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ABSTRACT and Ian Craddock. 2022. Exploring Perceptions of Cross-Sectoral Data Shar-

In interdisciplinary spaces such as digital health, datasets that are
complex to collect, require specialist facilities, and/or are collected
with specific populations have value in a range of different sectors.
In this study we collected a simulated free-living dataset, in a smart
home, with 12 participants (six people with Parkinson’s, six car-
ers). We explored their initial perceptions of the sensors through
interviews and then conducted two data exploration workshops,
wherein we showed participants the collected data and discussed
their views on how this data, and other data relating to their Parkin-
son’s symptoms, might be shared across different sectors. We pro-
vide recommendations around how participants might be better
engaged in considering data sharing in the early stages of research,
and guidance for how research might be configured to allow for
more informed data sharing practices in the future.

CCS CONCEPTS

« Human-centered computing — Human computer interac-
tion (HCI).
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1 INTRODUCTION

Parkinson’s is a progressive neurodegenerative condition affecting
approximately 10 million people worldwide [16]. It is mainly char-
acterized by its primary motor symptoms, which include tremor,
rigidity (stiffness), and bradykinesia (slowness and delay in the
initiation of movement) [53]. A range of non-motor symptoms such
as urinary incontinence, pain, fatigue, temperature dysregulation,
anxiety, and depression, are also commonly seen amongst people
with Parkinson’s [59], further adding to its impact.

As there is no definitive test for Parkinson’s, its diagnosis and
assessment of disease progression are based on a series of clin-
ical criteria [55]. The most widely used clinical rating scale for
Parkinson’s is the Movement Disorders Society Unified Parkinson’s
Disease Rating Scale (MDS-UPDRS), a scaled clinical assessment of
motor and non-motor symptoms [44]. However, this assessment is
limited by patient status at time of rating, and the clinical expertise
of the rater [34]. Furthermore, clinical ratings require people with
Parkinson’s to travel to, or be visited by, a specialist for diagnosis.
Also, individuals are required to retain a memory of how their symp-
toms have impacted them within a certain time-period (e.g., in the
past 2 weeks) [27]. In summary, the current gold standard approach
for Parkinson’s assessment has a range of existing challenges.

Regular assessment of Parkinson’s symptoms is vital so that clin-
icians can accurately and effectively manage treatment approaches.
Standard Parkinson’s treatments such as levodopa-based medica-
tions (a chemical that replaces lost dopamine in the brain) [77] and
deep brain stimulation (delivery of electrical pulses to the brain to
stimulate activity) [60] require regular monitoring of symptoms.
The monitoring allows clinicians to adjust and maximize treatment
impacts [27], [61], [80]. In addition, as Parkinson’s progresses over
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time, the extended use of medication can lead to a reduction in its
overall effectiveness and can cause, what is known as, the on/off
phenomenon (i.e., motor fluctuations) [54]. When an individual
is ‘on’, their medication is working effectively and symptoms are
controlled, when ‘off’, the medication is no longer working, and
symptoms have re-emerged. This can either happen as a gradual
‘wearing off” of medication, during which the individual is aware
that the off state is coming, or in the later stages can occur very
quickly, likened to the switching on and off a light switch. Improv-
ing approaches towards monitoring the impact of medication on
symptoms over time will ultimately lead to better treatment and
greater quality of life.

There is longstanding research exploring the role of technologies
in supporting Parkinson’s symptom monitoring and assessment.
This includes wearable sensors [21, 38, 39, 82, 84], which contain
accelerometers and gyroscopes to observe and quantify motor func-
tion. Smartphones [29, 33, 37, 42, 68, 72, 73], which have similar
internal sensors, along with touchscreen functionalities can be used
to measure fine motor skills and cognitive ability, through additional
on-screen assessments. Camera-based sensors [36, 38, 40, 71, 87]
have also been used to analyze measurable clinical indicators of
Parkinson’s, such as gait and postural stability. More recently, sev-
eral studies have also looked at the use of multi-sensor Internet
of Things (IoT) based systems for monitoring Parkinson’s in the
home [57, 64, 66, 74]. These technologies offer immense potential
for tracking symptom fluctuations and disease progression, which
offer benefits in relation to clinical care provision and in providing
the person with Parkinson’s themselves a better understanding of
their condition. However, previous work has highlighted people
with Parkinson’s concerns over the privacy and security of their
data when using technologies to monitor or manage their symp-
toms [35, 62, 64]. This is of particular importance when considering
the use of commercial, off-the-shelf, devices in clinical practice, or
research, as commercial storage and data sharing practices may not
be totally controlled by research or clinical organizations [35, 64].

This paper describes a two-phase study exploring people with
Parkinson’s perceptions of data and data sharing. We aimed to ex-
plore how they viewed data sharing across different sectors (e.g.,
research, healthcare, industry, government level) to develop insights
into how they might be better engaged in future discussions about
their data and how it is used in the future. The first phase of our
study involved collecting preliminary data, in a smart home envi-
ronment, from 12 participants (six with Parkinson’s and six spousal
pairs without Parkinson’s), wherein participants were asked to
complete a scripted set of activities of daily living (e.g., cooking,
cleaning) over a two-hour period. This provided us with a small
multi-sensor dataset that we used to frame discussions around dif-
ferent types of data. Participants were interviewed, in their pairs,
about their perceptions of the smart home system and its longer-
term use in the wild. Our second phase of work engaged eight of
the original participants, to understand their perceptions around
data sharing. We conducted two data exploration workshops, which
looked at the data collected from the smart home and a range of
other data types that might be collected in future clinical studies,
to understand a) what types of data they would, or indeed would
not, be willing to share; b) who they might be willing to share with
(e.g. researchers, pharmaceutical companies, industry); and c) the

caveats they might have in relation to this sharing and the levels
of involvement and control that they would like to maintain over
their data.

The intention of this paper was not to report on the sensor data
that was captured, or its ability to measure symptoms of Parkin-
son’s (this is reported elsewhere [49]). Instead, we focus on the
participants’ experiences of the data capture process and explore
their views on how such data might be analyzed and shared across
different sectors. We provide recommendations around how par-
ticipants might be better engaged in considering data sharing in
the early stages of research and provide guidance around how re-
search might be configured to allow for more informed data sharing
practices in the future.

2 BACKGROUND

2.1 Challenges and benefits of data sharing
across sectors

The market value of big data was estimated to be around $138.9
billion in 2020 (a figure forecasted to double by 2025) [2], mak-
ing it one of the world’s most valuable commodities [20]. Within
the healthcare sector, the use of big data has been shown to make
significant cost savings, by lowering healthcare spending [3], ac-
celerating the rate of healthcare innovation and improving patient
outcomes. However, research has highlighted that big data use
within the healthcare system, which integrates patient-generated
data (e.g., coming from wearable technologies or sensor systems) is
still dramatically underutilized [83]. Privacy and policy concerns
relating to data sharing, and collaboration across sectors and differ-
ent organizations, are cited as some of the most significant factors
impeding the potential for optimizing the benefits of big data use
within healthcare settings [3, 83].

