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ABSTRACT

Connected devices present new opportunities to advance design through data collection in the wild, similar to the way
digital services evolve through analytics. However, it is still
unclear how live data transmitted by connected devices informs the design of these products, going beyond performance
optimisation to support creative practices. Design can be enriched by data captured by connected devices, from usage logs
to environmental sensors, and data about the devices and people around them. Through a series of workshops, this paper
contributes industry and academia perspectives on the future
of data-driven product design. We highlight HCI challenges,
issues and implications, including sensemaking and the generation of design insight. We further challenge current notions
of data-driven design and envision ways in which future HCI
research can develop ways to work with data in the design
process in a connected, rich, human manner.
Author Keywords

Data-driven design; Design research; IoT; Smart devices; In
the wild; Human-centred design
CCS Concepts

•Human-centered computing → Human computer interaction (HCI); User studies;
INTRODUCTION

Data-driven approaches are standard within the digital industry,
where usage analytics and A/B testing are routinely employed
to inform new features or layouts intended to improve the
original design. The growth of connected products, such as
smart consumer devices, is creating opportunities to similarly
rethink the way that physical products are developed. The
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Figure 1. A kettle annotated with design questions that could be explored through data collection, generated by workshop participants at
our Lancaster event.

design of physical products for commercial applications requires rigorous prototyping and testing before manufacture to
establish that the product will be functional, robust and safe.
However, once released onto the market, products can be used
in contexts and for purposes that the designers may not have
anticipated or observed within controlled testing. Insights into
these contexts could be valuable for product design and development [29]. Within academia a variety of research methods,
such as technology probes and design ethnography, have illustrated how behaviours observed in a lab setting differ from
those in the wild [1]. Challenges remain around scaling those
methods up for industrial adoption, due to their grounding in
the collection of thick qualitative data, which can be costly to
collect and analyse [1].
The market is becoming increasingly saturated by consumer
products made "smart" through computation and sensorization, such as thermostats, vacuum cleaners, cars, and home
assistants. Their core functionalities often rely on the processing of live data, such as audio commands in the case of a
home assistant. Auxilliary sensors generate data about the environment around the product and how it is being used, such as
accelerometer data from a smartwatch. There is an opportunity
to investigate the potential for this data to support in the wild
research, which can in turn generate human-centred design
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insights that directly relate to user behaviour – designing by,
with and from data [47].
There is a signiﬁcant amount of literature associated with the
use of simulated and real-time data streams to inform latestage design processes associated with optimisation [51, 52],
such as Building Information Modelling (BIM) for large-scale
architectural projects [27] and product life-cycle management
for high-value assets [48]. These systems are utilised late in the
design cycle as the accuracy of the output is dependent on the
information used in the models. For example, an energy model
of a building needs detailed construction information which is
generated after the feasibility and concept design stages. Many
open questions remain about how such data can add value
to design processes and at the scale of consumer products.
As highlighted by [34], one of the major challenges is the
difﬁculty that design practitioners experience in incorporating
data-driven approaches to their work, which force them to use
optimisation too early in the design process.
This work aims to map the space of choices available to design
teams. To try and shed light on how real-time data streams
might be better utilised to accelerate and enhance design cycles, we conducted a series of workshops with experts working
within product design and IoT. Through a series of collaborative activities, they helped us investigate the following question:
What opportunities and challenges do IoT and product design
experts identify for data-driven product design?
We use the phrase data-driven product design to broadly deﬁne
the approach of utilising data from devices in the wild for
design purposes. This is facilitated by the use of sensors and
functional data, alongside various qualitative sources, such as
feedback from users.
This paper sets out to scope HCI challenges in adopting realtime data within design. It contributes an expert perspective on
the future of data-driven product design. The participants draw
on their professional experiences, identifying the potential impact and best practices that may emerge around data-gathering.
They further speculate on how design knowledge may be derived from data, and identify key questions that need to be
addressed. Within the discussion we outline how these insights
can be used for the development of new research practices and
tools that support product design. While our primary concern
is in understanding how industry might utilise data, we also
discuss directions for further academic exploration.
BACKGROUND

Connected devices in the wild can generate an array of use data,
which may be valuable for design. This can be functional data,
such as a Nest thermostat gathering data about user preferences
alongside room temperature readings to decide when to turn
the heating on. It can be background information gathered
to support the product’s life-cycle, such as logs generated for
predictive maintenance. Devices can also be used to collect
research-driven design data, such as differences in use in an
A/B test. Finally, they can collect data for other purposes, such
as building a large corpus of voice recordings to support the
development of better speech recognition software. Below we
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outline industry and academia practices that utilise such use
data and identify gaps in the way it is used to support design
research.
Approaches to Data Driven Design

