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Digital Phenotyping of Mental Health (DPMH) through passive sensing is a promising approach for personal health informatics
and digital wellbeing. Its appeal lies in unobtrusiveness, making it appear seamless. However, this very quality leads users to
find it impersonal, untrustworthy, and disengaging. To counteract challenges of seamlessness, researchers propose seamful
design to deliberately engage users. Yet, it remains unclear how this principle can be incorporated into digital phenotyping.
To address this, we conducted a formative study by developing DYMOND. It is a technology probe that estimates depression,
explains estimates, reveals discrepancies, and provides user control over the underlying model. In a 6-week deployment, 22
individuals with moderate-severe depression monitored their state with DYMOND. They interviewed every two weeks with
researchers to collaboratively reconfigure the model and co-design new interfaces. Our analysis of 57 sessions revealed (i)
seams—friction points—across data, modeling, and output, and (ii) design requirements helping users evaluate and mitigate
seams. These findings inform the design requirements for human-in-the-loop DPMH to support agency, transparency, and
collaborative reflection. This study provides insight into theoretical re-conceptualization for passive sensing, opportunities to
integrate large language models and human-AlI interaction for better interfaces for digital mental health, and pathways to
involve expert stakeholders in DPMH.
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1 INTRODUCTION

For people facing behavioral mental health challenges, recalling their experiences during clinical visits (or
therapy) can be limited and daily journaling can be burdensome. A compelling means to complement these
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pieces of information is by passively sensing human behaviors through their digital technology, known as digital
phenotyping [44]. So far, digital phenotyping of mental health (DPMH) has shown promise in fostering
continuous, unobtrusive, and automatic monitoring of mental health outcomes like anxiety, stress, depression,
and substance use disorders [10, 23, 47, 105]. Large volumes of multimodal data (e.g., sleep, mobility, exercise,
screen time) can be monitored over long periods to infer a user’s mental state [26, 70, 76, 108]. By design, DPMH
systems are intended to be seamless. These quietly gather high-fidelity naturalistic data as users continue their
daily routines. Although algorithms continue to advance, even when trained with hundreds of data-subjects over
several years and with sophisticated models, DPMH struggles to perform [66, 108] and generalize [70]. Despite
over a decade of research in DPMH, the needle has barely moved [44, 66]. Unlike passive sensing of physical
phenomena (e.g., sleep tracking and glucose monitors), DPMH systems indirectly approximate their target—user’s
mental state—based on subjective and complex ground truth [23, 98]. For instance, one depressed individual
may sleep more when depressed, while another has trouble sleeping. Similarly, a depressed individual may want
more rest but their work schedule forces them to stay active. When deployed, the imperceptible monitoring and
unintelligible modeling of DPMH can lead to lack of trust, and lack of motivation [79], which in turn leads to
reduced adoption, compliance, and adherence [11, 37, 101, 102]. DPMH users are often left with little clarity and
stifled in self-determining care [1, 31]. As a result, existing seamless DPMH systems are rarely in the position to
engage individuals enough for personalization.

By contrast, personalization, customization, and configurability are known to improve engagement in personal
health informatics tools [48, 97]. We posit that the seamlessness needs to be complemented by seamful design [12].
This principle aims to reveal seams, which are logical points to demarcate the scope of a system and in turn guide
users to appropriate the system meaningfully [43]. Users will encounter friction even in well refined systems,
such as a high-performing DPMH model, because one-size-fits-all systems seldom exist. Consider DPMH as an
infinite fabric woven into a user’s daily routine. Seams are the stitching lines — they reveal where the fabric
might fray, but also where a user can tailor it to fit.

In machine learning applications, an analog of seamful design is human-in-the-loop (HitL) user flows that enable
users to customize systems based on personal intent even after deployment [9]. Unlike traditional participatory
design, which involves stakeholders at the prototyping phase, these approaches propose interactive machine
learning where users can “proactively teach” everyday intelligent systems about their (non-)preference during
regular use [55]. However, these methods are not directly transferrable to DPMH because of several limitations
in prior work. First, seamful design and HitL literature focus on systems with explicit friction points (e.g.,
poor network coverage zones [12]), which are handled by experts. Users of DPMH systems are neither mental
health clinicians nor data scientists, due to which the friction is far less legible. Second, user interaction is only
investigated in task-specific ML applications (e.g., tumor detection) [9]. DPMH systems work continuously, are
task agnostic, and often infer something about the user and their identity, as opposed to helping them complete
a task. Last, the evidence of friction in everyday intelligent tools is based on retrospective accounts [55]. Most
challenges for DPMH are situated within a user’s daily routine that involves a naturalistic loop of data collection
and inference. Even though calls for centering human needs in DPMH continue to grow [1, 25, 101, 113], we still
witness a gap in practically implementing interfaces to support user control.

In traditional care, patients periodically reflect and renegotiate how they are being diagnosed and treated. How
might this happen in DPMH systems? Elegantly integrating seamfulness can provide users an opportunity for
similar recalibration of DPMH tools. However, training a DPMH system is expensive, takes a long period of time,
and involves significant human resources. This reality makes it impractical—and possibly, unethical—to deploy
an interactive DPMH tool at scale without foundational knowledge of the design space, user intentions, and
user burdens. To mitigate this barrier to design, we need to identify what types of friction users in DPMH
encounter, and how they can configure DPMH to overcome this friction with minimal burden. For this,
we designed and deployed a DPMH system for daily depression estimation as a technology probe [42]. Probes are
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not designed for comparative experiments, and are artifacts deployed in natural user settings to gather formative
design insight through qualitative synthesis that is needed to design systems better. The method has strong
precedent in Ubicomp research [30, 57] and has again gained renewed prominence in IMWUT studies focused on
personal health informatics [16, 67]. Our system, DYMOND (DYnamic MONitoring for Depression), lets users
scrutinize how the estimation model is using their passive sensing data to estimate their mental state, and also
gives them an interface to adjust aspects of the underlying model. As a technology probe, DYMOND is neither
intended to accurately forecast depression, nor does it promise seamful design. Instead, the probe surfaces
conditions to elicit situated user feedback about their experience with a DPMH. This probe was directed
to gain a foundational understanding of seamful designs in DPMH by answering the following research
questions: [RQ I —What are the seams in DPMH for estimating depression? [RQ II]—How do users want to
navigate the seams of DPMH?

Much like conventional DPMH systems, DYMOND collated multimodal data from users’ smartphones and
wearables to algorithmically model a user’s depression level. We focused on depression as it is co-morbid
with other concerns like anxiety and substance use [33, 64] and has drawn significant attention in DPMH
research [46, 105, 108], but has shown little evidence of involving end-user interaction. Furthermore, depression
manifests in heterogeneous ways [32] that vary by unique lived experiences. Uniquely, our system situated users
deeper into the DPMH loop by (i) explicitly disclosing discrepancies between the model’s estimate of depression
and what the user reported; and (ii) providing users an opportunity to modify the features being used by the
underlying algorithm. We deployed DYMOND with 22 individuals, who screened positive for moderate—severe
depression. Each participant used our probe for six weeks, and regularly assessed DYMOND for discrepancies.
Every two weeks, we conducted collaborative evaluation sessions to make sense of the system’s limitations
and guide them in configuring DYMOND’s features. Through our investigation, we make the following key
contributions to design human-in-the-loop DPMH:

e Theoretical -Identifies Seams in DPMH (RQI, §4): Seams in DPMH exist throughout its pipeline,
encompassing the input (data seams), the processing (modeling seams), and the output (outcome seams).
The naturalistic probe helped highlight and subvert the assumptions underlying these systems. These
seams equip stakeholders with shared vocabulary to describe the friction in the system as epistemic and
not merely technical. Our taxonomy promotes researchers to rethink the roles and paradigms in passive
sensing (§6.1).

e Practical—Designs to Navigate Seams in DPMH (ROII, §5): Users were motivated to identify errors
and appropriate these systems, but face barriers of cognitive burden, limited controllability, and lack of
expertise. To mitigate these challenges, we derived six design requirements (DRs) from co-design artifacts.
Furthermore, we discuss how these DRs guide user-centered development of DPMH that synergizes its
seamless and seamful aspects (§6.2) for improved personalization with minimal data-work.

Our technology probe, DYMOND, helped longitudinally inspect user experiences with a DPMH system that
not only collects their data, but actually estimates their mental state. This led us to produce one of the first papers
to amplify and anticipate how users want to leverage DPMH tools in their everyday life.

2 BACKGROUND

DPMH has been described as “moment-by-moment quantification of the individual-level human phenotype in
situ using data from personal digital devices” [78]. This umbrella term describes approaches to passively leverage
behavioral traces from ubiquitous everyday technology (e.g., smartphones and wearables) to understand social,
emotional, and cognitive states in free-living conditions!. DPMH presents an important step to patient-centered

IThroughout our paper we use the term “DPMH” to refer to passive sensing-enabled DPMH. Other forms may leverage data sources that are
not passively collected, e.g., electronic health records.
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care [93] by providing users with unique insight into their health. DPMH has shown promise in supporting
anxiety-related disorders [47], depression [105], and substance use [10]. The value proposition of DPMH is that
users can get continuous digital insights with negligible effort compared to daily journaling and frequently
responding to extensive surveys [89].

2.1 Perils of Seamless DPMH

Passive sensing is automatic, portable and can remain always-on [21]. After all, gaining insights for low user
effort implies greater adoption [104]. Patients in clinical settings have expressed willingness to use DPMH to
enhance their care [89]. However, this assumes that passive sensing is a seamless method that “just works” in
the background. In actual deployment, typical approaches to passive sensing struggle to retain users [37, 102].
Meta-analyses of depression applications indicate a dropout rate of 47.8% and daily engagement of only 4% [100].
The systems can be unobtrusive to a fault, and be perceived as less personal, less intelligible, and more invasive [2].
Therefore, despite the best intentions, the core design feature of DPMH—passive collection and modeling of
data—also gives rise to its core design limitation.

