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Abstract
Digital mental health research has been dominated by a data-centric
paradigm that treats fragmented sensor signals as objective ground
truth, prioritizing predictive accuracy over meaningful user sup-
port. This paper challenges that paradigm through a critical per-
spective grounded in a purposive synthesis of 24 recent studies
at the intersection of interactive systems and digital health. We
argue that computational models systematically overlook the sub-
jective, context-dependent nature of psychological experience. This
misalignment is not a technical shortcoming but a structural conse-
quence of how the problem has been framed. To address this, we
introduce two original constructs. First, the complementary evidence
chain reconceptualizes mental health assessment as the integra-
tion of subjective, behavioral, and physiological data, in which
no single modality serves as ground truth and cross-modal diver-
gence is treated as a meaningful signal rather than noise. Second, a
user-agency-centered architecture operationalizes this reconceptu-
alization through two mechanisms: algorithmic veto power, which
positions users as the governing authority over their own data infer-
ences, and graceful degradation of inference, which preserves system
support when users restrict data access. Together, these constructs
articulate a system-level transition from passive emotion recogni-
tion toward interpretable, participatory, and privacy-preserving
mental health support. We conclude with a set of concrete design
implications and open research directions for the interactive sys-
tems community.

CCS Concepts
• Human-centered computing → User studies; Ubiquitous and
mobile computing design and evaluation methods; • Applied com-
puting→ Health informatics.
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1 Introduction
Mental health challenges have become a pervasive global concern,
affecting individuals’ cognitive functioning, social participation,
and overall quality of life [79]. According to the World Health Or-
ganization (WHO), nearly one in eight people worldwide live with
a mental disorder, and prevalence has increased during and after
the COVID-19 pandemic [55]. Despite this scale, a large proportion
of those experiencing psychological distress do not receive profes-
sional care. Structural barriers limit access to services, and high
costs and a shortage of trained professionals hinder timely inter-
vention. Personal factors compound the problem further: stigma,
privacy concerns, and fear of social consequences discourage help-
seeking [58].

Recent advances in digital technology have created new opportu-
nities to address this gap. The widespread adoption of smartphones
and wearable devices has enabled continuous, unobtrusive collec-
tion of behavioral and physiological data in naturalistic settings
[18, 63]. As generative AI (GenAI) evolves, large language mod-
els (LLMs) can interact with users in natural language and extract
emotional cues from daily conversations [83]. These technologies
capture diverse signals: activity patterns, sleep behaviors, heart rate
variability (HRV), and linguistic expressions. Such signals support
machine learning models for the early detection and monitoring of
mental health conditions [57]. By contrast with traditional assess-
ments, which are episodic and context-bound [50], these approaches
promise longitudinal, ecologically valid insight into psychological
states.

Yet technical capability has not translated into meaningful men-
tal health support. Prior work has consistently shown that AI-driven
mental health research remains focused on predictive performance,
paying insufficient attention to user experience, interpretability,
and real-world applicability [80]. Ethical concerns further com-
plicate this landscape. Data agency, informed consent, and the
over-medicalization of everyday emotional experience raise crit-
ical questions about how such systems should be designed and
deployed [13]. The central question is no longer whether mental
health states can be inferred from data, but how such inferences
can be integrated into daily life in ways that genuinely serve the
people they are meant to support.

1.1 Problem Statement
We argue that the dominant data-centric design paradigm in digital
mental health is structurally misaligned with the nature of psycho-
logical experience. We define this paradigm by three interlocking
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commitments: (1) inferential primacy—the assumption that mental
health states are objectively detectable through sufficiently rich
sensor data; (2) user passivity—users are treated as data sources
rather than interpreters of their own experience; and (3) accuracy-
centric evaluation—system success is measured by classification
performance on predefined labels rather than by outcomes that
matter to the person. Bymeaningful outcomes we refer to outcomes
that matter to everyday self-management. These include interpre-
tive outcomes (self-understanding, trust calibration), behavioral
outcomes (revised coping strategies), data-related outcomes (con-
textual labeling, selective sharing), lifestyle outcomes (changes in
sleep or routine), and care-related outcomes (appropriate escala-
tion, communication with clinicians). This paradigm is not merely
a design preference. It is encoded into how datasets are constructed,
how models are trained, and how systems are evaluated [13, 79]. It
stands in contrast to an interpretation-centered alternative, which
treats mental health understanding as an ongoing, context-sensitive
process in which users actively participate. This paper develops the
conceptual and design vocabulary for that alternative.