Digital products beneﬁt from being continuously developed
and optimised. Common research practices include A/B testing, usage analytics and crash reports [23, 32, 35]. Findings can be directly fed into software updates, design, and
hyper-personalised content [23, 32, 46]. Research indicates
that software engineers are especially interested in questions
around user behavior, which can be explored through data
[7]. Within the gaming industry, analytics utilise sophisticated
visualisations and analysis tools to represent user behaviour,
such as heatmaps and advanced spatial clustering techniques
[6, 22]. Insights from these visualisations are used to improve
the design of game maps and make believable adversarial bots
[6].
In contrast, physical products are subject to an intensive design process pre-manufacture, including prototyping stages
and user testing [55]. There are many places within the design
lifecycle where data can affect the process, from early conceptual and requirements gathering stages through to optimisation
and maintenance. Following the sections of the British Design Council’s Double Diamond [19], in this paper we use the
phrase early-stage design to encompass the discover, deﬁne,
and develop stages where the majority of conceptual work
takes place, and late-stage design to frame the delivery process, where we observe optimisation and reﬁnements. This
thinking compliments a holistic process which encompasses
the full lifespan of the product, as discussed by work on research in the wild [1, 15, 18] that can affect thinking about
design as well as optimisation.
There is a drive within industry to make use of big data collected in the wild, and data gathering has been seen to enrich
and support product design, for example, the Hövding bicycle
helmet was developed in response to 3000 staged accidents
and 2000 hours of data recorded by cyclists [2]. This data can
come from various sources, including sensors on the physical
device, and can be used to facilitate predictive maintenance
and service products [21, 44, 51]. Predictive maintenance
practices are common within the aerospace industry, where
sophisticated algorithms can help engineers make accurate
predictions about when to replace and service components
before issues occur [21]. As an example, Rolls-Royce lease
rather than sell their jet-engines to airlines. In use, the engines generate telemetry data, which is used to diagnose faults
at the earliest opportunity and service them responsively [5].
Although widely accepted for maintenance this research technique has limited recorded impact on design.
Tao et al. [51] envision that big data generated throughout a
product’s life-cycle can be visualised and utilised for design.
They propose a cyclical data-driven process, where digital
twin visualisations - real-time representations of physical objects with their associated spatially bound data - are utilised
for manufacturing, design, and servicing of products. While
the authors discuss the potential impact of this type of visualisation on industries that manufacture high value goods (e.g.
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aerospace), it is less clear what applications a similar datadriven approach might have within mass-produced connected
products.
In The Wild HCI Research

Human Computer Interaction (HCI) research of product use
in the wild has much to offer in terms of methods, including
the use of research products, technology probes, experience
sampling (ESM), design ethnography, and ﬁeld studies [1, 13,
33, 37, 41], where researchers collect contextually grounded
insight. These methods often rely on the collection of dense
and detail rich qualitative data, but here we would focus on a
few of those that also utilise remote quantitative data capture.
Contingent experience sampling, uses triggers from data to
send response requests to participants [24, 45, 53, 58]. An
example of this is an ESM tool called Paco, which allows
researchers to design surveys, triggers and log device sensor
data [24]. Although contingent ESM has the potential to be
disruptive to participants’ activities, the method alleviates issues around retrospective recall present within self-reporting
approaches, such as diary studies [53]. Furthermore, unlike
conventional ESM, the response request questions can be relevant to the activity the participant is performing [53].
Contemporary ethnographic methods, such as thing ethnography and ethnomining, collect quantitative data from various
sources to support research. Ethnomining collects data from
a smart device, which is then visualised, and used in contextual inquiry and collaborative sense-making interviews with
participants post-hoc [4, 8]. Meanwhile, thing ethnography,
leverages a thing perspective by attaching cameras and sensors
to objects, which are used as part of ethnographic research [16,
28, 29]. An example of an investigation through sensorizing
devices can be seen in the work of Chang et al. [16], who
investigated the relationships between vehicles and drivers in
an urban setting using a series of scooters.
More relevant to our work is the emergence of data-enabled
design, where technology probes collect quantitative data in
the wild alongside qualitative responses to support design in
the prototyping stage. Bogers et al. [9] used an iterative process to design a baby bottle, involving contextual inquiry and
the deployment of sensorized technology probes, where the
design process was supported by remote-sensor data capture
alongside interviews. Similarly, Bourgeois [11] derived design
insights about home energy systems from a longitudinal study
in the wild, supported by data capture. Finally, Burnett et al.
[14] merge academic research practices with industry led data
visualisation, as discussed by [51], where digital twin representations of smart products are used as research tools to support
designers and ethnographers. Insight generated through these
methods in the wild can facilitate Human Centered Design
(HCD), which focuses on the needs of users [30].
Emergent Issues With In the Wild Data Collection

Advances within in the wild HCI research have the potential
to impact industry design practices but thorny issues remain,
including ethics and research at scale. While research within
academic contexts is subject to regionally enforced ethical
codes of conduct, industry has to abide by varying data-privacy
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regulations like GDPR in Europe [42], which requires the
explicit need for consent [10]. It is yet unclear if time and
resource heavy academic research practices that merge big and
thick data from connected products, such as [9, 11], can be
scaled up to industrial contexts beyond the prototyping stages
of design.
Furthermore, data-collection more generally has been criticized for perpetuating industry practices that are seen to
disempower the consumer like surveillance capitalism and
prosumption [39, 60, 61]. Prosumption is characterised by
companies harnessing consumer labour to increase proﬁt [39].
Examples include customers using self-service checkout machines in a supermarket rather than a cashier, and the shifting
of responsibility for recycling from the producer onto the consumer[57]. While prosumption can be seen as exploitative, the
value associated with digital products is more varied in nature
and distribution. Contributing online content can have beneﬁts for the individual as well as the corporation - a YouTube
vlogger gaining fame and associated perks for example [39].
Meanwhile, surveillance capitalism is an industry practice
where data about online behaviour is collected and sold by
companies for proﬁt [60, 61]. Facebook and Google using
click-through models to target users with highly personalised
ads is an example of this. Finally, the way data is analysed
and visualised can have far-reaching ethical implications [17],
highlighting the importance of ethical considerations throughout the whole lifespan of data, from the moment of capture
through to its utilisation.
Zuboff argues that surveillance capitalism translates to the
use of smart products [60, 61], but when data collection and
behavioral modelling is an integral part of a device’s function,
assessing its ethical ramiﬁcations can be ambiguous. This
research is based in the belief that an open dialogue between
industry and academia has the potential to identify the opportunities for data-driven product design research that can
be scaled appropriately, be beneﬁcial for both industry and
society, and counter concerns of surveillance capitalism and
prosumption. Despite advances in in-the-wild research methods around smart products, key questions remain around how
to use this knowledge for design.
RESEARCH OVERVIEW
Workshop Structure

