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ABSTRACT
In clinical cohort studies, researchers analyse the life history of
population groups to understand the evolution of diseases. Health
research data platforms came to facilitate such studies as they allow
multiple projects to share access to cohorts’ non-identifiable health
information. Some latest initiatives are also starting to include
mobile-generated data in their research programmes. Although
seemly beneficial, it is not yet clear how potential participants feel
about contributing to the new platforms: there is a need to inves-
tigate potential factors related to the acceptance in this specific
context. In this paper, previous works from related contexts were
brought together and, along with a qualitative study, composed a
participant-centred perspective of enablers and barriers for contri-
bution. We found that there is an apparent misalignment between
current implementations and participants’ preferences, leading us
to propose design guidelines for future developments which can
make participation more ethical and engaging.

CCS CONCEPTS
•Human-centered computing→ Empirical studies in HCI; •
Applied computing→ Health informatics.

KEYWORDS
health research; data platforms; personal sensing; acceptance; pri-
vacy; ethics.

ACM Reference Format:
Giovanna Nunes Vilaza, Raju Maharjan, David Coyle, and Jakob Bardram.
2020. Futures for Health Research Data Platforms From the Participants’ Per-
spectives. In Proceedings of the 11th Nordic Conference on Human-Computer
Interaction: Shaping Experiences, Shaping Society (NordiCHI ’20), October
25–29, 2020, Tallinn, Estonia. ACM, New York, NY, USA, 14 pages. https:
//doi.org/10.1145/3419249.3420110

Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).
NordiCHI ’20, October 25–29, 2020, Tallinn, Estonia
© 2020 Copyright held by the owner/author(s).
ACM ISBN 978-1-4503-7579-5/20/10.
https://doi.org/10.1145/3419249.3420110

1 INTRODUCTION
Clinical cohort studies are used to investigate the natural history of
diseases. By analysing demographic, behavioural and health data
in chronological order, clinical researchers look for correlations,
causes and effects [88]. Some of the challenges of these studies
are the recruitment of large samples and the costly collection of
longitudinal data [135].

Recently, health research data repositories have emerged to facili-
tate this process. They consist of large-scale shared-access databases
containing different types of information on patients and healthy
individuals, allowing multiple researchers to conduct analytical
studies without having to recruit new participants [36, 112, 141].
Examples of data stored in such repositories may range from Elec-
tronic Health Records (e.g. Danish Civil Registration System [128])
to daily habits and behaviours (e.g. Evidation [44]).

Even though such platforms aim at benefiting society and health-
care, previous research in other contexts found that when it comes
to sharing behavioural and sensitive data, people have several con-
cerns. In the context of information sharing for health treatments,
a benevolent end goal is not enough for patients to agree with
disclosing every data type to any receiver [106]. Similarly, in the
context of genetic and bio-repositories, individuals feel concerned
about their DNA data being misused in the future even though they
understand the need for research [96].

Given such evidence from other contexts, individual concerns
may represent a risk for the future of the new platforms: lack of ac-
ceptance can deter potential participation and compromise cohort
diversity [125]. While a large body of research has focused on will-
ingness to share data with bio-repositories [39], genetic testers [70]
and clinicians [69], there is a gap in research that focuses on the
specific context of the emerging large-scale platforms and research
programmes. The latest initiatives differ from bio-repositories be-
cause they contemplate the use of continuous behavioural monitor-
ing, which means it is not only DNA being stored but a complete
picture of one’s daily life.

Therefore, there is a need to investigate how potential partici-
pants feel about contributing to shared-access repositories, espe-
cially those which include behavioural monitoring. Ethical, legal,
and social issues related to the topic have been previously dis-
cussed [125], but not much has been considered in terms of the
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participants’ preferences, concerns and priorities. Data reposito-
ries for health research have seen a rise in the last years [33], and
since the COVID-19 pandemic, the expectation is that they will
become even more predominant worldwide [48]. However, the con-
text in question is underexplored in Human-Computer Interaction
(HCI) [70]. It is time to consider how participants want to be en-
gaged in such initiatives [59], as a better understanding of their
viewpoint will enable the design of acceptable features aligned with
people’s concerns and expectations.

The goal of this paper is to investigate the perspectives of those
who are not yet participants in these large-scale platforms and
inspect their willingness to share different types of data. In order
to achieve this goal, an empirical study with young adults was
conducted. The motivation to focus on young adults came from the
observation that those under 40 years old are often less favourable
towards contributing to research repositories [50] and expect more
control over how data is used [133], which makes them a more chal-
lenging group in terms of acceptance. Through the empirical study,
our goal was to tease out their reasons for a potential resistance so
that future developments can take these factors into account.

Moreover, this paper also provided a comprehensive compilation
of the literature related to acceptance, privacy and motivation, as
well as a summary of representative examples of existing platforms.
The goal of this extensive narrative review was to put together
findings and theories from scattered contexts, and show how they
provide the foundation for the understanding of the participation
in the new initiatives. Such aggregation is a useful resource to
ground future research as well. Finally, we also contribute to design
guidelines which are put in contrast with the current platforms to
demonstrate what can be done to better align with participants’
preferences.

2 LITERATURE REVIEW
The review was conducted in two parts. First, to characterise the
spectrum of existing platforms, a set of examples was identified.
Some of them had their origin in traditional research, but others
came from a commercial or non-profit context, which means they
were not listed in academic search engines. Therefore, searcheswere
conducted online, on Google Scholar, via Twitter. Even though not
systematic, this was considered as the most appropriate and feasible
approach, given the heterogeneous field of search. Platforms were
selected and categorised according to their distinctive character-
istics to compose a diverse and representative set. Different from
other reviews [9], particular emphasis was given to repositories
which offered more agency to its participants. Only platforms with
details available in English were included, which could mean that
some examples, operating locally in their own language, were not
detected.

