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Abstract

Data-enabled design (DED) is a promising new methodology for designing with users from
within their own context in an iterative and hands-on fashion. However, the agile and flexible
qualities of the methodology do not directly translate to every context. In this article, we
reflect on the design process of an intelligent ecosystem, called ORBIT, and a proposed eval-
uative study planned with it. This was part of a DED project in collaboration with a medical
hospital to study the post-operative behavior in the (remote) context of bariatric patients. The
design and preparation of this project and the process towards an eventual study rejection
from the medical ethical committee (METC) provide rich insights into (1) what it means
to conduct DED research in a clinical context, and (2) where the boundaries of the method
might lie in this specific application area. We highlight insights from carefully designing the
substantial infrastructure for the study, and how different aspects of DED translated less easily
to the clinical context. We analyze the proposed study setup through the lenses of several
modifications we made to DED and further reflect on how to expand and scale up the
methodology and adapt the process for the clinical context.

Introduction

We are living in an age of data, where data slowly transcend, creep if you will, into all corners of
our lives. As large corporations such as Apple and Google move into the health domain, so do data:
the promises of datafication of healthcare around personalized care, improved quality of care, cost
reduction, and leaner processes exert pressure on electronic health record management, employee
healthcare, and health insurance (Powles and Hodson, 2017; Sharon, 2021). Increasingly, this
development is also blurring the line between clinical and consumer healthcare solutions, particu-
larly related to lifestyle change (Lucivero and Prainsack, 2015). “P4 medicine” is expected to dras-
tically change the way healthcare is provided and used over the course of the next decade, by
making it predictive, preventive, personalized, and participatory (Flores et al., 2013; Ruckenstein
and Schüll, 2016). Similarly, the movement towards Precision Management also aims to bring per-
sonalized medicine to the next level through environmental, lifestyle and medical history, and even
genomic data in large data sets (National Research Council, 2011; Hogle, 2016). Engaging with
large data sets in healthcare inherently means that there is a need to scale up the data infrastructure
and data handling processes, and to approach healthcare innovation as the multi-stakeholder, sys-
temic challenge that it is. Various participatory design approaches have been applied in order to
tackle healthcare innovation from a more systemic perspective, including strategies such as
co-ideation with different stakeholders (Slegers et al., 2013; Rothmann et al., 2016), experience-
based design (Bowen et al., 2010), and visual history mapping (Villalba et al., 2018). Another
way of engaging with the complexities of systemic healthcare change is through the use of data
in intelligent ecosystems. Data-enabled design (DED) (Kollenburg and Bogers, 2019) has been
shown to allow for collecting and analyzing contextual, behavioral, and experimental data that
can be connected to medical data gathered in hospitals (Bogers et al., 2018; Kollenburg et al.,
2018). Clinicians are already interpreting data sets provided by patients (Rutjes et al., 2019) and
have started using consumer health wearables in their own practice (Jensen et al., 2021).
However, DED is an inherently malleable practice with plenty of designerly leeway, whereas the
clinical context is controlled and protected. This can lead to some friction. In order to truly con-
tribute to the implementation of innovation around using data to personalize healthcare, DED
needs to scale up in terms of context, duration, stakeholder involvement, and interactivity.

Aims and strategy

In this article, we discuss the DED process of the ORBIT system, which is an intelligent eco-
system aimed at helping bariatric patients who have had a stomach reduction surgery with
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lifestyle change to maintain weight loss. This system was designed
in collaboration with healthcare professionals at the Catharina
Hospital in Eindhoven, The Netherlands. We also describe the
proposed setup of a DED evaluative study that was planned
with the system but not conducted due to rejection by the medical
ethical committee (METC). The study was rejected due to its
explorative character, in combination with the collection of a
large amount of participant data. The METC raised concerns
about the burden of data collection for the participants and had
questions about the clinical relevance of the expected results of
the study. We address the METC feedback in more detail in the
section “METC feedback.”

The clinical context is a highly sensitive design space that can
benefit from the application of the DED process. However, as
already acknowledged (Kollenburg and Bogers, 2019), the proce-
duralized character of the clinical context seems to conflict with
the explorative character of DED. Therefore, in this article, we
aim to answer the following research question: “How to expand
and scale up Data-Enabled Design in order to make it applicable
to a clinical context?”

In order to answer this question, we introduce a case study of a
structured and well-prepared attempt to bring DED to the clinical
context. We hypothesize that DED could be expanded and scaled
along four different aspects, which would make the methodology
more suitable for the vulnerable context and the unwieldy organi-
zation. We intend to keep DED’s original intention of being sit-
uated and contextual, but make a few suggestions for
modifications when applying the methodology in a clinical con-
text. We reflect on how realistic it was to achieve the above
goals when designing ORBIT, what they mean for the underlying
design process, and present key takeaways around designing with
data in the clinical context.

Theoretical background

As this article relies strongly on the DED methodology as coined
by van Kollenburg and Bogers in their PhD thesis (Kollenburg
and Bogers, 2019), we use this section to provide some back-
ground information on the methodology. Furthermore, we pro-
vide some insights on ethical procedures in healthcare and
about exploratory data collection in the clinical context specifi-
cally. Reading these sections makes it easier to understand the
required changes for scaling up and expanding DED into the clin-
ical context.