We conducted three workshops with a total of 32 participants
from industry and academia who reported having expertise
within IoT or product design. Each workshop was three hours
long and took place across the United Kingdom, in Lancaster
(P1-P9), Edinburgh (P10-P20) and London (P21-P32) in order
to recruit a varied cohort of experts.
The workshops aimed to explore how the participants viewed
the future of data driven product design, where connected
products are used as research tools for their own re-design and
development. Questions around how the process would work
in practice were purposefully left open ended to investigate
the different ways data can be gathered, turned into design
insight, and fed into the design process. To introduce the participants to the idea of visualising live data from a connected
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Figure 2. Workshop structure showing ﬂow from contextualisation,
through grounding in professional practice into speculation

product for design purposes, we presented a demo consisting of a bluetooth speaker ﬁtted with sensors. Live data was
transmitted by WiFi to a digital on-screen representation of
the speaker, including values for acceleration, magnetometer,
gyroscope, temperature, audio metadata, button presses, and
volume change data. After presenting the demo, participants
worked in groups of 3-5 people on ﬁve collaborative activities, which were centred around large A1 sheets of paper with
instructions (Figure 2):
1. Generating design questions around an object that we provided, including kettles (Lancaster), electric scooters (Edinburgh), and audio-recorders (London) (See Figure 1).
2. Selecting a question from the ﬁrst activity and exploring
how it could be answered through data gathering.
3. Each group selected one of the products that the experts had
worked on, and generated questions related to its design that
could be answered through data. Fictional products were
used where necessary, and groups repeated the exercise for
multiple products if time allowed.
4. After an overview of the kinds of data that could be collected, the experts were asked to envision a day in the life
of a designer who utilises a data-driven design approach, in
particular new design practices driven by data gathering.
5. Finally, the participants were asked to identify their hopes,
fears, and utopian futures of a data-driven design process
as it relates to their own practice. With this activity we
hoped to draw out preferable futures as mapped onto Voros’s
Futures Cone [3], which depicts projected paths in terms of
possible, plausible, probable or preferable. This allowed the
participants to envision positive possibilities for data-driven
product design, free of practical implementation challenges.

The experts reported having a mixture of expertise within product design (n=25), IoT (n=30), computer science (n=4), and
management (n=4). They worked in industry (n=9), academia
(n=11), and a combination of the two (n=12). The participant’s
experience ranged from six months to 25 years. Their average
age was 37 years with SD of 9 years. To preserve their identity
we refer to them as P1 to P32.
The experts drew from their professional experiences, which
ranged across a variety of contexts and projects, including
working with aircraft engines (P1), smart projectors (P3), food
3D printers (P32), bespoke smart products (P21), work-site
management technology (P29), robots used as an educational
resource (P14), solar power plants (P25), etc. Their professional roles included designers, computer scientists, lecturers,
researchers, consultants, managers, business owners, and PhD
students.
Data Collection and Analysis

The workshops were audio and video recorded, which were
anonymously transcribed into 87,241 words. The workshops
also generated written material captured on large A1 sheets of
paper containing the collaborative activities.
Transcripts and written materials generated from the workshops were inductively thematically analysed [12] using
NVivo. The lead researcher coded the data independently
generating 233 codes. A segment of the codes was veriﬁed,
discussed, and clustered with a group of four researchers. The
clusters and renaming of codes was integrated into the Nvivo
ﬁle and the rest of the codes were clustered in agreement with
the discussions and changes generated during the analysis
with the other researchers. Through an iterative process of
independent clustering of codes by the lead researcher and
veriﬁcation and discussion with another member of the research team eight ﬁnal themes were identiﬁed and agreed
upon. The themes broadly relate to data sense-making, ﬁnding
value for design, implications of the process, and ethical and
implementation issues.
RESULTS

The experts contributed their visions, concerns, and perceived
needs, as they relate to the future of data-driven product design. Below we present the themes, beginning with a short
summary:

Participants: Recruitment and Expertise

The experts were recruited with the help of several organisations, snowball sampling, and through emailing lists. We
recruited from the industry connections of the larger Chatty
Factories project this research is part of, an innovation centre in Glasgow advertised the events on their social media, a
digital adoption agency in London hosted and advertised the
London event on their website, and we were allowed to recruit
during an industry meetup event in Edinburgh. We sent out
invitations and promotional material to industry and academia
experts, which were local to each workshop, in order to recruit from a wider spread of institutions and industries and
accommodate for people’s busy schedules and availability.
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Live Data Gathering

