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ABSTRACT 
With the rapid development of digital technologies, products connectivity is increasing as well as the 
data produced and collected. Forecasts on product development predict that this trend will keep on 
growing. In this context, new design solutions based on data are emerging. Those data-driven design 
approaches are common for identifying the customers’ need when developing a new product. 
However, few studies cover data-driven design in the other early stages of product design. Thus, the 
research question addressed in this paper is: what are the challenges of data-driven design research in 
the early phases of the product development process? Through a literature review and a workshop 
proposed at the conference DESIGN 2020, this paper offers a first glimpse of future research leads. A 
list of 5 challenges for data-driven design in the early stages of product design is proposed and ranked 
from short term to long term. 
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1 INTRODUCTION 

Nowadays, with the rapid development of digital technologies, complex solutions are becoming more 

accessible. This trend has enabled the evolution of products by making them both smarter and more 

connected. Alongside, the collection and usage of data naturally followed this development. The Design 

Society report by Isaksson and Eckert (2020) forecasts the future of products and development processes 

in 2040. The products of the future will involve even greater connectivity between the user, the product 

and the manufacturer. Data is an essential mean of monitoring the behaviour of existing products, 

processes and users for optimization purpose. Its use is also predicted to keep on increasing in the future 

product development process. In this context, Data-Driven Design (DDD) approaches are emerging. 

DDD is often associated with the usage of data during the design process. However, there is a lack of 

unified definition of DDD (Zheng et al. 2020). Despite being acknowledged as an important tool of 

design for the upcoming years (Kim et al. 2017), DDD is limited and far from being mature yet in 

product design. A review of the existing literature about DDD by Bertoni (2020) helped grasp its current 

use in the product development process. Most of the research in the early stages concern the phase 

“identifying customers’ needs” and rely on data mining. Companies don’t have the tools and resources to 

effectively integrate DDD in their product development phases. They tend to emphasise on low effort 

and cost solutions, for example text mining on online reviews. Research in design science should 

showcase the potential of a structured and dedicated DDD approach. However, to this day, only a 

handful of research tries to integrate data upstream in the product development stages. In the face of this 

observation, the research question addressed in this paper is: what are the challenges of data-driven 

design research in the early phases of the product development process? The objective of this paper is to 

highlight research leads for future works. To answer this question, the following approach (Figure 1) was 

conducted. A literature review of DDD use in the early product development stages and the currently 

related challenges was carried out. Based on this preliminary study, a workshop was organised and held 

at DESIGN 2020 to provide an in-depth answer. Participants shared their views on the research question 

through the different themes addressed during the workshop. Identified DDD challenges during the 

literature review and the workshop were then synthesised in a proposition of a research agenda.  

 

Figure 1. Research approach 

In section 2, the literature review of DDD use and its challenges in early product design is proposed. 

The workshop and its outcomes are then presented in section 3. Finally, section 4 discuss and draw a 

picture of DDD challenges in the early stages of design.  

2 LITERATURE REVIEW  

The rapid development of data has enabled numerous new opportunities and deeply changed design 

habits. During the product development process, data can complement the expertise of the 

stakeholders in various ways. Thus, tools and methods integrating data have been proposed to assist 

designers and reduce development time. In this literature review, examples of DDD in product design 

are presented. The process chosen as reference is the systematic approach of product design by Pahl 

and Beitz (1996). As the scope of research is “DDD in the early stages of product design”, only the 

first three phases “Clarification of the task”, “Conceptual Design” and “Embodiment Design” are 

considered in this review. Other product design process could also have been used to organise this 

state-of-the-art, for example the user-centric approach of Design Thinking (Faste et al. 1993). 
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However, when given the choice, the participants of the workshop had preferred to work with this 

systematic approach. 

2.1 Clarification of the task 

During the “Clarification of the task” phase, DDD is mostly used to identify the customers’ needs 

through data mining (Bertoni 2020). For example, Bae and Kim (2011) used data mining on surveys to 

identify and highlight key functional attributes that influence purchase of digital cameras. New 

products’ requirements could then be suggested for the next product generation. In the same way, Lin 

et al. (2016) and Chien et al. (2016) both proposed data mining on surveys to link the user experience 

with the aesthetic of a product. The identified preferences are also integrated into the design 

specifications to enhance customers’ satisfaction. A similar but more advanced approach is proposed 

by Yang et al. (2019). User experiences are mined from large volume of customer online data and 

three main elements are extracted: the concerned product feature, the context of use and the associated 

sentiment. Designers could then highlight and emphasis on key features, re-think product issues but 

moreover discover complex user experience patterns through these data. Romelfanger and Kolich 

(2019) applied data mining on car customers’ feedbacks for seat optimization. New ergonomic design 

prescriptions are proposed to maximize overall comfort and therefore product satisfaction. 