Data-enabled design

DED describes a situated design practice of using data as a crea-
tive material for designing intelligent ecosystems. Intelligent eco-
systems are a dynamic composition of interrelated products,
services, and people. By collecting data and using artificial intelli-
gence these systems are able to understand and adapt to their
users. The authors advocate for a multi-step design approach
that consists of a combination of a research-oriented contextual
step and a design-oriented informed step. These two steps are
combined in a loop (cf. Fig. 1) that tightly links design research
and the contextual everyday. An element of automation is also
represented in the loop, captured in the dotted line in the
upper loop, which stands for gaining an understanding about
the context and adapting to it. Eventually, this loop is meant to
become self-sustaining, when the solution is embedded in the

context and no further involvement from the design research
team is required.

DED relies on four main activities to be carried out by a multi-
disciplinary design research team: (1) rapid and flexible prototyp-
ing, where the tested prototypes can be adjusted throughout a
design (research) study (step A), (2) data collection and analysis
(step B and C), (3) using data as a creative material for designerly
explorations and synthesis (step D and E), and (4) (remote) inter-
vention design (step F). The resulting intelligent ecosystems are
data-oriented and learn to adapt to their users, initially through
a human-in-the-loop, but with the aim of increasing system auto-
mation along the way. As the system learns to understand, it pro-
vides the researchers with continuous insight into the everyday
context of the user (see all steps in Fig. 1).

Research-oriented contextual step
The contextual step is meant to gain an understanding of the
everyday context, focused on understanding the values and the
motivations of the different people within their context. Usually,
the contextual step will focus on collecting research data, that tea-
ches the design research team something about the intricacies of
the context, and which provides a baseline for identifying oppor-
tunities for design intervention. In this phase, participants will
primarily provide data and receive basic feedback on it. One of
the outcomes of this step is a data strategy that informs the design
research team on what data (not) to collect from the context.

Design-oriented informed step
The informed step follows the contextual step and is more design-
focused, introducing interventions into the context. This step can
be conducted with the same participants as the contextual step
but often a new group of participants is recruited in order to
test the assumptions from the contextual step against a fresh
pool of participants and their contexts. The informed step is
more reactive, not only gathering research data but also what
van Kollenburg and Bogers call “solution data” (Kollenburg and
Bogers, 2019). Solution data is data that users of the system (indi-
rectly) interact with, either because it is presented to them for
reflection and feedback, or because the data are used to trigger
system interactions.

A concrete example: a solution might be a system that suggests
recipes. The research data might cover a diverse range of topics
such as the weather, the user’s calendar, and information about
who is at home. Through collecting these data, the team might
discover that only the user’s calendar influences what kind of
recipe they prefer, the solution would then only use that data, sig-
nificantly decreasing the pool of information used in the final
solution. The more extensive research data, collected under con-
trolled conditions, is then essential to limit the amount of infor-
mation gathered, stored, and used in the final solution.

Ethical procedures

Both designers and clinicians have acknowledged that designing
with and for a clinical context is not without friction and that it
is in fact a difficult, perhaps wicked, process (Agich, 2001;
Goodyear-Smith et al., 2015; Taylor et al., 2021). Ethical proce-
dures for clinicians often leave little room for intuition, experi-
ence, and knowledge about disease progression and they are
often not accustomed to the flexible and unexpected nature of
in-the-field studies that are conducted for design research
(Munteanu et al., 2015). Furthermore, they are not accustomed
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to participatory research that requires collaboration between
researchers and their participants (Wilson et al., 2017). Before
doing a clinical study, it needs to be approved through a thorough
medical ethical approval process, which is strict and sometimes
unforgiving. Clinicians refer to the Hippocratic oath to “do no
harm” to their patients, even if that means that they cannot
treat them (Hofmann et al., 2016, 2019). This is in line with scien-
tific research in general, including design researchers who, too,

make the promise to “do no harm” when they receive their uni-
versity degrees (Bruckman, 2014).

However, in practice, it is hard to assess the risk of harm being
done. Design researchers and clinicians alike have advocated for a
change in ethical approval processes, as they see that strict proce-
dures can also create a disincentive to conduct high-quality
research” (Bruckman, 2014, p. 459). They stress the importance
of a dialogue between researchers and the committee

Fig. 1. The DED loop, taken from Kollenburg and Bogers (2019).
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(Bruckman, 2014; Munteanu et al., 2015; Wilson et al., 2017), as
well as a stronger acknowledgement of the flexible nature of par-
ticipatory design research (Goodyear-Smith et al., 2015;
Munteanu et al., 2015). Therefore, ongoing collaboration with
clinicians is required in order to understand results and to find
ways for these results to be implemented, which can lead to a bot-
tleneck that slows down the process of understanding and apply-
ing design knowledge in the context (Kashfi, 2010).

It is important to think about the ethical implications of col-
lecting, analyzing, and visualizing personal data and it is of
utmost importance to enforce the right to privacy, and the right
to the protection of personal data of individuals (Lynskey,
2015). Based on the GDPR legislation on lawful processing, a
legal basis needs to be established for data collection. In order
to carry out a clinical trial that involves data collection, among
other things, the team needs to carry out two important steps:
(1) defining the purpose of data collection and (2) acquiring con-
sent for data collection from the participants (Mondschein and
Monda, 2019). It is important to stress that special rules apply
for scientific research and clinical trials, because “it is often not
possible to fully identify the purpose of personal data processing
for scientific research purposes at the time of data collection.”1

Nevertheless, the research team needs to follow all recognized
ethical standards for scientific research and establish appropriate
safeguards for the rights and freedoms of data subjects.

In summary, it is important that we critically review how
security, privacy, and ethical compliance procedures are impact-
ing design innovation in the clinical context, and that both
sides actively engage in improving these procedures to support
innovation in health care.