2.1.1 DPMH is Distinct from Other Forms of Passive Tracking of Behavior. Since the conception of the quantified
self movement [53], digital tools for personal tracking have become commonplace (e.g., step counters and glucose
monitors). DPMH, however, often goes beyond simple counting or measurement. This process collects different
kinds of data—often representing indirect relationships to the target of interest (e.g., sleep to infer stress)—and
algorithmically models these data to estimate a complex psychosocial states that are often non-trivial to label
for training [98]. The data pipeline for DPMH involves a sequence of abstraction which can make it ambiguous
for users to understand how the estimate was derived from the initial data [23]. The barriers to readily adopt
DPMH is not purely about functionality, but related to nebulous semantics. Unlike standard activity trackers,
users struggle to just setup and forget [25, 55, 100]. While modeling continues to improve [66, 70], by overlooking
these user experiences we risk building monitoring that lack practical meaning and become difficult to verify.
Research on HitL machine learning inspires our study [9] but does not sufficiently support DPMH. These systems
involve very different data streams (activity tracking), different life-cycle of deployment (continuously in the
background), and different users (non-experts who are also data-subjects). To address this, we studied experiences
with DPMH systems through a longitudinal deployment of DYMOND because it situates user perspectives in
naturalistic practice of evaluating algorithmic estimates of one’s mental state.

2.1.2  Current DPMH Lacks Methods for Users’ Configurations. Mohr et al. note the challenges in DPMH stem
from its “top-down” design, where clinicians’ and developers’ assertions supersede the patient’s preferences [73].
Consequently, users foster anxieties of uncertain self-presentation through the DPMH model [1]. Not only does
the system fail to represent users’ lived experience in their data, but the system also fails to provide an opportunity
to remediate. Users have an underlying urge to self-determine their care and this supports their wellbeing [31].
However, their ability to actually exercise control on their health is often influenced by the technology that
tracks it because it represents “socio-material arrangements, which offer different capacities for actions” [77].
Participatory design to involve users in the development of the system [101] is a step towards capturing user
perspectives, but it still leads to a rigid design. Predefined health tracking approaches are known to hinder agency,
but instead, supporting individual preferences in an interactive manner improves mindfulness and meaningful
engagement [3]. It also respects users’ continually changing behavioral dynamics [28]. Our technology probe,
DYMOND, was designed to allow fluid customization that accommodates users’ continually evolving everyday
experiences.

2.1.3 Control in DPMH is Fundamental to Engagement. We know from traditional care and treatment settings
that patients are more likely to discontinue treatment when they experience lack of trust, connection, and mutual
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respect between themselves and clinicians [4]. These issues have been shown to create hesitation in seeking and
continuing treatment for depression [60] and substance use disorder [34]. Considering that DPMH systems are also
positioned as instruments for care, the lack of control a user has on their data can demotivate continuous usage.
Existing DPMH paradigms neither provide any feedback on how user data will be modeled, nor do they give users
a medium to give feedback to the underlying model. To mitigate this problem, Gronvall and Verdezoto suggest
moving the user closer to the locus of control for their data [35]. Conceptually, this is a sound recommendation,
but how might systems practically facilitate such an interaction? DPMH systems emerged from the need to
reduce user burden, and expecting excessive user control can make mental health monitoring exhausting. Hence,
as a technology probe, DYMOND created conditions for users to envision interaction paradigms for DPMH by
giving them an opportunity for configuration.

Recent studies on DPMH show increased attention to its inherent challenges [6, 49, 112, 114] and have started
to grapple with solutions to these perils through an aesthetic lens [7] and through refined model engineering [69].
Our research extends prior efforts by considering the perils of seamlessness as a design opportunity
itself. This study distinguishes itself by investigating the conception and design of an alternative DPMH system
by considering its interactive elements, underlying mechanisms, and naturalistic context.

2.2 Seamfulness in Passive Systems

Instead of trying to make DPMH work seamlessly, say, by trying to improve algorithmic accuracy, our study
embraces the contrasting concept of seamfulness. Chalmers describes seams as points that account for the
“finite and physical nature of digital media” [12]. Their research showed that despite making many algorithmic
improvements to a spatial database for cell network coverage, the users had to adjust to many errors and
uncertainties in the system. Moreover, users learned to navigate the bounds of the technology (e.g., choosing not
to make phone calls in areas they know have weak cellphone coverage). The seamful approach accounts for the
seams of a digital system by “deliberately revealing” them to the user so that they can be used flexibly [12]. Since
the conception of seams, Inman and Ribes have argued that seamlessness and seamfulness are complementary, not
contradictory ideas [43]. According to them, seams indicate some point of variation in how a user uses a system
and how they change their lives outside the digital context visible to the system. Driven by these studies, we
posit that DPMH tools are also appropriated, but to make such systems robust to adaptation, we need
to understand how users adapt. An unobtrusive system is hard for users to adjust to because its discrepancies
are unclear. Carter and Mankoff stated that “implicit sensing can be too unobtrusive” and users of such tools will
“desire hooks allowing them to control” the sensors monitoring their behaviors [11]. Identifying the seams of
DPMH and opportunities to leverage them could help users find a balance between passive sensing and flexible
control. Thus, we designed DYMOND to illuminate the uncertainty in DPMH to then learn how users adjust
their interaction with the system.

The seams of DPMH can also be viewed as agential cuts [114]. According to this concept, users have limited
agency on the data they produce as it is constantly entangled with their ecology. This leads to cuts or logical points
that separate real-world factors from the target outcome (e.g., depression). For instance, in menstruation tracking
apps the (ir)regularity of users’ cycles is a type of agential cut that explains the misestimate of menstruation
cycles [114]. Similarly, the heterogeneity of user goals for migraine tracking presents another such separation
between a user’s experience and the capacities of the system [86]. These studies call for the need to take stock of
varying experiences and goals by supporting user appropriation to adjust to uncertainty. Seamful design is a way
to do this [12, 43], but we have little to no knowledge on the seams in DPMH. Instead, we look towards other
studies of uncertainty and appropriation in passive sensing to formulate our investigation. Yang and Newman’s
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study of smart thermostats shows that for users to adapt to a system’s limits, the system should support exception
flagging (users should notice and articulate errors) and constrained engagement (users can input without being
overwhelmed) [109]. We followed this recommendation to study DPMH in practice through a system that
probes for seams to lay the foundation for seamful design.

2 user008 F] Dashboard ® Resources [+ LogOut
< DYMOND Insights 2/15/2025 Feb 9, 2025 - Feb 15,2025 v
: Key
Self-Reported Risk: High Digital Phenotyping Model: Low
~ Depression level estimate Data tracking turned off
@ Late Night/Early Morning @® Daytime
Evening Discrepancy between model and self-report

Hello user008, Based on the observations, your potential risk of
depression is low. Please keep in mind that this assessment may not be @ No self-reported risk (EMA not completed)
accurate to how you actually feel, and is simply an observation of your

i S Depression Level @
activities. Here are some insights from DYMOND:

Sun (02/09) Mon (02/10) Tue (02/11) Wed (02/12) Thu (02/13) Fri (02/14) sat (02/15)
N\ N\
Activity Insights . -
View Journal View Journal View Journal View Journal View Journal View Journal View Journal

: : Q Distance Traveled (meters) @
Q Moving around a lot during the afternoon

8:00 AM - 4:00 PM

It seems like you might have been quite active during this period. *—o o © *—o e © *—o P —
Physical activity can sometimes be a sign of engagement and

energy, which might be a positive indicator.
& Unlock Duration (hours) €@

om Waking up early o e e o *—o *—e [ S @
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This might suggest that you have a regular sleep pattern or that & Unlock Count @
you were motivated to start your day early. Consistent sleep
patterns can sometimes be associated with better mood

regulation. ® ®
o o ° o [ o °
@ Vehicle Duration (hours) @
a Not being on your phone as much during the morning
12:00 AM - 8:00 AM
This might indicate that you were less engaged with your phone e e *—@ *—o *—o *—@ [ e

and possibly more focused on other activities. Reduced screen

time can sometimes be linked to better mental well-being. % Running Duration (hours) @

Fig. 1. DYMOND allows users to retroactively evaluate how DPMH models estimate their mental state. (Right pane) A
minimalist visualization showing 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. When DYMOND’s estimate did not match
what was self-reported by the user it is denoted by a yellow dot.

3 DYMOND: ATECHNOLOGY PROBE FOR SEAMFUL DPMH

Users’ lived experiences vary, and therefore, monolithic DPMH systems can be incompatible with diverse
situational contexts. One way to involve users is through Participatory design (PD) [62]—iterative development
of a system through several workshops. Relying on PD alone would still produce a fixed artifact that does not
allow user involvement after deployment. Alternatively, a seamful design can be represented through HitL
approaches [29, 82], which accommodate new user experiences by allowing them to debug and update the system
when needed. However, to build such a system assumes users have sufficient knowledge of the design space.
For DPMH, this knowledge does not yet exist — we do not know where users encounter friction, what they are
capable of configuring, or how much burden they can sustain. Thus, to design such a system, we need to first
identify what users need to adapt to (RQI) and how they try to adapt (RQII). Following Inman and Ribes [43], to
get a deeper understanding of seams, we designed DYMOND as a technology probe [42] to make explicit certain
embodied or implicit assumptions of DPMH.
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Table 1. DYMOND Features with directional contributions by epoch. Epochs: Late Night/Early Morning (00:00-08:00),
Daytime (08:00-16:00), Evening (16:00-24:00). (+) adds to depression score, (—) subtracts from score.