Second, previous works about behavioural monitoring and re-
search participation were identified and reviewed. Google Scholar,
ScienceDirect, PubMed and the ACM library were searched for a
combination of the keywords: participation in research, open-access
repositories, bio-banks, genetic data-banks, motivation, willingness
to share, acceptance, trust, privacy, informed consent, behavioural
monitoring, self-tracking, research engagement. Papers’ reference
lists were also consulted (snowballing). We aimed at including a

broad set of reference, in order to illustrate that many how different
factors can influence participation, but we were also mindful of
the quality of the publication venues. The choice of topics to high-
light in the narrative emerged from several rounds of analysis and
discussions among authors until the core elements relevant to the
context were traced. Particular emphasis was placed on identifying
key challenges for acceptance, willingness to share and consent. A
summary of these can be seen in Table 1.

2.1 Health research data platforms
A health research data platform is a repository which stores health-
related data from population groups, to be used for analytical stud-
ies, often by multiple projects [92]. The development of such repos-
itories represents a significant advance on how research can be
conducted. Studies using data from existing platforms can provide
evidence about the relationship between behaviours and health
outcomes in an efficient and less costly way [54]. These reposito-
ries have been implemented differently, and the involvement of
participants also differs among them.

2.1.1 National initiatives. A well-established example of a national
research repository is the Danish Civil Registration System, which
holds all medical registers for the entire Danish population [128].
Large-scale cohort studies have been conducted using this data,
without much involvement of the patients. Researchers who want
to get access to the data need to submit their projects for internal
approval. Similar centralised national-level approaches are under
development in India [124] and China [80].

Countries that do not have centralised health records have in-
vested in the recruitment of volunteers for bio-banks. The UK
Biobank, by theWellcome Trust, collected clinical data from 500,000
patients until 2010 [136]. Their web page shows studies approved
and published [89], as well as summaries of the available data [16].
Researchers can request access to this data, but the involvement of
patients ended after data collection.

A more recent initiative is the All of Us Research Programme,
which aims at recruiting one million volunteers and contemplates
the collection of mobile-generated data [125]. According to their
protocol [107], they want to allow volunteers to use the data to
keep track of their health. Access is meant to be provided only to a
group of researchers selected by the Programme.

2.1.2 Data portals for researchers. Another type of repository gath-
ers data from previously conducted clinical trials. For instance, the
non-profit organisation Vivli [25] works as a ‘neutral broker’ by con-
necting institutions and companies who are willing to share results
from past projects [15]. Each organisation has its own data-sharing
policies and access conditions, but Vivli run de-identification al-
gorithms to the personal data beforehand. Participants receive the
benefits offered by the individual clinical trials but are not involved
in the processes at Vivli. Other data portals have aggregated in-
formation about genes, proteins and published papers, like the
European Union’s COVID-19 Data Portal [117]. In these platforms,
it is up to the researchers to share their data, not the participants.

2.1.3 Opt-in sharing. Individuals may start to collect data for them-
selves but agree to share it for research afterwards. For instance,
Achievement [2] is a commercial mobile app for personal health
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Acceptance and Trust People trust some institutions more than others [34, 39, 118, 132]

Trust can be hindered by previous experiences [3, 5, 34]

Acceptance decreases if data collection is hard [32, 71]

Acceptance decreases if the purpose is not useful [75, 78, 137, 152]

Willingness to share People worry about data misuse [78, 95, 96]

People want to preserve their reputation [65, 77, 111, 119, 121]

Some types of data are more sensitive [14, 47, 61, 86, 123, 146]

Some people are more concerned than others [8, 63, 86]

Consent and Ethics Consent forms are lengthy and complex [84, 110]

People cannot understand the risks [31, 94, 115, 131]

Lack of flexible sharing options and control [5, 27, 57, 64, 73, 91, 106]

Lack of transparency about data use [39, 99, 142]
Table 1: Challenges identified in the literature, which can represent barriers to participation in health research platforms.

tracking in which users earn points by logging daily behaviours,
answering surveys and being passively tracked. They can opt-in
to share this data with Evidation [44], a platform which uses the
information for clinical studies. Before the surge of COVID-19, not
many details could be found about the on-going projects of Evi-
dation, besides a publication list, but currently, they post weekly
updates for the public. A similar opt-in approach is also used by the
DNA genetic testing company 23andMe [70] and the social network
PatientsLikeMe [149]. In none of these examples are participants
in control of how the data is used once they give their consent to
share it for research.

2.1.4 Participant-driven. In some platforms, the initiative to join
an initiative and collect data for that comes from the participants
themselves. An example is the community-basedOpen Humans [53],
in which projects are posted, and members are invited to contribute
with their Fitbit, Twitter or symptoms data. Members can also pro-
pose projects of their own, and share tools for self-experimentation.
With the surge of COVID-19, organisers have been hosting online
meetings as a way to open the discussion about pandemic-related
projects. A similar example is the recent Project Baseline, from Al-
phabet (parent company of Google) [90]. Their projects range from
virtual mood tracking to in-person bio-sample collection. Since
the rise of COVID-19, they partnered with local governments to
send tests and share results with Departments of Public Health -
but so far, this data does not seem to be openly available. Besides
such platforms which aggregate calls for several projects, there are
also crowd-sourcing projects focused on health, also called ‘par-
ticipatory disease surveillance’, in which individuals are invited
to self-report symptoms and answer surveys for epidemiological
control [103]. The COVID-19 emergency increased the number of
such initiatives all over the world [48].