The consequences of this paradigm are visible at every level of
system design. When system outputs diverge from users’ subjective
experiences, as is inevitable given the ambiguity of physiological
and behavioral signals, they can produce confusion, mistrust, or dis-
engagement [33, 62]. Emotion recognition models compound this
by relying on predefined labels drawn from discrete or dimensional
frameworks. These labels encode specific theoretical and cultural
assumptions [8], and risk oversimplifying diverse affective experi-
ences across populations [19]. Individual variability in baselines,
coping strategies, and cultural norms is treated as statistical noise
rather than as the meaningful signal it is [64].

1.2 Contribution and Scope
This is not a system paper and not a systematic review. It is a critical
perspective paper that synthesizes contradictions in digital mental
health research and translates them into a theoretical framework
for user-governed interpretation of uncertain, multimodal mental
health data.

This paper makes three contributions. First, we articulate a diag-
nostic critique of the data-centric paradigm. A structured synthesis
of 24 recent Human-Computer Interaction (HCI) and digital mental
health studies shows that its failure to support meaningful out-
comes is structural rather than accidental. The failure stems from
a tendency to treat mental health as an objective state detectable
through increasingly sophisticated models. Second, we introduce
the complementary evidence chain as a conceptual model for treat-
ing subjective, behavioral, and physiological evidence as partial
and relational rather than hierarchical. The principle of divergence-
as-signal follows directly from this model: cross-modal friction is
preserved as a design resource rather than smoothed away. Third,
we propose a user-agency-centered architecture that operational-
izes the evidence chain through two mechanisms: algorithmic veto
power and graceful degradation of inference. Together, these mecha-
nisms position users as the governing authority over their own data
and inferences, shifting digital mental health technologies from
prediction-oriented toward interpretation-centered systems.

We address the following research question:

RQ How can interactive system design support users
in interpreting, contextualizing, and acting upon mul-
timodal data about their psychological and behavioral
states, in ways that enhance clearly specified self-
management outcomes?

2 Background
2.1 Foundations of Emotion and Mental Health

Measurement
Understanding how digital systems can support mental health re-
quires a clear account of how emotions and psychological states are
conceptualized and measured. Within psychology, two paradigms
have shaped the study of emotion: discrete and dimensional models.
Discrete theories, most prominently associated with Ekman [22],
propose a set of biologically innate and universally recognizable
basic emotions: happiness, sadness, anger, fear, disgust, and sur-
prise. These categories have been widely adopted in early affective
computing because they map readily onto classification tasks. Di-
mensional models represent emotions as continuous states along
core axes; Russell’s circumplex model plots affect along valence and
arousal [59], capturing gradations andmixed emotional experiences
that resist discrete categorization.

Despite their differences, both paradigms share a limitation: they
treat emotions as entities that can be mapped onto observable sig-
nals. Contemporary psychological theory challenges this assump-
tion. Barrett [8] argues that emotions are not directly measurable
objects but constructed experiences arising from the interaction
of physiological processes, contextual factors, and subjective inter-
pretation. Any attempt to measure mental health must therefore
rely on indirect indicators. Each such indicator provides only a
partial and situated perspective — a fact that carries significant
implications for computational system design.

Mental health assessment has traditionally relied on self-report
methods: clinical interviews, standardized questionnaires, and eco-
logical momentary assessments. Such approaches are valued for
their interpretability and clinical grounding, but are limited by re-
call bias, social desirability, and their episodic nature [37, 76]. In
response, researchers have increasingly turned to physiological
and behavioral data as complementary sources. Continuous mea-
surement of HRV, electrodermal activity (EDA), and sleep patterns
offers physiological indicators of stress and arousal [31, 56]. Behav-
ioral data from smartphones and wearables (e.g., mobility patterns,
communication behaviors, and digital interaction traces) provide
longitudinal insight into daily routines [60, 82].