Category ‘ Features

Running Duration: Late Night/Early Morning (—), Daytime (—), Evening (—)
Physical Activity Walking Duration: Late Night/Early Morning (+), Daytime (—), Evening ()
Stationary Duration: Late Night/Early Morning (), Daytime (+), Evening (+)

Vehicle Duration: Late Night/Early Morning (—), Daytime (-), Evening (-)

Commute Behavior Bicycle Duration: Late Night/Early Morning (—), Daytime (—), Evening (—)

Location Behavior ‘ Distance Traveled: Late Night/Early Morning (+), Daytime (—), Evening (—)

Sleep Patterns ‘ Sleep Duration (+), Sleep Start Time (+), Sleep End Time (+)

Phone Usage ‘ Unlock Duration: Late Night/Early Morning (+), Daytime (—), Evening (+)

Unlock Count: Late Night/Early Morning (+), Daytime (+), Evening (+)

Technology Probe: DYMOND is a technology probe [42]—a working tool to reveal user experiences through
real use. DYMOND takes inspiration from probes like Pearl [51] (a tool to reflect on automatically logged work
behavior data) and MigraineTracker [86] (a user-configured self-tracking tool). DYMOND distinguishes itself by
focusing on algorithmic estimation of everyday mental-health outcomes (depression) with passively collected
data. Some recent studies have used similar approaches in mental health, but they have either focused on probes
to study explanations [56] or interventions [40, 58]. By contrast, DYMOND is the first probe centered around
interacting with the model itself.

System Outline: DYMOND augments traditional DPMH by exposing uncertainty in the system and allowing
users to correct it. At its core, it leverages a passive sensing platform to gather and interpret behavioral data.
Additionally, it includes a dashboard for users (i) to view their data, (ii) to learn DYMOND’s interpretation of
their mental health, and (iii) to configure the data they provide to DYMOND. This section elaborates on the major
technical components of our prototype, the underlying passive sensing platform, and our investigation protocol.

3.1 Passive Sensing Platform

The core of every DPMH system is a passive sensing platform that captures multiple streams of activity data and
processes them into behavioral features. We leveraged the data-collection platform developed by Mishra et al.,
which has been deployed in a variety of DPMH studies [59, 63, 72, 95] collecting over 100,000 person-days of
passive sensing data. This smartphone application passively recorded users’ physical activity, locations, and phone
usage. Additionally, participants received a Garmin wearable to help DYMOND retrieve users’ sleep patterns
(through the accelerometer and heart rate). Our choice of features was informed by prominent DPMH studies
focused on depression monitoring [105]. The iOS application used the SwiftUI kit for the Ul and also incorporated
the Garmin Health SDK for real-time data access to the Garmin wearable. The backend data management server
was built using Flask and MongoDB. The server also maintained the custom preferences for each unique user.
Thus, we could customize the notification schedule for completing daily surveys and reviewing the dashboard
based on participants’ sleep schedule. At regular intervals, the app syncs data back to the server over WiFi and
flushes it from the local storage of the iPhone.

3.2 Depression Estimation Model

Ideally, health monitoring in free-living should be deployed with pre-trained machine learning models. However,
standard DPMH models rarely generalize between cohorts and even require retraining within similar cohorts [70].
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An alternative would be to first accumulate training data for several weeks to personalize to the user [56]. Yet,
this time constraint leads to a cold-start problem where users have no interaction opportunity with our probe at
early stages of participation, risking disengagement. Moreover, DYMOND needs to help users assess depression
estimates, but standard machine learning approaches often require post-hoc interpretability (e.g., SHAP or
LIME). Even if we aggregate enough representative data to train such models, explaining these models rarely
provides actionable insight to non-technical end-users [20]. Instead, although linear models sacrifice performance
for transparency [68], their explanations do not involve “complicated decision pathways”, making them more
usable [83]. Given the lack of appropriate standardized models to adapt, we opted to design a domain-grounded
heuristically weighted model. This helps balance the practical constraints of depression monitoring with the
aims of the technology probe. Howe et al. used a similar method to probe stress monitoring and interventions in
free-living [40]. We determined the features (and initial weights) for DYMOND to mirror standard features from
prior DPMH studies that approximate nomothetic correlations of clinical symptoms of depression described in
the DSM-5 [46, 75, 105]. For instance, phone unlock at night contributes additively towards the depression score.
Alternatively, healthy sleep or walking in the morning reduces the score. Table 1 lists all our features and their
valence contribution. For initial deployment, features were standardized based on the sample distributions in the
Dartmouth dataset [76]. After collecting 14 days of data, DYMOND would scale the features as per the users’
distributions. DYMOND’s feature weights were refined to get the best results on the Dartmouth dataset. Our
initial model was more confident in estimating low depression level than high (Negative Prediction Value of
76.8%). However, overall, the prediction accuracy was only slightly better than chance (55.3%). While it may seem
that sophisticated models can be more accurate, recent analyses of multiple DPMH algorithms in the GLOBEM
datasets show that the ceiling of model performance is not notably better than random (maximum accuracy rarely
exceeds 0.57) [108]. Therefore, the uncertainty of our probe is comparable to the state-of-the-art. The inaccuracy
also favors our intention to examine friction in DPMH, as “purposeful malfunction” [54] is a valid method to
steer users to deeply evaluate systems. Thus, our probe was robust despite the performance, because DYMOND
only estimates depression for past days, reveals inaccuracies, and translates feature heuristics to the users.

n
DYMONDy, = Z Wi Zig (1)
i=1
where z; 4 = fud = i (2)
Oj
Dartmouth dataset if d < 14
Hi, 0i =

®)

User’s data ifd > 14

3.3 Dashboard Components

To pursue seamfulness, Inman and Ribes recommend making certain seams in a system visible to foster discovery
of new seams [43]. In other words, we designed DYMOND such that implicit and overlooked aspects of DPMH
were intentionally more pronounced to the user, and to learn how they would adapt, we designed affordances for
configuring the model to align with their needs. It contained three primary components *:

(1) Behavior visualization: First, we wanted to make users’ own behaviors and deviations in captured data
more legible. Recognizing our users are not DPMH experts, we considered a minimal visualization approach
derived from previous studies on behavioral data exploration [15, 27, 96], particularly emulating Das Swain

2Built on Vue.js and Node.js
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et al.’s multimodal data-walkthrough visualization [27]. The dashboard’s central section graphically de-
scribed users’ behaviors, DYMOND’s depression estimation, and user self-reported estimates (right pane
in Fig. 1). The top row indicated DYMOND’s depression level estimates: high (red upward arrow) or low
(green downward arrow), available only for past days with collected data. A yellow dot signified when
DYMOND’s estimate mismatched users’ self-reports. Subsequent rows visualized major features using
dot strings representing each activity across three daily epochs (“late night/early morning”: 12am-8am;
“daytime”: 8am-4pm; “evening”: 4pm-12am). Horizontally spaced dots in different blue shades had vertical
positions based on deviation from the model’s mean (above-mean values placed higher).

(2) Insights and journaling: Second, we wanted to surface the scope of the underlying model so that users
can rationalize how and why the estimates diverge. We drew from Kim et al.’s MindScope study that showed
detailed explanations were the most preferred way to understand models [56]. Explanations nudge users
to recall past events and encourage visual data exploration [15]. A panel of insights accompanied the
daily visualizations. We leveraged GPT-40 [41] to articulate, in natural language, the top features that
contributed to the estimated depression level (left pane in Fig. 1). DYMOND captured users’ in-the-moment
reflections through a journaling text-input (Fig. 2) by prompting them to consider how the system might
be (mis)interpreting their mental state.

(3) Configuration panel: Finally, we wanted to inspect the feasibility of providing users with agency and
learn how to design for the actions they would like to take on encountering friction. After evaluating
DYMOND’s efficacy, users had the option to change which data the model should consider going forward.
End-user selection to track personal health data has been typically restricted to self-reported data [86].
We extended this notion to passively collected data for mental health monitoring. As an initial seed into
seamfulness, users could toggle certain features (at the epoch level) for DYMOND to exclude from, or
include in, its estimation model. To prevent unintended and uninformed tinkering with the model, we
restricted this panel under an administrative lock. Therefore, the configuration panel could only be accessed
under the supervision of a researcher.

Expert Iteration and Ethical Design Considerations. To refine the design of our probe, we conducted
interviews with four domain experts who have extensively published research in DPMH broadly and their exper-
tise covered sub-domains including health informatics design, end-user data evaluation, health data interaction,
passive sensing, and data privacy. Their early feedback drove us to design an interface that was less “data-dense”
and more human-centered. For instance, early versions showed discrepancies through an exclamation symbol,
but experts steered us to a less alarming notation. Through their input, we not only made DYMOND more
user-friendly as a probe but also established information guardrails to ensure we consider ethical needs. We
included tooltips in the interface to provide deeper information on features. We modified our GPT-40 prompt to
be easily comprehensible and concise without being patronizing. Experts also urged us to represent the system as
a memorable entity to remind users that it is a “co-performing agent”. Akin to Yoo et al.’s pie-like mascot [113]
and Kim et al.’s color-changing bubble [56], throughout the design, DYMOND was represented by a vibrant
heart-shaped diamond icon. Importantly, we embedded a "resources" page with information for emergency
mental health facilities and provisions that were readily accessible through DYMOND. The overall design was
finalized after a two-week internal pilot study.

3.4 Study Design and Participants

Consistent with technology probe methodology [16, 30, 42, 51, 57, 67, 86], this study does not employ a control
condition — formative probes are designed to generate design knowledge, not to evaluate comparative efficacy.
DPMH studies can vary in length and can span anything between a few weeks [40, 56, 71], to several months [13,
26, 84, 105], to more recently even years [76, 108]. Most of these studies are completely passive. By contrast, we
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interpreting differently than expected? Why?

o Biking Duration Hide
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4 &, Stationary Duration Show
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Changed Settings Why did you make these changes?
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Epochs: Epoch 2,

Fig.2. DYMOND purposefully invokes the user to frequently
note and express where they disagree with the model or how  Fig. 3. DYMOND provides affordances for users to person-
the model might be incomplete. alize the model by toggling certain features.

expected that DYMOND required a lot of active engagement from the users to elicit rich formative insights. This
form of data-work would be difficult to sustain over a long period of time, which is why we designed a 6-week
study for our probe. This section elaborates on the study protocol, recruitment, and analysis methods.