2.2 Behavioural monitoring and research
participation

As it can be observed from the above overview, and from previous
studies [29, 38, 47, 52, 85], smartphones and wearable data are
starting to be considered for health research. Also called ‘digital
phenotyping’, such data sources can provide information about
users’ environments [38], mental states [52], physical status [29]
and daily habits [85]. This data can be collected passively (personal
sensing) or manually through self-reports.

When it comes to using this data for health research, individuals
are asked to contribute with their personal (and often sensitive)
data for a purpose which at first may not directly benefit them -
it is meant to help society. In this complex context, there might
be a desire to contribute, but privacy concerns might hinder the
willingness to share data. Besides, the goal of many of the platforms
is to allow data to be reused across multiple projects. Within genetic
data repositories, there are several discussions about how consent
should be asked in this situation [39]. This section, therefore, re-
views factors which are key in the context of data platforms storing
health and behavioural information for research beyond the scope
of a single project.

2.2.1 Motivation. In the context of participating in research, moti-
vation is the force which drives individuals to contribute and may
come from different sources. It is common to reward participants
with coupons, lottery tickets and gift cards [76], which are external
sources of motivation. Money payments is another potential source
of motivation to share personal data [13]. However, individuals
might feel more motivated if their behaviours are self-determined:
they act because they believe in the inherent value of their ac-
tion [35]. A common finding in related works about willingness to
participate in research is that people are motivated by contributing
to science [150], helping patients [49] and seeing the outcomes [39].

In order to enhance motivation, researchers have looked for
ways to get participants to be more engaged in the process [21,
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40, 46]. It has been discussed that participants should take part in
agenda-setting, study design, recruitment, project evaluation [130],
as well as decisions about the usage of the data [5]. By being more
integrated with the project, they may feel more responsible for the
results [7].

Getting test results is a primary motivation of those who send
samples for genetic testing, such as 23AndMe [70] and previous
works have pointed out to the use of personal data for reflection
and behavioural change [45, 68, 82]. In addition to learning from
the data collected, people can also feel motivated by comparing
themselves to others [87], sharing their goals [30], and receiving
feedback on their progress [51, 66]. However, there can also be
negative consequences for using these as motivation drivers. When
looking at their stats, some may experience anxiety [81, 147], feel
guilty for not keeping up [42], lower their self-esteem [28, 100],
and make incorrect interpretations [93, 109, 147]. Another issue is
that when it comes to self-tracking, motivation may be necessary
for keeping adherence to the data collection. It can be challenging
for participants to stay consistent after joining a project [122],
especially if they have to provide inputs frequently [26, 32].

2.2.2 Privacy. In the same way that motivation is an important en-
abler to participation in the research, privacy is a major barrier [74].
People worry about the potential for discrimination, undisclosed
marketing interests, government surveillance and data used for
generating profit [78, 95, 96]. Being constantly monitored can lead
to feelings of surveillance [140], paranoia [127], and loss of free-
dom [24].

Privacy boundaries are often defined to protect internal values
of autonomy, social acceptance and impression management [119].
In a study about students’ perceptions on disclosing self-tracked
data, they mentioned experiencing social pressure, stigma and em-
barrassment about their data [65]. The fear of a data breach is
related to the potential damage to one’s reputation and how others
may react [111, 121]. By selecting which aspects of their lives to
disclose, people can also control the image others have of them-
selves [77, 113].

However, willingness to share can depend considerably on the
context [104], and there is a known mismatch between stated inten-
tions and actual behaviours (privacy paradox) [105]. Therefore, even
though privacy concerns may be a barrier to participation, in the
context of research, individuals apply a ‘usefulness heuristic’: they
prefer to share information that they know will be useful [83], and
that they believe will not increase the risk for personal harm [121].
The Amazon Mechanical Turks were found to base their decision
to share personal data for research on pay rate, requester, purpose,
and perceived sensitivity of the request. However, they also en-
gage in privacy-protective behaviours, such as abandoning tasks
or providing inaccurate data [126].

Some factors can affect the intensity of privacy concerns. Previ-
ous research has found that more sensitive data types are disclosed
less often [86, 123], such as audio recordings [37], browser his-
tory [14], message/phone logs and social media activity [47], cam-
era pictures [121], financial information [146], home address [83],
feelings of loneliness [61], sexually transmitted diseases [146], toilet
use [12], and any health-related data in general [141]. Privacy is
also perceived differently across individuals [22]. Personality traits

of agreeableness, conscientiousness, and openness to experience,
can affect privacy perceptions [63]. Privacy fundamentalists are
less likely to disclose information [86] as well as anxious individu-
als [8]. The benefits obtained from information disclosure are also a
factor that can modulate the importance people attribute to privacy
risks [70].

2.2.3 Acceptance. The decision to share data for research con-
sists of weighing the motivation to contribute against the potential
risks [83, 134]. It is clear that in the context of data sharing for
research, motivation and privacy are critical components for ac-
ceptance. It is only when individuals ‘accept’ to contribute to a
health research platform that their participation begins, but these
acceptance should also be considered in the longer term, as it would
be undesirable to have people dropping out [101].