That said, practices surrounding cross-sectoral data sharing have
steadily gained momentum over the years, as people recognize its
economic and social impact. This can be partly attributed to a rise
in publicly available ‘open data’. The concept of open data within
the public sector first arose in 2003 with the first European Union
(EU) open data directive [17]. This provided a common legislative
framework to encourage EU members to make as much public sec-
tor information as available for re-use as possible, with the aim of
gaining public trust, achieving transparency, stimulating innova-
tion, and delivering economic growth [24]. Government led open
data initiatives were then launched in 2009 by the UK (data.gov.uk)
and USA (data.gov), which provided public access to government-
generated datasets relating to services funded through taxpayer’s
money (e.g., national census data, agriculture and ordinance data,
health service data). Since then, there has been a global open data
movement, with the 2015 International open data charter [15] being
adopted by 16 countries worldwide.

The open data movement, has citizen values embedded in its
core. Bargh and colleagues [24] highlight how, by making data
available, governments can provide transparency into their opera-
tions, increase their accountability and compliance, and proactively
enhance the public’s engagement in contributing to governance
processes. Individual citizens themselves can use open data to make
better personal decisions about their health and care (e.g., by having
access to data around hospital performance), or where they might
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want to live (e.g., by having neighborhood statistics and crime
rates). Finally, the business and academic sectors can benefit from
using more open scientific data, to drive innovation and create new
knowledge [6, 95]. Pasquetto et al [75] additionally highlight the
broader societal benefits of creating open datasets, including “edu-
cational tools to train new scientists, shared common resources to
promote capacity building in developing countries, and the ability
for crowdsourced and citizen science projects to promote scientific
public outreach and engagement” (p.2).

However, the generation of fully open datasets is a complex task,
and it is, by definition, data that “anyone can freely access, use,
modify, and share for any purpose (subject, at most, to require-
ments that preserve provenance and openness)” [15]. This lack of
restriction around data sharing and use does not lend itself well
to the, often highly sensitive, healthcare context, where the secu-
rity, use and governance of private healthcare data is particularly
important. In addition, increased regulatory mandates in recent
years (e.g., the EU’s General Data Protection Regulation (GDPR))
has been shown to create a sense of reluctance for data processors
to share data amongst one another [76, 97]. As such, considering
data that is semi-open (with restrictions on its availability or access
[13]) is more realistic. Semi-open data sharing practices are gaining
much more traction within healthcare and academia, particularly
for within-sector sharing (e.g., academia-academia) and between
academia and healthcare organizations. For example, in the space of
Parkinson’s alone, there are multiple (extensive) semi-open datasets
available for research by organizations that are proven to be rep-
utable by the data holders [8, 12]. These contain various data types
such as MD-UPDRS scores, participant demographics, qualitative
symptom diaries, and raw sensor data. However, while health data
sharing practices across academia and healthcare are well defined
and health communities apply a level of trust to these practices [93],
this is not necessarily the case within the industry sector. Research
has shown a level of unwillingness from citizens to share their
health data with commercial organizations due to a perception that
company motivations are driven by profit, as opposed improving
health and wellbeing [50, 89, 93].

2.2 Citizen engagement in data sharing for
health

Over the past decade, there have been rising attempts to engage cit-
izens in the process of collecting and sharing their health data. Data
donation platforms [5] allow individuals to upload their health
data in the form of wearable data, medical records, lifestyle in-
formation and personal stories to “allow researchers and medical
professionals from around the world access to data to use in their
research and contribute to the development of preventive, personal-
ized and predictive medicine”. Similarly, Patients Like Me [11] is a
crowdsourcing platform that connects users with long-term medical
conditions to share real-world health experiences, donate data for
the greater good of their health community, and advance research.
There are clear benefits to sharing one’s health data from a personal
perspective (e.g., better decision making around treatments based
on the experiences of others; personalization of treatments based on
individual data). Other benefits include the altruistic motivations to
do so by providing collective data that might benefit other members
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of their health community and advancing science to improve future
care.

However, as [23] highlights, fully open data is open to anyone
(including for-profit organizations), which has caused significant
public concern in the past. For example, in 2013 the UK government
launched a (failed) initiative called Care.data [96] which provoked
extreme public resistance and media controversy, mainly because
the intention was to enhance the sharing of large-scale National
Health Service (NHS) data with researchers and industry. The public
view was that the NHS had become a data broker [96], making a
profit by selling personal patient data. It led to around 1.5 million
people opting out of data sharing outside of their GP practice [1, 58],
which caused widespread challenges.

There is a sense of trust from the public in how their health
data will be stored and managed, both in clinical and research
contexts. As such, not centrally involving citizens in conversations
around data sharing practices which step outside this worldview of
data management (i.e., in the case of cross-sectoral data sharing)
can dramatically impact the sense of trust that they might have.
With increasing opportunities to leverage, for example, commercial
technologies (such as voice assisted devices [35, 79], smart watches
[48], and even social media platforms such as WhatsApp [56])-
which have not been originally designed for health monitoring,
but can support health needs- these notions of trust become even
more complex. Previous work within HCI has identified a range of
fears, concerns and general lack of understanding relating to how
commercial companies might use health data [63, 64].

2.3 Speculative design as an approach for
exploring future data scenarios

In response to some of the aforementioned challenges, there is a
body of work within the speculative design space that has used
design fictions to explore the possible ethical, legal, policy and leg-
islative implications that might arise around the introduction of new
technologies within the health and care space [22, 25, 26, 31, 88, 92].
For example, [88] describe HealthBand, a near future design fic-
tion which describes a modular wearable consisting of a series of
sensors. They present a fictional scenario that sees makers gaining
crowd funding to develop the HealthBand for monitoring diabetes,
supporting memory in dementia, and a tremor stabilizer for Parkin-
son’s. The authors provided draft government legislation for DIY
wearable devices for health a domestic fabrication permit that mak-
ers might require to develop such devices and finally a patient
guide for gaining home-made health wearable certification, which
provides guidance for conducting patient-led research. Whilst the
authors did not discuss any participant engagements with this de-
sign fiction, they presented it as a provocation tool, to stimulate
discussion around the broader implications and regulatory require-
ments necessary to truly implement concepts such as DIY technol-
ogy for health. Tsekleves and colleagues [92] worked with 21 older
adults to co-design design fictions which explored assisted dying
and smart homes within assisted living facilities. They found that
the process of co-designing these near future scenarios around a
fictional technology design helped to stimulate discussions around
the plausibility and acceptance of future technologies and services.
They also described how it helped participants consider ethical
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issues within the health technology space and supported the cap-
ture of future design requirements. Whilst these examples focus
more on product adoption as opposed to data sharing, it is evident
that design fiction approaches might be utilized in a similar way to
support citizens in considering, particularly the legal and ethical,
implications of data sharing.

