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Abstract
Passively sensing daily behaviors is a promising approach for digital
phenotyping as it helps precisely record mental health challenges
continuously and unobtrusively. While the selling point of the pas-
sive approach is its seamlessness, we argue that this very quality
makes it impersonal, untrustworthy, and disengaging. In response,
our ongoing study explores a seamful approach, allowing users
to interact with their data and influence the underlying models
of their mental health. We developed DYMOND, an interface that
integrates users into the passive-sensing pipeline, enabling them to
configure the model through configurations. Our formative study
involves users monitoring their depression and collaborating with
experts to contextualize mental health models to their needs. This
research aims to prototype human-in-the-loop pipelines that pro-
tect user data, provide agency, and increase transparency, fostering
a collaborative form of digital phenotyping.

CCS Concepts
• Human-centered computing→ Empirical studies in ubiq-
uitous and mobile computing; • Applied computing→ Law,
social and behavioral sciences; Psychology.
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1 Introduction
For people facing behavioral mental health challenges, passive sens-
ing presents a new way to leverage their smart devices to generate
data that might complement clinical visits and, thus, provide greater
insight into their state [18]. This approach provides an opportu-
nity to automatically, continuously and unobtrusively collect large
volumes of multimodal data over long periods because it is seam-
less—requires negligible effort from users who continue their daily
routine. Yet, long-term adherence to passive sensing tools for behav-
ioral mental health remains a challenge. One of the barriers to the
adoption of—and compliance with—these tools is a user’s inability
to engage with the unperceivable monitoring and inference, which
further leads to concerns of privacy, trust, and lack of interest [23].
To mitigate the usability barriers and ethical tensions arising from
the impersonal nature of seamless sensing, our study explores a
seamful approach to passive sensing for digital phenotyping.

We explore a paradigm where users have the opportunity to
interact with their data once it is generated so that they can dic-
tate changes upstream to model their health risks. To this end, we
developed an interface called DYMOND (DYnamic MONitoring
for Depression). This interface situates the user further into the
typical passive-sensing machine-learning pipeline by inviting them
to evaluate and configure the underlying ML model through con-
figurations, or “seams”. This process helps qualify the otherwise
data-centric algorithmic estimation of their mental health and high-
lights several unseen factors that traditional sensing ignores. We
are conducting a formative study where people with recent experi-
ences of depression are passively monitoring their mental health
in-the-wild, and they periodically collaborate with domain experts
to interpret and contextualize the model of their mental health.
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The study positions us (i) to characterize users’ varying pref-
erences for abstracting their passively generated behavioral data
with configurations or “seams”, and (ii) to inform the design of
tools through which users can articulate these preferences back
to the digital phenotyping systems . Our findings will help proto-
type novel human-in-the-loop pipelines for digital phenotyping
that protect users’ data, provide more agency, and increase trans-
parency. We envision that our findings to enable new automatic
and interactive feedback loops between patients, developers, and
clinicians to support a collaborative form of digital phenotyping of
behavioral health with passive data.

DYMOND extends the idea that digital phenotyping is patient-
centered when patients are the “ultimate gatekeepers” of their
data [9]. We interpreted this directive beyond simple user consent.
Instead, we want to study how users can dictate the way their data
is modeled by AI. This article will exhibit the DYMOND dashboard
and present our collaborative passive-sensing research process to
elicit further discussion on human-in-the-loop digital health.

2 Background
Passive sensing for digital phenotyping has shown promise in sup-
porting anxiety-related disorders [11], depression [24], and, more
recently, for substance use [4]. While patients find value in getting
digital insights with negligible effort [17], typical approaches to
sensing struggle to retain patients as these are less personal, less in-
telligible, and more invasive [2]. Once a patient consents to data use
in digital phenotyping, they have little clarity onwhat happens with
their data next. The underlying machine-learning algorithms might
model unreliable data or even capture sensitive context [14, 21].
These limitations stem from the “top-down” approach of digital
phenotyping where clinicians’ and developers’ assertions super-
sede the patient’s preferences [15]. Users of these systems foster
anxieties of uncertain self-presentation in data, which is further
muddled with the tension of compromising their privacy [1]. The
lack of agency not only raises ethical tensions, but also questions
the utility of personalized monitoring.