The introduction of these data sources does not resolve the fun-
damental challenges of measurement. Even in combination, physio-
logical, behavioral, and self-report signals offer only partial, situated
perspectives on mental health. From an interaction design perspec-
tive, the critical problem is the persistent reductionism that treats
a single modality as a definitive proxy for ground truth. This paper
challenges that assumption by proposing a multi-modal framework
that retains modality partiality as a design resource.
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2.2 From Standardized Models to Personalized,
User-Centered Design

The WHO defines self-care as the capacity of individuals, families,
and communities to promote and maintain health with or without
the support of health workers [54]. Within HCI, this framing has
catalyzed interest in mental health technologies that move beyond
passive monitoring. Systems are increasingly designed to foster
interpretation and reflection, prioritizing personal agency and self-
efficacy [72].

Several reviews have surveyed this shift. Pinge et al. [57] identi-
fied a recurring limitation in wearable-based stress detection: users
are rarely involved in validating or interpreting predictions derived
from their own physiological data. Thieme et al. [79] argued that
predictive accuracy alone is insufficient without attention to inter-
pretability, user experience, and clinical applicability. Sanches et al.
[62] called for a move beyond detection-oriented systems toward
designs that support user sensemaking and self-regulation. A paral-
lel line of work has emphasized participatory and context-sensitive
approaches. Stefanidi et al. [75] found that individuals and families
are largely absent from the design of care technologies, and Majid
et al. [47] argued for sustained user involvement across the full
design and research cycle.

Inclusive Design [16] provides an additional foundation for this
shift from standardized to personalized systems. Rather than treat-
ing user variability as an edge case to be accommodated after de-
ployment, inclusive design positions variability in ability, context,
values, and access needs as a primary design condition. This per-
spective is especially important in digital mental health, because
psychological experience is shaped by culture, clinical status, age,
stigma, socioeconomic position, and comfort with data sharing.
Inclusive Design therefore complements participatory design. Par-
ticipatory methods involve users in shaping the system, while inclu-
sive design broadens the design target from an assumed “average
user” to a heterogeneous population whose needs may conflict or
change over time [17]. For the present framework, this means that
personalization should not only tune model parameters, but also
allow users to shape what data are collected, how inferences are
weighted, what explanations are meaningful, and when support
should involve other people.

Despite this growing consensus, two limitations persist. First,
while prior work has identified the need for personalization and
user involvement, few studies have examined how these principles
are operationalized at the system level. It remains unclear what
specific architectural and interaction-level commitments move user
agency from aspiration to implementation. Second, the relationship
between data modalities remains undertheorized. Systems that com-
bine physiological, behavioral, and self-report data typically aim
to maximize predictive agreement across signals. The possibility
that divergence between modalities is itself a meaningful signal has
received limited attention. Such discrepancies may warrant user
interpretation rather than algorithmic smoothing.

Positioning relative to prior work. The framework we de-
velop builds on, but is distinct from, several established HCI tradi-
tions. Sensemaking research [43, 84] and reflective design [67] es-
tablish that ambiguity can support interpretation [27]. They do not,
however, specify how multimodal mental health evidence should

be handled when subjective, behavioral, and physiological signals
conflict. Participatory design and Inclusive Design establish the im-
portance of involving diverse users, but do not by themselves define
where user authority should enter an AI inference pipeline. Human-
in-the-loop (HITL) and participatory AI approaches [4, 21, 65, 71]
often focus on improving models through user feedback. By con-
trast, our framework focuses on governing the *interpretation and
actuation* of mental health inferences. Explainable AI exposes
model reasoning [3, 40, 44], but explanation alone does not give
users authority to confirm, modify, reject, or restrict the conse-
quences of an inference. The framework therefore contributes a
domain-specific account of user agency in digital mental health:
cross-modal divergence is treated as a design resource, and user
authority is operationalized through veto checkpoints, situated ev-
idence weighting, and graceful degradation under changing data
access. These constructs are shaped by the distinctive properties of
mental health data, such as its subjectivity, its context-dependence,
and the ethical risks that misclassification poses to vulnerable popu-
lations [32]. Misclassification in this domain is not only an accuracy
problem; it is a potential harm, and the framework addresses it
structurally rather than through interface affordances alone.