Data in the clinical context

We are rapidly approaching the datafication of healthcare, where
data are not only used in strictly clinical measurements but also to
assess personal experiences with health. In current clinical prac-
tice, the main way that data are being used to capture personal
experiences is through questionnaires. The analysis of these ques-
tionnaires [like e.g. SF-36, MA-QoLQII (Mazer et al., 2017), and
OBESI-Q (Nienhuijs et al., 2019)] produces a numerical outcome
that can be compared before and after clinical care is provided to
the patients. However, it is a big challenge to determine whether a
(statistically) significant change in the outcome of these question-
naires is clinically relevant. Sloan et al. (2003) have explored the
topic in more detail, and while they provide good input on var-
ious methods to deal with the issue statistically, they also mention
a dilemma that we, as design researchers, can very well relate to:
“If we want to find out whether a change is clinically significant,
why not just ask the patient? If the patient tells us that a signifi-
cant change has occurred, it begs the question as to whether we
need to apply an abstract number to the concrete concept that
some change has occurred” (Sloan et al., 2003, p. 28). Villalba
et al. (2018) have also pointed out the need for a stronger focus
on “soft” factors when designing with data in the healthcare
domain.

When talking about data practices in healthcare, it is becoming
increasingly important to not only address technology but also the
higher levels of policy and social conditions that make it possible
to seamlessly integrate data into everyday hospital practices
(Hogle, 2016). Healthcare in the Netherlands is readily available
to all citizens at a relatively low cost due to obligatory health
insurance and government funding for hospitals (Enthoven and

Van de Ven, 2007), but this also means that complicated financial
and organizational structures are in place. Shifting towards life-
style improvement and preventive healthcare (Lucivero and
Prainsack, 2015) means that the line between non-patient and
patient becomes blurred. Thus, the challenge of integrating data
practices into the clinical context is no longer merely a matter
of having access to the right technology, it is also about reforming
the way that we think about health care, hospitals, and our per-
sonal data, and the role that healthcare plays over the course of
our lives.

Method

This article provides a reflection on the design process of the
ORBIT system, and its proposed explorative, clinical, DED evalu-
ation study by the design research team. For the composition of
this team, please refer to Table 1. All activities presented in this
article took place over the course of 2020.

The ORBIT system design is a response to earlier work that
was done in the Co-Responsibility project (Jansen et al., 2020;
Pannunzio et al., 2020; Lovei et al., 2020b; Versteegden et al.,
2021). The concept of Co-Responsibility has been defined as
“responsibilities of people being intertwined, not in the sense
that people share the same responsibilities, but in the sense that
peoples’ responsibilities are interdependent” (Devisch, 2012;
Neutelings et al., 2017; Jansen et al., 2020, p. 1538). Therefore,
the partners of the bariatric patients are also important actors
of the designed intelligent ecosystem, so that it is possible to assist
them in tackling lifestyle change together with their partner.

ORBIT system

ORBIT is an intelligent ecosystem fully embedded in the existing
bariatric care pathway of patients. It offers patients (clinically
approved) lifestyle support content in the form of personalized
care programs to assist them in getting and maintaining a healthy
lifestyle after undergoing bariatric surgery (see Fig. 2), to give
patients a better outpatient experience, and to help them integrate

Table 1. Overview of the team involved in the design of ORBIT and the study
setup

Function Focus Affiliation

Study lead Study management Industry

Clinical trial manager METC approval Industry

Content designers Program content Industry

Data designers System architecture Industry/
Academia

Design researchers Clinical involvement Industry
/Academia

UX designers Dashboard design and
development

Industry/
Academia

Bariatric and
cardiovascular
surgeons

Patient recruitment and
system consulting

Hospital

Content creator
(Clinical PhD)

Content, patient
recruitment, and system
consulting

Hospital/
Academia

The clinical PhD would also be involved in the ORBIT system solution in the role of the care
coordinator.

4 Renee Noortman et al.
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new habits into their life after their surgery. ORBIT utilizes
off-the-shelf data trackers that would be capable of providing
the right amount of clinical, contextual, and behavioral data for
the ORBIT system to provide the right (clinically approved) con-
tent at the right time. By right amount, we mean that the system
would gather the bare minimum of data required to assign the
appropriate care programs. The ORBIT system is heavily reliant
on sensor data, to be collected in the homes of participants.
Some of these sensors are open-ended (Kollenburg et al., 2018;
Kollenburg and Bogers, 2019), such that they can be applied in
a way that would best help the participants with the unique and
personal aspects of their condition (e.g. reporting the level of
boredom they feel during a day).

Patients can access the system through an app on their phone,
while health care professionals (HCPs) can access the system
through an online dashboard. The system content is presented
to the patients in different programs that they can follow in the
app. These programs offer education and stimulate the patient
to complete tasks such as setting personal goals, going for
walks, and adapting their sleeping schedule. Multiple sensors
are also connected to this system to monitor patient participation
in the programs and to provide more tailored feedback on their
lifestyle in the moment (e.g. giving a compliment once they
reach their amount of steps for the day). The sensors to register
this information were carefully selected to be medically approved
and clinically reliable, which is essential when using data trackers
to draw clinical conclusions (Jensen et al., 2021).

