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ABSTRACT
Digital psychiatry is a rapidly growing area of research. Mobile assessment, including passive sensing, could improve
research into human behavior and may afford opportunities
for rapid treatment delivery. However, retention is poor in
remote studies of depressed populations in which frequent
assessment and passive monitoring are required. To improve
engagement and understanding participant needs overall,
we conducted semi-structured interviews with 20 people
representative of a depressed population in a major metropolitan area. These interviews elicited feedback on strategies
for long-term remote research engagement and attitudes towards passive data collection. Our results found participants
were uncomfortable sharing vocal samples, need researchers
to take a more active role in supporting their understanding
of passive data collection, and wanted more transparency on
how data were to be used in research. Despite these findings,
participants trusted researchers with the collection of passive
data. They further indicated that long term study retention
could be improved with feedback and return of information

based on the collected data. We suggest that researchers consider a more educational consent process, giving participants
a choice about the types of data they share in the design of
digital health apps, and consider supporting feedback in the
design to improve engagement.
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INTRODUCTION & RELATED WORK

There is a growing interest in the use of mobile technology to
improve mental health assessment, treatment, and services
[4, 7–10, 17, 21, 29, 31, 32, 43, 44, 50]. According to the World
Health Organization [52], digital or mobile health tools are
defined as the use of wireless and mobile technologies to support and improve health outcomes, services, quality of care
and health research. In particular, smartphones and wearable
sensors offer an opportunity to assist clinical research, by
increasing the number of people scientists can reach and
by collecting moment-to-moment information on social and
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physical activity, sleep, heart rate, environmental exposures
as well as send surveys on a regular basis. Though the recruitment of large samples is feasible, the ability to retain
these large samples over time has been highly challenging,
with the majority of studies retaining less than 10% of the
sample [39]. This presents a problem related to bias in data
collection and the ability to draw conclusions from the study
[12, 31, 39].
Reasons for poor adherence include technical problems
downloading, installing and getting started with the app
[8], perceived user-concerns about data privacy (what kind
of data are being collected and at what frequency) [37, 53],
whether users fully understand and feel informed on what
passive data are being collected from their phones [32, 37],
ambiguity of study tasks, and overall likeability and usability
of the app.
In adapting interventions to a digital setting, researchers
and developers often attempt to create tools that look and
function exactly like original pen and paper tools, without
making use of the features and ease of use that technology platforms can offer [31]. By using models and theories
designed around infrequent points of contact, researchers
might also miss opportunities for better interventions [41].
Human Centered Design (HCD) can uncover opportunities, challenges, and concerns associated with long-term
participation in a remote digital health research, through inclusion of participants in the design or co-design of systems.
Prior long-term remote digital health research shows how
effective this approach can be [4, 9, 10, 43].
Using qualitative HCD methods, we build upon prior work
by including a diversity of perspectives from participants
with depression and through our contribution of participant
perspectives on issues raised in prior work: (1) Participant
needs related to burden [9, 43, 47] and engagement [2, 29, 32];
and (2) Privacy concerns and how to preserve privacy in
systems that rely on collecting personal data [29, 43].
Our contributions also include suggestions for researchers
developing a remote digital health study:
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the app supports before conducting a large-scale long-term
remote digital health study.
Therefore, we sought to address the following research
questions, where participants refers to potential participants
for a remote digital health study:
• RQ1: Design: How can design improve upon the delivery of typical remote study tasks to keep participant
burden low?
• RQ2: Engagement: What barriers do participants perceive to engagement in long-term remote digital health
research studies?
• RQ3: Passive Data: Do participants understand what
passive data are? What are participant perspectives on
sharing their passive data with researchers?
3

METHODS

To understand participant burden, engagement, and reactions to passive sensing, we conducted a qualitative interview study that drew from protocol analysis [14, 18] and a
phenomenological approach [33]. Thus, the interviews involved questions that elicited participant thoughts while
performing tasks on mobile app prototypes and questions
that elicited participant experiences and expectations for
using a research study app. For this study, we interviewed 20
participants to gain perspectives from a diverse population
representing people who would participate in a study that
aims to access depression remotely. This study was approved
by the University of Washington Human Subjects Division.
Recruitment

• Design the remote study and digital health app to balance participant burdens with research goals
• Support engagement by providing feedback on study
data
• Develop an educational consent process for passive
data collection

Participants were recruited from the Seattle area through
flyers on the University of Washington campus and medical
center as well as nearby Seattle neighborhoods. To be eligible
to participate in the study, participants had to be older than 18
years, use a smartphone (Android or iPhone), have clinically
significant symptoms of depression determined by Patient
Health Questionnaire-8 (PHQ-8) score ≥ 10 [28], and be
able to visit an off-campus site leased by the research team.
Additionally, as the Seattle area is not particularly racially
diverse [3], we sought to recruit participants in a stratified
manner to increase participation by Asian, Hispanic, and
African American minorities as well as keeping a gender
balance. Participants who completed the interview were paid
$60 for up to 90 minutes of their time.