2.2 Conceptual design 

In the same manner as the previously presented works for identifying the customers’ needs, Chiu and 

Lin (2018) used data mining on online reviews. Customers preferred design components are identified 

using Kansei engineering and incorporated in the design specifications. But moreover, a conceptual 

design automation system is then proposed to generate preliminary computer-aided design solutions 

integrating customers' preferred components. DDD also enables innovation methods enhancing 

creativity by generating large number of design alternatives (Kusiak 2009). Various data-based tools 

have been developed for supporting the designers in concept generation. Kwon et al. (2018) proposed 

a tool based on Wikipedia data. For a given product, it automatically identifies the key features and 

design possibilities. It then generates the associated morphological matrix. Chen et al. (2019) 

developed two creativity tools based on data: a semantic tool and a visual one. The semantic tool 

mines potential knowledge connections across various domains in order to suggest new innovative 

ideas. With the same intent, the visual tool randomly generates images which synthesize two selected 

concepts. Ranscombe et al. (2017) proposed a digital comparison tool highlighting the differentiations 

in product shapes. This tool helps designers for distinction in the styling process. From a more 

technical point of view, Wilberg et al. (2018) proposed a library of 245 Internet of Things use cases 

for companies struggling with the development of connected products. This catalogue aims to provide 

design analogies through relevant use cases implementing data.  

2.3 Embodiment design 

The new opportunity to gather and exploit large amount of real-world data from products is also a key 

feature of DDD. It enables the possibility to continuously improve the design of products and to better 

meet the users’ needs (Chowdhery et al. 2020). Indeed, product information usage can provide 

relevant knowledges and valuable inputs to designers in the product development process (Klein et al. 

2019). For example, Lützenberger et al. (2016) proposed a use case designing bearings for a washing 

machine. Product information usage data gathered by sensors are used in mathematical equations 

determining the most adapted bearings and their expected lifespan. It also enables a real time 

monitoring of the product’s condition and preventive maintenance possibilities. Another use case by 

Vegte et al. (2019) addresses the design of connected fridges. Real-life data gathered by sensors are 

supporting virtual simulations of usages and in the end the redesign of the next products’ generation. 

Shin et al. (2015) and Ma et al. (2017) proposed similar works based on field data. With the help of 

sensors and data analytics, the defective design parameters related to abnormal field data are 

identified. Data are then utilized for a redesign to improve the product.  Regarding the prototyping 

phase, Gosh et al. (2017) proposed the use case of a shoe with embedded sensors to monitor the 

walking data. Those data were then successfully translated into empathic data and appeared to be more 

accurate in the representation of comfort than surveys’ answers. Such empathic feedbacks drawn from 

data can be used to improve the product design as well.  

https://doi.org/10.1017/pds.2021.85 Published online by Cambridge University Press

https://doi.org/10.1017/pds.2021.85


854  ICED21 

2.4 Data-driven design challenges 

With the introduction of DDD in the early stages of the product development process, challenges have 

also arisen. From a holistic perspective, Labrinidis and Jagadish (2012) have listed some challenges 

related to the use of data. DDD is not a straightforward process. In the face of the staggering amount 

of data available, there is first a need to define filters. Such filters should discard the useless data while 

extracting the useful information. Then, the extracted raw data need to be processed in a structured 

form for analysis. Moreover, conclusions drawn out of data are not foolproof, indeed data must be 

clean, trustworthy. Possible errors must be avoided in their capture, transmission and structuring. At 

last, the data interpretation is subjective. Concerning the product innovation process, Bertoni (2018) 

identified some challenges to be addressed in DDD. The data interpretation issue is also discussed and 

more developed. Product development is a multidisciplinary process involving different stakeholders. 

Thus, their approaches on data interpretations can be biased. Likewise, the priority and relevance of 

the different data to collect can also be based on personal experience and belief. Another challenge 

highlighted is the lack of data available in the earliest design phases of a brand new product. 