3 Approach: Purposive Synthesis
This paper adopts a design-oriented conceptual synthesis, drawing
on representative work across interactive systems, affective com-
puting, and digital health to identify recurring assumptions and
structural design tensions. The approach is suited to papers that
develop and evaluate conceptual contributions such as frameworks,
constructs, and design principles. It does not aim to produce sta-
tistical generalizations about the literature. It follows established
precedents for critical perspective and vision papers in HCI [85].

3.1 Selection Strategy
Our search combined three conceptual dimensions: (1) HCI and
interactive systems ("human-computer interaction," "interactive sys-
tem"); (2) mental health and emotional well-being ("stress," "anxiety,"
"well-being"); and (3) self-management technologies ("wearable,"
"affective computing," "multimodal," "machine learning," "large lan-
guage model"). We searched ACM Digital Library and IEEE Xplore
as primary sources, complemented by JMIR and PubMed for cover-
age of digital mental health interventions and clinically grounded
constructs. Searches were limited to English-language publications
from 2015–2025 and were completed in March 2026.

3.2 Inclusion Criteria
Publications were selected if they: (1) focused on individual dif-
ferences or personalized mental health support; (2) explicitly tar-
geted mental health or emotional well-being; (3) addressed self-
management, including self-tracking, reflection, or regulation; and
(4) provided technical or interaction-level contributions enabling
analysis of sensing, modeling, or feedback design. We excluded
purely clinical or social studies without HCI relevance, papers un-
related to mental health self-care, and purely technical machine
learning or signal-processing papers without interaction-level con-
tributions.
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3.3 Corpus and Analytical Lens
After iterative title/abstract screening and full-text review of 108
candidates, 23 papers met our inclusion criteria. One additional
paper was identified through backward citation search, yielding
a final corpus of 24 studies. The corpus is purposive rather than
exhaustive: its value lies in theoretical coverage of the design space,
not in statistical representativeness. We assess the corpus by the-
oretical coverage rather than statistical exhaustiveness. The four
clusters in Table 2 identify recurring patterns across domains, target
populations, methods, and data sources. The inclusion of qualitative
studies, participatory design work, intervention studies, reviews,
and adaptive modeling papers allows the framework to integrate
interactional, social, and computational perspectives.

We analyzed the corpus through two analytical lenses. The first,
divergence-as-signal, examines how systems handle inconsistencies
across data modalities and whether such divergence is surfaced
or used for reflection and adaptation. The second, user agency, ex-
amines the extent to which systems support user interpretation,
control, and sensemaking rather than fully automated inference.
Both lenses were developed iteratively in dialogue with the emerg-
ing literature and are formalized in the framework sections that
follow.

We acknowledge that a purposive synthesis oriented around
pre-specified analytical constructs carries an inherent risk of con-
firmation bias. Studies that operationalize divergence-as-signal and
user agency well are more likely to be selected and foregrounded
than those that do not. Rather than making statistical claims, we
focus on identifying constructs that are already present but unar-
ticulated in recent research. We demonstrate that these ideas are
latent in the field, and provide a principled vocabulary that makes
them explicit. Readers should interpret the synthesis as a theoretical
argument illustrated by representative examples, not as an audit
of the field. The framework should likewise be treated as a design
vocabulary for future empirical work, not as evidence that these
mechanisms have already been validated.

4 Synthesis: Four Design Tensions in Current
Practice

Our analysis of the 24 reviewed studies revealed four recurring de-
sign tensions (See Table 2). Seven studies foregrounded self-tracking
and interpretive agency. Five addressed temporal dynamics and
changing user states. Seven situated mental health within broader
socio-technical care contexts. Five examined adaptive modeling
approaches that accommodate individual variability. These clusters
are not mutually exclusive, but they provide an organizing struc-
ture for understanding how recent work moves away from passive
detection toward user-centered interpretation.

4.1 Data as Subjective Artifact: Self-Tracking
and Interpretive Agency

Seven of the reviewed studies primarily addressed the tension be-
tween treating mental health data as passively extractable objective
signals and treating them as subjective artifacts that require user
interpretation. These works reconceptualize self-tracked data as

subjective artifacts that acquire meaning through user interpre-
tation. Individual variability is positioned not as noise but as a
resource for understanding lived experience.