RESEARCH QUESTIONS

Study Procedure

The aim of this study was to understand participant burden,
engagement, and reactions to passive sensing related to the
delivery of a remote digital health study. Through this understanding we sought to improve the design of a digital health
research app and to improve the design of the study that

At the start of the interview session, participants were told
that the purpose of the study was to inform the design of digital health application to support mental health and facilitate
a 12-week-long research study (see Appendix 1). Participants
were provided with a smartphone, on the platform they used
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regularly (either Android or iOS), for the duration of the
interview session; the phone had the designs loaded so they
could interact with the prototypes. All sessions were audio
recorded, with participant consent.
We designed the semi-structured interview protocol [42]
to address each of our research questions. RQ1 focuses on app
and study design. We asked participants to think aloud while
performing tasks using interactive mobile design prototypes
so we could elicit participant experiences and understand
attitudes towards app and study design [51]. Tasks were followed by questions to assess participant-perceived burdens
of the study design (e.g., how many notifications they felt
were reasonable to receive in a day) and to get feedback
about engagement with the app to address RQ2 (e.g., how
they felt about the app overall and feedback they have for
improving it). Lastly, we used designs of potential mobile
app screens as probes to generate discussion around passive
data to address RQ3.
These methods — think aloud, design probes, and semistructured sen to elicit participant thoughts, reactions, emotions, and feedback. The prototype designs gave participants
something specific to talk about and react to; this helped
guide discussions with participants and make them feel like
they were participating in something that would come to
life.

Part 1: Design Tasks, Burden, Engagement. The first half of
the interview session focused on assessing participant experiences with tasks that the app would deliver in the hypothetical remote study. This included the burden of completing
the tasks, their engagement with the app, and their expected
engagement with the study. Following Suh et al.’s dimensions of user burden, we considered burden as the emotional,
mental, physical, and time demands that computing systems
might place on the user [47].
Participants were asked to think aloud while completing
tasks on three mobile app designs of a digital health app
aimed at assessing depression remotely (see Appendix A).
The designs were presented in a random order, to counterbalance any effect of seeing one before another.
The first two tasks were a short ecological momentary
assessment (EMA) asking about the participant’s mood. We
asked participants to select from a list of options to describe
how their mood and then either to record a voice memo or
write a memo elaborating on how they are feeling. With two
tasks, participants experienced both the voice recording and
the written memo. The third task was a survey prompting
the participant to answer the PHQ-8 depression assessment
[28].
After participants completed the tasks completed, we asked
participants about points of confusion while capturing emo-
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tion, voice memos, notifications, and then solicited suggestions for the app and study design.
Part 2: Passive Data. The second half of the interview session
focused on collection of passive data. We used three screen
mockups to initiate and guide discussion about participant
understanding and attitudes towards passive data collection.
Participants were told that these were screens that the research team wanted to add to the research study app design
they had previously reviewed.
The first screen (Figure 1a) provided information about
passive data collection to participants: what passive data
are, and why the research team wanted to collect passive
data. After participants read this screen, we asked them to
describe passive data in their own words. The purpose of this
exercise was to assess participant understanding of passive
data based on a short description.
The other two screens (Figures 1b and 1c) were variations
of a settings page that listed a few types of passive data being collected with switches to allow participants to opt-in or
opt-out of them. The first of these screens listed screen time,
application usage, and GPS. The second screen allowed further adjustment of GPS subcategories (steps walked, weather
in your location, unique locations visited, and distance travelled from home). After seeing each screen, participants were
asked about their willingness to share data with the research
team and if they had any privacy concerns. The purpose of
these screens was to use a familiar construct to elicit participants perspectives on which types of data they would or
would not share.

Analysis
All interviews were transcribed using the transcription service Temi [48]. The first and second authors began with a
thematic analysis of the transcripts [5], developing a highlevel coding scheme based on our research questions. A random selection of 12 interviews were coded using this scheme
while also allowing for the development of inductive codes
as sub-themes to further develop the coding scheme to give
depth to the original codes. After these 12 transcripts were
coded, the research team felt that the codes were sufficient
to characterize themes related to our research goals. The
coding scheme was set. The first author revisited these 12
interviews to consistently apply the coding scheme and also
used it to code the remaining 8 interview transcripts. While
coding these last 8 interview transcripts, the first author
remained open to any new or surprising data. No changes
to the coding scheme were made, but the these interviews
did add perspective on existing codes and confirm existing
perspectives in the data.
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RESULTS