Cantamessa et al (2020) considered design from a broad point of view and identified the challenges 

brought by digitalisation on the designers and the design process. Some challenges raised are relevant 

for this literature review. Regarding the designers, the challenge on data processing is further 

discussed. The "extensive volumes, format and sources of data" as well as the "interoperability 

between systems" need to be mastered. Moreover, the growing availability of data will require 

designers to develop new data skills or the integration of data experts in the design process. 

Concerning the design process, the choice of the most appropriate data analytics tools and technics 

appeared as a challenge. Furthermore, the automation of certain parts of the design process through 

artificial intelligence and machine learning was also mentioned for future research. Bstieler et al. 

(2018) organised a workshop to develop and discuss promising research questions on "hot topics" 

including Big Data Analytics and Innovation. Several challenges proposed are suitable for this paper's 

study. Indeed, during the design process, most companies tend to use only descriptive data analysis. 

The need to better integrate predictive and prescriptive techniques was then highlighted as they 

represents an insightful set of tools. The need to integrate and collaborate with data scientist and IT 

experts was also discussed. Finally, Gorkovenko et al. (2020) also explored the future of Data-Driven 

Product Design through a few workshops. A lack of supports within product design to process and 

make sense out of data was identified. Thus, the development of design methods integrating data was 

found to be a challenge. In addition, the need for ethical design practices that respect user privacy was 

identified. This paper aims to further explore DDD challenges in early product design and to rank 

them according to their importance. 

3 WORKSHOP AT DESIGN 2020 

In order to complete the review of the literature and have an in-depth perspective, a workshop at the 

conference DESIGN 2020 was organised. The aim of this workshop was first of all to propose an 

interactive environment for the participants to learn from each other. The workshop addressed the 

research question: what are the challenges of data-driven design research in the early phases of the 

product development process? The objectives were first to understand the current opportunities of 

DDD within the product development process, then to explore the future possibilities and challenges.  

This workshop was held online by the Design Society Special Interest Group: Decision Making and 

was conducted in three parts (Figure 2).  

 

Figure 2. Workshop flow and structure 
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In the first part, the workshop theme and objectives were highlighted. Then, based on the proposed 

literature review, a presentation about DDD opportunities and challenges in early product development 

was held. The goal of this part was to share the context of the research with the participants.  

In the second part, the workshop aimed at knowledge sharing and then, in the third part, at speculating 

on the future DDD challenges. For both second and third parts of the workshop, the participants were 

invited to join an interactive online whiteboard on Klaxoon website. At the same time, they were 

required to join a voice channel so they could communicate with each other.  

After a quick presentation of themselves, the participants addressed the series of questions detailed on 

figure 2. The questions were discussed one by one from Q1 to Q5 in the same way. First of all, 

participants proposed several answers to the current question through virtual post-it on the interactive 

whiteboard. Next, a discussion phase took place. Participants were invited to share, detail and discuss 

their answers with others. Participants' answers can be found on Figure 3, the colours of the different 

notes correspond to the different questions addressed. Question Q6 was an open debate in which 

participants agreed together on a ranking of DDD challenges. The ranking can be found on Figure 4.  

10 participants actively took part in the proposed workshop, among them 4 PhD students, 3 university 

professors, 2 research associates and 1 data analyst. Each participant reported an expertise in either 

product design, product-service system or data science. The individual point of view of each 

participant (background, profession, expertise, etc.) was hopefully source of diversity in the proposed 

answers.  

The workshop generated an Idea Board (Figure 3) and a ranking of DDD challenges (Figure 4). In 

addition, the discussion phase of each question was transcribed anonymously. The authors have 

analysed and discussed these data in order to convey as accurately as possible the relevant 

contributions of the participants in this section. 

 

Figure 3. Workshop Idea Board 
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3.1 The knowledge sharing phase 

During this first part of the questions, participants were asked to share their knowledge about the type 

of data they use in their work (Q1). A wide range of data type was mentioned in accordance with the 

specialities of each participant, for example historical data, simulation data, test bench data, use-phase 

data, material data, etc. The questions of data processing (Q2) and data visualisation (Q3) were then 

addressed. Like the data types, the data processing methods were linked to the different participants’ 

specialities. However, most participants used the same visualization tools in their works (graphics, 

heatmaps, top lists, etc.)  