3.4.1 Study Protocol. The study was divided into three two week periods. Three periods allowed personalization
of passive data within each [56], while enabling us to observe whether users maintain or iterate configurations
across check-ins. Fig. 4 outlines the participant expectations through different aspects of our study: (a) Full study
(passive): Continued their daily routines as DYMOND recorded their activity (§3.1). (b) End-of-day (active):
Completed an Ecological Momentary Assessment via the phone app to report their depression (PHQ-8 [75])
and affect (PANAS [99]). Each daily item of PHQ-8 was modified to begin with “In the last day...” to capture the
inter-day variability in symptoms as has been shown in prior work [75]. Similarly, the PANAS was administered
with instructions to reflect on “today”. (c) Morning (active): Participants reviewed DYMOND’s estimate (for
past days), their behavior patterns, and journaled their reflections on how DYMOND correctly (or incorrectly)
inferred their depression level. (d) End-of-period (collaborative): Interviewed with researchers through a
check-in at the end of two weeks to reflect on their journals and configured DYMOND for the next period.

3.4.2 Collaboratively Evaluating and Defining Seams. An emerging clinical practice in mental health care is
collaborative documentation of visit notes [94]. This method involves both patients and clinicians in preparing the
written artifacts, thus, promising increased transparency, improved patient trust, and better treatment adherence.
We applied this same metaphor to conduct check-ins with participants so that DYMOND’s future behavior was
informed by users’ own experience along with consultation with domain-experts (us, researchers). The check-in
comprised two segments:
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Understanding user needs and personalizing
configurations: Using a semi-structured interview

script, we triangulated insights from the DYMOND’s weers  Onboarding Study

dashboard, the user’s journal notes, and the user’s re-

called experience. This sensemaking encouraged users ~ "*** Study CheckeIn
to share additional points of friction—apart from model berod s

accuracy. At the end of this segment, we guided users _ Study

to define configurations by toggling features.
Co-designing new affordances for configura- Week 4 Study Check-In
tions: Arguably, our probe only allowed rudimentary

means to explicitly appropriate DYMOND. To illu- Period 3
minate new approaches, we conducted a co-design Week 5 ]
exercise. Each check-in focused on co-designing one

of the three components of DYMOND (§3.3). We had Week 6 ]

prepared some initial seed designs—static prototypes

showing alternative interfaces—to trigger brainstorm- Passive DataLogging  Self-Report

ing (Fig. 5)°. First, we presented participants with the

concepts behind the seeds. Then, participants were

tasked to come up with 2-3 designs through rapid pro- Fig. 4. Participant commitment to the study involved passive
totyping. They were encouraged to use any material ~data logging and active reflection.

or method available to them (written notes, doodles,

or digital annotations). Researchers did not interfere at this stage. Finally, they presented their designs back to us,
and we discussed modifications and combinations of these designs. Over the three check-ins, we were able to
ensure each participant had an opportunity to redesign each component.

3.4.3 Recruitment and Participants. We recruited individuals in the U.S. through Meta ads, between October 2024
and April 2025. The initial screening had two major criteria: (i) participants were required to possess an iPhone
and have access to a laptop or desktop; (ii) participants must have moderate-severe depressive symptoms over
the two weeks preceding the enrollment (> 10 on PHQ-9 [61]). We excluded participants at risk of suicidality.
Those who scored > 0 for item-9 (about self-harm) of the PHQ-9 were directed to complete the Columbia-Suicide
Severity Rating Scale Screener (C-SSRS [80]). They were excluded if they scored moderate or high risk based
on the C-SSRS*. A phone interview verified demographic eligibility and fluency in English, during which we
administered the MINI [90] to confirm a current depression episode. The final screener was an address verification
via post. The 22 participants that successfully onboarded are described in Table 2, along with a full demographic
overview, including age, gender, race, and PHQ-9 scores at enrollment. Fig. 7 shows how their daily scores varied
across the spectrum. Admittedly, the participant pool was dominated by the female gender (81.8%), but these
proportions correspond to other studies on depression monitoring [75]. Participants were compensated through a
flexible and progressive incentive structure where they could earn up to $150 as a gift card. The sensing platform
was instrumented both in-person and remotely. During onboarding, participants were informed of the data and
corresponding features for depression monitoring. Their task was to scrutinize how the model represented their
depression. All check-in sessions were conducted and recorded over Zoom. The entire study was approved by the
IRB of the first author’s institute. Our safety protocol monitored survey responses, journal entries, and interview
behavior to off-board participants if their mental health deteriorated. We also took into account their behavior
and responses during interviews. According to our protocol, if participants’ data indicate extreme mental distress

30ne of the researchers has a background in clinical psychology and was involved in preparing the initial seeds
4If excluded, we did not provide participants a precise reason, and instead shared several mental health resources
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contributors to their mental-health outcome.

Fig. 5. Three of ten lo-fi seed prototypes we used to initiate the co-design activity with participants. Other seed prototypes
can be found in our supplemental files.

(e.g., expressions of self-harm), we would first contact them and confirm their ability to participate further. If
severe, we would direct them to local facilities or emergency services.

3.5 Thematic Analysis

The participants successfully completed a total of 58 check-in sessions. One recording was corrupted, leading
to 57 transcript sessions available to inspect. We followed Braun and Clarke to perform inductive coding and
dissect user experiences over the course of the study [8]. Three authors independently and iteratively coded
the same 10 transcripts through open-coding. Each transcript was sourced from a different participant, and the
transcripts were evenly distributed across the three check-ins. During this initial batch, the coders regularly
synchronized to converge their codes and agree on new codes. Using this initial codebook, the first author coded
a majority of transcripts (51%)—which were verified by other coders, and the second and third authors coded
the remaining 13 transcripts—which were verified by the first author. Through this method, the first author
studied every transcript, while every user’s experience was vetted by at least two authors. The coding process
involved careful inspection of transcripts, notes logged in DYMOND, and co-design artifacts (Fig. 6). While the
transcripts reflected participant perspectives, experience, and opinion, we contextualized every account with
empirical data. Therefore, the interview responses were anchored around the actual behaviors sensed and the
depression estimates of DYMOND, thus providing naturalistic grounding to subjective evaluations. Moreover,
the journal entries provided insight into participants’ impression of DPMH in-the-moment and independent of
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Fig. 6. Design exercise results showing user-created sketches for different interface components: configuration settings,
insights presentation, and data visualization. Additional examples have been included in the supplementary materials.

the interview context. Additionally, these data were then aligned with the participants’ co-design artifacts. The
open-coding resulted in 180 codes, which we affinity mapped using Miro. Apart from merging similar codes, we
also filtered out codes that fell outside the scope of our research questions. To answer our RQs, we oriented the
remaining 147 codes into interrelated high-level themes. First, to address RQI, we organized themes describing
friction or variation from expectation across different points in the DPMH flow, e.g., data seams. Then, to address
ROQII, we organized themes related to actual user engagement with the identified seams and attempts to modify
DYMOND, e.g., barriers to evaluation. Finally, with these clusters in place, we identified our themes (primarily
from our co-design sessions) to define design requirements for future DPMH systems.

Reflexive Considerations: The values and situated identities of the authors shape this study [5]. The lead
and senior authors have substantial experience in advancing DPMH research. One author has the necessary
clinical background to construct this study with appropriate safeguards. We acted as “critical insiders” [14, 25]
who are in the unique position to holistically assess the technical and human-centered aspects of this study.

4 RQI: IDENTIFYING SEAMS IN DPMH: POINTS OF VARIATION, AMBIGUITY, AND
UNCERTAINTY

Seamfulness aims to make seams “explicit resources of interaction”, such that users are aware of the unevenness
and can, therefore, adjust aspects of the digital context (e.g., personalization of the DPMH tool) and their non-
digital context (e.g., interpretation of the DPMH estimates) [12]. The DYMOND probe did this in a limited way
(revealing inaccuracy and allowing adjustment of features), but it elicited a richer space of seams across the
DPMH pipeline. We organized our findings around three phases of the DPMH pipeline: input phase (data for
depression), processing phase (modeling an estimate), and output phase (outcome of estimate).
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Table 2. Participant PHQ-9 scores on enrollment, and the data streams they toggled during check-in sessions.
NB/TG: Non-binary/Third Gender, AA: African American, DND: Did not disclose

Epochs — ® Late Night ~ ® Daytime Evening. e Superscripts indicate session number where the feature was toggled.

ID | Gender | Age Race PHQ-9 Configurations

P01 | Female | 20 White 20 ———ww | stationary_duration ®! ! !

P02 | Female | 51 Asian 23w | sleep 2, biking_duration @3 @3 @3

P03 | Female | 24 Asian 21  wmwemm | running_duration ! o!

P04 | Female | 21 White, Asian | 10 ==

P05 | Female | 21 Blackor AA | 17 = biking_duration e! @1 o!

P06 | Male | 25 Asian 12 =

P08 | Female | 23 White 18 = stationary_duration ®2 o! unlock_count @3
@3 o3

P09 | Female | 32 White 14 = sleep 2, running_duration ! @1 o1,
stationary_duration ®! ! !

P10 | NB/TG | 23 White 1M =

P11 | NB/TG | 48 White 16 =

P12 | Female | 20 White 12 =

P13 | Female | 27 Asian 10 =

P14 | Female | 22 Asian 12 = unlock_count ®% ®2 ©2 unlock_duration ®2

P15 | Female | 31 White 23 mmewmm | distance_traveled ®! @1

P16 | Female | 26 White 11 =

P18 | Female | 43 White 11 =

P19 | Female | 26 Black or AA | 18 = running_duration @! e!

P20 | Female | 25 White M - stationary_duration ®!

P21 | Female | 24 DND 19 = vehicle_duration ®!, running_duration ®2,
biking_duration ®! ®! ®1 unlock_duration @1,
stationary_duration ®2

P22 | Female | 24 White 22—

P24 | Female | 25 White 10 =

P26 | NB/TG | 31 White 1T =

4.1 Data for Depression
First, we describe seams in the input phase.
“[DYMOND ] can say that I'm not depressed because I'm moving around a lot in the afternoon. But that’s because I went to

the grocery store and the laundromat, and I wasn’t having pleasure or interest in doing those things. It’s just I have to do
these things to, you know, function in my life” — P08

Much like P08, P03 mentioned that her running may not be positive. Or, P22, who used her phone a lot to make
work calls, not because she was depressed. This section elaborates on such imperfect data representations of
users, which we refer to as data seams.

