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ABSTRACT
To support effective and successful projects, Service Design
practitioners rely on insights that mainly build on qualita-
tive research methodology. The literature on data science
promises to help transform how design research is done,
adding sophisticated quantitative analyses, complementing
existing methods with the power of machines. Due to this
potential, data science receives widespread attention from
both design practitioners and academics. However, the lit-
erature is fragmented and specialized, making it hard for
designers to engage with data science. This paper
addresses the opportunities and challenges for data science
to support Service Design projects, evaluating existing tech-
nologies from designers’ perspective and providing an
entry-level guide for service designers. These methods can
help increase the quality of design research, making hidden
information accessible and assisting creative processes.
Together, these results are expected to inspire organiza-
tions to advance their data science resources for Service
Design projects.
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Introduction

Growing competition - driven by globalization and market deregulation -
increasingly forces organizations to seek new sources of competitive
advantage, resulting in increasing attention to the customer experience and
consequently to Service Design. Service Design is a design discipline
(Manzini 2009; Cross 1982) capable of fostering service innovation (Ostrum,
Iacobucci, and Morgan 1995) and user and customer centricity (Wetter-
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Edman 2011), which involves stakeholder from both within and beyond the
organization (Kimbell 2009; Miettinen 2016), supporting the development of
the customers’ value co-creation interactions (Costa, Patr�ıcio, and Morelli
2018; Patr�ıcio, Gustafsson, and Fisk 2018; Kimbell 2011) through the applica-
tion of interdisciplinary and collaborative methods (Patr�ıcio et al. 2011).

Like many design disciplines, Service Design borrows methods from more
established methodologies (Cross 1999). Qualitative methods, such as inter-
viewing, observation, desk research and ethnography (Merriam and Tisdell
2015), are widely used in Service Design projects (Stickdorn and Schneider
2010), while the use of quantitative methods is much less common
(Dribbisch et al. 2013). More recently, data science has emerged as a source
of new and exciting opportunities for design research (Grimes et al. 2018;
Chhabra and Williams 2019).

Data science refers to the study of data. In this paper, a ‘data product’
perspective will be taken (Cao 2017), in which data science is understood as
the development of techniques that deliver discoveries, predictions, recommen-
dations, and insights based on data. Data science technologies support the
extraction of meaningful knowledge from large datasets (van der Aalst 2014)
in a context in which data is constantly expanding (Xiang et al. 2015), and
has been applied in marketing (Murray, Agard, and Barajas 2018; Tan,
Steinbach, and Kumar 2006), product design (K€oksal, Batmaz, and Testik
2011), ethnography (Weibel et al. 2013) and customer journey mapping
(Bernard and Andritsos 2017).

Although the data science literature is abundant and provides useful
insights, it is fragmented over various areas (Cao 2017; e.g. process mining
and natural language), making it difficult for non-experts to obtain an over-
view of the opportunities it provides (D’Ignazio 2017). Currently, the litera-
ture fails to address how data science can support service designers. Despite
the growing interest in the field (Grimes et al. 2018), data science remains
inaccessible to most designers, who, due to their lack of knowledge about
the topic (G€otzen et al. 2018), are unable to see the opportunities and best
matches for their projects.

Therefore, data science still has unfulfilled potential in supporting Service
Design. To address this limitation, this paper explores how to enable Service
Design (practitioners) to adopt data science technologies by: (1) investigating
service designers’ processes and needs; (2) mapping relevant data science
methods for Service Design; and (3) introducing overview of data science
methods for service designers. As a result, this research is valuable for both
Service Design practitioners and researchers who are looking for ways to
introduce methods augmented with data science into their practice or inter-
ested in expanding their current methodologies, as well as to design educa-
tors who are looking to introduce the topic to students.
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In the next section, the methods and research processes are presented.
This is followed by a literature review of Service Design and Data Science,
which set the stage for a discussion on the challenges and opportunities at
the intersection between the two disciplines. The data science methods for
Service Design are then described, and next key findings from the research
are discussed. The paper concludes by addressing some limitations and sug-
gesting topics for further research.