The ORBIT system offers a chat functionality, through which
patients can directly contact their HCPs. In order to keep this
process streamlined, each patient has one dedicated care coordi-
nator who serves as the entry point for the patient. For the pur-
pose of the DED evaluative study, this would be the clinical
PhD student who was also actively involved in the content crea-
tion for the care programs. The care coordinator manages the
medical case of the patient and reviews the data that are being col-
lected about them in their home environment. If the care coordi-
nator would spot any oddities, they could reach out to the patient
to ask what is going on, or forward the data to the relevant med-
ical specialist. This would be done by sending care questions from
the patients to the specialists through e-mail and (automatically)
logging their responses in the platform.

At the basis of the ORBIT system are the patient care profiles,
which provide a collection of in-depth information about patient
preferences towards treatment, behavior within the different pro-
grams, and detailed information about the patient’s stage of
behavior change, based on the stages of change within the
Transtheoretical Model (Prochaska et al., 2015). Moreover, the
ORBIT system stores, organizes, and analyzes data that are col-
lected about the patient in the home environment and at the hos-
pital. The care profile is updated and compared to the patient’s
baseline and their previous measurements and is then updated
in the ORBIT system over time. The care profile elements (e.g.
daily number of steps measured by a physical activity tracker)
were pre-determined based on co-creation sessions with the
multidisciplinary design team creating the ORBIT system, includ-
ing clinical experts.

Proposed DED evaluative study setup

The proposed study setup was created by a multidisciplinary team
with members from the healthcare technology industry, the hos-
pital, and academia. The team had a broad skill set with experi-
ence in design research, medicine, data science, and medical
ethical procedures – both from an industry and a hospital per-
spective. We took a DED approach in order to investigate how
to motivate and activate the patients and their partners. We had
multiple design research goals with this study: (1) measuring
Co-Responsibility (as defined above) using the “ORBIT system,”
(2) identifying design opportunities for a clinical care pathway,
and (3) expanding and scaling up DED for the clinical context.
In order to achieve these goals, we intended to introduce a proto-
type of the described “ORBIT system” in the bariatric care path-
way of the Catharina Hospital in Eindhoven (CZE). Six families
(12 participants), living in the maximum 25 km radius of
Eindhoven were to be recruited. One member of the participating
families would have been a bariatric patient who underwent sur-
gery at the CZE 1–1.5 years prior to being included in the pro-
posed study. The partners of these patients would also have
been recruited as study participants. The study would last a full
year and would consist of four distinct phases: (1) general notion
(1–2 weeks), (2) baseline data collection (2 weeks), (3)
design-oriented informed step (2–2.5 months), (4) follow-up

Fig. 2. Overview of how the ORBIT system works after the patient’s bariatric surgery.
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measurements (1 year after study start). As it can be seen the
duration of going through the DED loop (cf. Fig. 1) was supposed
to take 3 months (phase 2 and 3). The proposed study was clas-
sified as a clinical trial. Under the Dutch law, any clinical trial in
the Netherlands needs to be approved by an METC before recruit-
ment and execution. The committee is composed of a group of
independent specialists, and researchers can choose to apply to
one of the nationally approved committees.

METC feedback

The proposed study setup was eventually rejected by the METC.
In our case, the METC rejected the study based on doubts regard-
ing the clinical relevance of the proposed method and results, as
well as a concern about the burden of participation in the research
for recruited participants. The method was criticized as the quan-
titative measurements that we proposed did not fit the qualitative
and narrow research question, where an explorative study was
considered more suitable. The committee also did not find it cred-
ible that the research question could be answered with the sug-
gested measurements, which led them to question how the
study would make a meaningful contribution to the medical
field. Similarly, it was confusing to them that the study contained
elements of exploration, implementation, as well as evaluation.

The burden for participants was also considered too high, due
to the amount of data trackers, as well as the privacy-sensitive
information that would be collected by the trackers and through
the interview questions. Additionally, the METC did not find
that the benefits that participants would receive weighed up
against the burden. They judged that the same information
could be gathered in far less intrusive ways, for example through
questionnaires.

We do not intend to criticize the METC decision in this article.
In fact, we agree with the nature of the concerns that the commit-
tee posed. Instead, we want to reflect on the result as there are
many valuable lessons to be learned from the study design and
the process towards the METC submission and eventual rejection.
Despite the METC feedback, our clinical partner remained posi-
tive about our collaboration and approach.

Contribution

This paper was written as a reflection by (part of) the design
research team involved in the design of the system and the eval-
uative study with it. Over the course of one year, we completed a
large number of design activities, including (remote) workshops
with HCPs from the departments we were working with, writing

the research protocol, and prototyping and evaluating the system.
This system included the app and sensors to be used by patients,
the dashboard and e-mail structure to be used by the HCPs, and
the infrastructure to support it all. We analyzed how we applied
the DED process, and which changes were made in order to
use the approach in the clinical context. This resulted in four con-
siderations with regards to using DED in a clinical context, that
we propose as ways to move the methodology forward into the
clinical context.

Results

In this section, we answer our research question about the ways to
expand and scale up DED in order to apply this design process in
a clinical context by introducing four recommendations to modify
DED. The recommendations are presented in the following struc-
ture: we first look at how we intended to apply “Data-enabled
design” in the proposed evaluative study of the ORBIT system.
Secondly, we reflect on our learnings and related work to identify
what the current boundaries of DED are and what boundaries we
faced. Finally, we conclude with our recommendations for con-
ducting a better DED process in the clinical context.