The capturing of sensor and functional data to observe
user behaviours, wear and tear, functional failures, and
contexts of use. Participants identiﬁed that data collection
from products in the wild can be achieved both through passive data gathering and actively engaging with users through
triggered feedback requests. Passive data gathering included
the collection of sensor data, and logs of device functions. To
support sense-making around the relationship between design
and data, experts explored correlating functional data with
other information, such as the times of product use, function
quality, fail detection, and the experiences of the user.
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Different objects were annotated in each workshop, but the
questions we explored with experts were the same. User behaviours were always central in discussions, in particular what
factors contribute to increased or decreased use, leading to
discussion of wear and tear and functional failures of products. The contexts of product use were also of interest, explored through sensor data, such as GPS tracking, temperature,
chemical composition of substances around the product (e.g.
air, water), pressure, movement, vibration, proximity, and the
forces acting upon the product. A key consideration within this
process raised by P5 and P27 was the "accuracy of the data",
which can be inﬂuenced by sensor limitations or underlying
data analysis issues.
Understanding these contexts and environments of use highlighted factors that may lead to faster deterioration of components, e.g. P14 worked with a robot to teach STEM skills
in education, and revealed that the children repeatedly break
parts of the robot. They used a “current sensor” within the
joints of the robot to measure the pressure applied, and were
"able to identify that the main reason this one was getting
broken is that too much pressure was applied to the knee",
which could be addressed in subsequent design iterations.
Participants thought that a data-driven design process has great
potential to unravel some of the complexities of human behaviour, gauging the emotions, habits, and engagement of
users through the use of audio, bio-information, use of functionality, and user identiﬁcation. Understanding behaviours
and motivations can in turn inform the design of better products that address underlying needs and expectations. For example when annotating an electric scooter in the Edinburgh
workshop, the experts identiﬁed that by measuring the excitement of a person at certain speeds of an electric scooter the designer can explore if "speed [is] important of the joy of using"
(P12) the product. Furthermore, by comparing behavioural
data across a large number of individuals, the designer can
identify different user groups based on "patterns in use" (P22).
"What you would want to do is to identify people within
that population who you think are otherwise similar so
that you can understand when the proﬁle of one changes,
is that because of a factor that is particular to them, or is
it because it is affecting everybody?" -P16
Generate Design Insight

Explore research questions through A/B testing, usability
tests and ethnographic explorations, supported by data
dashboards, ML, and user feedback. A key potential for a
data-driven design process is to "challenge [the] assumptions"
(P29) of a designer about product use in the wild through
the collection of factual supporting information. Participants
suggested this could be achieved through research and testing,
including "user testing" (P24), "A/B testing" (P18). Ethnographic research investigating the "perceptions of the user"
(P25) could be supported by live contextual inquiry with "live
feedback" (P14), while A/B testing would deploy different
versions of a product for comparison: "if it was a small thing
we could maybe rapidly prototype and design small changes
like you might see with websites" (P32). Product ‘speciation’
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came up, where different user needs can be met by developing
products with varying functionality:
"we can also then develop a persona around an individual, so we can then develop a product for certain
geographies for example. Say if we are doing it in the far
East vs America we could have quite different results in
different products." -P14
Participants felt that for data gathering to be ethical and ﬁnancially viable within the process, pre-deﬁned research questions
should inform the data gathering practices. For example, when
annotating a kettle with questions P5 discussed: "I don’t know
if the barometric pressure of the environment affects the efﬁciency of the kettle so maybe you put a sensor on to answer
that question and when you have you can take it off again".
They favoured the initiation of in-the wild research early in the
product development, even throughout the prototyping stage,
placing sensors on a subset of existing products to answer
a question to e.g. balance the development of two design attributes: "I would like data to support my decision" (P32). This
approach has been explored in ’transition products’, where
existing domestic appliances are ﬁtted with sensors to inform
future designs, particularly for usability and environmental
sustainability [25].
"I can make the case to my boss to make 50 or 500 of
these devices because we really need to know things that
we will get back into the design cycle." -P5
Dashboards for exploratory data analytics, the utilisation of
machine learning, and the ability to gain feedback from users
were seen as vital to the process. "Talking to the user" (P28)
is a direct and reliable way to answer design questions. Data
visualisation can empower designers to identify and question
emerging correlations between user behaviour and product
functions, and participants felt that data visualisation tools
utilised within data-driven design should support collaborative data exploration (P10-P12). They suggested this could
be achieved by producing views of amalgamated as well as
raw data, allowing exploration across different timescales and
parameters: "you have aggregate to make life easier because
there is too much of it but the answer is in the disaggregated
data and the question is how do you get to this happy medium"
(P29). Combinations of machine learning algorithms could
help to spot patterns, identify behaviours that deviate from the
norm, and make predictions about the meaning of live data.
Discussions often focused on the potential of such a system to
make re-design recommendations or automatically assess the
impact of a design change on its function and user engagement.
P32 envisioned a design process where:
"You have taken a recommendation, you have looked at
the compromise, you matched that against your brief, you
virtually design it, you test it, you prototype it, you submit
a change request, you get feedback." -P32
Product Development and Re-design

Ever evolving algorithms extend the product’s capability and continuously optimise its design, while designers
focus on developing products for the fringes of the user
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group. We were particularly interested in how the experts envisioned translating data into a design change of the physical
product. They had a sense that the process would be ideal for
parameter optimisation, identifying failures, and understanding use, but found it more difﬁcult to envision how it could
support the designer’s creativity. Some felt that the ultimate
goal of the process would be that "the product can redesign
itself" (P15), where ML algorithms continuously update and
optimise the design based on user behaviour and manufacturing requirements. Others felt that to support creativity the
process should be more open ended, allowing for designers to
explore and question the data but ultimately draw their own
conclusions and inspiration:
"Data would probably tend to lead you towards optimisation rather than innovation. Because it comes back to
what is an average user, if you use machine learning on
something it homogenizes it doesn’t innovate." -P2
Data-driven design can make devices more intelligent, responsive, give users accurate predictions, and support a tailored
user experience. Sensorized products already out in the wild
could be made "smarter" by adapting to the ways they are
being used. For example, P32’s food 3D printer: "because it
is a chemical process, temperature inﬂuences a function, so if
hot liquids are more runny, the print process might be changed
in response to the temperature of the environment". The algorithms dictating the function of the product would need to
understand the context of use, anticipate the needs of users,
and adapt their function accordingly, "designing themselves
on the ﬂy" (P24). In this scenario the development of products
is strongly dependent on the design of sophisticated AI.
The process of making products "smarter" can also impact the
product’s physical design, such as assessing the least intrusive sensors that allow them to sustain their functionality and
identifying suitable changes to the physical interface of the
product. Smart products could also extend their functionality
beyond their original design, accessing external online data
sources, communicating with other devices around them, or
crowd-sourcing knowledge – the Edinburgh participants suggested that a smart scooter could tell the user which streets
to avoid based on current trafﬁc, or send information to the
council about issues with road safety.
It was less clear how insights around product function and
user behaviour would translate into changing aspects of the
physical design. Ultimately creativity was seen to stem from
ignoring the behavioral norms observed and allowing the designer to investigate and create for users at the fringes of the
data set.
"Is your job to look at the data that the machine learning
is generating, or is your job to just look at the outliers?
So the job of the designer becomes either to ignore the
data, or to look at the weird things in it." -P2
User-centred Design