4.1.1  Missing Personal Context. The first check-in usually revealed that some anticipated behaviors simply did
not occur for a user. ‘T don’t know how to bike”, said P14 when trying to discern why DYMOND considered it
important. She was unclear if no biking would make it appear she was not exercising enough. P22 and P24 also
expressed this issue with biking. Strictly speaking, DYMOND’s data would show that these users biked zero
hours a day. In most models, exercising reduces the likelihood of depression [105, 107], so lack thereof could
lead to false positives. Meanwhile, others found vehicle duration to be irrelevant to them as they used public
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transit (P05, P16, and P18). Another cause of missingness was problems in the sensing instrumentation. Consider
P13, who could not use the Garmin because the strap caused her skin to react. In turn, DYMOND read her sleep
as zero. Similar instrumentation issues restricted P11 and P12 from sharing wearable data. Unlike behavioral
irrelevance, instrumentation failures produced real blindspots in capturing user activity. Taken together, our
seam highlights that it is non-trivial to distinguish a zero reading from a null value.

4.1.2  Misaligned Personal Context. On viewing their
data, many raised an issue regarding the fidelity of
DYMOND?’s contextual data streams. Participants de-
scribed the data as “basic” (P09), “superficial” (P02), and
“not hundred percent realistic” (P24). For some, this was
a resolution issue. P15 wanted DYMOND to qualify
her sleep, “How I feel is so closely tied to whether or not
I’ve got a good night’s sleep.” P02 wanted DYMOND
to distinguish restful sleep from “nightmares”. This
lack of resolution extended to other data. P14 was not
sure if DYMOND captured all physical activities, and
P15 knew that DYMOND was not considering “deep
breathing” as an exercise. This seam shows that feature
data on the surface blurs the nuanced constituents of i
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a behavior. Phas Score
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“ You could hypothetically be running for a long time

and still feeling really bad that day, or kind of the oppo-  Fig. 7. Distribution of daily PHQ-8 scores self-reported by
site, you get a really good day where you’re watching  participants across the six-week study (N=22). Each bar repre-
movies or doing something pretty stationary... So maybe  sents the count of daily reports falling within that score range,
that’s just hard to capture some of that nuance based showing that participants’ depression levels spanned the full
on what is the nature of the experience” — P12 spectrum rather than clustering at a single severity level.

A key concern of people like P12 was that the data did not embody the role of the activity. Users actually
considered certain activities healthy, but DYMOND related these to depression. Most studies indicate that phone
usage late at night indicates a higher likelihood of depression [105, 107]. However, P01 relied on her phone to fall
asleep on time and, in turn, feel better. Alternatively, P09’s lack of phone use was mischaracterized as her feeling
fine. The burden of being a primary caregiver did not afford time to leisurely use a phone. “It’s telling me, ‘you’re
not in your phone that’s great!’, but I'm doing something that’s kind of worse.” Another mischaracterized behavior
was stationary time. P10 and P11 experienced some chronic pain that made physical movement detrimental to
their mental state. Instead, P11 described staying in place as “restorative”. Therefore, this seam further reveals the
lack of considering mitigating behaviors. As such, this seam captures two compounding failures: lack of nuance
within a behavior, and normative assumptions that do not hold across users’ lived contexts.

4.1.3 Constrained Personal Context. Across users, we found that activity does not imply agency and, therefore,
may not be meaningful to determine mental states. “There are other people in my life making me do things [...]
forcing me to not act on things that I feel” said P13. We learned that constraints arose from various sources. This
seam illuminates the constraints on one’s behavior by noting additional observable or reportable phenomena.

“Speaking as someone who works rotating day and night shifts, maybe sometimes I'm working night shifts. But then I'm
awake during the day on my days off.” — P04

A piece of information that DYMOND lacked was a user’s routine. P04 felt her unique work schedule made
her activity rhythms an outlier. P01 noted that on days with schoolwork, she might appear depressed. And P19
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Fig. 8. DYMOND’s mean prediction accuracy across all participants increased over the study. Grey vertical lines mark
check-ins; the model was personalized after day 14 of data collection. Accuracy reflects the proportion of days where
DYMOND’s binary depression estimate matched the participant’s self-reported PHQ-8 outcome.

had low phone use on days she worked multiple jobs. In fact, work- and school-related influences on behavior
were echoed across multiple participants (P11, P12, P15, P16, and P22). This seam underscores real ecological
dynamics that influence the sensing data more directly than a user’s mental state.

“Homeland security showed up on campus, like the watch is not going to be able to track that. But that’s something that
was a very stressful experience that affected my mental health that day” — P24

Unlike the routine factors, unforeseen external events may also influence user behavior. P24’s experience on a
university campus was an extreme case of this. Other externalities included a bad test score (P14) and breaking a
mobile (P12). On deeper inspection, we learned that a core unforeseen factor mediating mental health was social
events. This could be as innocuous as “someone saying something in a certain way” (P01), as indirect as “my partner
having a bad day” (P16), or as bleak as close relations passing away (P09, P15). Thus, this seam also explains
short-term changes in user behavior due to anomalous events in a user’s life. Therefore, constraints could emerge
from persistent routine factors that systematically shape behavior, as well as unpredictable anomalous external
events that can only be reported retroactively.

4.2 Unpacking the Depression Model

Digital phenotyping models tend to be black-boxes for end-users. Sometimes, this might be desirable to achieve
seamless systems that “just work”. We purposefully designed DYMOND to challenge this assumption by presenting
users with more transparency into the model (§3.3).

“ I've not felt good this entire weekend. And that is what the data is showing. So I think over time it has gone more accurate.”
— P03
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Echoing P03, Fig. 8 shows that accuracy improved after the first check-in. This was around the time that
DYMOND’s model would personalize to the user’s data, and the first set of configurations would be set in. Yet,
DYMOND also often made mistakes. We learned that users scrutinized the algorithmic estimation, regardless of
accuracy, and found ways to use it despite its precision. These hurdles are described as modeling seams.

4.2.1 Accuracy Perceived as Trivial. Even the correctness of DYMOND involved friction as users expressed
reservations on reliability (P03, P05, P10, P12, P14, P16, P18, P20, P21, P22, and P26). Naturally, some felt “validated”
(P16) or “reaffirmed” (P20) when the estimates were correct. Others, however, remained critical about the accuracy.
“T was feeling kind of fine overall, so the model just happened to be correct”, said P13, who had the notion that
DYMOND was only accurate when she was not depressed. P06 felt that on the days DYMOND correctly estimated
high-depression, “the symptoms are evident enough that even without looking at the model I would have known”.
This seam highlights that despite correctness, users might remain unconvinced of the utility of a DPMH.

4.2.2  Inaccuracy Perceived as Inevitable. A number of participants mentioned DYMOND’s inaccuracy in at least
one check-in (P01, P04, P06, P08, P09, P10, P11, P13, P15, P18, P22, and P24). Consequently, they wondered if a
nebulous concept like depression can ever be objectively estimated.

“I'm super depressed. I never become hostile, or I never move slowly, so people can’t notice. Some of those questions just
don’t apply to how my depression comes out.” — P24

Users like P24 realized that the ambiguity in the model emerged from methodological challenges in estimating
subjective constructs like depression. P18 thought that the ground-truth data (self-reported PHQ-8) led to a
limited portrayal of her mental state. She contrasted DYMOND as a tool that observes the full day, but the
ground-truth is attenuated by the time of day she completed the questionnaire. Users’ preconceived notions
also mediated their trust in the model. P22 was concerned about any model that could inform health decisions.
And P09 got suspicious of DYMOND’s eventual accuracy because it was initially inaccurate. In fact, users like
P09, P04, and P06 could not fathom how their interaction, without the guidance from a clinician, could lead to
improvements. This seam highlights that users’ attitudes towards depression modeling can make them hesitant
to engage with better DPMH models as well.

4.2.3  Ambiguity Perceived as Useful. Interestingly, users found utility in the model beyond its accuracy.

“I'would say (DYMOND) has helped me to remember what could have happened that day and what could have contributed
to me feeling lower, and with that I'm able to kind of explain better to a counselor or somebody I trust if I'm able to reach
out to them. I can better explain in detail why I'm feeling this way.” — P01

P01’s quote indicates that engaging with the model can equip users with important vocabulary to describe
their depression. DYMOND reminded P12 that her mental state was linked to her physical behaviors, giving
her hope that she can change in the future. DYMOND’s model was “a piece of the story and not the entire story”
(P24) to understand their depression. Any estimate provided by the model, accurate or not, was only viewed as
partial information. For P14 and P16, on days DYMOND classified their depression risk to be high, when they
reported otherwise, they could still justify how the classification explained some aspects of their day. The seam
demonstrates that uncertainty can serve a reflective purpose, which is not accounted for when DPMH systems
are over-corrected for diagnostic verdict.

4.3  Outcomes of the Depression Classification

For users to continue providing data to DPMH, they need to perceive value in the system. However, typical
systems only provide a classification, which can be reductive. The outcome seams present a multitude of ways in
which users were in tension with the value of their mental health classification.
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4.3.1 Lack of Plurality. Much like prior DPMH studies [108], DYMOND leveraged the Patient Health Questionnaire
(PHQ) as ground truth to make a binary classifier that indicates depression risk as high or low. Our participants
were familiar with the PHQ and what a high score would mean (> 10). Yet, they found it hard to calibrate the
severity of DYMOND’s estimate in relation to their feelings. P03 wanted to know if she was doing better than
the previous week, whereas P19 wanted to see how a “healthy individual” behaves. They needed a personalized
baseline to discern how to act on the classification result.

“I don’t think—I don’t really feel—like I've been depressed. I've been dealing with a lot, but not necessarily depressed...