The first author conducted all 20 interviews in August 2018.
The interviews took place at an off-campus site leased by the
research team in a small and quiet room set up for the purpose of conducting one-on-one interviews. The interviews
were designed to take 90 minutes but ranged from 66 to 94
minutes (average: 74 minutes). Given the length, participants
were encouraged to take breaks as needed.
Participant Characteristics
A total of 20 participants who matched the inclusion criteria
were recruited for the study. Participants ranged in age from
19 to 76 years old (mean: 40), 11 were female (55%) and 9
were male (45%). They identified as Caucasian, Asian, Hispanic/Latino, Black/African-American, and more than one
race. Participant PHQ-8 scores ranged from 10-21 (mean:
14.5). Table 1 presents participant demographics.
Number of Participants
Gender (Female)
Age (mean)
Marital status
Married or Partnered
Never Married
Divorced
Separated
Widowed
Race/Ethnicity
Caucasian
Asian
Black/African-American
Hispanic/Latino
Choose Not To Answer
Years of Education (mean)
Employed
Medicaid
Income
<$20,000
20, 000−40,000
40, 000−60,000
60, 000−80,000
>$80,000
PHQ-8 Score (mean)

20
11
40

55%
sd=17

8
6
3
1
2

40%
30%
15%
5%
10%

11
4
1
3
1
16
11
3

55%
20%
5%
15%
5%
sd=3
55%
16%

7
6
2
1
3
15

37%
32%
11%
5%
16%
sd=4

Table 1: Participant Characteristics. In this table, Medicaid
refers to to the United States government program providing health coverage to eligible low-income adults, children,
pregnant women, elderly adults and people with disabilities
[19]. And, income refers to the annual household income for
the participants.