Given the acknowledged complexities surrounding cross-sectoral
data sharing, particularly when it is relating to people’s health,
our study aimed to explore approaches towards engaging health
communities in defining how their data might be ethically and re-
sponsibly sourced and used. We conducted our exploration through
the lens of smart home sensing in the context of Parkinson’s symp-
tom monitoring for several reasons. Firstly, our smart home set-up
could be considered a specialist facility; the house itself is a testbed
and the platform, when implemented in people’s homes, requires
specialist knowledge, skills and equipment to set it up. Secondly,
Parkinson’s is a complex condition with a range of movement and
non-movement related symptoms, so collecting a large dataset of
this kind is a significant undertaking. As such, exploring opportu-
nities for creating pathways towards sharing this kind of dataset
outside of a single research organization would have consequential
value.

3 OUR STUDY

The smart home that we discuss below is equipped with a range
of sensors that can passively collect data. Table 1 provides a sum-
mary of the available sensors and their data collection capabilities.
The smart home sensors were embedded within a fully furnished
University-owned home but can be set up and deployed in users’
own homes for longer-term use. Currently, the sensor platform
has been trialed with healthy volunteers in 50 homes for over a
year. The researchers who originally developed it are now in the
process of looking at clinical applications, with studies to date be-
ing conducted in hip and knee replacement surgery, dementia, and
Parkinson’s [47, 70, 78]. The original design of the smart home was
conducted in extensive consultation with members of the public.

Our study was conducted in two phases. The first aimed to pro-
vide participants with a simulated experience of free-living, within
a smart home full of sensors that would potentially measure their
Parkinson’s symptoms in a larger scale clinical experiment. This
allowed us to investigate early perceptions of smart home sens-
ing, both with people with Parkinson’s and their partners (who
would also potentially be living with the sensors longer term). The
second phase aimed to explore the data that had been captured
within the smart home environment, to understand participants’
broader views around how data relating to their Parkinson’s should
be collected, used, and shared in, and between, different organiza-
tions (e.g., research, healthcare, industry). This data exploration
and inquiry process also allowed us to have open conversations
with participants around the facilitators and barriers of data shar-
ing. This included how they would want data sharing, particularly
across different sectors, to occur in the future (if at all).

3.1 Participants

Twelve participants took part in the study. They were made of up six
heterosexual spousal pairs (one with Parkinson’s and one without)

who were roughly age-matched (within five years). Within the
Parkinson’s group, we had three males, three females with an age
range of 58 to 73. The range of years since diagnosis was between
one and a half and nine (mean= 5.3 years) and all participants
were between Hoehn and Yahr stages one (unilateral symptoms
only) and two (bilateral symptoms with no impairment of balance)
[43]. All participants were Caucasian. Participants were recruited
via a Parkinson’s charity organization, following an email call for
participation. Ethical approvals were obtained from our University
Research Ethics Committee prior to the onset of work. Written
consent was provided by each participant.

3.2 Phase 1: Experiencing the smart home

Through this phase we were aiming to a) give participants a snap-
shot view of the types of activities the smart home might be able
to capture in a typical day; b) the types of activities that might be
useful to capture in the Parkinson’s context; and c) explore how
comfortable participants might be having these types of sensors in
their home, on a longer-term basis (in order to capture longitudinal
changes to Parkinson’s symptoms over time).

Each pair of participants was asked to attend a 2-hour session at
the smart home at a time and date that suited them. Participants
were first fitted with the wearable. Each individual participant
(both the person with Parkinson’s and their partner) was then
asked to complete a set of scripted activities (see below) that might
represent a typical ‘day in fast forward” and would capture a range
of movements relevant to assessing and monitoring Parkinson’s.
During this time the other participant was asked to remain in the
dining room (magazines and newspapers were provided to avoid
boredom). A research team member prompted the participants with
each activity and documented the time that each activity began, to
help guide later data extraction. There were 4 activities that each
participant was asked to perform:

e Meal preparation: The participant was asked to walk to the
kitchen and prepare an omelet and hot drink (a complex task
requiring dual task performance). Both the hob and kettle
were used, providing data from the humidity and electrical
sensors. They then served this meal to their partner, who
ate it in the dining room.

o Cleaning: The participant was asked to enter the living room,
sweep the floor and wipe down the tabletops (simple activi-
ties requiring gross motor movements). They were asked to
rest on the sofa (providing a sofa sit-to-stand transfer, which
tends to be lower than a standard chair).

o Sleep-related activity: Participants were asked to climb the
stairs and enter the bedroom. They were asked to sit on
the bed and take off their shoes (requiring fine motor move-
ments) before lying down and rolling over twice, to simulate
turning over in bed (a challenge for many people with Parkin-
son’s due to rigidity and movement initiation). Following
this, they were asked to put their shoes back on and walk
down the stairs to the bathroom, where they washed their
hands (aiming to simulate getting out of bed to use the bath-
room at night).

e Washing up and resting: Participants were asked to descend
the rest of the stairs and enter the kitchen, where they were
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Table 1: Sensor information and sensing capabilities

Sensor Type

Sensing Capabilities

Wearable 3-axis accelerometer

Wall-mounted environmental sensors

Silhouette video cameras

Current sensors

Mechanical flow sensors

Activity recognition

Indoor location

Mobility recognition

Human presence

Temperature

Pressure

Humidity

Light

Silhouette motion recordings of
human activity

Appliance usage: TV, microwave,
kettle, washing machine, toaster,
refrigerator

Water flow through sinks, toilets,
baths

asked to wash the dishes from the cooking activity (providing
data from the water sensors). Following this, they were asked
to enter the living room and rest in a chair (providing a sit-
to-stand transfer on a chair with arms). Finally, they were
asked to join their partner in the dining room, where the
script ended.

Once both participants had completed their scripted activities
they were interviewed in their pairs, to gather their initial percep-
tions of the smart home sensor system, the type of data that was
being captured, and explore how they would feel about having the
system (or a subset of the sensors) in their own homes for longer
periods of time.

3.3 Phase 2: Data exploration workshops

In this phase of the research, we wanted to explore the captured
data alongside the participants. We specifically provided them with
a tangible conceptualization of the types of data the house was
collecting about them, to explore how this data might then be
interpreted and shared with different people and organizations, and
to envision future use cases that might arise around the sharing of
this data.