A combination of live data and communication with users
can enable user-centred design and facilitate co-design or
co-creation. One of the primary values of utilising a datadriven product design process is in understanding users. P29
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reﬂected that "products are never used in the way people think".
By gaining insight into people’s habits, needs, behaviours, and
engagement, we can create better user-experiences and more
intuitive user interactions. In turn this process of making more
user-centred products could have broader societal beneﬁts,
such as improving people’s well-being.
Beyond optimisation and making a product "smarter", experts
felt that feedback and communication is central to generating
design insight. Questions remained about whether focusing
narrowly on data would lead to design changes that are detrimental to the product and its desirability. P20 identiﬁed that
physical sliders within a home media system may be wanted
by users "aspirationally" because it "makes [users] feel happy
that they could switch it if they really wanted to", while the
true usefulness and functionality of the product lies elsewhere.
The participants felt that live user feedback would contextualise the quantitative data coming in about their experience. An
example of this is P32’s consideration for how data gathering
and user feedback can contextualise the designer’s understanding of the performance of a 3D food printer:
"How it knows if it was printed correctly, so how that
could be measured, whether you can ask if it was what
someone was expecting [...] even if it was not necessarily
what the designer intended the machine to do in that case,
has it achieved the user satisfaction" -P32
Experts identiﬁed that active user engagement in research on
product use may lead to creative and nuanced design suggestions. User-designer communication could facilitate co-design
and co-creation, and workshop participants envisioned a future
where users actively hack, customise and personalise products,
transforming the role of the designer to include capturing these
activities, analysing data and approving changes for manufacturing:
"Why don’t we get the user to design the product that
they need and provide, the mechanisms with which we
can do that, and them monitor and provide a system that
helps them engage with the products rather than impose
our own product design." -P11

Support and Service Products

Data-driven processes will enable predictive maintenance,
live user support and software updates. A key challenge
for industry is to deﬁne the objectives of data gathering. The
participants felt that data-driven design would be particularly
useful for companies with a service business model where they
are remotely supporting customers, servicing their products,
and continuously providing software and hardware updates.
If industry has a vested interest in prolonging the life of their
products they would be more likely to invest in sensorizing
them. Alternatively, functional data generated by a product
may also identify gaps in the service. For example, when
discussing a ﬁctional home media system P17 identiﬁed that
the content users search for but do not ﬁnd may be an indication that the media service should commission more of that
content.
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By continuously collecting data, manufacturers can provide
live support and tailored software updates. When discussing a
high tech welding mask P24 identiﬁed that there is an opportunity to correlate the movement of a welder with the quality of
their work using different imaging systems, algorithms, and remote support: "You can have an analyst and the data scientist
working in parallel to the person doing the job". Information
could then also be used to "develop an AI based model that
would correct the welders as they weld". Similarly, a datadriven approach is particularly suited for predictive maintenance, where live monitoring can inform when an intervention
needs to take place on the part of the service provider. A frequently referenced example was Rolls-Royce, who lease their
jet engines to airlines with continuous servicing. Live remote
monitoring enables service providers to actively support their
customers, by providing live guidance, addressing questions,
and relaying up-to-date knowledge about best practices.
"I hope it would give us an insight into what is actually
happening in real time. If one of our machines has a
problem I hope to be able to see the data and see it
immediately and be able to react to it. I hope to be
able to use the live data streams in order to debug. Is
it overheating, has someone smacked it? These things
would help me resolve issues quicker and offer better
customer service as a result." -P3
If manufacturers are also invested in servicing and supporting
their products once they are on the market, they may in turn
beneﬁt from designing their products in a modular way, so that
parts can be replaced when needed. Participants suggested
this way of designing products has the potential to be sustainable and appeal to customers who value quality and service.
Conversely, "physical manufacturing", [which accounts] "for
changeability" (P5), was seen as challenging to implement in
practice.
Ethical Issues

Data-driven design can disempower users by reducing privacy, manipulate behaviours, and limit informed consent.
Additionally, designers may be disempowered by handing
over creative practice to data scientists and algorithms.
Data-driven design has to deal with a series of thorny ethical
issues in order to bring value to all the stakeholders involved,
including customers, industry and designers. A clear issue
with data gathering from smart products was the identiﬁcation
of individuals, which can both increase the adaptation potential of functionality and jeopardise the privacy of users. For
example, a ﬁctional home media system discussed by P17-P20,
could be made more adaptive and responsive by recognising
the voice of the person using it, but "obviously that is a privacy
problem" (P20). Finally, even when data is anonymous, the
inferences that could be made about individual’s identity raise
serious concerns around data security.
Although we focused the workshops around generating value
for design, participants highlighted that industry would have
ﬁnancial incentives to utilise a data-driven approach. An industry that seeks to make better and more desirable products
through gathering vast amounts of data about their customers
through their products may be inherently exploitative. The