Research method

This paper builds on a practice-based design research approach (Saikaly
2005), in which knowledge is produced in and through practice (Gibbons
et al. 1994). Over successive cycles of design iteration and reflection (Crouch
and Pearce 2012), the researchers explored how to structure and communicate
data science knowledge for and from a service designers’ perspective.
Throughout these cycles of actions and reflection (Sch€on 1984), new ways to
enable data science technologies to support Service Design were shaped
and reflected on. This process allowed researchers to expand their under-
standing of the topic, facilitating the production of a framework that helps
service designers become better acquainted with data science.

The design practice that informed this research was executed in a consult-
ing context, in cooperation with a full-service digital design agency in
Northern Europe. This collaboration ensured access to design projects, and
also provided a structure that facilitated an engaging exchange of ideas and
constructive feedback. The research went through three main phases: explor-
ation, ideation and evaluation (Figure 1). Due to the methodological choice
(i.e. practice-based design research), the research process resembles a typical
design process. Yet, unlike in design practice, our focus was not on the arte-
facts generated by the design interventions, but on the knowledge emerging
from the process (Fallman 2007).

The first phase (exploration) focused on exploring theoretical and tacit
knowledge about Service Design and data science. The academic literature

Figure 1. Detailed research process.
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on Service Design and data science provided a foundation. This theoretical
basis was complemented by empirical incursions in the field – namely, shad-
owing and interviewing – to extend the comprehension of service designers’
ways of working. This investigation allowed us to identify designers’ needs,
guiding a further literature review of those data science technologies specif-
ically relevant to service designers.

During the second phase (ideation), a guide to data science concepts for
service designers was created and evaluated through an iterative process in
cooperation with design practitioners; starting with insights from the previ-
ous phase, advancing through individual brainstorming sessions. The brain-
storming sessions focused on understanding designers’ perspectives, data
science capabilities and on linking the two. This resulted in a list of Service
Design methods augmented with data science, which were organized using
paper cards – over six brainstorming rounds, cards were added and
removed. The ensuing methods were then subject to a round of in-depth
discussions with designers who helped to contextualize the use of the meth-
ods augmented with data science in their practice over two separate feed-
back sessions of 60 and 100minutes. This led to the selection of the
methods most relevant to Service Design from the designers’ perspective.

In the third phase (evaluation), the previously selected methods aug-
mented with data science went through an assessment round through indi-
vidual critique workshops. In preparation for these sessions, hypothetical
exemplary cases were developed to explain the application of the methods.
The goal was to present the data science technologies from the outcome
point of view – that is, instead of showing how to apply, the focus was on
how designers could use the insight provided by these methods in their
design projects. Three workshop sessions – a pilot (one designer), and two
full sessions (two designers each) – were conducted. Following the work-
shops, three semi-structured interviews were conducted to discuss the over-
all outcome and future direction for the study.

Throughout these phases the research expanded the comprehension of
how data science technologies can be incorporated in Service Design projects
from the designers’ point of view. This led to a greater understanding of the
opportunities and limitations for the application of data science technologies
and methods in Service Design. Later in this paper, the opportunities and
challenges for the use of data science in Service Design will be fur-
ther discussed.

Service design

Service Design is “an approach to designing services that balances the needs
of the customer with the needs of the business” (Stickdorn et al. 2018, 20;
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see also Kimbell [2011]). It represents “the application of design as a creative
and culturally informed approach to services” (Clatworthy 2013, 16); that is,
the use of designerly ways of working (Cross 1982) in the development and
improvement of new and existing services (Segelstr€om 2013). Service Design
offers a unique perspective on service innovation and on the development
of the value co-creating interactions between a business and its customers
(Costa, Patr�ıcio, and Morelli 2018; Patr�ıcio, Gustafsson, and Fisk 2018).

Service Design models the social, material and relational elements that
support the customer experience (Wetter-Edman et al. 2014; Zomerdijk and
Voss 2010), integrating the various silos of the organization into an orches-
trated service offering (Kimbell 2009); it applies human-centered and collab-
orative methods to explore the experience of different stakeholders. This
capability of integrating several perspectives allows Service Design to
develop solutions that are relevant for the customers while considering the
structural context of the organization (Miettinen 2016; Stickdorn et al. 2018).