RQ1: Design: How can design improve upon the
delivery of these typical remote study tasks to keep
participant burden low?
In this section, we will describe potential opportunities for
researchers to increase participation in their studies by considering the needs and values of the participants while designing their studies.
Daily acceptable burden for mood assessments. Participants
anticipated that three study tasks a day would be too burdensome (P2, P5, P6, P13, P14), even where all tasks were
EMAs that took participants an average of 1 minute and
27 seconds. Participants instead suggested that one or two
tasks per day would be more reasonable (P2, P5, P6, P14).
In addition to feeling that the time spent on three tasks per
day would be burdensome, participants felt that three task
would be especially burdensome if the tasks were the same,
for instance if they were asked to rate their mood three times
per day. Participants did not feel their mood changed enough
during the day to warrant more than one or two reports (P5,
P13). The type of task required was also key to keeping the
perceived burden low. For example, participants felt that
having to write or record a memo as part of an EMA was
very burdensome (P1, P2, P11) because of the time and effort
required and the burden of voice recording (see the next
section). However, this burden may be different for participants who find a task meaningful to them or have more
flexible work hours (P14), or if participants felt the financial
incentive was great enough (P5, P17).
As for notifications from the study app, several participants indicated that they would be willing to receive 1-2
notifications per day, a few were willing to receive 3-4 per
day, and one participant said they wanted to receive only 1
notification a week. Additionally, participants acknowledged
that too many notifications would be annoying which would
cause them to delete the app (P1, P4, P5, P16).
In addition to preferences about the number of notifications, participants described preferences for notification
schedules and notification customization. For example, only
sending notifications in the morning and/or at night when
participants had downtime to do study tasks (P1, P2), sending notifications at random intervals within a pre-specified
time frame (P15), or allowing notifications to be snoozed
for an hour or longer (P16). Mainly participants wanted any
notifications to fit into their daily routine (P8, P12, P15).
These participant preferences suggest a remote study app
should limit the number of notifications sent and perhaps
support further notification customization.
Burden of voice-based assessments. 17 participants said they
would not use the voice recording feature in the research
study app. Their immediate reasoning was that they do not
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like to hear the sound of their own voice, but participants also
described practical reasons for not using this feature, such as
effort and cognitive burden. Specifically, P7 and P12 said that
they would need to sit and think for a few minutes before
recording to compose their thoughts and avoid mistakes in
voice memos:
I like getting the right words and so I don’t know,
sometimes it takes me a little while to think of
how I properly feel rather than just some people,
‘I feel down.’ I really like words that really nail the
exact feeling (P7).
I feel just a little bit more effort to say it out loud,
even though it sounds like it would be more effort
to type it. You have to really know what you’re
saying, and you have to be concise and say it like
all at once. But when you’re typing it you can take
time and pause and delete things and you don’t
have to like fully start over if you mess anything
up or whatever (P12).
For these participants, voice recording seemed like an unnecessary stress or burden, and potentially less useful for
their own reflection. As an alternative, participants emphasized the practicality of text memos (typed or speech to text)
compared to speaking. Participants also found voice recording problematic because of the inability to edit as you go, a
feature seen as useful in text memos (P6, P7, P12). Similarly,
participants thought text memos would be easier and quicker
to review than voice recordings:
I could see a little bit more use in typing out something than recording it because you could see it
quickly and easily if you typed it out verses recording it would be more effort to get that information
again (P11).
Despite the barriers, two participants said that they would
do voice recordings if it was required as part of a study, even
though they do not like recording and hearing their own
voice (P2, P15). These participants preferred speech-to-text,
so that they would not have to hear their own voice to review entries. Speech-to-text is a feature already available on
smartphones, and so standard input controls already support
it.
Participants further noted that they would be unlikely
to use speech input in public, while they can use text input anywhere. Researchers and designers should take into
account the need for privacy by making voice recording optional. They should also consider limiting the number of
voice-based tasks or be clear in the study consent process
about the voice-based tasks that are required and why voice
samples are needed.
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RQ2: Engagement: What barriers do participants
perceive to engagement in long-term remote digital
health research studies?
Participants expected both return of information (that researchers would share back the data they collected about
them) and for the app or researchers to provide them feedback to make sense of and act on the data. Participants also
considered return of information and feedback as more than
incentives for participation; they saw these features as necessary for sustaining their engagement.
I constantly need something to remind me why I’m
doing [the study]... I started this, why am I going
to continue doing this?...it’s like, I tried having
emotions toward [the study], but I don’t have any
emotions. I don’t care if I keep doing it. I don’t
care if I quit I’ll feel the same. So finding ways to
make it convenient and wanting to be able to do
it. That’s the biggest hurdle. Why should I keep
doing this when I don’t feel anything? (P16)
P16’s quote summarizes the challenge of designing a digital health app that keeps participants engaged in a remote
study assessing depression. Depression, the very symptoms
that the study hopes to collect, are barriers to engagement.
To overcome this, participants said that they need something
that makes them care about the app, so they will want to
return to it and use it.
Participants expect return of information. Participants made
it clear that they expected to have access to the passive data
that researchers collect about them. Thus, access to collected
data should be seen as a standard component of studies
involving passive data collection.
Participants introduced their expectation of return of information before we introduced it in interview. Questions
about return of information were discussed after all three
screens in Figure 1 were reviewed, but many participants became excited about seeing their data while reviewing screen
2 (Figure 1b). For example, when P5 saw screen 2, she started
discussing how interesting it would be to see her data and
how it could help her change her behavior or reinforce behavior that helps her:
Having something there that shows you, well, you
normally do these things on a good day, that could
be super helpful. [The app I use] also helped to
show me that exercise was improving my mood
because I thought it wasn’t. I hate exercising, so it
was like, this is doing nothing. It’s just a waste of
time. But then I saw, wait a sec, my mood actually
is improving. So I guess I got to keep exercising.
(P5)
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In this example, P5 was using an her own app (a commercial app with no association to our study) that convinced
her that higher levels of physical activity lead to her being
in a better mood. Seeing her data helped P5 see how exercising was helping her, and so, despite “hating” exercising,
she decided to exercise more because she came to see the
benefits.
Other participants also had goals for how they would
use their data if they were able to see it. P1 wanted to use
feedback on her total screen time as an indication of her
depression and when she needs to change her behavior. P14
wanted to use distance travelled from home to affirm her
successes in getting out of the house more and motivate her
to continue this behavior:
People spend a lot of time when they’re depressed
looking through Facebook or disappearing into
their phones. So seeing that I used my phone for
18 out of 24 hours, would you know, tell me that I
needed to stop (P1).
My weekly activity, if you guys track that, I would
tell myself, ‘oh good job,’ I went from staying home
all day to doing some other stuff. So it’s like motivating me to do more. So tracking this is for my
benefit for sure. So I am agreeing collecting this