The literature has extensively discussed factors for technology
acceptance in general - usability and usefulness are known to be
key factors for it [71]. In the context of participation in research,
acceptance can increase if the burden of data input is low, which can
be achieved by high usability [32, 57]. Regarding usefulness, people
are more accepting of risks if they see their benefits, which can be
for future patients [75], global causes [78, 152], researchers [137]
or themselves [70]. However, usefulness can be highly contextual.
Individuals may be less willing to participate if they think infor-
mation is not relevant for the purpose [121, 123, 147]. On the other
hand, individuals who are health-motivated [60], familiar with re-
search [96] and who have disabilities [12] can be more accepting,
because they understand how data can be useful.

The acceptance of information sharing with research repositories
is also closely related to trust, especially on those who will keep and
use the data [5, 118]. People may be willing to leave concerns aside
when they trust those requesting their information [62, 79]. Scien-
tific institutions are often trusted more than commercial, govern-
mental and insurance institutions holding health information [39].
However, the development of trust is a continuous process, and
trust can change over time [34]. Some enablers of trust in digi-
tal systems have been listed as fair data access, recommendation
by others, customised design features, initial face-to-face contact,
stakeholder engagement and improved communication [3].

2.3 Ethics and informed consent
It is well-known that before using any data from research subjects,
the ethical approach is to obtain their consent, especially when
data is collected through smartphones [55]. Subjects should also be
allowed to withdraw from any study effortlessly [31]. The recent Eu-
ropean General Data Protection Regulation (GDPR) established that
in any data sharing procedure, people need to be at least informed
about the information being shared, with whom and for what rea-
sons [144]. However, consent forms are often overly complex [84],
lengthy [110] and not efficient in informing participants [19, 58].
Many people do not understand what they are signing up for [145],
how much information can be extracted from data [31], what data
from sensors can reveal about them [94], how risky it is if some-
one identifies them [131], and how easily their identities can be
revealed [115].

As a consequence, recent works have pointed to a desire for
even more transparent and understandable information about data
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usage [39, 99, 142]. Participants of genetic repositories have men-
tioned being interested in receiving more details about the goals of
the projects [139], reports on privacy risks [145] and notifications
about when data is used [114]. However, it is not trivial to pro-
vide an appropriate level of information without confusing users
or making it a burden [43, 72]. The literature on how to improve
the process of asking for consent is extensive, especially within
research [41]. Suggestions have been made to go beyond textual
forms and consider face-to-face encounters [4, 114], communica-
tion channels (e.g. chats and forum) [129], visual info-graphics [97]
and interactive tools [64, 102].

Furthermore, it has been argued that people should be allowed
more control over how their data is used [5, 27, 57, 64], such as the
level of detail disclosed [91, 106], and how long data is retained [73].
It has been suggested that willingness to share may increase if users
can choose what information is shared and to whom [1, 148], and
customised settings can enhance trust [114]. User interfaces that
allow a selective disclosure of data have been proposed as a way to
support automatic sharing rules in order to reduce the burden of
continually editing preferences [100].

However, from the review of the existing platforms, it could
be observed that most of the large-scale repositories often rely
on models of broad consent [120], which means that participants
provide their consent to any future study using their data for an
indeterminate period of time (e.g. All of Us, Evidation). This con-
trasts with the idea of narrow consent, which has been found to be
a preferred option over broad consent in some cases [67]. This type
of consent consists of consulting participants for each project using
the data (e.g. Open Humans), but restricts the re-use across multiple
researchers and the combination of data sources. A consent type
in between narrow and broad is called the tiered consent [20], in
which consent is only asked in certain situations, such as if studies
vary significantly in nature. None of the platforms seems to follow
this type of consent yet - such mid-term appears to be missing in
this space.

3 EMPIRICAL STUDY
Our literature review identified enablers and barriers for participa-
tion in research and data sharing overall, but it could not identify
qualitative works specifically on health research repositories that
consider continuous behaviour monitoring. Moreover, the overview
of the existing repositories identified different strategies to health
data platforms, but it remains unclear if the expectations of partici-
pants match the available options. This empirical study is to explore
individuals’ attitudes and preferences regarding this scenario. The
study consisted of semi-structured interviews and a card sorting
activity with potential future participants who had not contributed
to any research data repository yet.

3.1 Sample
A sample of 12 participants, aged between 19 and 26 (mean=23,
std=1.8) was recruited throughword-of-mouth. Recruitment stopped
when data saturation was reached - no new themes emerged from
the last two interviews. Participants were four females and eight
males, from France, China, Spain, United States, Hungary, Nether-
lands, Italy and Scotland. One was a full-time developer, three were

part-time developers, three were doing internships (in wind energy,
marine biology and photonics), two were exchange students, and
two were finishing their Masters’. They reported being healthy in
general, did not mention experiencing data breaches in the past,
never been part of a clinical study, and four of them tracked physical
activity occasionally. The study was exempt from ethical approval
but was conducted according to accepted ethical standards (in-
formed consent, benefit- not harm, confidentiality) and followed
the national code of scientific conduct.

3.2 Study design
Semi-structured interviews and card sorting activities were con-
ducted with each of the participants individually. All of the inter-
views had the same set of questions and cards (within-subjects
design).

3.3 Materials
Before the interview, a set of cards was prepared. Each card con-
tained a different ‘information item’ (see Table 2). The choice of
items was based on the analysis of previous works about data sen-
sitivity and willingness to share [12, 14, 37, 47, 61, 83, 86, 121, 123,
141, 146], data collected in the different platforms, and mobile sens-
ing frameworks for behavioural monitoring [23]. Three medical
doctors were consulted to confirm that the card set contained only
data relevant to health research.