To understand the stakeholders’ experiences, service designers often bor-
row methods from quantitative, and especially qualitative research (Merriam
and Tisdell 2015). Interviewing, observation and document analysis methods
are commonly used to support Service Design research. These insights are
often combined with specific tools such as customer journey maps, service
blueprints and stakeholder maps (Stickdorn and Schneider 2010; Stickdorn
et al. 2018), to support a holistic view of the stakeholders’ experiences with
the service. Since services are rather abstract objects, Service Design tools
also help to materialize the activities and processes that shape the service
provision, facilitating the co-design of new solutions and offerings.

The Service Design process is both iterative and non-linear, and is, in
many aspects, similar to the double diamond proposed by the UK Design
Council (Yu 2017), going through rounds of divergent and convergent think-
ing. Service designers begin framing the problem (Cross 2010) by first devel-
oping an understanding of the current situation and then defining the design
problem. Once the problem is better understood, designers focus on ideat-
ing and developing solutions; a concept is then chosen and advanced to be
’delivered’ for implementation (Yu 2017). It is also relevant to notice that
although sometimes represented as circular, the different stages of the
Service Design process are in fact iterated according to the project’s needs
(Stickdorn et al. 2018).

In this paper, a model based on the double diamond model is adapted to
match the processes observed in the empirical research. The resulting frame-
work is better suited to describe the possible application of data science in
Service Design. The proposed design process (see Figure 2) adds a prelimin-
ary phase in which designers ‘prepare’ for the project, deciding which direc-
tion it will take. A testing-specific phase is also added – highlighting the
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iterative nature of Service (Yu 2017) – before the ‘implement’ stage, which,
together with ‘maintain’, helps ensure that the new (data-enabled) solutions
are not only realized, but that they also are sustainable and continuously
supported (Knight et al. 2020).

Data science

Customer data is a valuable resource, pointing to possible routes for the
development of competitive advantage (Witten and Frank 2005). Data sci-
ence, as a research field, embodies the fundamental principles that support
the extraction of knowledge from data (Provost and Fawcett 2013); it pro-
vides methodologies and contextualizing tools (e.g. visualisation; van der
Aalst 2014), enabling the discovering and account of meaningful patterns in
large amounts of tabular data (Tan, Steinbach, and Kumar 2006; Witten and
Frank 2005) or data logs (van der Aalst 2014).

In this paper, data science is seen as a source of various technologies that
can provide useful insights for designers (discoveries, predictions, recommen-
dations, insights) through the extraction of meaningful patterns and models
from data (tabular, text, process logs, etc.; Cao 2017).

The application of data science technologies in the extraction of relevant
information begins with determining the goal, followed by data selection, its
pre-processing, the application of the technique and finally the evaluation.
The result is - hopefully - new knowledge and insights (Hui and Jha 2000).
However, the quality of the techniques’ output is highly dependent on the
data quality and its structure, which makes both high quality data selection
and pre-processing steps vital (van der Aalst 2014). Therefore, identifying a
technique that always works is infeasible; failure caused by poor data quality
can be confused with faulty techniques, adding a new layer of complexity.
The produced output also depends on the technology applied; it can be a
textual statement, a visualization, association, or other type of structure

Figure 2. Relation between Service Design process and Service Design methods augmented
with Data Science (based on Kunneman [2019]).
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(Witten and Frank 2005). Ultimately, the results must be evaluated in relation
to their accuracy and precision.

Data science technologies are generally of two types: (1) supervised, which
learns from examples to predict for new instances; and (2) unsupervised, which
detects new patterns or groupings without predefining any particular struc-
ture. An example of an unsupervised problem is cluster analysis, which divides
instances into categories without knowing those categories beforehand; say,
splitting a group of customers based on their distinguishing features.

Examples of supervised technologies are classification, association analysis
and regression. Classification techniques focus on assigning predefined cate-
gories to instances; say, filtering some email into a spam box. Association
analysis aims to find association rules in the dataset; think of the correlation
between beer and diapers purchasing (Tan, Steinbach, and Kumar 2006).
Regression techniques estimate the relationship between the input data and
some numerical value, such as the link between sunlight in the office and
sickness absence.