Grimme et al. [28], studying women’s health data practices, ar-
gue that difference should be understood as a resource rather than
a failure, and advocate for designs that give users control over
how their data are collected, interpreted, and shared. Severes et
al. [68] reach a similar conclusion in the context of well-being
self-tracking, framing wearable data as a tool for co-constructing
personal well-being narratives rather than a medium for static mon-
itoring. Majid et al. [46] examine self-tracking for bipolar disorder
through Patient and Public Involvement methods and find that the
complexity of lived experience demands deeply personalized sys-
tems with fine-grained control over data representation. Kelley et
al. [38] demonstrate that generic tracking systems fail to meet the
needs of university students and that designs must be tailored to
specific life stages and developmental contexts.

Three additional studies extend this theme into intervention
design. Cho et al. [14] identify highly individualized patterns, such
as positive emotion-triggered behaviors, that cannot be captured
by universal baselines, underscoring the need for systems that
accommodate idiosyncratic user profiles. Kerber et al. [39] com-
pare a self-guided intervention with passive tracking and report
stronger outcomes on measures such as patient empowerment and
mental health, suggesting that effectiveness in this literature is
often operationalized through autonomy, engagement, and self-
management capacity rather than sensing accuracy alone. Terp et
al. [78], working in schizophrenia care, show that participatory
design can support perceived empowerment, everyday manageabil-
ity, and collaborative decision-making. In this context, “effective”
should not be understood only as clinical symptom reduction or
prediction accuracy, but as the extent to which a system supports
users’ capacity to interpret, negotiate, and act within everyday care
practices.

4.2 Temporal Dynamics: Shifting User States
and Contextual Adaptation

Five studies emphasized the instability of user states, needs, and
coping strategies. These works demonstrate that static user profiles
are insufficient for mental health self-management, because psy-
chological states shift across time and context in ways that demand
adaptive system responses.

Kornfield et al. [42] find that content generated by users during
stable periods is more effective as an intervention resource than
generic system prompts. By drawing on users’ own past reflec-
tions, designs preserve personal authority and continuity. Burgess
et al. [10] propose modular tool assemblages that users can dynam-
ically reconfigure in response to evolving contexts. Hay et al. [30]
frame wearable technologies not as fixed monitors but as resources
for navigating changing health conditions. Majid et al. [47] and
Wagener et al. [81] converge on the same finding: mental health
self-management systems require continuous, context-sensitive
interaction rather than fixed user representations.
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4.3 Socio-Technical Context: Mental Health
Beyond the Isolated User

Seven studies situatedmental health self-managementwithin broader
socio-technical contexts, such as family, workplace, clinical, or cul-
tural ecosystems, challenging approaches that treat the user as an
isolated unit of analysis.

Stefanidi et al. [75] argue for co-design across the entire care
ecosystem, including children, families, educators, and clinicians,
rather than focusing on the individual in isolation. Slovak et al.
[73] use technology probes to study emotional regulation within
family contexts. Loke et al. [45] demonstrate that addressing emo-
tional behavior in children requires therapist-guided, context-rich
tools where meaning is constructed collaboratively. Burgess et al.
[11] show that sociality is a fundamental component of depression
self-management, with users actively curating their social inter-
actions in response to emotional states. Jonathan et al. [36] and
Choukou et al. [15] find that standalone digital interventions are
insufficient without integration into clinical workflows. Haque et al.
[29] demonstrate that culturally grounded, value-sensitive design
is essential in low- and middle-income country contexts.

4.4 Adaptive Modeling: Accommodating
Individual Variability in Computational
Systems

Five studies addressed computational adaptation to individual vari-
ability. Saud et al. [65] demonstrate that HITL approaches enable
users to iteratively label and reinterpret their own sensor data,
allowing models to adapt to personal baselines rather than en-
force population-level norms. Jain et al. [35] show that multimodal
systems can capture context-dependent signals. For example, in sar-
casm, the divergence across modalities carries significant semantic
weight. These nuances would be lost under traditional agreement-
maximizing fusion strategies. At the application level, Mendes et
al. [48] and Gautam and Sreekumari [26] design conversational
agents that personalize interactions by responding to user-specific
behavioral and emotional patterns rather than generic templates.
De Souza et al. [20] argue that mental health chatbots must ac-
count for individualized manifestations of illness, as standardized
response strategies risk misalignment with users’ lived experiences.