information is for my best interests and making it
visible for me to go back to it and see it (P14).
These three previous examples illustrate situations where
return of information is beneficial. However, participants
also identified potential dangers of being able to review their
passive data, noting that overwhelming negative data, even
if it revealed something important, may worsen their depression:
I could imagine that if you are in a downward
spiral and you’re struggling to get out, knowing
all the negative information, like, ‘oh, you didn’t
go out today and the weather is bad and you’re
staying near home too much and you haven’t gone
anywhere new lately’. If I had a bunch of spiraling
downward information, I’m not sure if I would
want to feedback or if it’d be more benign to kind
of leave me in ignorance or what. (P2)
In addition to clearly negative data, there is also a risk of
participants assuming that correlation means causation. For
example, a visualization that shows participants their mood
in relation to the weather may appear to show that their
mood worsens with bad weather. This may or may not be
true, but a participant might assume that their mood is tied
to the weather and develop a negative attitude towards bad
weather that worsens their depression when bad weather
strikes.
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This caused some participants to say that they would not
want to see negative data, which aligns with previous work
by Meng et al. [31]. However, for some participants negative
data could motivate a beneficial change in behavior:
I personally would because sometimes you need
that kind of like concrete evidence to really motivate you to make a change. Um, and that I think
could be motivating for me even though it might
be hard to look at. (P5)
Feedback about depression symptoms was important to participants. Our designs did not present participants with feedback
about their depression symptoms. To our knowledge, this
is common in study designs: there is a separation between
research apps designed to assess depression and therapeutic
apps designed to help manage depression. Despite this gap
and lack of feedback in our design, participants made it clear
that feedback would be important for engagement with the
app in a future study.
Though participants were excited about the idea of contributing to science and technology that could benefit them
and others in the future, they felt that feedback about the
information they share with researchers would help them
feel that they are getting something out of the effort they
put in:
I mean because I mean if all it is going to do is
collect data, it has to do more than that and it
has me give you back the data in a way that’s
meaningful to you. Something that, that makes it
exciting (P8).
I assumed that they were going to take the data,
analyze, and then kind of give me feedback on,
‘oh, we noticed that when you do this, your mood
drops’ or ‘here’s some suggestions based on your
activity.’ Like I assumed that was gonna be part
of this. That’s my expectations if I was going to
do this (P2).
Participants had many suggestions about what feedback
would be meaningful to them. Ideas included feedback given
after a study task has been completed, a visualization of the
data being collected where they could see trends in their
symptoms, support for identifying triggers for their depression symptoms, and contextually appropriate cues to action.
Participants were more excited about visualizations and
trigger identification than simple feedback. P5 suggested that
a graph or other visualization that would help her see what
activities she does on a good day might help her focus on
those things on a bad day:
Since [the app I use] has all the different activities
I can include in there, it at least helps to kinda
correlate: what do I do on a good day? What kinds
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of things are making me happy? With depression,
it’s really easy to forget that (P5).
P14 took this idea further, looking for the app to suggest
activities based on her reported mood, the weather, and possibly activities she enjoys:
Based on your entry, the app could sense if it’s a
beautiful day or not. I don’t know if it’s going to
be interactive with the weather and stuff, but how
about suggesting going for a walk. On a rainy day,
...everybody has a neighborhood coffee shop that
can sit there and block your electronics and sit
there for hours with the book next to a fireplace
and you might see a neighbor, they can tell you a
story that puts a smile on your face, but sitting in a
home when nobody knocks on your door because
you’re not actually a social person since you’re
dealing with depression, you’re giving yourself an
opportunity to speak to other people and that’s
was the goal. Get out of the house (P14).
Providing feedback and supporting actions to take in light
of that feedback may give participants a reason to keep completing study tasks. Without that feedback and support, participants may be left wondering, “So what?! ” (P8).
RQ3: Passive Data: Do participants in remote studies
understand what passive data are? What are
participant perspectives on sharing their passive
data with researchers?
Interviews revealed that a short description of passive data
is insufficient for helping participants understand passive
data, that participants were willing to share most data with
researchers without a monetary incentive, and that participants valued transparency and choice in which data they
wanted to share.
Participants relied on the app’s description and examples to understand passive data. After reading a description of passive
data (Figure 1a), most participants exhibited an understanding of passive data that was grounded in the one example
we provided in the description: “what apps you use each day
and for how long.” For example:
It seems like it’s just your phone’s log of your activities (P12).
It’s going to monitor in the background what apps
you’re using, for how long throughout the day. So
you can kind of track if you’re playing games or
what you’re doing (P17).
Although participants understood that the study app would
track their phone usage (e.g., Facebook was used for 30 minutes), these participants did not expect that we would be
interested in GPS or other data until the next screen (Figure
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1b). Screen time was also not universally understood. For example, P14 understood it as an desire for study participants
who could spend a lot of time using the study app:
Screen time. A person who had a lot of time on
their hands would be the ideal person to use your
app a lot because he already has time devoted in
the day for that.
After reading the description we provided (Figure 1a),
three participants understood passive data and even researchers’
intended purpose for it:
It’s not asking for any particular user input in this
case, rather it is tracking what you do passively,
what you do on your phone in a passive sort of
behind the scenes sort of way in order to maybe
glean insights about particular phone habits that
could be indicative of things like depression (P15).
From this participant’s explanation, it is clear they understand the difference between active and passive data and
why depression researchers would be interested in passive
data collection.
The majority of participants relied on the examples to
ground their understanding of passive data collection, this
suggests that examples are important to helping participants
understand and make decisions about whether they are willing to participate. However, repeating back one or two examples, does not mean participants fully understand the concept
of passive data collection. To ensure participants are giving
informed consent, we suggest discussing with participants
all the types of data that will be collected, why, and how
they will be used during the recruitment and onboarding
processes. We expand on this further in the discussion.
Participants trust researchers with their data. Almost all participants were open to sharing their passive data with researchers. Only one participant (P19) had a strong reaction
and was unwilling to share her data. P19 said, “I don’t see
how it’s necessary, I don’t think this would tell you anything
about my depression,” and it made her “feel uncomfortable.”
On the other hand, P1 and P17 explained why they would
opt-in to sharing all the information represented on Screen
3 (Figure 1c):
I’d opt into all of them. I don’t see a problem with
it. As long as all that information isn’t like being
sold straight to someone else (P1).
Yeah, I mean these are all things I would probably
opt in. Almost every app I have has GPS enabled,
screen time, none of that really bothers me as far
as what you’re getting information from me (P17).
In these examples, P1 and P17 indicated that they are not
concerned with sharing their passive data. In this context, it
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Figure 1: Mock ups used to generate discussions with participants about passive data.