3.2 The challenge identification phase 

After this knowledge sharing phase, a speculation phase was conducted with the direct aim of 

answering the workshop research question. Thus, the participants were first asked to think up their 

“dream” data (Q4), i.e. the data they find the most interesting to integrate in DDD approach. Then they 

were asked to state the future DDD challenges and to rank those challenges according to their 

importance (Q5 and Q6).  

One main idea is found through the propositions of the participants for their “dream” data. Indeed, 

through the notes: “environmental data”, “interaction data”, “data on product end life” and “data from 

product’s infrastructure”, a common need for a product that can monitor both the user-product and the 

product-environment interactions is expressed (Figure 4). If such a product could have seemed utopic 

years ago, the growing accessibility and connectivity of sensors allow designers to draw closer to this 

product (Isaksson and Eckert 2020). However, monitoring every single parameter is also 

counterproductive and unrealistic. So, designers need to wisely think ahead what interaction to 

measure and how to measure it. This issue was underlying many of the proposed DDD challenges 

during the workshop. 

The challenges suggested by the participants helped in giving a first draw of what the priority in DDD 

research could be. The propositions have been ranked on a priority scale from short term to long term 

(Figure 4). The participants' notes convey 4 main challenge ideas for DDD in early product 

development. 

 

Figure 4. Ranking of the DDD challenges notes 

The first research challenge idea that the participants chose unanimously for short term is expressed 

through the propositions: “method identifying which data can be collected that would be useful and  

how” and “strategy for identifying useful use cases”. Both directly address a lack of research in DDD 

for early product design. Due to the recent democratisation of products connectivity, research is still in 

its infancy (Yu and Zhu 2016). DDD is missing robust and dedicated methodologies/frameworks. 

During the discussion phase, the participants raised numerous questions that the future DDD 

methods/frameworks should address: depending on the product type, which data should be collected? 

What are the collecting strategies? What is the minimum granularity of the data to collect? How can 

the value of data be judged? 

Then, ranked middle term on the priority scale by the workshop participants were two different 

research challenges ideas. The notes “ethical aspects” and “data-privacy/security issues” address the 

contemporary need for protection of the users’ data. Discussions among the participants concerned: 
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the difficulty of making the most out of data while not infringing on privacy, the need for a code of 

conduct while designing with data and the specificities of business to business activities compared to 

business to consumer ones regarding data ethics. The other challenge idea raised in middle term is of a 

more technical nature. It concerns the means of capturing interaction data (with the user and with the 

environment) to be used during the prototyping and use phases. During the discussion phase, the main 

question was the choice of the most appropriate sensor for the data to be measured. Addressing this 

interrogation, the idea of a “DDD tools library” was suggested. A solution that could propose 

accordingly to the designers’ needs data collection technics, the associated sensors, the pros and cons, 

etc. In that regard, the reference catalogue of Wilberg et al. (2018) was also mentioned. 

The last research challenge idea ranked for long term is clearly expressed on the note “integration 

DDD with other methods / Limitations of DDD”. 

4 DISCUSSION 

Through a synthesis of the results from both the literature review and the workshop, several challenges 

for DDD in the early stages of product development have been highlighted and ranked based on their 

priority (Figure 5). It is important to note that these proposed challenges are not mutually exclusive, as 

they may be interlinked on certain points. 

 

Figure 5. Proposition of a research agenda 

Firstly, there is an important observation that could already be drawn out of the knowledge sharing 

phase: the fact that most of the data types proposed by the participants are not dedicated to a DDD 

approach. Meaning they would have been produced anyway even with other product development 

approaches (Bertoni 2020). Indeed, designers often compose with already existing data sets or easy to 

implement data collection. Thus, the first major challenge for DDD in the product development 

process is to shift paradigm. The collection and use of data should be considered at the forefront of the 

early design process instead of being a subsidiary tool (Cantamessa et al. 2020). In order to progress 

toward this shift, research need to develop new frameworks and methods for DDD. The majority of 

participants identified this need as a challenge for short term. Indeed, anticipating the collection and 

use of data during early product design would enable the development of new types of smart 

connected products. With the feedback of relevant data, these products will be customizable, flexible 

and even remotely upgradable (Isaksson and Eckert 2020). For example, in the automotive industry, 
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Tesla cars seem to be pioneers of this kind of product as they are more open-ended and readily 

changeable. Via software upgrades, performances, on-board system and functionalities can be 

improved (Lyyra and Koskinen 2016). Designers could first experiment DDD approaches and 

embrace the forecasted potential of data in early product development through use cases. A highlight 

of their potential may also contribute to the paradigm shift. 