Maybe some of my feelings were interpreted wrongly like that.” — P18

Users speculated that DYMOND’s classification might indicate other mental health symptoms such as stress
(P02) and anxiety (P06, P13, and P18). According to P10, the output was optimized to a flawed representation
of their depression (via PHQ-8), “T wouldn’t necessarily say that the self-report itself is accurate because of the
questions, about being tired, having low energy, and I have a few chronic illnesses; while sometimes that’s related to
my depression level, it’s not always.” Even if DYMOND was not estimating depression, it needed to be clear on
what it was representing. During the study, P12 was in a psychology course, and thought DYMOND should be
more open in describing negative mental states, “like affect and intensity.” This seam shows that a single binary
output obscures both the severity of depression and the plurality of mental states users actually experience.

4.3.2 Lack of Actionability. As a probe, the explanations were designed to support human-in-the-loop inspection
of the algorithm, but users wanted insight into their health.
“Powerless would be a good word. I'm looking at my review for yesterday and all of its phone usage. Realistically, that’s not

gonna go down. It would be great if I could. But I don’t think that’s gonna happen right now. So to just be consistently told
that my big issue is phone usage phone usage phone usage isn’t really helpful.” — P15

On one hand, P15 received a consistent explanation, which would help her systematically evaluate the problem
with her phone use data. On the other hand, the explanation provided limited ways to improve her own behaviors.
P06 articulated this as a dichotomy in expectations, “TDYMOND ] has an entirely different mental model [that is]
trying to surface symptoms instead of trying to focus change in behavior”. Participants wanted the explanations to
not only help them inspect the model, but also make use of the classification. They wanted to learn behaviors
they can “adapt” (P10) and “control” (P11, P14). Examples of such nudges for them were, “try putting your phone
in a different room when you’re doing something” (P13). Moreover, explanations were isolated to interpreting a
single day. By contrast, P08 and P16 pointed out that they cannot evaluate an estimation for a day in isolation
and instead wanted to see a summary of patterns across days. This seam illustrates that DPMH outputs fall short
when users cannot associate the estimates with their symptoms or with methods to mitigate them.

4.3.3 Lack of Protection. Arguably, inaccurate outputs were expected to inconvenience the user. Findings showed
these inconveniences manifested as harms that disrupted user mental state. Incorrect labels caused a “dissonance”
(P21) in the minds of users. At worst, it could even “gaslight” the user, as P13 put it, “it’s saying that I wasn’t
depressed, but I was, and so it might make me feel like I was not actually depressed... which I think is actively bad”.
Alternate forms of harm included DYMOND causing users to obsess over their data. P06 stated this risk both in
personal use and in the presence of a clinical stakeholder and did not want this data to be the “centerpiece” of
his treatment session. This seam highlights that without safeguards, DPMH outputs can actively harm users —
reinforcing self-doubt or becoming an unhealthy focal point in their care.

5 RQIl: NAVIGATING SEAMS IN DPMH: INTENTIONAL APPROPRIATION

Encountering seams presents an opportunity to adjust usage of a tool, because now the scope of the system is
more apparent. To understand how users wanted to adjust DYMOND, we describe our findings via Yang and
Newman’s framing [109]: users can appropriate technology through exception flagging—the user identifies the
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Fig. 9. Timeline of journal entries logged by participants in DYMOND over the six-week study. Each row indicates a
participant and each point represents a single entry; point size reflects entry length. The distribution shows that participants
engaged in reflection throughout the study, with entries concentrated around check-in periods (weeks 2, 4, and 6).

problems—and through constrained engagement—the user occasionally modifies the system. Our probe provided
some affordances to navigate these seams. We learned why users wanted to appropriate DPMH tools and how the
navigation itself was a meaningful act. However, the probe also revealed the need to reduce excessive data-work
from the user. This section characterizes these motivations and challenges. Then we draw from the co-design
exercise to address these issues through design requirements for seamful DPMH.

5.1 Explanations: Encouraging Users to Inspect DYMOND

To facilitate this exception flagging, DYMOND visualized the user’s behaviors for each day and also stated a
rationale behind its depression classification. Users logged their assessment on the system every day (Fig. 9) and
then reflected on the system during the check-ins. Here, we expand on how users found value in inspecting the
system, its challenges, and designs to improve the evaluation process.

5.1.1  Evaluating can be Reflective. Many users found the act of evaluating DYMOND as a positive exercise. Users
drew comparisons with the act of “journaling” (P03, P04), which was familiar to them. The primary purpose of
regularly reviewing was to help users make sense of their data (P02, P16). We also found some secondary uses,
such as augmenting their memory of behaviors (P01, P10). Another such use was evaluating the model to glean
how others might see them. For P24 it was to stay “aware”, whereas for P21 it helped them “admit” how they felt.
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“I think reading and breaking it down into little chunks that explain how things are related makes me realize that it’s not
as ambiguous and giant.” — P21

P21’s experience reminded us that users were not domain experts, and understanding their mental state was
overwhelming without the right tools. DYMOND’s interface enabled them to understand the model better. By the
third check-in, P06 gathered that the system could “definitely predict depression that manifests in a very particular
form”. Consequently, inspecting the model made users feel like active participants. For P09 and P15, it was a way
to stay assured about how their data is represented in models. Meanwhile, others like P05 found an opportunity to
“experiment”. In the same vein, P14 and P18 found themselves being more mindful and planning future behaviors.
Importantly, users felt positive when DYMOND’s explanations supported their hypotheses of mental health. P04
noted, “If the data were to agree with the same conclusions I was coming to, it would make me really feel validated in
my emotions.” This was a catalyst for users to better articulate their behaviors in the context of depression (P01)
and to help “zoom in” on specific aspects the system did not surface (P02). P22 actually discussed her learnings in
one of her therapy sessions during the study. While DYMOND’s interface was designed to help users scrutinize
how algorithms represent their data, we found their primary motivation to assess the model was derived from
their need to be more mindful of their mental state.

5.1.2  Evaluating can be Burdensome. Inspecting DYMOND was a challenging task since none of our users had
experience with DPMH or data modeling. Given the elevated risk of depression of our users (§3.4.3), the emotional
demands of their mental state often impaired their ability to critically think.

“Some people are more visual versus reading. It’s just very overwhelming. I have to look at really things very carefully...
Everything is too much exposure, especially if you have this diagnosis. That even gets you more frustrated, and [then you]
don’t want to do this.” — P02

P09 echoed P02’s frustration and felt debilitated to argue with DYMOND’s explanation. P06 remarked that
correlating behaviors to depression took considerable cognitive effort. And P14 found the information to be too
simplistic and demanding of interpretation. Several others (P02, P03, P15, and P16) felt that the utility of the
explanations was redundant over time. Lastly, even if users were able to digest the information on the dashboard,
it was difficult to describe and log issues. P13 stated she needed “activation energy” to record where DYMOND
was going wrong. And P11 admitted that she “did not know what to fill out”. Therefore, drawing critical insight
(to suggest changes) is not merely about dashboard design, but compounded by users’ mental states.

5.1.3 Design Requirements. Based on the challenges described above, we arrived at the following requirements.
These surface the underlying assumptions in DPMH in a manner that users do not passively accept the system,
but instead actively inspect and reflect on it.

DR1: Communicate with Compassion: “Depression and monitoring data sound very scary”, said P03. The
interface needs to provide a warm and inviting space for users to reflect. Users suggested improvements in form,
function, and content. After redesigning DYMOND’s visual aesthetic, P01 remarked, T feel like it’s more attentive
to my own life, I feel more cared for...” In terms of function, users imagined DYMOND would appear more caring if
embodied by a character or an interactive “helper” (P21). ‘I liked the idea of interacting with [...] an animal that you
get to name, or a plant that you get to name, [and] you form a connection”, said P24. Utility-wise, it would provide
a conversational interface to inspect data (P13, P15, P16). P05 felt such an interface could narratively highlight
her highs and lows, “most active moments of the week or the best days of the year in a story format [which] is more
social and [lets you] bring your information to your clinician or your provider”. Intimidating interfaces present
implicit barriers for user evaluation and can deter well-meaning users from purposeful engagement. These design
changes stand to mitigate the affective harms of reflecting on one’s own behaviors.

DR2: Enable Drilling Down: The interface needs to allow deeper and flexible data exploration. P24 wanted
to look deeper than the minimalist visualization, ‘T think that it is helpful to break down the data in more than
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Jjust those 3 data points”. Users also wanted to configure the visualization without interfering with the model.
P10 elaborated this in their design, “you’re only looking at a few of the types of data but they are still all being
recorded, so you’re not actually telling the model to only look at those ones.” Besides selecting data, participants
also expressed the need to cluster and synthesize data. P20 wanted to set up multi-modal groups of data, such
as combining time of day, sedentary behavior, and phone usage together to distinguish checking her phone
from mindlessly scrolling. P26 wanted to cluster data across time to find their own “fluctuations and patterns”.
Allowing these types of personalization could be key to reducing the cognitive load of interpreting the data.
DR3: Implement a Clinician-Facing Counterpart: To ensure trust and shared meaning, participants
suggested companion interfaces for clinical partners to provide expert insight. P13 thought this was essential
to maintain transparency between actions they take between check-ins. Alternatively, P09 said a collaborative
interface would give her objectivity. She wanted “the ability to see what data my doctor’s looking at [because]
maybe she doesn’t care about me running, so I know that that’s not something I have to stress about.” At the same
time, P09 imagined objectivity as bidirectional, ‘T think her seeing my comments is great because I would want her
to know why [the data] is that way, from my point of view.” Moreover, P16, P21, and P22 found the linking would
make them more responsible to test the DPMH themselves between visits. P21 said, “if this wasn’t available, and I
had to wait until an appointment [to share data], it would be slowing the progress and not be an opportunity to take
on initiative and change [the system]”. Thus, a parallel interface can provide the psychological safety to interpret
data with protection from bias, while keeping users accountable to evaluate and configure the DPMH tool.