is possible that participants are not concerned because, as
other participants describe, they trust researchers with their
data:
I trust the researcher teams to like keep it confidential and stuff like that...the privacy would be
an issue in another context, but because this is
research, I’m fine with it (P2).
It’s just you want to trust that whoever is collecting
all this stuff and why they’re collecting it is for
benevolent things, Not malevolent things (P4).
So participants were comfortable sharing their data with
researchers, but would be less trusting of non-researchers.
For example, further elaboration by P2 and other conversations (P6, P13, P16), uncovered concern about how a corporate institution might use their data. Participants specifically
cited Facebook data sharing breaches [22] and Google continuing to track people’s location even after they turn off
constant location tracking [11] as examples of privacy violation and data misuse. These issues were current events at the
time the interviews were conducted. Though this may have
made participants in our study more skeptical of companies
tracking data with apps, they still seemed to have trust in

researchers. Recent research has also shown that participant
willingness to join remote research studies and share data is
tied to their trust in the scientific team conducting the study
including the institutional affiliations of researchers [38].
However, not all participants were willing to share all
types of data with researchers, even if they had trust in
researchers. Of the main types of data we discussed with
participants (application usage, screen time, and constant
GPS), participants were least willing to share constant GPS
because they felt it would be “creepy” (P6), “too intrusive”
(P8), or like someone would be watching where they are
going (P1, P4).
In the discussion, we further broke down GPS to four categories: steps walked in a day, the weather in your area,
unique locations you visit in a day 1 , and distance traveled
from home in a day. Of these four categories, participants
were more comfortable sharing steps and weather than sharing unique locations and distance traveled from home (P4,
P5, P6 P11). Participants were skeptical about sharing these
1 We

intended this to mean the number of locations a person visited in a
day, but participants interpreted this as the specific locations they visit (e.g.,
“work” and “the mall” rather than “2”). Participants felt more comfortable
sharing this data point when this meaning was clarified.
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types of data because these data types made them feel that
someone would know where they are or where they go (like
constant GPS).
Transparency and choice are important to reducing privacy
concerns in passive data sharing. Though participants trusted
researchers with their data, transparency and choice on what
data could be shared were found to be important in further
building trust and reducing privacy concerns overall.
All participants indicated that they want to know why
researchers want to collect each type of data. For example,
explaining that GPS data as a measure how often you leave
your home could help researchers better understand depression:
The GPS makes sense. Like if I’m staying in my
home all day or I’m, I’m walking in a park and
unique location, like some people think it’s stalking, like in the app will know if you went to the
museum or you went to the mall today. Some people just don’t want to be tracked... I have no problem. (P14)
Participants also indicated that they would be more likely
to share data if they had a choice in what was shared. For
example, participants preferred Figure 1c compared to Figure
1b as it allows more control over the types of GPS-derived
data (“features”) they could choose to share.
5