Our first modification is that of lowering the barrier of entry
required to start a design-oriented informed step (see Section
“Design-oriented informed step”). Secondly, we argue that an
increased level of system automation in the designed intelligent
ecosystem can be introduced. Thirdly, we aim for increased
involvement of clinical stakeholders in the DED process.
Finally, we show that DED could benefit from a more detailed
account of the short-term and long-term future. Reflecting on
these four ways of scaling up and expanding the DED process,
we compare the execution of the ORBIT design process to the ori-
ginal DED loop (see Fig. 1) to then draw conclusions about how
to move DED forward in a clinical context (Fig. 3).

Lowering the barrier to enter a design-oriented informed step

One of the key outputs of the research-oriented contextual step
(see Section “Research-oriented contextual step”) is an overview
of data that is essential to collect. Moreover, it helps the design
team to make a distinction between data points that are necessary
for the designed solution and data points that are collected for
(design) research. After the contextual step, the design team is
able to build a data strategy for the informed step and via the
design synthesis step create or mature the means for collecting
these data. In the clinical context specifically, a lot of contextual

Fig. 3. The four extensions, sketched out in relation to the original DED loop as presented in Figure 1.
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work can also be taken from existing medical research that is
widely available in medical journals.

Building on previous research (Jansen et al., 2020; Pannunzio
et al., 2020; Lovei et al., 2020b), we decided to focus on the
informed step (see Section “Design-oriented informed step”),
instead of repeating the research-oriented contextual step. This
meant that rather than investigating the context again first, we
took the insights gained from the previous study as the baseline
for our design work, essentially starting at the bottom of the
8-loop instead of at the top. Instead of starting with prototypes
situated in everyday life (step A), we went straight for the design
synthesis step of the new study (step D), using the insights into
context, behavior, and experience of past participants (see
Fig. 4). This decision was made as the clinical partner, the patient
group, and the bariatric care pathway were mostly the same for
both studies. Therefore, our hypothesis was that the collected
insights during the previous Co-Responsibility study could be
reused and would speed up our design synthesis step. The devia-
tions from the previous research were supported by scientific pub-
lications, which were often presented to us by our clinical
partners.

Approaching the boundaries of DED
The Co-Responsibility study (Jansen et al., 2020; Pannunzio et al.,
2020; Lovei et al., 2020b) shows which data types are relevant and
how to collect it in the context of post-operative care after baria-
tric surgery. ORBIT was designed using this data strategy and
applying it for a more complex clinical setting. We soon discov-
ered that while the HCPs were willing to move on with the system
development, they were hesitant with regards to the burden and
purpose of data collection, as was the METC. This was an unex-
pected result to us, as in the previous study more data had been
collected than what we were asking for now. In fact, in the
Co-Responsibility study, the participating patients were asked
about whether they would agree to share their data beyond the

research setup. They said they would do so for a trusted party
that can interpret their data (e.g. a case manager at the hospital).
So this was what we took as a design consideration when propos-
ing our DED evaluative study. This step towards implementation
made all of us think differently about its consequences, triggering
new types of reflections and insights. Discussions about patient
privacy, burden of data collection, and practicalities around the
implementation of the system took the foreground, instead of
the inquisitive and curious attitude that dominated in the con-
textual step. The result of the project was that we needed to go
back to the drawing board and perform some extra contextual
activities to iron out our expectations of the system. We ran
“deep dive sessions” with multidisciplinary design experts, data
scientists, and clinical experts. This is how we learned that having
a solid data structure is not the only requirement for moving into
the informed step, but that it requires conceptual preparation and
preparation in the existing culture as well. As we moved from
gathering research data for research purposes into gathering solu-
tion data that would become an inherent part of healthcare prac-
tice in the future, a tension arose. The evaluation of our methods
by the HCPs and the METC led to demands that counter the
intentions of DED as an open-ended methodology, as we seemed
to be proposing a solution. DED depends strongly on quick itera-
tion and adaptation, and even while performing an informed step,
the designed intervention still holds many uncertainties. In order
to be able to move through a full 8-loop, it is important that all
stakeholders are on the same page about the stage that the project
is in.

Recommendations
To lower the effort of executing a design-oriented informed step,
we decided to use the output of a previous study’s contextual step.
An intelligent ecosystem and a data strategy existed from the pre-
vious study. We expected this to speed up the process towards the
informed step, where the system is not only informed by the con-
textual step, but also by an understanding of the existing data
structures and organizational constructs. Among the team mem-
bers, implementation discussions dominated and overshadowed
the focus on the design work that was also required. In order to
avoid this risk, we suggest for other design teams that would
like to follow our steps to be mindful and critical about their
data strategy and to consider what it means to move from collect-
ing research data to solution data. More extensive data collection
in a contextual step might be acceptable, in line with the GDPR
principle on data collection for scientific purposes. However,
once a project moves into the informed step and the data become
more solution driven, the ethical considerations also need to shift
from research-related ethical considerations to market-related
ethical considerations, where the study system should be approa-
ched as if it is the final solution. When serious ethical implica-
tions (e.g. burden of data collection) arise during the setup of
an informed step, the team has to consider increasing the amount
of “design plumbing” (Lovei et al., 2020a), multi-stakeholder
co-creation, and other means to decrease the burden and sharpen
their data strategy before moving towards a successful
design-oriented informed step.

Increasing system automation

In DED, we are collecting behavioral, contextual, experimental,
and clinical data. We combine, analyze, and understand the mul-
tiple data sources. We are using these data collected from the real-

Fig. 4. The loop projected onto the stages of the ORBIT design process, with the
Co-Responsibility project represented on the left and the ORBIT process on the right.
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life context in order to start building the necessary intelligence
elements. We create prototypes that use these data even if the
algorithms and intelligence that bring us to the insights necessary
to deliver design interventions that do not exist yet. Nevertheless,
many of the underlying processes can be automated to facilitate a
smoother and scaled up DED process. Therefore, we suggest to
increase the amount of system automation that is present in the
DED process in order to enter the clinical context. In this section,
we discuss the risks, benefits, and opportunities of automation in
DED.