Service design and data science

The limited academic literature describes the use of data science techniques
in design and marketing applications; for example, latent product features
are automatically discovered (K€oksal, Batmaz, and Testik 2011; Tuarob and
Tucker 2015) or an individual customer’s demand is forecast in marketing
(Murray, Agard, and Barajas 2018). However, despite attention from business
(e.g., Wettersten and Malmgren [2018] and Chhabra and Williams [2019]), the
challenges and opportunities for data science in design are far from
exhausted (Prendiville, Gwilt, and Mitchell 2018). Therefore, this section dis-
cusses the opportunities and challenges of using data science to support
Service Design.

Opportunities

The main contribution of data science to Service Design is that it provides a
new dimension of information, exposing patterns in data through taking a
quantitative approach. Designers use a variety of research methods to sup-
port and inform their processes (Costa, Patr�ıcio, and Morelli 2018). Such
methods are often taken from qualitative methodologies (Stickdorn and
Schneider 2010), and help designers understand the users’ context and
experience. This exploration phase is central to any design process, and the
use of a range of methods is essential to enable a holistic view of the situ-
ation, since it enables data triangulation, mitigating blind spots in the
research process, thus improving the reliability and validity of the findings
(Creswell et al. 2003).
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In this context, data science can provide new and increasingly advanced
approaches to support the service designer’s methodology toolbox. Data sci-
ence techniques are quantitative and can be used in combination with quali-
tative methods; for example, quantitative methods can be used to validate
qualitative insights and, conversely, a qualitative approach can support fur-
ther exploration of quantitative findings. Moreover, data science techniques
‘think’ and ‘learn’ in inherently different ways than those designers are
trained in. This way of reasoning produces significantly different conclusions,
thus providing alternative perspectives. Data science also enables the predic-
tion and/or identification of meaningful small signals and patterns from large
amounts of data.

Finally, further opportunities are expected to emerge from the interaction
between designers and data scientists. Throughout a project, designers
immerse themselves in the problem situation, becoming – to some degree –

domain experts. This knowledge can help data scientists with the extraction
of more meaningful relationships from the data (Xiang et al. 2015).
“Designers’ ability to envision human understanding and knowledge … can
lead to new intelligent algorithms and systems, in which designer and artifi-
cial intelligence work on par in more efficient and creative design processes”
(Koch 2017, 418). That is, designers can help put data into context, making it
more comprehensible, and thereby facilitating the development of value
propositions, while considering the perspective of various stakeholders
(Prendiville, Gwilt, and Mitchell 2018).

Challenges

The effective integration of data science into the design approach of an
organization is a complex task. Understanding the maturity level of the
organization can help recognize the challenges that will emerge, informing

Table 1. Data Science maturity stages – proposed model adapted from Corsten and
Prick (2019).
Stage Description

Explore This first stage is about evaluating data science techniques and kick-
starting the initiative. At this point, finding enthusiasts to support
the initiative is essential.

Prove The second stage, the value for business should be evident, and the
foundations for the use of new methods within the
organization laid.

Scale Next, the capabilities spread beyond the initial team of enthusiasts
through the organization. This can be fostered by running multiple
parallel projects.

Integrate This stage systematically integrates the methodology in the way of
working of the organization. New ways of working might emerge
as a consequence.

Thrive Ultimately, the methodology becomes ingrained into the company
culture and advances the state-of-the-art.
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future decisions and facilitating the adoption of new techniques and proc-
esses. An adaptation of Corsten and Prick (2019) maturity model (Table 1) is
used to describe the various phases an organization might go through to
support the full integration of data science.

Building on the five stages shown above, the present research identified
three types of challenges. In the early stages (Explore and Prove), (1) tech-
nical challenges relate to a lack of available data, inadequate data quality or
restricted data access. The acquisition of adequate datasets can be a chal-
lenge, and also might reveal (un)conscious biases in both collection and
selection (Merriam and Tisdell 2015). Data availability might be restricted
due to cost and lack of permissions, and data quality can be compromised
by poor processing, such as when duplicates are not removed or compen-
sated for. In that context, data quality refers to the technical condition of
the data.