DISCUSSION

This study provides insights on potential ways to enhance
participant engagement in fully remote research studies, particularly studies that aim to enroll a depressed cohort and
gather frequent self-report data and continuous passive data.
Our findings can be grouped into three potential recommendations: (1) Ensure that study app tasks are designed
with minimal burden to participants, but can still support
researcher goals; (2) Support engagement by providing participants with feedback, visualizations, and action items based
on active and passive data; and (3) Be clear about what data
is being collected and why is it being collected.
Balancing participant burdens with research needs
In traditional ecological momentary assessment (EMA) studies, frequent assessment and reminders to complete surveys
are common, and participants may be asked to complete
as many as seven assessments a day [26]. Although these
methods have been fruitful in smaller scale survey studies, in
the larger, fully remote studies, these methods have yielded
inconsistent completion rates [46]. We suggest that one way
of facilitating completion of study tasks is for researchers
to balance the burden of study tasks on participants with
study’s scientific needs.
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According to our findings, the reasons for inconsistent adherence may be due to the mental, physical, or time burdens
[47] of completing these surveys. Participants in our study indicated that frequency, timing of EMA, and meaningfulness
would affect their willingness to complete a survey. Therefore, we recommend that researchers consider the number of
assessments their studies require, as our participants anticipated that more than three per day would be too burdensome.
Researchers should also consider the repetitiveness of daily
assessments.
Researchers should also consider the mental and physical
burden of voice-based assessments. Participants saw voicebased assessments as particularly burdensome due to privacy
concerns and discomfort with recording themselves. If collecting vocal data is important for a research project, the
researchers should consider: (1) Giving participants flexibility to complete voice-based tasks at times when participants
have more privacy; and (2) Informing participants about the
research need for these data and why these data should be
shared (see similar suggestions for passive data in the subsection below, “Informed Consent in Passive Data Collection”).
However, future work should further examine participant
attitudes towards voice-based assessments and access participant behavior when completing voice-based assessments in
the wild. We collected participant reactions to recording a
voice memo after responding to a EMA designed to collect
their current mood. Participants may respond differently
to another voice-based assessment or if they are presented
with more information about how their voice data could
be used. For example, research shows the promise of voicebased features as potential digital biomarkers for a variety
of neurological conditions such as depression [34], bipolar
disorder [15], cognitive impairment [27], and Parkinson’s
[23]. If presented with this information, participants may
feel more positively or be willing to complete voiced-based
assessments.
Supporting engagement through feedback
Our findings suggest that the key to keeping participants engaged is giving them a reason to keep doing the study tasks.
Particularly for people who are struggling with depression,
there needs to be something to remind them why they are
participating. Though this could take the form of a reward
through the study app, our findings suggest including a feedback mechanism will help participants stay motivated and
engaged with the study. Participants in our study expressed
expecting feedback. They felt that given the data they were
providing, they should get feedback about their condition or
at least be able to review their own data. Additionally, participants in our study were looking for feedback that would help
them understand the correlation between their behavior and
their depression symptoms. This is the same need expressed
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by student participants in the Meng et al. study for whom
the authors stated that “integrated behavioral targets” would
help them understand the same correlations [31]. Providing the feedback participants are looking for could increase
self-awareness and motivate behavior change [6, 20].
Researchers should also consider unintended consequences
of providing such feedback. It is difficult to provide humanin-the-loop personalized feedback based on data to hundreds
or thousands of participants in a remote study. Further, many
of these remote studies are designed to inform the creation
of algorithmic screening or feedback, and preliminary use
of such algorithms may lead to the wrong conclusions. Use
of algorithmic feedback could also cause frustration if not
designed for contestability [24]. We note that the community
has much to learn about how to design such feedback. For
example, negative feedback could be beneficial if it increases
self-awareness and produces a behavior change, but it also
comes with the alternative risk of being frustrating or even
dangerous for depressed participants.
Future work could address how to design and incorporate
feedback into remote digital health apps, including visualizations of participant data and suggestions for behavior
changes. Though designing and incorporating feedback is
challenging even beyond the potential unintended consequences, prior work has found that visualizations across
more than one data type are valuable to users and can be
used to identify opportunities for behavior change [5, 13].
Also, designing to support personalized feedback [40] and
goal-directed self-tracking [45] can help avoid common selftracking pitfalls (e.g., low motivation or self-efficacy) so that
the desired outcome is achieved.
In future work, researchers should also consider that providing any kind of feedback will be an intervention which
could conflict with their research goals. Additionally, research goals and individual participant goals may differ, and
any study that provides feedback must take into consideration that it is also providing a sort of intervention. However,
as our findings suggest that participants expect feedback
and that it may help keep them engaged, deciding not to
provide feedback may also be detrimental to study goals.
Therefore, future work should also consider if there is a way
to provide feedback without compromising research goals
or how research goals could be modified so that feedback
can be provided.
Informed Consent in Passive Data Collection
Our findings suggest that our app designs were not sufficient
to inform participants about passive data collection. To feel
confident that participants are able to give their informed
consent, our design would need significant iteration and
testing to be sure that participant understand what data
are collected and how they are collected (from phone-based
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sensors “continuously”). Furthermore, participants indicated
needing further transparency about why researchers were
collecting these data and having the choice to share select
passive data that they feel most comfortable in sharing with
researchers.
If for no other reason than ensuring a study is ethical,
participants need to be informed about what they are consenting to share [1]. However, in the case of passive data
collection, our results suggest that participants may need
more than a short description to truly understand the risks
to their personal privacy [25]. Repeating back the provided
example of what type of data will be collected is not an indication that participants understand why it is being collected
or how.
Therefore, in addition to reminding participants about
passive data collection when they first download a research
study app, we recommend including education about passive
data collection in the recruitment process, the reason each
type of data are being collected, and what sort of incentive
(monetary or informational) they will receive. To do this
effectively, researchers should design and test a script to
deliver to potential participants over the phone. Nebecker et
al. provide one example of working to ensure new research
practices are consistent with ethical guidelines and to inform
the informed consent process [36].
Based on our findings, we further recommend researchers
allow participants to choose, to the extent it is feasible, which
data types they are willing to share during the study onboarding. If a participant is unwilling to share data needed for the
study, then researchers should revisit the consent process as
it is likely better for that person to not consent to participate.
Additionally, these data sharing choices should be built into
the research app so that participants remain aware of the
data they are sharing with the research team. We make these
suggestions from the participant’s perspective, but flexibility
and control is also supported by the designers perspective.
Based on their work with mobile app developers and interaction designers, Vilaza and Bardram suggest giving users
control over the level of detail reported in addition to which
data will be shared [49]. They also suggest allowing users
the option to delete data. However, such control could complicate data collection and so researchers should consider
how to balance their needs for consistent data collection
with participant needs for transparency, privacy, and control.
Additionally, users often say they want more controls but,
in practice, they do not use them [16, 30]. This is a paradox
that should be considered here with privacy controls but also
applies to controls such as customization of notifications.
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note that while all screenshots are taken on an iPhone, all
three designs were also made for Android.
Design 1: “Brighten”
The first design participants saw was a fully functional mobile application used in a prior remote study for mental health
[2]. The research team aimed to understand opportunities to
improve this app for future studies.
The screenshots below (Figure 2) are representative of this
design.
Design 2: “Brighten Messenger”
The second design we called Brighten Messenger because
it was designed as if Brighten was a digital agent that messages you like a concerned friend and responds to the users
input. The user choices were also designed like text message
responses to maintain the messaging feel and show prior
interactions like a typical message history. The other notable
part of this design is the logo which was intended to look
like a rising sun, but participants thought it was a taco or a
beehive.
Note: This design is an interactive prototype created in
AdobeXD. This means that the user can interact with the prototype to complete the given tasks, but outside of those tasks,
the prototype may not function as the user would expect a
fully functional app to do. Additionally, the keyboard is not
functional in this prototype and so participants were asked
to speak what they would type when a keyboard appeared.
The screenshots below (Figures 3 and 4) are representative
of the design. To interact with the prototype used in the study,
visit this link: https://tinyurl.com/brighten-messenger.