3.4 Procedure
In order to introduce participants about the concept of a health
platform, on the day of the interviews, participants were first shown
a 1 minute and 55 seconds video about precision medicine, made
by the All of Us organisers 1. The short video did not provide any
in-depth details about the platform; it was an introduction to the
idea of having a data repository for health research. Participants
were explained that the video was meant to be just an illustrative
example.

Participants were asked to describe were their initial opinions
about health research platforms. Then, they were asked about po-
tential reasons to contribute to and general concerns. Interview
questions deliberately elicited both positive and negative perspec-
tives to try to mitigate the bias of social acquiescence.

After these initial questions, participants were asked to do the
card sorting. For each card, they were asked if they would feel com-
fortable with having the information depicted on the card stored in
a repository. They were asked to place the cards in "yes", "no" and
"maybe" piles and explain their decision. After the card sorting, they
were asked what they would like to happen once their data had been
shared data and what they expected to hear from the platform. The
interview ended with the collection of demographic information.
Interviews lasted 45-70 minutes. They were conducted in-person
(before the COVID-19 crisis), audio-recorded, and transcribed. The
card sorting activity was documented in pictures. Data analysis was
conducted using Thematic Analysis [17, 18], with themes being
iteratively generated from the data collected (inductive approach).
Transcripts were read several times, during which similar quotes

1https://www.youtube.com/watch?v=ti50nS7B5vI
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Calls/text content Calendar Financial status Relationship Address Blood/urine

Mental illness Grades Genetic disorders Emotional status Family Partner health

Toilet habits Hygiene Sleep patterns Places visited DNA Contagious illness

Alcohol/ tobacco Food Local ambience On-screen time Distances Physical exercises

Physical status Leisure Current weather Physical illness App Heart rate
Table 2: List of information items (data types) shown as cards to participants.

were given codes, and groups of related codes were associated with
themes.

4 FINDINGS
The interview study had the goal of investigating how young in-
dividuals perceive the idea of contributing to a health research
repository and how they feel about sharing different data items.
The result of the analysis showed that three main themes were re-
currently discussed. These were: reasons to contribute to a research
repository, characteristics of an ideal platform and the criteria for
sharing the different types of information.

4.1 Motivations to contribute
When participants discussed the possibility of contributing to a
health research platform in the future, they discussed the potential
benefits of this choice. These fell under two categories: public and
personal benefits.

4.1.1 Public benefits. Without exception, all of the participants
praised the importance of health data repositories for society. Their
initial comments often highlighted the usefulness of such idea: “There
could be a lot of good for a lot of people if healthcare providers could
have more access to information about people’s lives” (P3). Such al-
truistic motivation, of helping researchers and patients, was the
first mentioned by the majority of the participants: “I would share
my data with the idea that it can help research and it can help other
people to be cured” (P9).

4.1.2 Personal benefits. Besides altruistic reasons, there was def-
inite interest from the majority of the participants in receiving
personal benefits as well, such as using the data for their own
health improvement, which was mentioned often: “If you have all
the information about me, you can do more specific tailored care,
maybe even like getting life recommendations” (P3). There was also
interest in comparing themselves with others: “I would like to know
how I compare with others. I feel like if I see others are using their
phone significantly less time than I do, then I can control myself” (P7).

On the hand, the prospect of receiving material compensations
was rarely mentioned, and when mentioned, participants had op-
posing opinions. Some believed that there their contribution should
be rewarded: “Probably if it takes a lot of time, it should be rewarded,
it should be paid” (P1), but others did not: “I don’t think I would ask
for financial compensation, I think it is more of a volunteering type
of work” (P7).

4.2 Trust in the platform
Throughout the interviews, participants mentioned some key fea-
tures a platform should offer to be trusted. Two main requirements
were recurrent: transparency and choice.

4.2.1 Transparency. In order to verify if a platform presented the
desired characteristics, participants mentioned several times the
need for more transparency, so that they could make an informed
judgement. They would like transparency about:

• Who will use the data.Most participants mentioned that they
would like to know both who is the organisation behind
the platform and who will be provided with access: “I need
to know who are the people behind the programme. Is it the
university, is it an external research centre, is it for hospitals?
And who is going to check my data?” (P2).

• For what purposes. They also wanted to know precisely for
which purposes the data would be used now and in the
future: “It is good not to share anything if we do not know
how it can be used in the future" (P11). The reason for that
was because not all purposes were acceptable, as there was
an evident objection to allowing data to be used for profit,
mentioned by the majority: “I’m happy to share this for health
and public good reasons, but as soon as it starts to be for a
private company, I feel like I am being taken advantage of”
(P3).Some of the participants would like to be notified about
what was done with the data: “I would be interested to know
if I helped and what conclusions were drawn as a result” (P8).
This interest was not shared by everyone, however: “I will
give you my data, but I will never read the outcomes. For the
people more interested, maybe” (P12).

• How data is secured and anonymised. Evidence of cybersecu-
rity measures was regarded as a significant factor for trusting
a platform: “If you feel that data is going to be leaked then I
guess you wouldn’t share a lot” (P5). One participant men-
tioned feeling reassured by being informed about the proto-
cols used, even without fully understanding them: “Knowing
some technical stuff would make me comfortable even though
I don’t understand that type of information” (P4). The same
importance was given for knowing that data is stored anony-
mously: “If it is already anonymised in the database, then I
would use the platform even if there was some kind of hack in
the system because I know that I am just going to be one in the
millions” (P4).