Secondly, another meaningful observation from the knowledge sharing phase is that the visualisation 

tools used by the participants are common but not specific to data-science. It could be interesting to 

measure the impact of using advanced data visualization tools when a DDD approach is conducted. 

Indeed, participants have identified as a middle term challenge the need to develop a set of DDD 

guidelines and tools. These should complement the future methods/framework mentioned earlier. As 

DDD is a recent approach in product development, there is a need for guidelines to assist designers 

towards the most appropriate solutions. Likewise, this new approach also brings new opportunities for 

tools to improve the quality, time and costs of the design process. In addition, both guidelines and 

tools should introduce data collection and use from the early stages of product design. As a result, 

designers will be able to better anticipate the design of the next generation products and provide 

effective solutions for the maintenance or improvement of products during the use phase. As 

mentioned during the workshop, tools could for example provide designers with guidance on which 

sensors to use for which data. 

Thirdly, to go further, research on DDD integrating data specialists (i.e. data scientist or data analyst) 

could also be fruitful. There is an opportunity to include their specific skills, methods and tools into 

the product development process (Bstieler et al. 2018). Indeed, only one of the workshop participants 

was a data specialist, the others assumed this role occasionally in their work but may lack some 

knowledge related to this field. In this regard, and with the rapid development of technologies, 

designers may also miss out on more suitable solutions for their products. Integrating these new 

professions to support the upstream design phases is a middle term challenge. It is necessary to 

organise an efficient workflow between the different stakeholders as well as an effective 

communication to minimise bias on data expectations and/or interpretations. Indeed, in the early 

stages of product design, the designers must help the data specialists to grasp the potential of the 

product in terms of data. The data specialists will then propose relevant capture solutions that 

maximise this potential. Afterwards, during the use phase, the data specialists must analyse and 

structure the data so that the designers can interpret it and translate it into useful product design 

information. 

Next, although this is not exclusively a problem of design science, it appeared important for the 

participants to regulate the collection and use of data in the future of DDD. The ethical aspects are 

already ambiguous on the internet; the increasing connectivity brings the question also on physical 

products. The collection and usage of interaction data between a physical product, its environment and 

its user should respect the privacy of the latter. A challenge for the future of DDD is the establishment 

of ethical rules protecting user’s privacy. As an inspiration, the recent general data protection 

regulations on internet may be considered. 

At last, for the workshop participants, it seemed interesting to explore the limits of the DDD approach 

and highlight its strengths and weaknesses. DDD is still in its infancy, but like all design approach it 

has its strength and flaws. After finding them out, future research could for example integrate DDD 

with other design methods/tools to explore synergies and overcome possible limitations. This 

challenge implies a more mature approach of DDD so it is ranked for long term. 

5 CONCLUSION 

This paper objective was to propose few leads for the future research on DDD in the early stages of the 

product development process. To do so, the paper first highlights some DDD examples and establishes 

a review of the literature on DDD challenges. Then, on the basis of this preliminary study, a workshop 

is conducted. After getting acquainted with the subject and its stakes, the different participants were 

able to propose answers to the research question. The identified challenges in both the literature 

review and the workshop are then discussed and synthesised in a concise list of research leads. This 

paper also ranks the priority of those leads on a temporal scale. The primary priority identified is to 

change the paradigm regarding the use of data in the upstream phases of product design. Once this 

lock is lifted, research should naturally move forward. Frameworks, methods, tools and guidelines for 
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DDD in the early stages of product development could be proposed to embrace the newly given 

opportunities. In addition, the integration of data specialist as new stakeholders of product design 

could be organised and a set of ethical rules protecting user’s data could also be proposed. For future 

works, further investigations in the identified research leads could be made in order to grasp all the 

issues at stakes. Moreover, solutions answering the identified challenges needs may be proposed. 

These new advances in research could then be tested with case studies in the product design field. 

Their relevance in comparison to the existing solutions should then be measured in order to justify the 

implementation of the data. Thus, their potential could be highlighted to contribute to the paradigm 

shift. 
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