When we look back at the DED 8-loop (Fig. 1), inside the
upper loop there is an intelligent ecosystem we are designing.
Implementing and improving the automated elements of this sys-
tem can be seen as an effort to shrink the lower loop of the system
until it disappears completely. We visualized this through the
arrows in Figure 5.

From an automation standpoint, the clinical context poses a
challenge as a complex infrastructure is already in place, which
cannot be easily changed for the purpose of a DED evaluative
study. Based on human-centered artificial intelligence principles
(Shneiderman, 2020) we aim at designing an automated intelli-
gent ecosystem that enables a high level of human control and
a high level of automation. In order to facilitate this high level
of human control, the proposed ORBIT system includes the sys-
tem used in the hospital for electronic patient records, a patient
portal that patients use to get insights into their own medical
information, and also the highly protected e-mail clients and
computers at the hospital which were needed to communicate
with stakeholders and potential participants (patients) in the
DED evaluative study.

Approaching the boundaries of DED
With the ORBIT system, we set out to increase system automa-
tion, as a way to make it easier to scale up the system to future
inclusion of more participants, as well as reduce the burden on
our clinical partners regarding system and data management
throughout the study. In previous DED studies (Bogers et al.,
2018; Kollenburg et al., 2018; Jansen et al., 2020), much of the sys-
tem management was done manually, making it easier to adapt
system behavior along the way and to respond to unexpected sit-
uations. The proposed DED evaluative study with the ORBIT sys-
tem focused on the design-oriented informed step. Therefore, we
hypothesized that the system would need to be stable and that the
infrastructure should be integrated with the hospital’s existing
infrastructure to be effective. To this extent, we involved the clin-
icians in our brainstorming sessions and designed parts of the
care path with them.

To establish a connection between the hospital’s existing sys-
tem infrastructure, we uncovered a couple of systemic challenges.
The high level of security sometimes makes it impossible to open
external links on the computers in the hospital, and the security
restrictions on patient data prevent some data from being sent
outside of the hospital, which meant that it could not be directly
shared with us. When performing a clinical study, this means that
a prototyped system can never exist on its own and that data will
always have to be transferred between the new, prototyped system,
and the existing system: legacy systems continue to be used and
relied on across the hospital as they hold all information relevant
to patient treatment, especially for those departments that are not
involved in the clinical study.

Recommendations
With every full loop (see Fig. 1) the aim is to eventually shrink the
design (research) loop and to push everything towards the every-
day life loop, such that the designed intelligent ecosystem
becomes self-sustaining. Automation is an active effort towards
shrinking that loop, step by step. However, excessive automation
in the clinical context can be really dangerous. Unfortunately, we
saw in the case of the ORBIT system that it is not yet possible to
introduce an increased level of automation into the current clin-
ical infrastructure without safely giving up control. It is, however,
possible to design around it and use the collected insights for
making a plan on how to further automate the work of the health-
care professionals in a safe and secure way. It is advisable when
applying the DED process in a clinical context to make a clear
plan on what can be automated and what not, and also examine
in detail the feasibility of the introduction of such automation in
its intended context by taking into consideration which systems
are already in place.

Scaling up the clinical involvement

DED is essentially a multi-stakeholder design process, where very
different types of stakeholders are involved in the same system,
either as users, as data analysts, or as designers. By including
experts and end users in the design process of an intelligent eco-
system, it becomes possible to create a dialogue and take into con-
sideration the different perspectives to be addressed in the
designed solution.

In the original DED 8-loop, there is a very clear distinction
between the upper and the lower loop, between the context and
the design research studio. This applies to many contexts, espe-
cially those where designers are directly designing for their end

Fig. 5. The envisioned automation within the DED process, where the design
(research) loop shrinks due to the continuous effort of automation, especially in
the backend.
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users. However, in a clinical context, this is slightly more complex,
as the involved clinicians can take on roles on both sides of the
loop. This requires careful selection of the parties involved and
a clear agreement on the type of role that each stakeholder plays.

With setting up the DED evaluative study, we were extremely
lucky to be enthusiastically supported by two leading physicians
in the hospital who strongly believed in our methodologies.
Their trust was built with the previous study (Jansen et al.,
2020; Pannunzio et al., 2020; Lovei et al., 2020b; Versteegden
et al., 2021), as well as through their devotion to healthcare inno-
vation. Their dedication meant that they were involved through-
out the process, and got many of their colleagues involved as
well, including nurses, nurse practitioners, and clinical PhD stu-
dents. Besides their willingness to innovate health care, they too
were driven by research goals and a desire to publish in medical
journals about this new way of working.

Approaching the boundaries of DED
Throughout the design process of the ORBIT system, there were
multiple occasions on which we involved the clinicians in the pro-
cess. These included events such as full-day workshops, brain-
storming sessions, and in-depth sessions around the system
content. Eventually, we realized that we were already going
through the DED loop, as we were going back and forth between
the design research studio and the context. The gathered data
might not have been sensor data yet, but a lot of information
was gathered from the HCPs in each interaction. However, we
also realized that this meant that we were in fact introducing a
third loop into the DED 8-loop (as portrayed on the left side of
Fig. 6). As the clinicians we were collaborating with were also
an essential part of the end solution, a lot of our interaction
with patients had to go through the collaborating hospital for vali-
dation, either through the involved clinicians or through the
METC. In some cases, if the content had been validated before
the deployment of the system, we might be able to bypass clinical

control occasionally, as represented by the arrow on the right.
However, here we also acknowledge that for the system to work,
it had to be done through the HCPs, and that in order to prepare
for a more permanent solution, they needed to have an important
role in the study procedures as well.