4.2.2 Choice. Besides being thoroughly informed about the as-
pects above, a topic often mentioned by participants was the desire
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to be able to actively keep control of the data during and after it
was shared. Participants stated that they would like to choose who
can have access and what data is available:

• Selecting receivers. Some of the participants would like to
allow access to projects on a case-by-case basis: “If they
have new research and want to have access to my data, I want
them to ask me if I want to release to the new research or not”
(P7). Not all of the participants agreed with this thought: “I
don’t want to give the go-ahead for every researcher. There are
probably too many requests, and I don’t want to be bothered by
this all the time” (P5). As one of the participants mentioned, it
would be interesting to be able to at least block the access for
studies they do not agree with: “I want to choose if I disagree
with one of the studies and say: ‘with this one I don’t want to
share’ ” (P10).

• Filtering the data.Many participants mentioned that it would
be good to stop the data collection on some occasions: “Maybe
in some situations is useful to stop recording some data. If you
go to some places where you don’t want to be followed, for
example, you don’t want people to know you are there” (P2);
and to be able to see what data is stored and reconsider the
decision to give access: “Once I have given the data, I think
it would be nice to have a look at what is in the system, what
data you saved and then have the option to maybe delete data
points if I think it is not appropriate” (P5). Additionally, many
of them mentioned that they would feel more comfortable if
researchers have access only to less detailed information: “If
it just to know what you are going to do in your day, how many
hours you are walking, something like that, is fine” (P10).

4.3 Willingness to share each data type
Participants often diverged opinions about which information they
would feel comfortable collecting and sharing. Also, the same data
type sometimes led to different types of concerns between partici-
pants. An overview of the different criteria for these decisions is
listed next.

4.3.1 Relevance for the research. Having a clear understanding
how the information is useful for health research was in many
cases the reason why a participant would feel comfortable with
sharing it: “I would be happy to share that consumption information.
For me, that has a very tangible connection to health" (P3). On the
other hand, not fully understanding the relevance of an item was
mentioned by many as a reason to not share: “I don’t think my home
address is relevant for the purposes of the research” (P8). Participants
did not always agree on the relevance of the different data items,
with some being fine with sharing items that others would not see
a reason for it.

4.3.2 Potential for material damage. When participants felt com-
fortable with sharing a particular data item, it often was because
they could not see the potential for any adverse consequences: “I
don’t think there is any harm in sharing your sleep patterns” (P8).
On the other hand, when participants said feeling uncomfortable,
they mentioned fears related to physical attacks: “If people want
to locate me, it would be really easy. If I am going back home at this
time, then someone is just waiting for me at the door and just breaking

into my room” (P7); cyberattacks: “Financial situation, no, because
people maybe know how much money I have in my bank account and
they would see if it is worthy hacking it or not” (P7); and financial
loss: “If hackers are working for an insurance company, and they
sell data to them, it could happen that they [insurance companies]
propose different plans" (P6). Not all of the participants associated
these risks of material damage to location and financial situation -
participants varied in their opinion about what information would
bring each type of risk.

4.3.3 Risks for reputation. Some participants mentioned that there
were parts of their life they prefer to keep private, because of the
fear of how others perceive this: “If it is not treatable then maybe
it is something you want to keep it for yourself or share with only
a limited amount of people” (P5). Similarly, some mentioned being
concerned about the possibility of being discriminated by their
employers: “I am afraid that in a potential data leak, my employer
gains access and discriminate me in my employment” (P11). However,
participants often diverged on opinions about which data types they
perceived as riskier for their reputation - their decision depended
on their judgement of their own habits. Some participants said
they would feel ashamed to disclose their drinking habits “Alcohol,
tobacco, I do not want people to know how much I drink because I
drink too much" (P8), but others said they were comfortable with it.
Information perceived positively by society was often considered
as more comfortable to shared: “Physical activities, yes, because I
feel like is something positive” (P6).

4.3.4 Invasion of others’ privacy. Some participants were not com-
fortable with sharing data that did not belong to them: “I think
sharing calls and text content overlaps with the privacy of other peo-
ple" (P2). Sharing data from others was described as a betrayal by
one of the participants: “I do not want to share their data, it is kind
of like going behind their backs (P4). They believed they were not
in the position to decide: “When it comes to the condition of my
partner, it is tricky because I feel like it is their decision to share the
information" (P3). This concern was not mentioned by all of the
participants, however.

4.3.5 The effort of the data collection. Sometimes, the issue was
the burden of data collection. Most of the participants mentioned
that collecting data can be an inconvenient responsibility: “ I don’t
want to share data when I’m low on my battery, or when I’m short
of data. I wouldn’t like this data to interfere with my daily life” (P2);
some also mentioned it can be emotionally difficult: “If someone is
really sad or depressed, I think it is harder to share that” (P10). Some
of the participants did not mention issues with data collection.