We ran two workshops with a total of eight participants (two
pairs in each workshop); the other two pairs were unable to attend

Washing Machine

Carer

Patient

Figure 1: Current sensor data shown to the participants, in-
dicating appliance usage.

due to planned holidays over the workshop dates. Each workshop
lasted two hours and was held on the University campus. Partic-
ipants were first shown a series of graphical data visualization
examples, representing the wearable, environmental and current
sensor data collected during the study Figure 1. Participants were
then shown a series of silhouette videos showing the data captured
by the smart home cameras (see Figure 2 for stills from these videos).
A researcher verbally provided a layman’s explanation of each sen-
sor (e.g., “this sensor measures the amount of electricity flowing
through different appliances such as the kettle, or tv, so we can
tell when they are switched on and being used”) and what the data
captured represented (e.g., “we can see here from the peak in the
graph that the kettle was used”; “we can see in the silhouette that
the person is bending down to take something from the fridge”).
Participants were given the opportunity to ask questions about the
data and how it might be used. They were then asked to discuss if
this data differed from their initial perceptions of the smart home
data capture.

Participants were then asked to consider all possible data that
might be collected as part of a clinical study which used the smart
home to monitor Parkinson’s symptoms (e.g., clinical rating scales,
participant symptom diaries, information such as the number of
times they leave the house, use the bathroom, cook a meal, how
long they sleep). There were a total of 38 different data points to
consider, which included potential activities that could be captured

I

Figure 2: Stills from the silhouette videos shown to the par-
ticipants.
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by the smart home. The list of data points was developed in con-
sultation with the research team, two Parkinson’s clinicians, and
an industry representative, who provided information, relevant to
their respective sectors, that they might want to collect as part
of a clinical trial into daily activity and symptom monitoring in
people with Parkinson’s. Each individual data point was presented
to participants on a separate slip of paper (distributed on the shared
table during the workshop) so these could be seen as an entire
potential clinical trial dataset. Participants were asked to consider
if any of these data points felt ‘high risk’ to them, regarding their
privacy and security, and whether there were any data types that
they would not feel comfortable sharing.

Finally, participants were asked to discuss who they might share
their data with. Participants were provided with 15 examples of
‘people’ who might be interested in this data (again presented on
slips of paper to aid memory and facilitate discussion). These in-
cluded technology companies (big tech companies such as Amazon
and Google, as well as smaller tech companies such as start-ups),
pharmaceutical companies, health professionals (e.g., Parkinson’s
specialists, GPs), government agencies (e.g., local city council), Uni-
versity researchers, and family and friends. Participants were asked
to discuss the type of data they would, or would not, be willing to
share with these people and organizations and any concerns that
they had around data sharing.

3.4 Data analysis

Each paired interview (n=6) and workshop (n=2) was audio recorded
and transcribed verbatim for later analysis. An inductive thematic
analysis on a line-by-line basis was conducted by two members of
the research team, to explore our interpretation of the themes and
sub-themes, without a pre-existing coding framework [30]. Any
thematic discrepancies were discussed before the final set of themes
were decided upon. Participant quotes are identified in the findings
according to the following: i) Parkinson’s (P) or Carer (C); ii) male
(M) or Female (F); iii) pair number (1-6). For example, PF4, or CM4.

4 FINDINGS
4.1 Phase 1: Interview findings

Participants were interviewed in their spousal pairs following the
completion of a set of scripted activities in the smart home. Each
interview lasted between 19:40 and 28:09 minutes and aimed to
explore participants’ initial perceptions of the smart home, and
their willingness to have the sensor platform in their own homes
for a longer time period. Participants had very similar perspectives
and were largely positive. As such, data saturation was reached
in the analysis very quickly (by the third transcript). Given the
similarity in participants’ views, we present the phase 1 findings
narratively and briefly.

Participants were asked about their very early perceptions of the
smart home sensors (before they had even arrived at the house) and
whether they had any preconceived ideas of what the monitoring
environment and sensors were going to be like. Several of the
participants had no idea what to expect when coming into the
smart home environment. For example, PF4 was surprised that we
were using a wearable device T thought of cameras, but I hadn’t
thought of body-loaded devices” whereas PF5 was simply unsure

how to develop a mental model of the smart home set up before
seeing it ‘T knew that there would be sensors around the house but I
wasn’t quite sure how it would function in a sort of test set up”.

As expected, participants were primarily concerned about the
camera-based sensor. For example, CF3 stated: T was rather nervous
because I hate the idea that I'm being filmed or recorded in some way...
I thought there might be things right in front of my face sort of thing”,
however, most of their original concerns around being filmed were
alleviated when they had the chance to see the set-up in the smart
home, and the silhouette capture was explained in further detail
upon arrival. Participants were generally happy with the thought
of having the camera set-up at home longer term ‘T think I'd be
quite happy to have them [cameras] at home” (PM5). PF6 explained
how it was the thought of recording audio that was more of an
issue for her: “You're not recording sound, are you?... [in that case] I
wouldn’t have a problem with that at all.” For all participants, they
were all willing to engage in this research and to have the sensors
in their home for more continuous monitoring, if they perceived
that it would benefit themselves, or others, in the future, e.g., “if it
would help, I'd be happy to” (PF6).

All participants considered the sensors to be unobtrusive. For
example, PM3, when discussing the wearable said: “Never gave them
a thought, actually, once we had them on,” where CM6 explained
more generally about the home sensors ‘It didn’t bother me at all,
I forgot about them”. They did not have any overriding concerns
about data that might be captured about them by the smart home,
however, CM6 did mention it would be necessary to take into
consideration other people living at home: “the only other thing is
our son lives with us at the minute so it might be a bit intrusive for
him.”

The majority of participants’ concerns with using the sensors
longer term centered around the wearable, and possible challenges
with either remembering to put it on: “in a funny way, because
they’re easy to forget, they’re easy to forget. So the issue would become
Jjust remembering to put them back on again” (PM3) or whether or
not the devices would be resilient enough to fit in with some of their
everyday activities, such as working out, swimming and showering.

4.2 Phase 2: Workshop findings

The thematic analysis of the data exploration workshops identified
four major themes of discussion across participants: Personal Op-
portunities for Data Usage; Trust and Transparency; Data Misuse;
and For-Profit data.