Across these studies, a pattern emerges of systems moving to-
ward what we characterize as a coherence-aware paradigm: one that
prioritizes interpreting cross-signal divergence and user-specific
variation as informative, rather than enforcing uniformity through
statistical averaging. The following section formalizes this observa-
tion into a design framework.

5 Toward a User-Agency-Centered Framework
Rather than treating individual variability as noise, our synthesis
suggests that it is a critical resource for system design. This requires
moving beyond agreement-maximizing models to embrace the situ-
ated, temporal, and social contexts that define the user experience.
What is currently missing is a unifying framework that integrates
these insights across system modalities and interaction layers. This
section provides that framework, organized around two original
constructs and summarized in Figure 3. Together, these components

reposition digital mental health systems from pipelines that resolve
uncertainty toward systems that surface, preserve, and support the
interpretation of uncertainty.

The framework follows from the four tensions identified in the
synthesis. If mental health data are interpretive artifacts rather
than objective readouts, then systems must preserve users’ ability
to contextualize evidence. If user states change over time, then
systems must support revisable interpretations rather than fixed
profiles. If mental health is embedded in socio-technical contexts,
then systems must clarify when data or interpretations are shared
and who is expected to act on them. If computational systems
must accommodate individual variability, then divergence across
signals should be treated as potentially informative rather than
automatically resolved. The complementary evidence chain and the
user-agency-centered architecture translate these four observations
into design constructs.

5.1 Construct 1: The Complementary Evidence
Chain

The limitations outlined above point to a need for a new conceptual
framing. We propose the complementary evidence chain:

Definition.Mental health status is not a single variable
but a latent construct composed of multiple hetero-
geneous signals, requiring inference through comple-
mentary evidence chains in which no single modality
constitutes ground truth.

A complementary evidence chain conceptualizes mental health
as a latent state that cannot be directly observed but must be in-
ferred through the alignment ofmultiple partial signals (See Table 1).
These signals fall into three broad categories [25]. Subjective ev-
idence includes self-reports, interviews, and conversational data.
It offers semantic richness and interpretability but is subject to
bias and discontinuity [7]. Behavioral evidence, derived from digital
traces such as activity patterns, communication behavior, and lan-
guage use, provides continuous and ecologically valid observations.
It often lacks clear semantic grounding [63]. Physiological evidence,
including HRV, EDA, and other biosignals, offers bodily-state mea-
surements but is typically context-free and difficult to interpret in
isolation [66].

No single modality serves as a reliable proxy for mental health.
Meaningful understanding emerges not from privileging one modal-
ity over others, but from examining how these sources relate to
and constrain one another (See Figure 1). The complementary evi-
dence chain does not imply that all evidence types should be treated
equally in every context. The absence of a single ground truth does
not mean that all signals have identical reliability, relevance, or eth-
ical weight. A self-report may be more meaningful when the design
goal is reflection, while physiological or behavioral signals may
be more useful for detecting routine disruption or acute change.
Evidence weighting should therefore be treated as a situated design
problem, shaped by signal quality, temporal relevance, user trust,
domain risk, and the user’s own values. In some cases, the appro-
priate response is not to compute a fixed weighted average, but
to surface the weighting dilemma itself: for example, “Your sleep
and activity patterns suggest strain, but your self-report does not.
Which source feels more representative today?” This preserves the
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Table 1: Evidence Types in the Complementary Evidence Chain

Evidence Type Data Source Characteristics

Subjective Questionnaires, self-reports, dialogues Interpretable but subject to bias
Behavioral Mobile phone usage, interaction logs, voice/text Continuous but semantically weak
Physiological Heart rate, skin conductance, eye movement Measurement-precise but semantically ambiguous

Figure 1: The complementary evidence chain. Mental health
is inferred from relationships among subjective, behavioral,
and physiological evidence. These evidence types are com-
plementary but not automatically equal: their relevance and
weight depend on signal quality, context, user values, and
trust. Divergence between modalities is treated as a mean-
ingful signal for reflection rather than noise to be smoothed
algorithmically.

core argument of divergence-as-signal while avoiding the mislead-
ing assumption that all modalities are interchangeable or equally
authoritative.