5 DESIGN GUIDELINES
Health research data platforms arrived to help science and health-
care to progress [6] and if they stick to this goal, public acceptance
should be desirable. The interview study shed light on critical fac-
tors involved in young adults decision-making regarding (i) even-
tually contributing to health research platforms, (ii) and sharing
specific types of information. The findings indicate that motiva-
tions to contribute (public and personal benefits) and indications
that a platform can be trusted (who are the organisers, how data
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is secured and used) are significant components for initial accep-
tance of the platform’s terms. Acceptance is, however, not fully
achieved before potential participants evaluate their willingness
to share the specific data types in question. According to our find-
ings, this decision depends on the relevance for research, the effort
to data collection and risks for material and reputation damage.
Even though previous works have identified similar factors, our
findings are original because of the context under investigation.
The literature on participating in research could perhaps enlighten
some motivations to join, but it would be insufficient to describe
the importance of the willingness to share each data type. Similarly,
the literature on data sharing and privacy has not yet considered
the case of contributing to a shared-access research platform. This
empirical study allowed us to pinpoint the key factors for the accep-
tance of the emergent platforms for digital phenotyping research,
which has not been done before.

In Figure 1, we show the conceptual model we introduce for
acceptance in the context of health research data platforms, which
includes a summary of our findings and our proposed design guide-
lines. These guidelines focus not only on the initial acceptance of
the platform and its data types but also their continuous acceptance.
As a recent review on technology acceptance highlights, health
initiatives should be aiming for a long-term engagement with its
users [101], which is also what we advocate.

5.1 Provide supervised health feedback as a
motivation source

As mentioned in the review, the motivation to participate in re-
search can come from many sources. Financial compensation, to
start with, has been used in several clinical studies and existing plat-
forms (e.g. All of Us). However, in the interview study, participants
rarely mentioned this as a motivation source, which was also the
case in previous reviews about bio-banks [96]. Even though it has
been found that people might be willing to sell personal data for
money [13], another work has questioned whether material incen-
tives lead to increased adherence and data quality [76]. Such types
of compensations were found to be more beneficial if combined
with other motivations [56].

The reasons to contribute to a research repository mentioned by
our participants included both altruistic and more individualistic
ones. It is widely known that people are more open to sharing
personal data if it is for helping patients [75], science [137] and
society [78, 152]. However, it was observed in our study that getting
direct benefits from the data was as important, which aligns with
studies about sharing genetic information [70]. In the case research
repositories which collect health and behavioural data, this direct
benefit is related to the possibility of receiving feedback on personal
health and well-being indicators. The All of Us Programme seems to
offer this, as they state they will provide ways for volunteers to get
access to the data they share and some of the results [108]. Allowing
people to keep track of their results, could not only motivate people
to participate but also stay adherent and see a meaning for the
effort of data collection, mentioned in the interview.

However, platforms should be mindful of how they inform users
about healthmanagement so that they can extract a correctmeaning
out of their data. There are many studies of digital tools for personal

health monitoring, [45, 68, 81, 87] and social sharing [30, 51, 66],
which are useful inspirations on how to integrate personal care with
self-tracking. However, an issue with self-administered tools is that
there can be negative consequences, such as self-scrutiny [28, 100]
and performance anxiety [81], which are particularly applicable
to young adults [65]. Furthermore, when it comes to vulnerable
patients of any age, self-monitoring is not recommended without
the supervision of a specialist [11].

Therefore, research platforms should also consider how to offer
proper clinical follow-up. Except for the COVID-19 testing, being
offered by Project Baseline, large-scale platforms have not com-
mitted to health support. There are several studies about mobile
applications which have combined personal health tracking with
the close support of healthcare professionals [10, 93, 147]. Using
health tracking with supervision and support could be a way to get
participants motivated to contribute to research; however, it is also
crucial to be mindful of the risks as mentioned above.

5.2 Allow personalised and flexible privacy
choices

Our study elicited privacy concerns that could emerge if behavioural
data is to be stored in a shared-access repository. Some were con-
nected to the potential for personal harm, which was also found
within data sharing for health treatments [106]; others were related
to misalignment of personal values, such as data being used for hid-
den purposes, and a possible invasion to the privacy of others, which
have been brought up in studies about genetic repositories [96].
Regarding differences across the different information types, even
though quantitative studies could define some data types as more
‘sensitive’ [14], we observed that the reasons for such sensitivity
depended a lot on the meaning people attribute to the different
aspects of their lives and the importance they give to the different
risks. Also, contrary to another study with young adults mobile
sensors and privacy [121], our analysis showed that the same infor-
mation often led to different types of concerns depending on the
person, and no generalisations could be devised.

Such observation has implications for the use of behavioural
monitoring for research repositories because if they intend to ac-
commodate this pluralism of experiences, they need to allow par-
ticipants to choose which data types are to be stored. Currently,
consent forms follow an ‘all or nothing’ approach: participants
who join a study are expected to share all the data required [116];
however, it can be difficult for some to disclose some parts of their
life [113]. Participants in our interviews would like to stop tracking
in some situations and select the level of detail visible to others,
suggestions which were mentioned by older people (above 70) as
well [106]. A way to achieve could be to provide participants with
an overview of their data and allow them to exert some control over
it, aligning with the increasing public interest on more flexible pri-
vacy options for personal data [1, 64, 74, 151]. User interfaces could
be designed to allow interactive forms of selective disclosure [100]
through continuous control of the data collected, as well as the
possibility to not disclose parts of it. The consent process should
also take into account these individual preferences, and volunteers
should be given more flexibility about which information they want
to share for research.
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Figure 1: Conceptual model for the acceptance of health research data platforms based on our empirical findings.

