
No. 3, pp. 688-702. https://doi.org/10.2514/1.C031319

Collopy, P. D., & Hollingsworth, P. M. (2011). Value-driven design. Journal of aircraft, 48(3), 749-759.
https://doi.org/10.2514/1.C000311

Curran, R., van der Zwan, F., & Ouwehand, A. (2010). Value analysis of engine maintenance scheduling relative
to fuel burn and minimal operating costs. In 10th AIAA Aviation Technology, Integration, and Operations
(ATIO) Conference (p. 9145). https://doi.org/10.2514/6.2010-9145

Domazet, D.S., Choong, F.N., Sng, D., Ho, N.C. & Lu, S.Y., 1995. Active data-driven design using dynamic
product models. CIRP annals, 44(1), pp.109-112. https://doi.org/10.1016/S0007-8506(07)62286-0

Isaksson, O., Larsson, T. C., & Rénnback, A. O. (2009). Development of product-service systems: challenges
and opportunities for the manufacturing firm. Journal of Engineering Design, 20(4), 329-348.
https://doi.org/10.1080/09544820903152663

Johansson, C., Hicks, B., Larsson, A. C., & Bertoni, M. (2011). Knowledge maturity as a means to support
decision making during product-service systems development projects in the aerospace sector. Project
Management Journal, 42(2), 32-50. https://doi.org/10.1002/pm;j.20218

Johansson, C., Wall, J., & Panarotto, M. (2017). Maturity of models in a multi-model decision support system. In
DS 87-6 Proceedings of the 21st International Conference on Engineering Design (ICED 17) Vol 6: Design
Information and Knowledge, VVancouver, Canada, 21-25.08. 2017 (pp. 237-246).

Kennedy, M., Harmon, K., & Minnock, E. (2008). Ready, Set, Dominate-Implement Toyota's Set-Based
Learning for Developing Products and Nobody Can Catch You. Richmond, VA : Oaklea Press. ISBN:
9781511659659

Kim, H. H. M., Liu, Y., Wang, C. C., & Wang, Y. (2017). Data-driven design (D3). Journal of Mechanical
Design, 139(11). https://doi.org/10.1115/1.4035002

Kimita, K., Yoshimitsu, Y., Shimomura, Y., & Arai, T. (2008, January). A customers’ value model for
sustainable service design. In International Design Engineering Technical Conferences and Computers and
Information in Engineering Conference (Vol. 43291, pp. 77-85). https://doi.org/10.1016/j.cirpj.2009.06.003

Kusiak, A. & Smith, M., (2007). Data mining in design of products and production systems. Annual Reviews in
Control, 31(1), pp.147-156. https://doi.org/10.1016/j.arcontrol.2007.03.003

Kusiak, A. & Tseng, T.l., (2000). Data mining in engineering design: a case study. In Proceedings 2000 ICRA.
Millennium Conference. IEEE International Conference on Robotics and Automation. Symposia

Lugnet, J., Ericson, A., & Larsson, T. (2020). Design of Product—Service Systems: Toward an Updated
Discourse. Systems, 8(4), 45. https://doi.org/10.3390/systems8040045

Mahut, F., Daaboul, J., Bricogne, M., & Eynard, B. (2017). Product-Service Systems for servitization of the
automotive industry: a literature review. International Journal of Production Research, 55(7), 2102-2120.
https://doi.org/10.1080/00207543.2016.1252864

McManus, H., Richards, M., Ross, A., & Hastings, D. (2007, September). A framework for incorporating
“ilities” in tradespace studies. In AIAA Space 2007 Conference & Exposition (p. 6100).
https://doi.org/10.2514/6.2007-6100

Norman, W., & MacDonald, C. (2004). Getting to the bottom of “triple bottom line”. Business ethics quarterly,
243-262. https://doi.org/10.5840/beq200414211

Osterwalder, A., Pigneur, Y., Bernarda, G., & Smith, A. (2014). Value proposition design: How to create
products and services customers want. John Wiley & Sons. ISBN: 978-1-118-96805-5

ICED21 2145

https://doi.org/10.1017/pds.2021.475 Published online by Cambridge University Press


https://doi.org/10.1017/pds.2021.475

Panarotto, M., Bertoni, M., & Johansson, C. (2019). Using models as boundary objects in early design
negotiations: analysis and implications for decision support systems. Journal of Design Research, 17(2-4),
214-237. https://doi.org/10.1504/JDR.2019.105757

Pezzotta, G., Sassanelli, C., Pirola, F., Sala, R., Rossi, M., Fotia, S., Koutoupes, A., Terzi, S. & Mourtzis, D.,
(2018). The Product Service System Lean Design Methodology (PSSLDM). Journal of Manufacturing
Technology Management. https://doi.org/10.1108/JMTM-06-2017-0132.

Rondini, A., Bertoni, M., & Pezzotta, G. (2018). At the origins of Product Service Systems: Supporting the
concept assessment with the Engineering Value Assessment method. CIRP Journal of Manufacturing
Science and Technology. https://doi.org/10.1016/j.cirpj.2018.08.002

Sakao, T., & Lindahl, M. (2012). A value based evaluation method for Product/Service System using design
information. CIRP annals, 61(1), 51-54. https://doi.org/10.1016/j.cirp.2012.03.108

Sala, R., Bertoni, A., Pirola, F., & Pezzotta, G. (2020, August). The Data-Driven Product-Service Systems
Design and Delivery (4DPSS) Methodology. In IFIP International Conference on Advances in Production
Management Systems (pp. 314-321). Springer, Cham.

Soban, D. S., Price, M. A., & Hollingsworth, P. (2012). Defining a research agenda in Value Driven Design:
Questions that need to be asked. Journal of Aerospace Operations, 1(4), 329-342.
https://doi.org/10.3233/A0P-120026

Ullman, D. G. (2002). The Mechanical Design Process. McGraw-Hill 946 Science/Engineering/Math. 947.
ISBN-13 : 978-007297574

Ulrich, K. T. & Eppinger, S. D. (2012). Product Design and Development, 5th edn. 948 McGraw-Hill Education.
ISBN: 9781260566437

Vallhagen, J., Isaksson, O., Sdderberg, R., & Warmefjord, K. (2013). A framework for producibility and design
for manufacturing requirements in a system engineering context. Procedia CIRP, 11, 145-150.
https://doi.org/10.1016/j.procir.2013.07.041

Vengadasalam, L., Desai, A., Hollingsworth, P., & Smith, K. (2017). Value-Centric/Driven Design—A
Framework. 31st ISTS Open up a New Age of Space Discovery, 1-6.

Wall, J., Bertoni, M., & Larsson, T. (2020). The model-driven decision arena: Augmented decision-making for
product-service systems design. Systems, 8(2), 22. https://doi.org/10.3390/systems8020022

Ware C. (2005). Visual Queries: The Foundation of Visual Thinking, In: Tergan SO., Keller T. (eds) Knowledge
and Information Visualization. Lecture Notes in Computer Science, vol 3426. Springer, Berlin, Heidelberg

2146 ICED21

https://doi.org/10.1017/pds.2021.475 Published online by Cambridge University Press


https://doi.org/10.1108/JMTM-06-2017-0132
https://doi.org/10.3233/AOP-120026
https://doi.org/10.1017/pds.2021.475