4.2.1 Personal Opportunities for Data Usage. The collection of sen-
sor data was not only seen to be beneficial to researchers, but also to
the participants themselves, by providing a way to support commu-
nication with a clinician during appointments. The opportunities
for presenting a more exact picture of symptom progression, and
particularly symptom fluctuations, were discussed as clear benefits:
“it gives a consultant a snapshot of how you are during the day, which
can be very difficult to explain I think” (PF4). PM1 explained how he
had signed up for the study in the first place due to inadequacies
of current clinical monitoring approaches: “the reason I signed up
for this is because the UPDRS is like what?! There must be a better
way of doing it than this, there must be. And the technology seems
to offer that possibility”. However, in this context, participants also



Exploring Perceptions of Cross-Sectoral Data Sharing with People with Parkinson’s

discussed the volume of data, and the necessity to present this using
good visualizations of the results in order to have direct benefits to
them over time: “your consultant wouldn’t be interested in all that
data anyway, unless it could be refined down in such a way that it
gives a dozen bullet points, and it can compare to the dozen bullet
point three months ago, a year ago whatever it was” (CM4).

While it was clear that participants were very cognizant about
symptom changes, and the symptoms that had most of an effect on
their everyday living, there were also some challenges discussed
in relation to monitoring these. Several participants discussed how
awareness often did not arise until symptom severity was much
worse. PF6 even discussed how she took less of her Parkinson’s
medication, despite being advised to take it more frequently: T have
this idea that if I take less medication it will be better for me, if I'm
not feeling that I'm going into an off [off state], I would try and sort of
stretch it out a bit”. Participants also discussed opportunities for the
sensing technologies to improve their understanding of the impact
of self-directed, non-clinical interventions that they were carrying
out in an attempt to improve their Parkinson’s (e.g., taking regular
exercise): “you could actually show that if somebody is say exercising
for 10 minutes every day that actually their decline is slower [...] that
could actually be really valuable couldn’t it?” (PF4). This was seen
to be more important to quality of life and symptom improvement
than other clinical measures that might be collected: “if someone
likes to go out for a walk every day, and they do three miles, and then
they do two miles and then one mile... that’s more indicative to me
than whether they flush the toilet at night or not” (CM6).

The benefits regarding sensor-based monitoring of their symp-
toms over time were clear to participants. For this reason, their
views regarding having the sensor platforms in their own homes
for longer were largely unchanged between the two phases of re-
search. Echoing the stage 1 findings, video was the main discussion
point during the activity exploring the captured data. However, the
silhouette data (which we showed participants in motion) was seen
to be obfuscated enough to retain their anonymity: ‘I don’t think
it’s very easy to recognize in silhouette” (CF1); and ‘T think in the
form that you’ve shown it, for me, it’s fine. It’s not like watching a
video where you're recognizable” (PF4).

4.2.2  Trust and Transparency. When discussing data sharing, par-
ticipants began with a familiar narrative that they would be happy
to share all of their data for ‘the greater good’ of the Parkinson’s
community: “as far as I'm concerned anybody can know anything
about me, I really don’t care, if it’s going to move the Parkinson’s cure
forward” (PF6); “you could be comfortable with any of it, if it was
shown to be useful in some way” (CM6) and “you have to trust that
the people that are looking at and using this data are doing it for a
specific and worthwhile reason, and so on that basis I wouldn’t have
a problem” (PF2).

Trust and transparency were seen to be vitally important in the
data sharing process. This was generally seen to be well defined
within the research sector (i.e., research conducted by universities,
healthcare organizations or charities): “as long as you feel like you’re
working with a reputable organization he’s going to look after the data,
you’re happy to share it” (PF2), with these types of organizations
having standard procedures that were clear to participants, and
thus made them feel confident that their data would be protected:
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“While it’s for the university or a health authority, I kind of feel a
certain confidence that they are bound by codes of conduct of some
sort” (CM6). These organizations were seen as trusted gatekeepers
to the data, whose responsibility it was to ensure that “the rules are
obeyed by everyone concerned” (PM1).

As we progressed through our discussions however and began
to more deeply explore how data might be interpreted, shared,
and used by different people and organizations in other sectors, it
became clear that this trust was seen to be trickier to obtain at the
industry level. Participants noted a perceived lack of transparency
over how their data might be used: “sometimes it’s not very clear
what they do, sometimes they deem commercial confidence and the
people that develop [commercial devices] will not reveal what they do”
(PM1). This discussion led to participants considering their views
on consent and data sharing. While participants were happy to
share their data if they are fully informed about who might access
it: “it’s not so much the data your collecting, for me it’s more about
who is going to have it” (PF2), they wanted to retain a sense of
control over this process, on a case by case basis: ‘T think it would
have to be very specific about what you’re sharing and who with [...]
it would have to be on an each basis, looking at exactly was being
shared I think” (PF4). PF4 went on to say “who has access to the
information, in what form and how it’s interpreted? That would be
my concern”. Participants discussed the need for specificity when
asking for consent to share data. They felt that in order to be fully
informed they needed to know the exact context of how the data
would be used. This was relevant even in the research context
when considering extended storage and re-use of data for research
purposes. Blanket level consent was not seen to be enough: “unless
someone’s gone through this and said, well this is going to be useful
in a specific way, it’s hard to know whether [to feel happy about it
or not]” (CM6). This was seen to be particularly important in older
participants: “The complication arises about, again, for the frail and
elderly, about what informed consent actually looks like in some cases,
do they know that you’re watching them in that way and are they
comfortable with it?” (CM2).

4.2.3 Data Misuse. Participants had several polarizing opinions re-
lating to discussions around the use of their data by different people
and organizations. On one hand they wondered why anyone would
want their data in the first place. Participants were unconvinced
that data about their everyday living would be of interest to anyone
outside of the research team: “There’s potentially an embarrassment
factor, do you want people to know how many times you go to the
loo in a day, no not really, but why would anyone care?” (PM1); and
“whether or not I could make a good omelet, for instance, was not
going to be interesting” (CM4). Even when considering issues of
data security, some participants could not see why data around
their Parkinson’s symptoms might be used with malicious intent:
‘I'm struggling to think in what ways a malicious actor would want
to try and use this data [...] giving away banking details you know
why people want it, but what is it about this data that anyone feels
they might take advantage of me as a result of knowing that about
me?” (PM1).

However, as discussions progressed, participants began to con-
sider the broader implications that open access to different data
types might have, if it were to be shared. Participants discussed how
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standard utilities services, which encourage the use of electricity
and water sensors, could impact aspects of their personal safety
and security and be open to malicious behavior. PF2 described:
“suddenly there’s no water going through the system [...] They can tell
from that that you’re not in the house”. While this was seen as an
underlying concern, rather than a barrier towards ‘moving with
the times’ (PF2 had a water meter in her own home), participants
reconsidered their views on what they originally considered as
relatively unassuming sensors, yielding anonymous data: “people
knowing what your habits are and what happens in your own house
have security implications” (PM1).