Paper 433

CHI 2020, April 25–30, 2020, Honolulu, HI, USA

experts repeatedly stressed the importance of not selling the
data onto third parties, speciﬁcally insurance companies. Generating revenue through the sale of data, may in turn shift the
purpose of the data-gathering process from design to surveillance, "if it is to sell the data then you’re no longer making
[products] you’re making sensors" (P2).
A key issue around gathering data is "informed choice" (P12)
on the part of users. Consumers need to understand what data
they are sharing, what inferences can be made about them,
and what they can gain and lose from taking part in a data
gathering process. The acceptability of the process would be
crucial to adoption, and the experts felt this could be increased
by giving users access to and ownership of their own data,
"everyone has visibility and control of the data collected about
them" (P16). The value (ﬁnancial, relating to design, etc.)
generated with their help should be made clear throughout
the process, and users should beneﬁt explicitly from allowing
companies to gather data. While it is clear that there is a need
for transparency, the composition of terms and conditions
needs to become clearer and more user-centred:
"The big problem with transparency though ... is the
huge overhead of time for people. Why should I spend
ﬁve minutes to try and understand something about my
kettle?" -P17
In addition to data gathering having potential disempowering
effects to consumers, it may also negatively affect designers.
Experts feared that the advancements of data-driven design can
lead to the transformation of design roles from creative practitioners to data scientists, who maintain data and algorithms so
complex that they lose understanding of their meaning and implications. "The question was if the machine learning is doing
all the work I guess what you’re doing is just maintaining the
black box" (P2).
Behaviour manipulation of users through data-driven models
was another key concern within discussions. The ability to
understand the relationship between design and behaviour
could empower industry to guide and manipulate consumers.
For example P11 expressed that he fears "live data will be
used to monitor and control user’s behaviour and inﬂuence
the use of the product", catering to the requirements of the
producer rather than the interest of the consumer. Questions
were also raised about the negative behaviours that would
be observed through data gathering and how might industry
deal with them. A ﬁctional example discussed by P2 focuses
on a car tire manufacturer that uses data-driven design for
innovation:
"If you ﬁnd out that actually people need better tyres,
because there are driving over the speed limit, do you
then produce tyres that encourage people to go faster?
And if you don’t, do you then become responsible for
advising them to buy tyres that don’t meet their needs?"
-P2
Implementation Issues

Issues: cost, including sensorizing products, analysing
and storing data; the need for ﬂexibility with the manufacturing infrastructure; data quality and bias. The experts
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felt that there is a tension between the need to sell ﬁnished
and well-designed products and continuously collect data to
redesign them. Questions were raised about the price of sensorizing products and analysing the data, a process which
requires an "incredibly compelling argument about a return on
that investment" (P5). The experts identiﬁed that the products
need to be within a certain cost range to make the process
worthwhile:
"If we say that we’re software company and we’re going
to get this data and the next 5 years, they’re going to say
that you are investing in the next Uber, the next Google,
but if you say I’m going to make kettles and they have
got data in them, they’re going to ask how much are your
production costs and how much are you going to sell the
kettles for?" -P2
The reality of implementing a design change within the production environment adds an extra layer of complexity, as a large
amount of infrastructure would need to be in place to enable
ﬂexible manufacturing. A rapid redesign process may build
"obsolescence to the previous product" (P11). Furthermore,
the sensors themselves might add risks – P3, a business owner,
recalled: "We have had instances where sensors have actually
taken the machine down. It’s actually part of a ecosystem and
that has its own risks".
Some of the experts identiﬁed that evolving legislation worldwide, for example GDPR, may complicate and restrict data
gathering from smart devices. Experts were concerned by the
potentially large volumes of data required to generate design
insight, with the associated big data storage, processing capacity and energy demand making the process unsustainable. P22
reﬂected that currently industry tends to collect everything,
while they may only "use maybe two or three parameters, so
you just wasted large amounts of time and money on storage
that you don’t need". This may in turn can lead to "drowning
in data [and] decision paralysis" (P10).
Data was seen as being potentially uncontextualized, misleading, and susceptible to hacking ("how long would it take before
they pay money to hire people to play the model in order to
get an advantage" -P15). It was felt that the quality of the
raw sensor data can bias machine learning models, and that
data driven models in general may see the world in terms of
existing behaviours and information, "it is what you [were]
like in the past, and your future is being dictated by your own
past" (P17). Finally, even technically well versed designers
and ethnographers may misinterpret the meaning of the data
and model outputs they are seeing.
Broader questions were also raised about the unintended consequences of data-driven product design. Would we inevitably
create black boxes of data and algorithms that are unmanageable and unsustainable? Would this process have a negative
environmental impact?
Utopian Vision