Furthermore, our participants demonstrated a desire to have
more control over the future of their data. Allowing participants
to withdraw from studies is already required in recent regula-
tions [144]; however, each platform has its approach when it comes
to how much information and control participants have about the
individual studies making use of their data. Participant-driven plat-
forms (e.g. Open Humans) allow users to select precisely to which
projects they want to share their data, but this can restrict data
usage in the future. On the other hand, more significant initiatives
(e.g. All of Us, Evidation) ask for broad consent so that they can
use the data for any project they decide, but participants are not
asked about anything else afterwards [70]. An attractive mid-term
solution is, therefore, to allow participants to set-up rules or condi-
tions under which any studies that fulfil them can access their data
(tiered consent [20]). If participants would like to deny access to
some receivers, this does not have to imply a complete withdrawal
from the repository.

However, setting up privacy rules should not become an over-
whelming process, in the way that consent forms became complex
and lengthy documents [19, 84, 139]. The idea of moving away
from the model of broad consent has been discussed in the context
of bio-banks, but it is still an open question if permission should
be requested for each new study [96]. Our findings indicate that
it should be optional if permission is to be requested each time a
new study needs the data - some might consider the obligation to
provide consent as a burden while others might prefer to have full
control. Providing individuals with more control over their data
can be perceived as an indication of respect [98, 143], which can, in
turn, become an enabler for trust and acceptance. The negotiation
of privacy boundaries can be helped by more communication from
the platform side, which is an aspect discussed next.

5.3 Use communication to increase
engagement and acceptance

Our participants showed a positive attitude about sharing behavioural
data for a research repository, as long as their data is safe, which
aligns with the public views about genetic information as well [70,
96]. As discussed in the review, acceptance in this context is con-
nected to the perceived usefulness of the purpose [14, 75]. Therefore,
information about this purpose must be efficiently communicated
to potential participants [152].

However, even though the repositories are providing a clear
overall idea about how contributions can be useful, the ideal plat-
form envisioned by most of our participants would be much more
transparent about individual projects. As mentioned in the review
of existing platforms, there is a lack of involvement of participants
once data is collected. Participation in a repository is not only about
the organisation who is behind it. If users want to knowmore about
the on-going projects, they should be provided with complete re-
ports about goals, methods and people involved, so that they know
to what they are contributing. However, the communication be-
tween contributors and researchers in many cases consists only of
‘publication updates’ on a website.

For this reason, a continuous dialogue could be a path to fulfil
the need for more transparency. Similar to our participants, young
individuals in another study were intrigued about how some types
of mobile sensors could be health indicators and if their identities
could be revealed through them [121]. Platforms could offer more
support and information when it comes to explaining how data is
being used for research, going beyond public reports, and providing
personalised content based on the participants’ concerns. Besides,
some of our participants were also interested in staying updated
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with the research outcomes [39]. Platforms should consider how to
keep volunteers updated more frequently about the on-going anal-
ysis. Such a continuous form of communication could include chat
tools with the scientists, social forums with other participants [129]
and open access virtual meetings, similar to what Open Humans has
been offering, for example. Another aspect which deserves more
attention is the fact that not everyone has the same understanding
about the overall risks of sharing data with a repository [31]. In-
formation about how data is secured and kept anonymous to the
researchers should be appropriately conveyed [115] and tools for
communication could be useful in this process.

Spaces for the active involvement of participants could corre-
spond to the desire expressed by some the young adults in our in-
terviews. Active engagement may involve suggesting new research
questions, providing feedback and voting on decisions [21, 46, 130],
which in turn can make people feel rewarded when the initia-
tives are successful [7]. Learning materials could be provided for
participants interested in understanding the methods behind the
investigations [150]. By considering and providing such options,
the platforms of the future could move forward from the traditional
relationship between ‘study subjects’ and ‘scientists’ [138].

From the review of the existing platforms, it could be observed
that since the surge of the virus, there have been efforts to pro-
mote more participant-centred features, such open community
calls (Open Humans) and weekly reports (Evidation). However,
none of these examples has fully considered the directions pre-
sented in this section. The COVID-19 pandemic brought urgency
to data sharing for research, which represents an excellent oppor-
tunity to reflect on how we should be building acceptance and
trust. Our vision is that by bringing participants closer to the re-
search process, their participation can become more engaging and
respectful. Instead of imposing terms and conditions from the top,
these could be negotiated and established based on participants’
input of how they would like the future of research repositories to
be.

5.4 Limitations and future work
This paper presents a limited empirical study in terms of sample
demographics, which could compromise broader generalisations.
Besides, as the study happened before the COVID-19 pandemic, any
possible changes in attitudes because of that are not represented.
Future follow-up studies could investigate the perspective of other
age groups, as well as the effect of the pandemic on their opinions.
Quantitative approaches could also be used in the future to identify
patterns across larger samples. It could also be interesting to expand
this comprehension and consider how the emerging platforms are
being conceived and perceived across the globe. Finally, further
studies could investigate the impact of our design guidelines in-the-
wild.

6 CONCLUSION
This paper provided an overview of health research data reposito-
ries from a participant-centred perspective. It reviewed the land-
scape of current platforms and brought together scattered literature
to conceptualise the experience of participating in them. The ac-
ceptance to participate was found to depend on the trust in the

platform, individual motivations, and the willingness to share dif-
ferent data types. Based on the review and the empirical results,
we formulated guidelines on how to enhance identified enablers
and dissipate barriers for participation in an ethical way.

We argue that participants should not be considered passive
study subjects, but rather be invited to get actively involved in
the studies and control the shared data. Some existing initiatives
have started moving towards this direction, but there are still sev-
eral opportunities to design features to reshape relationships of
power between data contributors and platform organisers. After
all, the future of health research data platforms should be guided
by the participants’ perspectives, because they are the ones putting
themselves in a vulnerable position for the common good.
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