Aside from individual data types, Participants also discussed the
possibility that cohort level data on people with Parkinson’s could
potentially be misused, and ultimately have negative implications
for members of the Parkinson’s community. CM6 discussed how
insurance companies could potentially use cohort level data to drive
up the price of insurance, even if data is fully anonymized: “there
are still risks with cohort data... it [insurance prices] might extend to
much more than that if they have cohort data that said Parkinson’s
has this impact after so many years”. CM4 had similar concerns in
relation to driving restrictions and car insurance, with the thought
that decisions based on cohort level data could have top-down neg-
ative effects on individuals: “it’s not necessarily individual data, it
could be cohort data that could impact insurance company policies on
people with Parkinson’s, it could impact the DVLA’s approach to how
long they give you a license for”. PM1 also discussed the fact that
pension calculations were made in relation to medical conditions,
undoubtedly made through cohort level data: “potentially they will
use it to calculate the value of an annuity, they say”. However, par-
ticipants also discussed the fact that this type of data was of such a
nature that it should be self-disclosed anyway “it’s important that
they do have the information. I mean local authorities, local councils,
DVLA is very important that people have your information” (CM2).
PF2 also discussed how sharing of data about their condition within
local city council services might be beneficial to ensuring that ser-
vices specific to Parkinson’s retain funding and are kept going: “if
the local council don’t know that there’s this number of people that
need the long-term gym, then they’ll shut it”.

4.2.4  For-profit data. Within the context of data use and misuse,
participants extensively discussed targeted advertising from com-
mercial companies. Participants were very aware of the fact that
major technology companies collected and used their data: “There’s
a huge number of them already have a huge percentage of my data
anyway... judging by the number of ads that come up on my com-
puter, the whole world out there knows what I'm interested in” (CF1).
There was a nonchalance relating to the fact that their data was
“out there already” (PF2) and, even if participants did not want their
data to be shared with these big companies, there was a sense of
blind acceptance: “T’ve signed up now to two Facebook groups which
are Parkinson’s related, so Facebook now know that I'm interested in
Parkinson’s, so that horse has already bolted” (PM1).

Participants discussed how they might be identified as someone
with Parkinson’s through their internet habits: “that can relate very
easily to your condition can’t it? You know, if you are buying certain
things it can tell them quite a lot about you” (PF4); and “suddenly
you're targeted in a way that you don’t realize you are being targeted.

Someone with Parkinson’s is identified” (CM4). Whilst this type of
condition related targeted advertising was seen to beneficial in
some company contexts: “you’ve got a small tech company, give
other people [mobility ads] and things like that could obviously be
beneficial” (CM6), participants also discussed the potential harms,
particularly if there is not a sense of trust over where advertisements
have come from, or whether or not they were from a reputable
source. For example, CM2 stated: “It’s not qualified by a consultant or
a practitioner, so you don’t know whether it’s good information coming
to you”. He furthered this by discussing how this was particularly
important in relation to medication “You get a lot of these pseudo-
companies, pseudo-pharmaceutical companies from abroad... offering
you all these miracle cures or whatever it happens to be. And that’s
disruptive isn’t it? It muddies the waters. You're never quite sure
what’s true and what isn’t true”.

Even in the case of reputable drugs companies, there was a sense
of mistrust from participants due to their perception of “the way they
behave really” (PF4); that these companies were more concerned
about profit margins than individuals’ health and wellbeing. PF6
said: ‘T think pharmaceutical companies are bad boys rather than
good boys I have to say. Because it would be nice to think that they put
us first, but they put profits first obviously”. However, this view was
not shared by all. Participants also saw the value that data sharing
might have within drug companies, to further innovations into
research that would ultimately benefit them: “the more information
they’ve got, the big pharmaceutical companies, the more research and
the more data to do their research they’ve got” (PF2). CM4 explained
how and these companies are often the ones who fund clinical
pharmaceutical research, and this was seen to counterbalance their
need to turn a profit: “the big pharmaceutical companies have got to
make money, and they’re the only ones that have the money to develop
new drugs, so clearly we don’t want to discourage that. You need to
know what they are giving away to some extent”. Questions remained
however in relation to how cross-sectoral data sharing might occur
(e.g., from university research to pharmaceutical research conducted
by a company) and the format that shared data outputs might take
‘one of the questions would be do you analyze this data and produce
a number of studies papers, provide those to the big pharmaceuticals,
or do you give them the data? Or sell them the data I should say?”
(CM4).

This concept of ‘selling data’ was also discussed at length. In-
terestingly, this was seen more as an issue with smaller, perceived
as “more vulnerable” (CM4) companies, where there was an uncer-
tainty about the legacy of participants’ data, should the company
cease to trade: “they’re very worthy, and upstanding pillars of society,
yet they go bankrupt or they get taken over by someone else and that
information doesn’t disappear does it, with them? It gets sold off”
(CM6). Despite the fact that bigger technology companies used data
extensively internally, and as already discussed, sold data for adver-
tising purposes, participants felt this was a low-risk use case. Their
discomfort arose more around the uncertainty of what might hap-
pen to their data with smaller, less stable entities, where there is less
transparency over data practices: [it’s] their intent at the beginning
[...] not to do anything, but things change don’t they? In a couple of
years’ time there might be somebody at the head of the company that
feels [it could be used differently]” (PF6); and “data is worth money
isn’t it? So if you’re a small company and you’ve got data to sell, I
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mean you’ll sell it, unless you’re contractually obliged not to” (CM6).
The control over data, and thus the ethical use of said data, within
a smaller company was equated to specific individuals, as opposed
to company values, which was, in itself, seen as changeable factor:
“it could actually be very difficult to get someone concerned, because
they might have moved mightn’t they?” (PF4); and “this Mr. Blogg in
the technical company, I mean nobody starts off with the intention of
things going awry do they? But things happen and things change ...
a couple of years they’ve moved on and something else has changed
and the people [pass the data on]” (PF6).

5 DISCUSSION

5.1 Engaging participants in data sharing
discussions

The concept of exploring data with health communities is not new.
Indeed, work has been researching optimal approaches to improv-
ing patients’ understanding of health data for years. However, the
majority of research in this area is focused on the individual level
[46, 67, 86]. In addition, the data sharing contexts that have been
previously explored tend to center around patient-clinician sharing,
to support better symptom communication and shared decision
making around care [46, 67].

Our approach, on the other hand, aimed to begin exploring some
of the broader data collection, interpretation and sharing contexts
that might be applied to highly valuable datasets (i.e., multi-sensor
data captured from a specialist facility with a potentially hard to
reach health community). We conducted our data explorations in
several ways to elicit participants’ views. We first showed partici-
pants sample visualizations of their own data. We then orientated
participants to the types of additional information that could be
captured on them, in a larger scale study, including the types of
activities (clinically relevant to Parkinson’s) that might be labelled
for machine learning algorithms. Finally, we discussed the types of
people and organizations that data sharing might potentially oc-
cur with, whether this was relevant to the participants themselves
(e.g., GP, family members), their community (e.g., local council au-
thorities), or for the benefit of the broader research community
(academia, health and industry). Our intention was to develop par-
ticipants’ understanding of what the smart home sensors could do
if paired with specific data types in the future, and how this data
might be used by different organizations if shared.