5.2 Configurations: Assisting Users to Modify DYMOND

The configurations in DYMOND were key to learning how users experience constrained engagement with DPMH.
P02 said, “having a control over something, so understanding it more [...] and [thus] taking charge of it.” The
configurations provided users some sense of control through which they could “advocate” (P15) independent of
how the model or other stakeholders saw them. Here, we expand on what drove users to configure the system,
its challenges, and designs to improve this interaction.

5.2.1 Configurations can Promote Care. A majority of participants found the configurations to be useful for
DYMOND?’s tracking. Interestingly, none of the users toggled data due to privacy reasons. P06 said he was already
foregoing privacy broadly while enrolling in a system like DYMOND; P20 said she wanted to provide whatever
helps their clinician. The key motivation was to improve the insights they were receiving on depression.

“I’ve noticed that since the [check-in] activity we did—turning off the epoch at particular durations of the day—it has been
quite accurate. The model has been picking up things more accurately than before.” — P03

P03, among others, described DYMOND as having improved after setting the configurations. Some other
examples: P13 turned off sleep tracking because she was not using the wearable, P24 turned off phone-screen
tracking because she was unclear if navigation apps would be counted against her, P16 turned off vehicle duration
because she did not drive, and P01 turned off distance traveled because movement data was sufficient. Participants
like P08, who turned off the biking data, found the estimates to be “more correct”. For P22, turning off the
phone-usage data worked because “that might be more reflective of how much free time I have, and more like
ADHD... as opposed to feeling more depressed.” After configuring, users also described DYMOND to be more
personalized (P03, P18, P19, P20). Toggling data streams was certainly a limited instrument for control, but users
found both functional and perceptual benefit.

5.2.2 Configurations can be Burdensome. While the study enforced configurations under supervision, our probe
revealed challenges in doing these by oneself and in collaboration. Table 2 shows that several users did not
change the configurations. Generally, users do not expect to fix the tool they are using. “I'm too used to the model
of most tracking apps [that] are trying to invoke a change in your activity... and when I switch to this one, I have
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to remind [myself] that 'm here to observe [the tracking app]”, said P06. Configuring DYMOND was something
participants were not familiar with, nor did they have precedent for.

“I think just the risk of not understanding what it is that you’re changing. I changed this thing on this day, and now it
is feeling like it’s not as accurate, and maybe you would change it back. And and it wouldn’t really matter whether you
understand. But that also does depend on you remembering or having a log of when you changed it, and and keeping track
of that diligently” — P10

We can see from P10’s example that configurations were vulnerable to derailing the entire DPMH pipeline.
Consequently, users asked who should be accountable. P06 argued it is not a user’s job to improve monitoring,
and P13 pointed out that clinical stakeholders have more expertise. Participants also admitted that learning
to configure was cognitively taxing (P02, P09, P14). The wrong configurations had ramifications. For instance,
P21 was concerned she might become less mindful of behaviors she stops tracking. And P03 could imagine a
possibility where users purposely “please” DYMOND to track behaviors for accuracy, even though it does not
reflect their lived experience. Users like P24 faced challenges deciding which features to toggle because they had
an irregular schedule. As such, configurations risk burdening users with data-work that DPMH was designed to
eliminate, which is why affordances for configurations need to be flexible and guided.

5.2.3 Design Requirements. The requirements below address the burden that emerges when a user is expected to
configure DPMH systems. These aim to give users flexible scaffolds to act on what the seams reveal without
demanding disproportionate effort.

DR4: Allow Augmenting of Context: The interface needs to provide a larger canvas than just toggles for
new forms of data to be included or excluded. Users wanted to self-disclose key contextual events. P09’s design
provided “the ability to add like any illness at that point: did you get the flu this day? Or if you’re having a bad pain
day or an injury, and that’s why you didn’t move”. She imagined this interface would require “a full calendar at the
bottom, but with the ability to color code the days”. Similarly, P13 wanted to self-track certain physical activities
such as yoga, because “when I skip my yoga class, I feel bad.” P03 wanted to use a similar design to distinguish
behaviors during her regular school schedule, work shifts, and vacations. Context augmentation does not have to
be retroactive. P16 envisioned hypothesizing and then correcting. She stated, “add some of your journal before you
see what’s happening and then further explain, because of those days where I didn’t realize that I was gonna be at a
high level of depression”. Enabling additional forms of context annotation helps situate the passive data in one’s
ecology and thus better account for it. This approach ensures that users are not limited by data captured by the
system and provides additional decision latitude in expressing what DPMH needs to change.

DR5: Provide Granular Configurations: The interface needs to facilitate a variety of operations on data
beyond binary toggles. For instance, P14 did not want DYMOND factoring in “anything [and everything] that
makes her heart rate rise.” During the co-design, many participants gravitated towards adjusting the weights of
the data. For instance, P13 wanted to adjust the weight of stationary time, such that at night, longer periods
would imply she is more likely to be depressed. In her own words, “if in the evening I'm stationary, maybe that’s
bad, because I'm supposed to be working out in the evening.” Another operation that users wanted was to define
rules. In P08’s case, she wanted a different set of configurations for weekdays and weekends to align with her
work shift. “TWith] DYMOND, [if] they’re spending a lot of time on their phone, because I'm working, so on the
weekdays you would put less weight on [screen usage]”, said P08. More sophisticated configurations allow users to
dynamically adjust the system to their lives. As a result, users can perform light-weight alterations at specific
blind spots without the risk of completely overhauling the model.

DR6: Guide User Configurations: The explanations should not just expose the model, but explicitly guide
users towards future configurations. A method suggested by P24 was to show trends across days for specific
behaviors to help justify their inclusion in the model. For instance, P10’s pain restricts their movement, but instead
of turning off physical activity, the trends could help them teach the model. ‘T can be more active up to a certain
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point, then if I go past that point I get really exhausted and in lots of pain, and then I feel worse” (P10). Importantly,
users needed ways to judge if their configurations had an impact. Some wanted to do this retrospectively. P08
proposed, “first start with the model gathering everything and then after a month evaluate what to turn on or off
so you can get a whole picture [...] after the model gets this baseline.” This approach would extend to help users
with sensemaking to disentangle the role of different features. Other participants wanted guardrails to configure
in a more informed way. P06 combined aspects of multiple designs to propose, ‘T can slide around and see the
graph change in order to observe which parameters are the most important.” He wanted to see hypotheticals from
his own tracking history to learn more about the features without risking experimentation for the future. Thus,
supporting users to configure can give them more confidence to make changes. Providing users with insight to
generate their own hypotheses enables a systematic approach to tinker with different versions of DPMH.

6 DISCUSSION

User perspectives of DPMH, often, call for bringing humans-in-the-loop (HitL) and giving them greater control [1,
25, 113]. However, few efforts have been made to do this. Seamful design is a promising approach to address
these needs. Having said that, it remains unclear how seamfulness can be implemented for DPMH. We designed
DYMOND as a probe to gather formative insight for making such tools seamful. §4 articulates these seams to
identify aspects of the DPMH loop where humans should engage and exercise control. §5 describes methods to
provide user control while mitigating user burden.

6.1 Theoretical Implications: Reconsidering Passivity of DPMH

We now reflect on what is “passive” in DPMH. Typically, it refers to the nature of sensing, processing, and
delivering insights. However, by situating our findings in previous reflexive critiques [1, 25, 114], we explore how
“passive” also describes other entities, processes, and expectations in the DPMH pipeline. These descriptions
drive our recommendations to think of DPMH differently.

The underlying notion of passive sensing for mental wellbeing assumes users have complete agency over
their behaviors—they are active while surrounding data remains passive. Many studies thus focus on mutable
behaviors [26]. However, our study reveals that human behavior is often constrained by ecological changes (data
seams: constrained context—§4.1.3). In attempting objectivity, passive data remains agnostic to what it cannot
capture, reinforcing the fallacy of humans in the void [114]. We found that passiveness rarely disambiguates
whether users refrained from acting or found action practically impossible (data seams: missing context, §4.1.1).
Ignoring personal ecology creates incongruence between user experience and model inference—what Das Swain
et al. term a semantic gap [23]. For instance, behavioral data may objectively track user situations (e.g., prolonged
sedentary behavior) but cannot discern user appraisal (e.g., an enjoyable challenge versus a forced demanding
task). This corresponds to data seams: misaligned context (§4.1.2). These seams collectively explain why passive
sensing appears unreliable. Rectifying these gaps requires annotating data with user intent (DR4 in §5.2.3). Users
need to examine and label their data, to enrich DPMH.

Training DPMH with passive sensing assumes that better estimation with minimal interference implies
satisfaction, ironically treating humans as passive data generators without near-term benefit. As Fitzpatrick et al.
state, “system approaches that rely solely on passive monitoring or being surrogate data collectors for others’ [...]
rarely give the [users] the chance to interact with and adjust the system” [31]. Our findings present a way forward.
Through the modeling seams (§4.2) we see how humans can actively audit the conclusions drawn by DPMH
systems. Research shows fitness tracker users constantly struggle to define mental models for accuracy [111]. The
modeling seams: accuracy (§4.2.1) and modeling seams: inaccuracy (§4.2.2) extend this challenge to mental state
estimation. Mental health outcomes are complex, and when models overlook this complexity, users disengage.
While these modeling seams create barriers for users seeking active roles, we discovered users appropriated other
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ways of engaging (modeling seams: ambiguity—§4.2.3). Users ultimately want to manage their health outcomes.
Self-experimentation with self-tracking has been studied in the past [45, 52]. Similarly, DR2 (§5.1.3) encourages
passive sensing to support active hypothesizing and evaluation. Over-correcting for accuracy alone will not
change user attitudes. Instead, we must recalibrate DPMH goals toward care delivery, enabling users to take
stock of their DPMH as an important pathway.