Once resources have become available, technical capabilities are required.
Especially in the Scale stage, challenges related to the need for expanding
data science (2) capabilities beyond the original team are likely to emerge;
the adoption of new and more complex techniques may well demand novel
capabilities. Bringing new quantitative skills to the team can be addressed
by acquiring new members or through training. Different techniques might
require different levels of capabilities; therefore, the organization might also
need to acquire experienced data scientists.

Finally, it is important that the value of the advancing data science capa-
bilities is emphasized throughout all stages. Yet (3) determining business
value presents a challenge since on many occasions value creation depends
on individual projects. Furthermore, costs are highly dependent on the data
sources, techniques and design context. As a consequence, the value of data
science for a project cannot be guaranteed beforehand.

Service design methods augmented with data science

Through applying a practice-based design research approach (Saikaly 2005),
this paper describes how to enable service designers to adopt data science
technologies in their projects. Eight methods were selected for their rele-
vance and usability: they had a clear purpose, were aligned with the design-
ers’ process and were technically feasible. These methods were then
organized into four categories: user research, process analysis, serendipity
and collaboration. Opportunities for the application of data science emerged
throughout the entire Service Design process (e.g. generative models in the
ideate phase and opinion mining in the test phase), and not only during the
understand phase, as might be expected. Figure 2 shows the relation
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between the various methods and the stages of the Service Design process.
Below, the categories and methods are introduced and explained.

User research

Designers need information. Understanding users’ behaviors, feelings and
emotions is a vital part of the research process that informs any design pro-
cess. However, often insights might be hidden as the data requires too
much processing, or their signals are too weak to be detected. Data science
technologies can help make these hidden insights or patterns visible,
improving the scope of the insights on which designers build their projects.

1. Opinion Mining – User-generated content provides a rich field for design
research. Opinion mining, also known as sentiment analysis, focuses on
extracting and analyzing users’ responses to an event or experience
(Balazs and Vel�asquez 2016; Poria, Cambria, and Gelbukh 2016). This
technology can help designers learn about users’ satisfaction levels by,
for example, classifying responses as positive or negative. Another
option is to correlate the extracted comments to ratings through factor
analysis. Xiang et al. (2015) used this approach to understand what fac-
tors (words) related to positive reviews. This can help designers identify
and prioritize the characteristics that most influence the con-
sumer perception.

2. Physiological condition mining – With the help of physiological measure-
ments, a wealth of subconscious information about humans can be
extracted and analyzed. The use of electroencephalography (EEC) and
magnetic resonance imaging (MRI) has helped to create a whole new
field in the marketing research literature (see, e.g., Morin [2011]).
Physiological condition mining technologies train models to decode
users’ signals; the techniques first learn from a dataset, and then predict
responses from new data collected from users. This data can be from
EEC and MRI, but also from more readily accessible means, such as audio
and video; for example, a webcam can be used for eye tracking to meas-
ure attention. Another example is from Weibel et al. (2013) who used
multiple Microsoft Kinects to analyze the communication between phys-
ician and patient, and Zhou et al. (2017) used radio frequency identifica-
tion (RFID) to detect customer actions while shopping for clothes.

Process analysis

The data science technology of ‘process mining’ can help designers explore
and evaluate data from a specific project, providing an overview of the existing
processes. Data from event logs can be analyzed to extract insights and build
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an explicit model of the process (van der Aalst 2011). Through this technology,
data science can help not only understand, but also design new processes.

3. Process Mining – The modelling of existing and actual processes to help
extract insights about, for example, the customer experience across the
service journey (Harbich et al. 2017). Comparing the actual journey with
the expected (or intended) one can help prioritize actions, and lead to
ideas on how to improve the overall customer experience. For example,
Harbich et al. (2017) extracted individual journeys from event logs to
understand citizens’ routine activities across Chicago. Furthermore, they
could detect deviations from and alternative journeys to the most likely
representative journey, helping designers understand and respond to
deviations from the expected in the users’ process.