Overview

Design 3: “Re-Brighten”

As described in the Study Procedure, participants were told
the purpose of the study was to inform the design of Brighten,
a mobile application to support mental health and facilitate
a 12-week-long research study, and that we were looking for
their open and honest feedback. To elicit better reactions and
feedback from participants, we wanted them to work with
real or interactive designs. Design 1 is the baseline, while
Designs 2 and 3 were re-designs of Design 1. In the study
protocol, Design 1 was always shown to participants first,
then Design 2 and 3 were shown. However, Design 2 and 3
were not always shown in order. Design 2 was shown first
to half of the participants and Design 3 was shown first to
the other half. This was to eliminate any bias of assuming
the last design shown was the best. Additionally, Designs 2
and 3 were assigned names so that participants did not think
that “Design 2” was meant to be better than “Design 3” or
vice versa. Within this appendix, we provide screenshots of
three different designs that participants used so that readers
may have better clarity about the study procedures. Please

The third design we called Re-Brighten as it was intended to
be a simplified re-design of the original Brighten. The key
ideas of this design were 1) To give users better context for
what tasks they needed to do as part of the study through a
dashboard, and 2) To improve the design of EMAs like the
mood question and longer surveys like PHQ-8.
Note: This design is an interactive prototype created in
AdobeXD. This means that the user can interact with the prototype to complete the given tasks, but outside of those tasks,
the prototype may not function as the user would expect a
fully functional app to do. Additionally, the keyboard is not
functional in this prototype and so participants were asked
to speak what they would type when a keyboard appeared.
The screenshots below (Figures 5 and 6) are representative
of the design. To interact with the prototype used in the study,
visit this link: https://tinyurl.com/rebrighten.
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Figure 2: Three sample screens from Brighten Messenger (Design 1: “Brighten”).
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Figure 3: Two sample screens from Brighten Messenger (Design 2: “Brighten Messenger”).

Figure 4: Two more sample screens from Brighten Messenger (Design 2: “Brighten Messenger”).
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Figure 5: Three screens from Re-Brighten (Design 3: “Re-Brighten”).

Figure 6: Two more sample screens from Brighten Messenger (Design 3: “Re-Brighten”).
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