Informed consent is the cornerstone of ethical research, and the
design of our study allowed us to engage participants in considering
how informed consent might be developed in the future. We found
that participants’ acceptance of the sensors and having them for
longer periods of time in their homes, were largely unchanged
between the two phases of work (i.e., they were happy to collect the
data as long as the benefits to themselves, or to others, were clearly
outlined), which is a finding echoed throughout other research
exploring sensor acceptance [41, 64]. However, as we progressed
in our discussions and considered the different types of data that
might go along with this sensor data, and how this then might be
interpreted and used by different entities, participants were able
to consider some of the more nuanced privacy and security issues
that sharing their data might bring. Interestingly, participants were
relatively balanced in their views, seeing the positives and negatives
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of certain scenarios (such as sharing their data with pharmaceutical
companies and receiving targeted advertisements), which shows
the value of engaging participants more broadly in discussions
around these types of use case scenarios.

We propose that, whilst not a simple task, the only way to en-
sure participants are fully informed in data sharing scenarios is
to actively explore challenges (e.g. insurance companies gaining
access to cohort data and using this to drive up premiums for a
specific health community), alongside opportunities (e.g. insurance
companies using cohort data to better target coverage for services
that might be more needed by a community), by bringing them to
the forefront as provocations for discussion. Citizen juries are an
approach that can facilitate the elicitation of positive and negative
opinions and have been widely used to elicit public views regarding
cross-sectoral health data sharing in the past [4, 93]. This approach
balances arguments for and against specific data use cases, helping
participants to understand the reasons behind their views, by pro-
viding a range of perspectives and highlighting both opportunities
and challenges in an open and transparent way. Speculative design
approaches have also been shown to be highly successful in explor-
ing provocative issues with health communities [22, 25, 26, 31, 92],
by allowing participants a sense of distance when exploring fic-
tional, near future scenarios, as opposed to interrogating their own
immediate experiences. In addition, recent work [32] has developed
an online resource (the Ethical Roadmap [7]) containing provoca-
tions to supporting discussion around ethical frameworks in health
research. Approaches such as these could be used in the future to
engage the Parkinson’s community (and indeed other health com-
munities) in discussions around larger, more complex data sharing
issues, such as ethical practices in data sharing, maintaining data
provenance once it has been shared, and data legacy (i.e., what
happens if an individual passes on, or is no longer able to actively
consent to data use due to cognitive impairment).

5.2 Building trust into data sharing practices

Throughout our discussions with participants, it transpired that
they had clear ideas around who ‘trusted’ data gatekeepers were
in their minds. Universities, charities, and health services were
seen to be trustworthy, primarily due to the perception that their
interests were in helping the Parkinson’s community. In addition,
trust within these sectors was built on participants’ views of orga-
nizational ‘reputation’ and the ‘codes of conduct’ that they were
governed by. As such, participants felt that their data would be
adequately protected by these organizations, as they had a level of
familiarity over the Data Protection Legislation (e.g. GDPR [9]) that
was underpinning the management and use of their data, when col-
lected for research or health service delivery reasons. This finding is
not new, there has been a wealth of research exploring trust around
data in health research [30, 52, 69, 94] and beyond [51, 91], with
transparency of practice, and retaining a feeling of safety, security
and privacy being the main elements that make up trust in data
sharing. In the case of cross-sectoral data sharing however, these
notions of trust seemed to blur for our participants. They were not
persuaded that these protections were in place in the real world and
were able to give examples from their day-to-day lives where data
protection obligations were, in their mind, breached. For example,
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in the case of cohort level data being used to drive decisions around
insurance, or data being used for advertising purposes.

Whilst targeted advertising may not seem like a harmful ac-
tion, and indeed our participants were somewhat indifferent and
accepting that this was happening, it is worth noting that this was
a model of data, flowing across sectors, that they brought to their
understanding of data sharing and use, particularly in industry. In
this sense, their lack of knowledge around the provenance of their
data in these instances (i.e., where the data had originated from),
and how their data was being reused (or indeed ‘sold’) by different
companies for advertising was contributing to their views on data
sharing. In addition to this, participants raised interesting concerns
around how much the advertisements themselves could be trusted
(i.e., whether it had come from a reputable source), which was
seen to be particularly important when considering medical advice.
Previous work by McNaney et al. [64] explicitly discussed how par-
ticipants with Parkinson’s used pseudoscientific dietary products
to alleviate or slow the progression of their Parkinson’s symptoms,
without understanding the underlying scientific research. As such,
this fear from participants is particularly valid, especially when
considering the possible contra-indications that could occur when
coupling these products with Parkinson’s medication. Additional
work [65] has highlighted how important medical reputation is
to the Parkinson’s community, with medical professionals who
are not Parkinson’s specialists being deemed to have insufficient
knowledge to advise on Parkinson’s matters.

In the broader healthcare space this concept of harm through
targeted advertising is a particularly challenging and yet under-
explored area of research, with most narrative around this topic
coming from blogs and opinion pieces [10, 18, 19]. For example,
the use of solely demographic data for targeted advertising on so-
cial media could be, in specific cases, detrimental to users’ mental
health if the possible negative scenarios are not fully considered
(e.g., weight loss products advertising for those with eating disor-
der, pregnancy test advertising for those who have experienced
miscarriage) [10, 18].

Finally, participants’ discussions around trust and data sharing
within the context of smaller commercial companies yielded some
insights that were surprising to the research team. Whilst data
sharing practices in larger tech companies were not necessarily
transparent to participants, they felt they had a basic understanding
of the data use cases these companies might have. Small companies
on the other hand were seen to be less stable, with trust attributed
more to an individual than the company values themselves (i.e., a
CEO who might eventually sell the company, and the data along
with it). Even though some of these smaller companies could pro-
vide products that could be viewed as more beneficial to specific
health communities, they were seen to be less trusted for these
reasons.