Serendipity

The discovery of new patterns enabled by data science can help designers
more often achieve a moment of serendipity. The analytical nature of apply-
ing data science technologies differs significantly from designers’ creative
thinking processes. This provides the creative designer with a new route to
discovering novel solutions. Materials from the design project can be used as
input to machine generated artefacts – for example, various drawings can be
combined into a new computer-generated illustration. The goal is to discover
relevant information while not necessarily looking for it. These serendipitous
moments can spark changes in action, interpretation and perception of the
overall situation (de Melo 2018).

4. Insight Mining – Many design methodologies create and collect materials,
artefacts, deliverables, and insights about the design project. Data science
technologies can help explore and prepare these insights created
throughout design projects by predicting what will be relevant. This can
serve as inspiration, helping save designers from their equivalent to
‘writers’ block’, fostering the exchange of ideas and practices across the
design teams, and helping prevent the ‘reinvention of the wheel’. In that
context, the technologies can, as well as to improve exploration, analyze
large sets of data to detect undiscovered patterns.

5. Generative Models – The goal is not to replace designers, but to provide
tools to arrive at alternative views. These data science techniques can
generate design artefacts based on existing work, for example previous
projects. This can help designers develop ‘quick and dirty’ (alternative)
prototypes and simulations. For example, Siering (2017) discusses the use
of wireframe sketches to create HTML code for digital interaction. Even
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user testing can be improved through the use of generative models;
Cornia et al. (2018) presented a tool to simulate eye-tracking, predicting
where human gaze will focus.

6. Clustering – As previously mentioned, data science technologies ‘think’
differently to designers. In that sense, the value of segmentation exe-
cuted by machines lies not only on the segments they find, but also on
the ways in which the clusters are formed. Model-generated segments
do not build on existing labels and categories, and therefore, have the
potential to discover entirely new segments, deviating from traditional
marketing approaches to segmentation. For example, Agard, Morency,
and Tr�epanier (2006), while analyzing data from Canadian public trans-
portation, noticed that traditional age-based segments were not the best
way to understand passengers’ behaviors; clustering passengers by their
travel patterns could lead to better design solutions.

Collaboration

The final category takes a closer look at the opportunities for the explicit col-
laboration between data scientists and designers. Approaches to collabor-
ation emerged throughout this research in the same way as the other
method categories; however, these approaches are not methods per se. The
goal of this research is to explore methods that apply data science technolo-
gies; yet due to the relevance of the opportunities for collaboration between
designers and data scientists, this section was included.

7. Data Scientists for Design – Design projects often rely on multidisciplinary
teams to facilitate the development of complex solutions. In that context,
designers can partner with data scientists to further explore the data. For
example, data scientists can help designers validate assumptions about
customers; this can be part of an ongoing collaboration or ad-hoc. Yet the
greater the involvement of the data scientist in the project, the better.
This collaboration is particularly relevant when the task is complex and
indeed is essential in any of the previously mentioned methods.

8. Designers for Data Science – Conversely, designers can support data scien-
tists to put insights into context, generating expanded domain-know-
ledge that helps to make better sense of results (Koch 2017). By
combining their expertise, data scientists and designers can make more
effective use of data science in the creation of value for stakeholders.

Discussion

This paper has discussed how data science can support Service Design, dis-
cussing the challenges and opportunities, and introducing eight practical
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methods for integrating the disciplines. In doing so, the paper explored how
to link the fields from the designers’ perspective, providing an entry-level
guide to introduce data science technologies to service designers, helping
them expand their methods toolkit. The four main findings are set below.

Integrating data science requires organizational maturity

The integration of data science into Service Design projects depends on the
team’s structure, the organization’s structure, and the clients’ (data science)
maturity. Assimilating data science technologies into Service Design will
increase the skills set of the project team, but this also means that these
new expert skills must be acquired. Service designers must not necessarily
become data science experts themselves, as new members can be brought
into the team. What matters is that the service designers know what data
science can offer, and that the organization builds the capacity to support its
implementation. The organization must thus be capable of incorporating
these skills in their processes; the maturity level will influence which chal-
lenges and opportunities the project can address. The client’s maturity also
affects the opportunities for integrating data science in design projects, as
access to data resources often depends on the client’s data access and is
paramount to a successful outcome. The challenges faced in acquiring
adequate data must not be underestimated.