Eventually, one of the steps we took to overcome this hurdle
more easily was to ask the clinical PhD student to take on an
active role within our design research team. When she took on
this role and joined us for creative sessions in our office, we
embedded part of the medical domain into our design research
studio. Doing so significantly increased the clinical relevance of
our work, as well as the speed at which we could make new
steps. Through her presence, we not only had access to her med-
ical knowledge but also to that of her colleagues, whom she con-
tacted whenever relevant questions arose. Therefore, we learned to
not only involve clinicians as part of the design context but also as
an invaluable part of the design team.

Recommendations
Reflecting on the left loop in Figure 6, we also considered what the
ideal collaboration with the clinicians would be, as represented in
the right drawing. The goal of the clinical involvement is to create
a DED loop specifically related to the content inside of the exist-
ing big loop, where HCPs can be part of the design team, as well
as the solution. This smaller loop also represents the assumption
that several iterations of the loop with the clinicians are needed,
next to the loop where patients are involved. Having this close
connection, and multiple explorations of the system with the clin-
ical staff are important elements of the DED process within the
clinical context, as we made significant steps on the system design,
even when we did not yet get round to interacting with patients.
The clinical context is, therefore, harder to fit into the original
DED loop, as instead of two stakeholders (the design researchers
and the participants), it now involves three: the design research-
ers, the patients, and the HCPs.

Engaging with the future

DED allows study participants to experience a new reality, by
introducing new components into the participant’s ecosystem.
Through these interventions, the design research team and the
participants are able to shape this new reality together. The exist-
ing DED framework is deliberately unspecific about promises and
future prospects of interventions, as the need for interventions
emerges directly from the context. However, for a complex tech-
nological, social, and organizational transition such as the innova-
tion of care at large, we cannot shape the innovation with data
collected from the patient context alone. We need more abstract
data regarding the organizations involved and their plans for
the future as well, such as the organizational data that Villalba
and colleagues used in their work on data timelines (Villalba
et al., 2018). Ultimately, designing for larger, organizational issues
requires a sharp vision.

To shape this vision we need to engage with the future on mul-
tiple levels (Fig. 7), for which we need slightly different tools than
DED conventionally uses. Prototyping in the clinical context
results in a situation that is much further away from the intended
situation than is ideal for validation, due to protocols and proce-
dures that simply cannot be changed for the sake of an explorative
study. If we want to get past that, we need to define a course of
action over a longer time span and innovate not only on a tech-
nological but also on a social and organizational level. This can

Fig. 6. The clinical involvement is represented within the DED loop. Left: as the ORBIT
system was designed, where the clinical context forms a validating factor between
design researchers and context. Right: the ideal, envisioned situation, where clini-
cians are an active part of both worlds.
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be done through methodologies, such as data timelines (Villalba
et al., 2018), design futuring (Kozubaev et al., 2020; Smith and
Ashby, 2020), or speculative design (Dunne and Raby, 2013) to
“determine what citizens and patients desire from their doctors,
nurses, services and technologies” (Strachan, 2016, p. e17).

Approaching the boundaries of DED
For the ORBIT system design, we needed a vision on the future of
healthcare shared by all stakeholders to breach the gap from
research data to solution data. This vision included decisions
about who would be eligible to use the ORBIT system (all
patients, a selection of patients, anyone who is concerned about
their health), how the system would eventually be financed (the
hospital, the patient, insurance), and the level at which the system
would be automated (administration, diagnosis, treatment).
During the first months of the project, we organized several activ-
ities aimed at scoping the future vision of the ORBIT system.
Much of the initial framing was done when writing the research
protocol for the METC submission, which was largely focused
on the short-term implementation of the proposed system.
Later, we engaged in more creative sessions which included devel-
opment sessions with the technology team, content workshops
with the clinical team, and “deep dive sessions” with the core
team. Especially the sessions with the clinicians helped us to con-
nect to the context and to gain a deeper understanding of upcom-
ing clinical innovations and trends in care.

However, as the study preparations were running at the same
time, conversations about the ORBIT system and its implementa-
tion in healthcare often became practical, addressing difficulties
with implementing the suggested data structure in the hospital’s
existing systems in the short term. While these were important
questions, they were sometimes distracted from the bigger picture.

The practical nature of DED means that it requires a lot of plan-
ning and preparation, hence there is less time for these discus-
sions. This is why we suggest to expand the DED process, such
that futuring and discussions about the envisioned system become
an inherent part of the design process.

Recommendations
One of the main recommendations based on the ORBIT design
process is that it is extremely important to make a distinction
between the near future and the long-term future and to find
the time to design for both. By defining a timeline for the bigger
transition and deliberately splitting it into different horizons, it
becomes easier to talk about the individual horizons and to
find relationships between them. Additionally, formulating and
shaping the future vision with help of storytelling and scenario
building can help validate ideas with future users, both HCPs
and (future) patients. In a field where real-life validity is hard
to reach due to existing infrastructures and protocols, experiential
storytelling could capture a reflection of what real-world imple-
mentation might look like. Furthermore, visions, and a concrete
representation of them in a narrative, could help health care orga-
nizations to see the long-term consequences of short-term inno-
vations and open up discussions at a higher level, towards hospital
boards, insurers, and the government. These methodologies could
be considered during the design synthesis step in the DED pro-
cess, as an extension, or clarification, of the applicable methods
to process data from the context. Especially issues that are outside
of our direct control, such as organizational and financial struc-
tures, can then be explored at a deeper level, to understand
steps towards further innovation and implementation.