The original inspiration behind DPMH was the quantified-self idea of “know thyself” [53]. Our investigation
of outcome seams (§4.3) shows that users do not passively accept information. Bogdanova et al. recently assessed
DPMH’s failure to consider “the relational concepts of the lived experience of mental health” [7]. Users’ depression
exists in complex interplay with other mental wellbeing symptoms (outcome seams: plurality—§ 4.3.1). Our
evidence suggests that users could not easily apply the algorithmic estimates to what they consider depression
and constantly wondered if it reflects other aspects of their state (e.g., anxiety). The outcome seams: actionability
showed us that the estimated levels of their depression neither nudged nor elucidated users on how to act,
giving a sense that DPMH does not care about actual lives. Our co-design session produced a concrete path to
that goal through DR1 (§5.1.3)—embedding compassion through aesthetics and anthropomorphizing; and DR5
(§5.2.3)—enabling users to granularly edit nuance into their data. Hence, DPMH systems must take stock of the
users’ lives beyond the inference it produces and support their care needs.

6.2 Technical Design Implications: Charting Interactive DPMH

Blending Seamless and Seamful Approaches. To counteract the seamless passive nature of DPMH, DYMOND
was purposefully designed with intense user-engagement to surface the seams. A truly seamful implementation
of DPMH cannot expect the same degree of data-work. Remember, users are neither data scientists nor mental
health practitioners. Moreover, their severe mental state can make nuanced decisions challenging (§5.1.2). Cox
et al. had proposed mindful interactions to improve the wellness outcomes of mindless interactions [22]. Their
work demonstrates the role of design friction as a means to achieve mindfulness during use. However, they
emphasize that this purposeful discomfort, although worthwhile, must not be cognitively burdening. In fact,
studies have noted the risk of increased invisible labor at the seams [43, 92] to ensure systems remain configurable.
Therefore, advancements in the passive aspects of DPMH continue to remain important, so that in most cases
mental health monitoring can just work. Note, however, we learned in §4.2 that model performance alone is not
enough to convince user engagement and they can still find meaningful use with suboptimal models. For instance,
DYMOND’s affordances helped participants become more mindful of their mental state, feel validated in what
they already suspected, and better articulate their experience, while also giving them a stake in how DPMH
represented them. While it is unclear from our study whether seamfulness improves outcomes for users’ mental
health or the accuracy of tracking, the design promotes increased agency and control in self-tracking. Critically,
seamful and seamless design are not competing paradigms. Inman and Ribes discussed the need for “beautiful
seams” that have “coherent design emphasized by seamlessness” and the “appropriability of seamful design” [43].
From the perspective of digital tools, we can draw insight from the design of mixed-initiative interfaces [39] that
dynamically adapt control between users and system. Alternatively, perhaps, we can draw from mental health
therapy as a metaphor. Patients do not request a new dosage or modification to their therapy every day. The
reflection on one’s health is planned, occasional, and deliberate. Future DPMH systems could adopt a similar
principle to reveal their seams through routine follow-ups that get sparser as the model stabilizes.

Practical Methods for DPMH Appropriation. End-user data evaluation demands that HitL interfaces
balance usability with deep utility (§5.1.2 and §5.2.2). This very concern has inspired research in Interactive
Machine Learning to explore interfaces for human feedback to ML. The standard tools, however, only support
interaction with structured data in confined settings (e.g., refining medical splices for computer vision [9]). Yet,
as we eventually learned, users wanted to enrich DPMH with multimodal data, some of which is subjective
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(DR4—§5.2.3). This gap could be addressed with LLMs. DYMOND leveraged GPT-40 for communicating its model
heuristics (§3.3), but this was a one-way interaction. Recent work on sensemaking of personal health informatics
presents LLMs as versatile means for open-ended querying of data and interpretation [18, 19]. Extending LLMs
to support configurations is a natural step, given that user-defined rules are important for goal-directed health
tracking [51, 86, 87]. By including an agentic layer, the system could nudge and contextualize information for
users to annotate [65]. Moreover, generative Al could be leveraged to use visual metaphors to communicate
mental health [81]. A natural language interface would assist non-experts in creating rules on how their data
should be consumed by the DPMH model. It could also illuminate auxiliary context to a user’s mental health
outcomes (performing retrieval-augmented-generation [110] on a user’s work schedule or the weather in their
city). LLMs could mediate user engagement without the burden of complicated configuration consoles.

Expert Guardrails to Reduce Bias. A one-on-one interaction between users and DPMH, even if seamful,
carries risks. Mental healthcare exists in collaborative settings, and stakeholders, like clinicians, should also
be included in HitL setups. Acting alone, users can undermine their self-judgment and accept insights from a
DPMH tool [38], which could lead to a distorted sense of self [36]. Our users described this dissonance to be
stressful (§4.3.3) and might also have confirmation bias (§5.1) when the system validates them. Although this
can “satisfy” a user, it leads to a worse approximation of their health tracking. We suggested mitigating these
mismatched mental models through shared interfacing with experts (DR3—§5.1.3) and guided experimentation
(DR6—§5.2.3). Seamfulness can offer a means for users to hypothesize and articulate their mental model to
experts and triangulate better feedback. Health tracking research shows value in eliciting users to document
unobservable issues as objects of shared meaning with experts [77, 85]. We envision that seamful DPMH can be
collaboratively reviewed in the same cadence as natural interactions between stakeholders, such as scheduled
clinical appointments. Mental health experts can help users troubleshoot, and future tools might require clinical
review and approval before configurations are implemented.

6.3 Limitations and Future Work

Need for Experimental Evaluation: We designed DYMOND as a probe to uncover seamful opportunities for
HitL versions of DPMH. Our study protocol (§3.4.1) was intentionally designed to expose friction and condition
users to think of ways to navigate these breakpoints. Prior literature suggests that such design approaches
are needed for richer modeling of mental health outcomes [37, 100, 101] and that additional agency improves
compliance [31, 77] in health monitoring. Having said that, empirically discerning whether and the extent to
which user engagement with future systems might vary was beyond the scope of formative inquiry through
a technology probe [42]—as we focused intensely on a small sample over a relatively short period. Our study
gathered some data on model performance (Fig. 8) and engagement (Fig. 9), but these outcomes and behaviors
cannot be disentangled as causal. In the same vein, we found participants reported value in having the ability
to interact with seams (§5.1.1 and §5.2.1), but additional research is needed to study sustained motivation and
utility in behavior change [50]. We acknowledge this limitation in our method, but find our results contribute to
such efforts in the future. Iterating designs of DPMH after deployment can be practically expensive and ethically
concerning [24], and our study lays foundational groundwork to design with seamfulness, deploy it, and study
user experiences.

Need for Continued Model Improvement: The motivation to develop DPMH was to relieve users from the
burdens of excessive data-work of manual logging. DYMOND used a heuristic model to estimate depression.
Selecting such a model offered pragmatic advantages (§3.2) for a formative study over contemporary models [108].
More advanced models could potentially reduce the incidence of errors that users encounter with DPMH.
For instance, the missing data aspects can be mitigated with better imputation for behaviors [17]. Similarly,
recent DPMH studies are beginning to address heterogeneity and inter-person variability of mental health
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with sophisticated machine-learning [69, 106]. However, real-world systems deployed in natural settings must
always account for a degree of uncertainty and ambiguity that emerges from the unstructured nature of lived
experiences [98, 114]. Therefore, designing for seamfulness can add to existing seamless approaches as contingency
or fail-safes that empower users through occasional recalibration and reappropriation of systems.

Need to Expand Sample and Conditions: Our sample was predominantly female (§3.4.3). This was consistent
with known gender differences in depression studies [75], and often stems from differences in mental health
help-seeking attitudes [88]. Thus, further research is needed to account for the lived experience of male and
gender-diverse populations who might use DPMH. Another aspect worth considering is illness duration and
formal treatment status. Our sample was subclinical and recruited on the basis of their PHQ-9 scores, but
future studies could capture participant histories for better understanding of their perspective. Note that our
study focused on depression because it is known to have heterogeneous manifestations [32, 75], which lead
to a disconnect between observed objective states and subjective perceptions and self-reports. Additionally,
depression has been extensively studied by the Ubicomp community [105, 108]. However, heterogeneity is
not unique to depression and applies to several other mental health outcomes like anxiety, stress, and chronic
pain [69, 70, 74, 103]. Our findings with depression can inform seamful design for these conditions, but each
outcome is uniquely expressed, differentially prevalent across populations, and necessitates dedicated studies in
its own contextual settings.

Need to Include Clinical Stakeholders: Lastly, our study was limited to understanding the seams of a single
stakeholder, the data-subject of DPMH. Our own team involved a clinical psychologist who conducts DPMH
studies regularly (§3.5), and we iterated DYMOND’s design with external researchers with experience developing
DPMH (§3.3). Yet, other stakeholders might have their own perspective on seams when they face these in
practice. For instance, clinicians and caregivers might have their own burdens in collaboratively configuring with
end-users [91]. It is essential to weigh their perspective as the seamful DPMH loop hopes to involve competent
and collaborative stakeholders. Future work should consider investigating how multiple stakeholders adjust
across the seams.

7 CONCLUSION

Better mental health support needs DPMH to give a full picture of users through unobtrusive data monitoring. Yet
this passive nature can disengage users from systems they cannot see or manipulate. Bringing humans into the
loop offers a path forward — but until now, we lacked the empirical grounding to know where users encounter
friction and what they need to navigate it. We addressed this gap by investigating the feasibility of seamful
design in DPMH. We deployed a technology probe, DYMOND, with 22 participants over six weeks. Our inquiry
revealed that users encounter logical points of friction (seams) across the data, modeling, and outcome phases of
the DPMH pipeline — points of variation and ambiguity that passive systems leave invisible. Rather than treating
these as failures, seamful design principles consider these seams as resources for user agency. Our study showed
how participants tried to exercise this agency and configure DPMH for themselves, but also faced new forms of
user burdens in interacting with the model. To counteract these challenges, we derived six design requirements
to guide how future DPMH systems can expose, interpret, and negotiate seams collaboratively with users. As
mental health data becomes more integrated into care, systems that provide users an opportunity to modify them
will be essential to building trust, clinical relevance, and sustained engagement.
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