Data science techniques can increase the breadth and validity of the user
research, enabling triangulation of data

Data science can increase the breadth and validity of user research, support-
ing triangulation of the findings. Design teams must be critical about their
research data, ensuring that the insights are unbiased. One way of mitigating
against possible blind spots is to explore the data from various perspectives.
In that sense, additional methods and the differing ways in which machines
‘think’ can help design teams develop a better understanding of the
user context.

Data science can help uncover hidden information, leading to previously
inaccessible insights

Data science can help uncover insights from vast amounts of data that
would otherwise be unattainable for humans or would be too costly.
Moreover, computers can be trained for specialized tasks, detecting signals
that are often indiscernible to humans. These otherwise inaccessible insights
are essential to improve the quality of user research and to enable data tri-
angulation (as discussed above).
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Data science can help designers “think out of the box”, providing
relevant inspiration and alternative point of views

Data science can go beyond alternative perspectives to user research, by
also proposing various options through generative design, helping make the
design process both more efficient and more creative. Inspiration can
emerge from augmented exploration or by analyzing insights and deliver-
ables from design projects.

Conclusion

Throughout this research, it was noticed that designers still feel more com-
fortable with qualitative-like insights. For example, during the workshops,
designers preferred the qualitative generative models that captured the
experience of the users over quantitative and demographic data. This can be
attributed to the inherent nature of design research, but also shows design-
ers’ typical lack of experience in leveraging quantitative data. Yet the results
show the potential of data science to support Service Design, enabling
designers to expand their methodology toolbox, and encourage organiza-
tions to improve their data science capabilities to help support design proj-
ects. Service Design can benefit from these developments because it enables
richer insights about users, stakeholders and applications.

With new challenges, new opportunities emerge for practitioners and
researchers in data science to explore ways to improve design projects.
Through a practice-based design research approach (Saikaly 2005), the most
relevant data science technologies for Service Design were captured,
selected and presented in this paper, which is intended as an introductory
guide to data science for service designers. The research builds on both aca-
demic knowledge and practice, and was developed in collaboration with
designers. This collaboration with practitioners enabled validation from the
designers’ perspective and ensured a focus on their needs.

As shown in Figure 2, the methods augmented with data science can be
applied in various stages of the design process, and not only the early explora-
tory research, as would be expected. Data science can support user research,
providing a range of perspectives, collecting data more efficiently, leading to
new insights, sharing ideas across design teams, facilitating conversation and
even prompting alternative solutions. Data science thus shows great potential to
transform not only design research but the Service Design process as a whole.

The opportunities brought by data science do not come without a cost;
ensuring that the organization (and its clients) are sufficiently capable and
mature to implement the correct methods in their design process is essential
to ensure the best outcomes. In that sense, the degree to which the oppor-
tunities can be exploited depend on the organizations’ capabilities and its
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access to relevant data. Finally, it is important that the design teams strive
to make the case for data science capabilities throughout the design process
to ensure support and resources. As previously argued, demonstrating the
value of the approach can be critical.

Limitations and future research

This paper has presented a list of methods compiled through an exploratory,
practice-based design research; consequently, it is acknowledged that the pre-
sented list is not comprehensive. However, to our knowledge no other
research has yet been published on the intersection of these topics, and there-
fore this paper serves a first step into the integration of data science technolo-
gies in Service Design. Moreover, due to the fragmentation of the literature
and the emerging nature of the research, multiple references to non-academic
sources are made. However, that is thus justified by the novelty of the topic.

The methods presented in this paper were evaluated with the help of design
practitioners from one partner that works mainly in digital design. Future
research might benefit from considering a more diverse mix of stakeholders and
a broader audience. Data science can help in all stages of the design process
(Figure 2); as novel methods emerge, the opportunities will keep expanding.
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