The process has positive potential: businesses beneﬁt ﬁnancially; creatives gain a valuable design and research
resource that helps them solve real problems; consumers’
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well-being is increased; and products are more sustainable and adaptive. When prompted to explore a Utopian
future for data-driven design, the preferable futures as mapped
onto Voros’s Futures cone [3], the experts could imagine a
process that would create new jobs around design, data, analysis and ethnography. It would allow designers to "solve real
problems" (P13), address the needs of consumers, and engage
them in a dialogue facilitating co-design while collecting data
in ethical ways that hand over ownership of the process to the
users. Businesses would beneﬁt ﬁnancially by creating desirable long lasting products, which are repairable, sustainable
and contribute to the well-being of users. Everyone would
have access to an appropriate segment of the data, and be able
to understand and explore it in a way that brings about insight.
Although there were many reservations about the implementation and ethics of the process as discussed in the previous
sections, a data-driven process can support sustainable consumer and manufacturing practices. P10 envisioned: "You go
out and you choose where it is built, you choose how it behaves and it is customisable to you". They envision an industry
where data helps solve real world problems and address the
needs of individuals, facilitating a sustainable, self-improving,
human-centred, socially beneﬁcial vision.
"This information will allow us, as designers to improve
our process and make it a lot quicker to get a product to
the market and make things with the consumer in mind."
-P14
An example of data serving a socially beneﬁcial role was given
by P5, who recalled how Nike were able to spot a ﬂu epidemic
through their wearables by identifying decreased levels of user
activity across geographies.
"I think we are going to have a world of sand and gemstones in a way, where every little optimisation that we
get from this way of thinking is like a grain of sand and
overall we get a beach that we all like but occasionally
we will get a few gems like the Nike example where you
have these wonderful things that really leap us forward
in a big way." - P3
DISCUSSION

The work presented here primarily contributes a current industry and academia perspective on the future of data driven
product design, exploring what happens when live data collected from smart products in the wild is visualised and analysed to support sense-making and research. The experts felt
that usability studies, A/B testing, and ethnographic studies
can be implemented remotely around these products with the
aid of feedback and engagement of users. In turn this datadriven approach can enable the re-design of hardware and
software, enable user-centred thinking, and allow manufacturers to service products. Meanwhile, issues around ethics,
privacy, security, and costs remain open. We propose several
implications for data-driven product design. We aim to remain critical of the value and implications of the process by
highlighting practices that decentralize power dynamics and
address the ethical and implementation issues discussed within
the workshops.
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Expanding Notions of Data-Driven Design

The term ’data-driven design’ tends to initiate discussions
around the use of data to optimise, and reﬁne products in relation to easily quantiﬁed performance metrics. However, as we
moved through the workshop activities we found that participants were often more interested in using data to understand
less easily quantiﬁed phenomena. Capturing aspects of the
way products behave and ﬁt into the world around them is
seen as a means to consider new capacities to innovate and to
support users. Whilst there are already good examples of datadriven design optimisation systems [36], HCI research that
actively challenges the term ’data-driven design’ and explores
alternative human-data interactions to support early-stage design may prove valuable in this space. Against a tendency
to rely on more data and more computation to solve problems, we would question how much data is needed to drive the
process, rather than being seen as a supporting material. To
follow Shea et al. from 2005, and equally relevant today: “the
real challenge is to make systems that designers want to use”
[43] – and in this case it means understanding where data is
beneﬁcial and supportive to creativity, rather than an external
driver dictating solutions.
The experts saw value in data collection for the purposes of
design research, which can help answer questions, challenge
designers’ assumptions about how their products are used,
and enable a user-centred process. While data gathering from
products in the wild was seen to have a very strong potential to
be used for optimisation and predictive maintenance – reﬂected
by current industry practices [5, 21] – the experts were still
able to see some opportunities for data-gathering to be part of
an innovative and creative design practice. Here discussions
gravitated towards ethnographic research, focusing on the
subtleties and characteristics of behaviours observed within
the incoming data.
We propose that a desirable data-driven design tool would enable designers to actively investigate research questions which
relate to the experiences of product use in the wild to inform
design. This can be done in two ways. Firstly, by sensorizing
prototypes, such as in the work of [9], where insights from
thick and big data enable the development of user-centred
products. Secondly, by utilising data from connected products
post-manufacture, to inform the early-stage design of new
species or versions of that product.
A future oriented vision for idealised data-driven design practice may lie with Sterling’s [50] Spimes. Spimes are manufactured objects: "material instantiations of an immaterial
system", sustainable, upgradeable, and made from materials
that are continuously recycled back into their own production.
They would be designed so that users have access to both their
physical and digital instantiations. Stead et al. [49] argue that
spimes are inherently more "cyclical, ongoing and sustainable" than IoT products, which are currently designed with
a limited lifespan, made obsolete by the latest hardware or
software. Those visions match well to the expert’s Utopian
discussions around sustainability and empowerment. One
can imagine different user interfaces for spimes that enable
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groups to examine the data history of the object, linking to the
provenance of its data-driven design process.
Developing Data-Driven Practices

It is clear that data driven practices need to be carefully cultivated to avoid several pitfalls. The experts felt that a datadriven product design model might be too costly in terms of
data storage, analysis, and sensorization beyond that necessary for the device’s function. This process was plausible to
them in cases where data gathering is already a vital part of
the function of the device, or within a service-driven model,
which requires robust and long-lasting design. There was a
suggestion that data gathering outwith the device’s desired
functionality should only happen if there are speciﬁc questions that the design team is interested in investigating. Rather
than sensorizing all manufactured devices, a subset could be
instrumented as probes or transition products[25], as well as
early iterations of product testing and prototyping [9].
Implementing data-driven design in practice requires techniques that bridge the "gap between the designers, technologists and the users" (P28), in a way that does not unduly
inconvenience any of them. Users are asked to contribute
their effort and give informed consent to share details about
their lives and usage; designers are asked to develop literacy
around the affordances of sensors, the limitations and intricacies of data capture as well as developing robust strategies for
interpretation. All of this requires a temporal and cognitive
investment that must be well balanced.
A growing body of work into smart product data visualisations, highlights that data has potential to be used as a resource
for design research [14]. For example, digital twins have
the potential to visualise data associated with a design in a
spatially bound manner [14, 51], which is particularly suited
for the visually oriented practices of many designers. Meanwhile sense-making around visualised data can be supported
by annotation [40, 59] and collaborative data exploration [31].
How designers should make sense of data was a recurring
theme in the workshops. Data was not seen as an end in itself, and designers were expected to question the accuracy of
information they are seeing, being able to account for the uncertainty of sensor readings, the bias of collection and analysis
algorithms and the limitations of visualisation and interpretation. Correll [17] highlights that by visualising the end
product of data analysis alone "but not the process by which it
was created, we risk propagating false, misleading, or unreproducible ﬁndings". Conversely, data visualisation with too
much extraneous detail increases their complexity and weakens their rhetorical impact. Finding methods of visualisation
and analysis of data to support sense-making andwork within
design workﬂows is essential. As suggested by the experts,
data-driven design tools should show designers raw data alongside amalgamations and inferences, support collaborative data
exploration, and give designers the opportunity to gain user
feedback and reﬂections.
Supporting Ethical Design Practices