Patients are known to discontinue treatment when they experi-
ence lack of trust, connection, and mutual respect between them-
selves and clinicians [3]. Existing digital phenotyping paradigms
neither give patients any feedback on how their data will be mod-
eled, nor do they give patients an opportunity to give feedback to
the model. One way to mitigate this is by moving the patient closer
to the locus of control for their data [8]. But, how might systems
actually facilitate such an interaction? Recent studies show that
users of passive sensing can gain better insight into their health
when they see explanations of how a digital phenotyping model
works [12]. Similarly, visual progress tracking of behaviors can
improve patient compliance [25]. Our method, DYMOND aims to
go one step a step further, where patients will not only view their
data, but they will be able to participate in how the model learns
from their data.

A metaphor for our approach is an emerging clinical practice,
where patients and clinicians collaboratively document the visit
notes to increase transparency and in turn improve patient trust
and adherence to treatment [19]. To implement such an interaction,
we borrow the design concept of “seamfulness” [5] to enable users

to define boundaries, constraints, or “seams” around their data
and the inference model and, thus, gain more agency. As a result,
DYMOND takes a “bottom-up” approach to learn how users might
want to present themselves for digital phenotyping.

3 Method
We recruited participants for a 6-week study to collect passive
sensing data. The study consists three two-week periods, each
interleaved with check-in sessions for users to collaborate with
researchers and interact with DYMOND. We leveraged the open-
sourced data-collection platform AWARE framework [7] to build a
smartphone application to passively record users’ physical activity,
locations, and phone usage. Additionally, participants received a
Garmin wearable to help DYMOND retrieve users’ sleep patterns.
At the time of writing, we have recruited 25 people, 11 of whom
have already completed the study. Our recruitment criteria required
users to possess a smartphone and have screened for moderate or
severe depression based in the past two weeks (≥ 10 on PHQ-9
[13]).

The study involves different aspects of passive, active, and col-
laborative monitoring of a users’ mental health:

Full study (passive): Participants continue their daily rou-
tines while our data-logger records their activity.

End-of-day (active): Participants complete an Ecological Mo-
mentary Assessment delivered via the phone app to report
their depression (PHQ8 [16]) and affect (PANAS [22]).

Morning (active): Participants reviewDYMOND’s depression
level estimate (for past days), their behavior patterns, and
journal their reflections on how DYMOND is correctly (or
incorrectly) representing their depression severity.

End-of-period (collaborative): Researchers interview partic-
ipants at the end of two-weeks to understand their journals
and assist them to configure DYMOND for the next period.

3.1 Technology probe to highlight models’
seams

DYMOND is essentially technology probe testing users’ preferred
data configurations for algorithmic estimation of depression. It is
intended to understand users, not to accurately forecast depression.
Estimates for the first 2 weeks are based on a heuristic model that
derives feature weights and values from existing research [10, 24],
for example, +ve: phone unlock at night is indicative of high depres-
sion levels; -ve: healthy sleep or walking at morning is indicative
of low levels. For later weeks, the heuristics were personalized to
participant data collected from the first two weeks. Notably, DY-
MOND is less confident in predicting high levels of depression, but
more confident in predicting low levels. Moreover, DYMOND only
estimates depression for past days, so that users can evaluate its
effectiveness by comparing it to their self-report.

We drew from prior work [6, 20] to design a prototype data-
visualization dashboard. This dashboard has 3 key components:

Behavior visualization: The online dashboard shows past be-
havioral patterns, DYMOND’s estimation of depression, and
user’s self-reported estimates (right pane in Figure 1). We
opted for a minimalist visualization that uses a string of dots
to represent each activity across three epochs of the users’
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Figure 1: DYMOND allows users to retroactively evaluate how digital phenotyping models might represent their mental state.
(Right pane) A minimalist visualization for users to view how DYMOND estimated their depression and how they behaved
on those days. (Left pane) For the latest day, DYMOND explains the rationale behind its estimate. In this particular example,
DYMOND’s estimate did not match what as self-reported by the user—denoted by the yellow dot on the visualization and the
self-reported “high” label on top of the insights.

day (“late night/ earlymorning”: 12am–8am; “daytime”: 8am–
4pm; “evening”: 4pm–12am). The top row simply indicates
how DYMOND estimated the depression level of the user. A
yellow dot is used to signify days when DYMOND’s estimate
did not match the users’ report.