In summary, our study has highlighted a necessity for trans-
parency from participants in relation to data sharing practices, par-
ticularly within industry, where data use might generate a profit.
We propose that future work collecting data with cross-sectoral
value should consider this an opportunity for future collaborative
work, which may help to build participants’ levels of trust in the
industry sector, by leveraging trust in other sectors. For example,

work by Sillence et al. [85] has explored trust in online health in-
formation and has shown that sources provided with a ‘seal of
approval’ from trusted health organizations such as the NHS are
viewed to be more trustworthy by association. Companies aim-
ing to fill this gap are already beginning to emerge. For example,
ORCHA [14] is an example of an app review company that works
directly with NHS organizations to build trusted app libraries for
the prescription of digital health apps in different areas of health
and care. Future work in this space should explore the design of
transparent data collection, use and sharing policies that specif-
ically consider the following: a) the communication of company
or organizational values, b) providing a level of transparency over
how data will be used, even if this is for-profit reasons, c) explicitly
discussing the potential future sale or sharing of data, and d) clari-
fying expectations around the legacy of users’ data if the company
changes hands.

5.3 Retaining a sense of control and data
ownership

Our participants discussed how situational consent (particularly
consent regarding who they share their data with) would help
them make better informed decisions. Rake et al. [81] explored
the co-design of personalized consent flows around data sharing
for health research and highlighted how engaging participants in
situationally specific consent processes—such as requesting that
users collect data for specific studies or allowing participants to
add expiration dates to their data— can enhance a sense of con-
trol. Similar approaches which make use of situationally specific
data requests from health community samples can be seen in the
crowdsourcing literature [28, 90, 98], as well as on citizen science
platforms such as PatientsLikeMe [11]. This model of requesting
data is largely framed in standard research practices (i.e., finding a
cohort of participants and gaining their consent to take part in a
specific research project). Research recruitment processes are de-
signed to allow for informed decision making, whilst highlighting
the benefits for participants, or their wider health community, and
leveraging altruistic desires to share data for the ‘greater good’.

However, whilst this might be a useful approach for collecting
data in the context of an individual study, complexities arise when
considering how we might enhance a sense of control and data
ownership in sharing more fluid sources of longitudinal data (with
data reuse in mind). Insights during this type of data collection are
often generated throughout the lifespan of the project, with incre-
mental findings driving new areas of research. Data might therefore
gain new value as research progresses. In addition, data collection
and analysis can require a large investment of resources (making
data reuse particularly desirable). For example, data collected with
specialist equipment, that might not be accessible to all researchers
(e.g., those in lower-income settings [75]), or data which is exten-
sively labelled, particularly if this labelling has been conducted by
people with specific expertise such as specialist clinicians. Good-
man et al [45] call for researchers to consider data re-use from the
very outset of their projects, which would include engaging partic-
ipants themselves in discussions around data sharing and future
use case scenarios.
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However, as evidenced through our study, it can be difficult for
participants to imagine all the possible scenarios that their data
might be used in if it were to be openly (or even semi-openly)
available. As such, having a means to keep participants informed
about how their data is being used, and offering them a choice
regarding specific data use scenarios, could be an approach towards
enhancing their control and ownership over their data in the fu-
ture. To make this operable in practice, approaches could consider
engaging participants in the provision of advanced directives sur-
rounding their comfort levels in certain data use scenarios. Data
use scenarios would of course differ depending on the research
context, and one cannot expect to cover every possible scenario.
However, we would expect that discussing the possibility for data
sharing and use across a range of different sectors (e.g. industry
(with a proposed list of possible interested parties), health and care
(professionals involved in current care, professionals involved in
future care, health and care services for improving service delivery),
research (clinical, social sciences, technology etc.), education (train-
ing university students or health and care professionals) and so on)
would be a good starting point for building informed consent. As
data reuse opportunities evolve (with the progression of research
and knowledge), participants should be able to update their prefer-
ences if certain use cases arise that sit outside of those they have
consented to. Such an exercise need not be elaborate from the par-
ticipant engagement perspective (an email or app notification with
opt-out ability may be enough here for requests that sit outside
of the original consent form). However, work would be required
in the early stages of research design to define these possible data
scenarios and to ensure that datasets are configured appropriately
to allow for opt-out ability if required. We propose that considering
these factors early on, and planning research effectively to address
participants’ needs surrounding data control and sense of owner-
ship, could make this a worthwhile endeavor based on the potential
value gained from data sharing. Future work could consider the
development of an online platform to support researchers through
this process of considering possible data reuse scenarios, and could
streamline this consent process for both researchers and research
participants.

6 LIMITATIONS

There were several limitations to our study which should be consid-
ered. Firstly, this work was completed with a relatively small sample
of participants in the United Kingdom (n=12). The small sample
size itself is a limitation, as it makes it challenging to generalise
our findings to the broader Parkinson’s population, however it is
worth noting the recruitment challenges into a study of this kind.
Participants had to travel to the smart home in Bristol (some of our
participants lived in different cities so they travelled over an hour
to take part in the study) and they needed to be mobile enough
to safely navigate their way around a new environment. Due to
this requirement, we also only captured data from participants who
had relatively mild Parkinson’s (Hoehn and Yahr stage 1 and 2),
thus it may be difficult to generalise their priorities to those with a
greater severity of disease. Future work should, of course, attempt
to engage a more diverse sample of participants across various
disease states, but should understand the safety and recruitment
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challenges that come with this. One suggestion might be to supple-
ment similar data workshop based approaches with less intensive
forms of engagement, such as surveys or questionnaires, which
could be used to explore broader community perspectives that are
built on workshop findings. The second limitation is related to the
UK sample. The UK has had very widely publicised changes to their
data protection legislation in recent years, with the introduction
of national level GDPR requirements on all forms of personal data.
As such, there is a possibility that our participants may have been
familiar with data protection and sharing language and general
public conversations about data. Future studies could capture par-
ticipant ratings on their own ’familiarity’ or ‘confidence’ with data
concepts in order to better report on general understanding. In
addition, similar studies conducted in other countries may find
different concerns relating to data sharing. This comparison would
be a useful avenue of future research to add to our understanding
of how health communities view cross-sectoral data sharing data
more globally.

7 CONCLUSION

Our paper has highlighted the benefits and opportunities for open
data, but also the challenges of implementing open datasets within
the health space, in particular the need for engaging health commu-
nities in discussions around how their data is shared across different
sectors in order to ensure that trust is maintained. Through the
process of collecting and exploring the outputs of a simulated free-
living dataset, in a multi-sensor smart home environment (with
people with Parkinson’s and their carer’s), we have provided quali-
tative insights into their understanding of data, their perceptions
of its use, and their concerns relating to cross-sectoral data sharing
practices. Through our discussion we have begun to draw out some
specific insights for the design of participatory research which em-
beds discussions of data sharing from the outset. We have provided
suggestions for the design of future research that might enhance
participants’ sense of ownership and control over their data. Whilst
we acknowledge the small number of participants in our study, and
the need for future work to engage specific health communities
in these types of discussions on a much broader scale, this paper
is a useful starting point for considering how health communities
might be better engaged in considering more open data sharing
practices in the future.
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