Privacy, disempowerment of users and designers, behaviour
manipulation, and issues with informed consent, were key
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ethical issues raised by the experts within the workshops. Worryingly, research into pervasive surveillance more generally indicates that people become accustomed to data collection even
when initially opposed to it [38]. Coulton and Lindley [18]
argue industry needs to be explicit in the ways that they create
value from data gathering, rather than justifying ethically ambiguous practices through the promise of user-centred design.
In line with discussions raised by Shoshana Zuboff [61], a
key challenge for data-driven design would be to give users
control of their data. To do this, the way value is generated
for all stakeholders - including manufacturers, designers, and
users - needs to be made explicit. A databox approach, where
data is stored and analysed on a local physical device with the
user, may address concerns around privacy [20]. Meanwhile
limiting data gathering to a subset of consenting users, can
counter the narrative of mass surveillance.
The active and continuous engagement of users through simple
and minimal feedback requests at key times, may have two
beneﬁcial implications on the ethics of the process. Firstly,
that users would be continuously reminded and informed that
their data is being collected and inferences about their behaviour being made. Secondly, that users would be able to
inﬂuence the researcher’s understanding of the data being collected, enabling proactive collaborative sense-making. Within
home sensing, data logs have been shown to be a valuable
tool for collaborative sense-making and creating actionable
knowledge between specialists and homeowners [26]. We feel
that a similar collaborative process of contextualising data can
support generating design insight. The user’s engagement has
the potential to enable co-design when the process is transparent [56]. We see potential for smart product use data to inform
when these interactions take place [54], but questions remain
about how to appropriately enable co-design.
Limitations and Future Work

Due to the use of a series of workshops, the work presents
speculations unconstrained by the complexities of how manufacturing and design operate. Further explorations of datadriven design practices would need to investigate best practices, ethics, and the feasibility of such a process. Informed
consent and active engagement with users are important but
difﬁcult challenges for data-driven design. Future work could
explore how to explain data gathering appropriately, establish
clear ethical and consent practices, and to engage users with
the design process. Having clear and meaningful purposes
for data gathering may assist with this, such as improving the
accessibility or environmental sustainability of a design. Even
so, there may be a limit to the proportion of the population
that would agree to such data-gathering. A strict opt-in policy
may inadvertently exclude individuals on the fringes of user
groups who may beneﬁt from improved design and be of interest to designers. This questions the universal application
of data-driven design if data is gathered from a selective section of the population who are less worried or better informed
about data privacy and protection. Finally, the work explores
an expert perspective on data-driven product design, as such
it does not account for the views of consumers. The experts
raised concerns about the ethics of data gathering through
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smart devices. There is an opportunity to further explore how
the public might experience this process.
Implications for Design

Taken together, these results suggest implications for the future
of using live product data in the design process:
• Usage data is currently under-explored as a means to generate design insight. While many of the design experts were
positive about the possibilities, few were actively working
towards them, and there was an assumption that data was a
means towards optimisation and reduction of human agency.
• Practices should not just focus on quantitative sensor data,
where uncertainties and analysis methods may bias a designer’s understanding of product use, but include qualitative data, such as user feedback.
• Data driven practices need to be developed that support
human creativity, that contextualise data and its interpretation while remaining legible and ﬁt design workﬂows. This
means challenging the notion of ‘data-driven’ and ﬁnding
more nuanced ways to bring data into the design process.
• Designers were all sensitive to the ethical challenges of
increased emphasis on data within the design process, both
with regards to their own practices and their relations with
end users. For usage data collection to be acceptable at scale,
it needs to be clearly differentiated from surveillance, with
negotiated consent, and with reasonable burden to users.
• Not every product should be collecting data; for reasons
of cost, privacy and effort, a judiciously chosen subset of
production such as early prototypes or a small percentage
of release products may be more appropriate than the scattergun application of sensors.
• In line with this, models of value that support the new relationships between designers, manufacturers and end-users
need to be articulated, to ensure appropriate deployments
where increased production costs, incisiveness and cognitive effort for users and designers are balanced by insights.
CONCLUSION

Through three workshops with industry and academia experts,
we explored the opportunities and challenges for the future of
data-driven product design. The outcomes from the workshops
provide an overview of the HCI and HDI challenges associated
with bringing live data into the product design process, and
exploring areas beyond optimisation. In particular, we found
opportunities for collaborative sensemaking, for broadening
views on what data could be used for, and the possibilities for
personalisation and customisation of physical objects. The
experts tempered these utopian visions with a critical sense
of the pitfalls and dangers of dataﬁcation and extractive data
processes. This supports the exploration of new roles for
designers and end-users supported by conﬁgurations of sensors
and algorithms, generating insight in a humane and sustainable
manner.
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