Discussion

While we would have liked to see a different outcome for the
METC assessment of the DED evaluative study, we still consider
the proposed study to have brought us closer to the successful
implementation of DED in the clinical context. In this article,
we present an open reflection on the extensions we made to
DED in order to learn from the different elements of the process.

Throughout the previous sections we have provided different
focused recommendations for applying DED in a clinical context:
first of all, we proposed that having a data strategy based on an
earlier research-oriented contextual step can speed up the process
towards the design-oriented informed step. However, it is impor-
tant to tread carefully because the existing data structures and
organizational constructs can end up requiring additional con-
textual steps before starting an informed study in the clinical con-
text. As such, it would be helpful to construct a comprehensive
overview of the care pathways that are the subject of the interven-
tion. These would address the context at a higher level to not only
gather contextual information from the users of the system but
contextual information of the system and the organization itself
as well. This brings us to our second point, which is about auto-
mating the system to make it ready for implementation. We con-
sider that with every full DED loop, the aim is to shrink the lower
DED loop more and to push the system towards the upper loop,
such that it becomes eventually self-sustaining. Automation is an
active effort towards shrinking that loop, step by step. For this
recommendation, it will be important to have a stable, yet versatile
infrastructure that is supported within the clinical context. More
attention is required for the informed step and implementing
interventions, which is supported by freeing up resources around

Fig. 7. Visualization of how different versions of the DED loop can exist next to one
another (time progressing from left to right), where instances are clearly split up, and
envisioning future loops can inform current loops.

10 Renee Noortman et al.

https://doi.org/10.1017/S0890060421000433 Published online by Cambridge University Press

https://doi.org/10.1017/S0890060421000433


the contextual step. Thirdly, we formulate the goal for the clinical
involvement to create a DED loop specifically related to the con-
tent inside of the existing big loop, where HCPs can be part of the
design team as well as the solution. Research protocols should be
written in collaboration, and design decisions should be made
together with the clinical team. Additionally, the role of the
HCPs on the side of the context needs to be considered as well,
where they are approached as part of the solution, and therefore
also considered users of the system, where their staff experience
needs to be taken into account in the design of the system too.
This includes their workload, the way in which new technology
changes how they execute their work, and possible changes to
the organizational structure. Lastly, we consider the importance
of defining a timeline for the bigger transition, and deliberately
splitting it into a series of future horizons, such that it becomes
easier to talk about the individual horizon and to relate it to
the other horizons. This helps contain the systemic implications
and mitigate perceived and actual risks in DED activities that
are projected onto specific horizons. Thinking ahead of the cur-
rent developments is essential to achieve medical innovation as
the approval processes take up significant amounts of time.
However, it is even more important to make sure that future
visions are scoped and defined in units that are manageable and
feasible for direct implementation. One way to do this is by creat-
ing narratives for the envisioned future situation and then map-
ping this onto a timeline, with milestones along the way,
specifically placed in the near future.

Overall, we argue that DED, as a highly flexible and
context-oriented design method, fits the general trend of datafica-
tion in healthcare. Despite the advantages of using data in design
and basing design decisions on solid contextual evidence, we also
demarcate the likely boundaries of the method that are particu-
larly clearly drawn in the medical clinical context. The METC
rejection indicates that we were touching the boundaries of
what the DED methodology can do and reach at this stage,
which allowed us to deconstruct the main premises of DED –
breaking it up – and then investigating how a better fit with the
domain can be synthesized in a participatory way. Our recom-
mendations are in part actionable, in part point to further design
research necessary for viable and convincing methodological pro-
positions. Ultimately, the rejection is a set-back for the study
instance, but at the same time a strong motivation to explore
what DED and its tools hold for designing and innovating in
complex, constrained, wicked, and highly regulated contexts
such as the clinical context.

Even though we view the scope of this paper to be limited to
the design process preceding the study with ORBIT, we cannot
deny that the rejection of the study has an impact on our obser-
vations. Despite the value that we see in our observations, and the
value that we are seeing with regards to our contribution in other
ongoing projects, we have not (yet) shown these methods success-
ful in practice. This is why much of our future work will be dedi-
cated to further refining and testing out these recommendations
in practice – and with that expand the boundaries of DED.

Conclusion

In this article, we have reflected on the DED evaluative study with
the ORBIT system as an example of our attempt of breaking up
DED and this way exploring how it could enter the clinical con-
text. We have presented findings related to our own experience,
and have visualized those according to the original DED loop.

As a result, we presented four recommendations to be taken
into consideration when applying DED in a clinical context,
related to gathering contextual information, increasing system
automation, involving clinicians in the design process, and envi-
sioning the future. Learning from the study setup and the journey
of the METC approval process, our future work will continue in
similar directions and lines of thought: we seek to expand the
DED framework to make it suitable for use in clinical settings
with the participatory involvement of stakeholders, especially
clinical domain experts. By following and evaluating our own
recommendations in this article, we aim to show DED as a very
viable clinical innovation method for the future.
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