Insights and journaling: To elicit participant reflection, DY-
MOND provides insight into how user behaviors contribute
to their estimated depression. These insights are based on
DYMOND’s heuristic model. GPT4o articulates the top fea-
tures in the form of natural language (left pane in Figure 1).
Participants can reflect on this information and journal how
the model might be (mis)interpreting them (Figure 2).

Configuration panel: The configuration panel can be accessed
every two-weeks under the supervision of a researcher. This
panel allows users to configure DYMOND’s tracking to bet-
ter align with their actual behavior. In the current iteration,
users only have the option to select certain activities that
DYMOND should ignore when estimating their depression.
Subsequent estimates will reflect their configurations.

3.2 Collaboratively defining seams
Every two weeks, participants check-in with researchers over a
virtual interview. This session involves two segments:

Understanding user needs and personalizing configura-
tions: We use the visualization and journal notes to surface which
elements of their experience the model is ignoring, misinterpret-
ing, misrepresenting, or even overemphasizing. These 1-on-1 semi-
structured sessions help guide participants to define configurations
to make DYMOND’s model align better to their actual behavior. In
additon, it also emphasizes the limitations of the current probe and
highlights the needs that we need to design for.

Co-designing new affordances for configurations:Arguably,
our probe only allows a limited means to interact with the model
or teach it. To elicit new means to improve configurations, we
conduct a co-design exercise with participants. In each check-in,
we only focus on one of the three components of DYMOND. Prior to
the interviews, the authors brainstormed and designed alternative
interfaces of different aspects of DYMOND. When this segment
begins, we show these variations to participants to invigirate their
thoughts. They are tasked to come up with 2-3 designs of their own
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Figure 2: DYMOND purposefully invokes the user to fre-
quently note and express where they disagree with themodel
or how the model might be incomplete.

through rapid prototyping. Then, they describe and expand these
designs with the researchers’ suggestions.

We repeat this interview process over multiple weeks to provide
participants opportunities to revise their configurations as the app
gathers more data. After 6 weeks, we conduct an exit interview
to learn about participants’ overall experiences in co-designing
the configurations and their vision of an interactive interface that
balances the seamless nature of passive sensing with a seamful
human-in-the-loop approach.

Our initial working assumption is to allow 3 kinds of constraints
in increasing level of granularity: (i) limiting specific sensors, (ii)
limiting certain features within a sensor, and (iii) limiting periods
when a feature is computed.

4 Expected Outcomes
Through our study, we aim to learn where digital phenotyping of
personal mental health fails, in other words, where do its seams lie.
We will operationalize common patterns in the choice of configura-
tions between participants, and also highlight discrete variations
unique to participants. For instance, we will characterize the moti-
vations behind configurations, are they based on privacy (data is
sensitive), reliability (data is not tracked correctly), utility (data is
not correctly associated with depression state), or something else?
We will also chart how users’ configurations evolve over time. Even-
tually, we hope to arrive at an ontology to abstract passively-sensed
behavioral data and align it with the needs of a patient.

Figure 3: DYMOND provides affordances for users to person-
alize the model by configuring it. This probe only allows
granularly enabling and disabling certain features, but it
seeds the idea of potential new interactions.

Additionally, we aim to compile a set of practical guidelines to
design interactions that help users navigate these seams in digital
phenotyping.Wewill study participants’ experiences in understand-
ing, conceiving, and articulating constraints through our prototype.
The artifacts produced by the co-design activity will aid us in de-
termining opportunities to design interfaces or workflows that can
scale over large patient pools without overburdening experts.

5 Conclusion
Our study emphasizes the importance of user engagement and data
transparency in advancing human-centered digital phenotyping,
particularly for mental health. By integrating users into the data
collection and analysis process through the DYMOND interface, we
aim to address many implicit concerns of existing passive sensing
paradigms. This work is a step towards making digital health more
interactive, transparent, and responsive to individual needs.
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