This framing has a specific computational implication. Coher-
ence, within this framework, is not statistical agreement among
heterogeneous signals. It is the algorithmic mapping of their re-
lational divergence [51]. When a system detects friction, for in-
stance, elevated physiological arousal contrasting with a benign
self-report, that divergence is not noise to be smoothed over. A
coherence-aware framework treats this friction as a primary signal,
mapping the tension between an individual’s lived experience and
their physiological metrics. Rather than forcing a definitive state
classification, the system uses this tension to prompt user reflection
[23]. A worked instantiation of this logic appears in §5.3, Scenario
1, where divergence between physiological arousal, low mobility,
and a calm self-report is surfaced to the user rather than collapsed
into a single stress score.

This reframes the evolution of computational methods in digital
mental health. Early single-modality classifiers [41, 74] gave way to
multimodal fusion techniques [6], which were in turn extended by
temporal modeling that treats intra-individual deviation as more
informative than population-level averages [1]. The emergence of
large language models introduces capacity to integrate low-level

signals with high-level semantic interpretation [86]. Yet current
systems remain constrained by data-centric assumptions. Models
are evaluated on predictive accuracy rather than interpretive sup-
port [61], integration is fragmented, and users are rarely involved
in validating inferences [47].

From an interaction design perspective, the complementary evi-
dence chain is not only a methodological framework but a design-
oriented concept. It foregrounds the need for systems that make
relationships among forms of evidence visible and interpretable to
users. Such visibility enables active participation in constructing
one’s own mental health understanding. Rather than positioning
users as passive recipients of model outputs, such systems should
support reflection, sensemaking, and negotiation among multiple
information sources [30].

This framing carries three implications for system design. First,
uncertainty should be explicitly represented rather than hidden,
enabling users to engage critically with system outputs. Second,
data must be interpreted in relation to users’ daily life contexts.
Third, mechanisms should be included that empower users to pro-
vide situated interpretations of their data. This approach grants
users epistemic agency, integrating their subjective lived experi-
ence as a core component of the evidence chain. If the comple-
mentary evidence chain reframes mental health understanding as
user-governed interpretation of partial signals, then the system
architecture must operationalize that governance. Section 5.2 spec-
ifies the architectural commitments required.

5.2 Construct 2: User-Agency-Centered System
Architecture

Building on this outcome-oriented framing, a user-agency-centered
architecture should make explicit which type of outcome it is de-
signed to support and how that outcome will be assessed. Recent
HCI work has reframed digital mental health systems as interac-
tive, ongoing services rather than static diagnostic tools [62, 75].
This framing reflects a broader recognition that mental health is a
dynamic process involving self-awareness, interpretation, decision-
making, and behavior change [47]. The role of computational sys-
tems is shifting from classifier to supportive partner embedded in
everyday life.

This shift is tied to a redefinition of system-level goals. Rather
than optimizing solely for predictive performance, contemporary
systems are increasingly evaluated on their capacity to enhance ac-
cessibility for underserved populations [34], to support user agency
over data [9], to preserve privacy [83], to enable stepped care [69],
and to provide scalable non-clinical support [72]. Among these di-
mensions, user agency has emerged as a central organizing principle.
It is visible in three design transformations: systems that provide
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interpretable feedback rather than opaque outputs [40]; user con-
trol over data collection, sharing, and usage, often described as data
sovereignty [9]; and self-guided interventions in which users engage
with therapeutic content at their own discretion [24]. Burgess et al.
[11] provide supporting evidence by showing that users actively
select communication channels based on emotional state, reinforc-
ing the case for designs that support autonomy in when, how, and
with whom users engage. These transformations align with emerg-
ing HCI design practices: participatory design [52], conversational
interfaces powered by LLMs [49], context-aware embedded inter-
ventions, and longitudinal personalization techniques [77].

These developments signal an architectural shift: from a linear
pipeline of data→ model→ prediction toward closed-loop, inter-
active processes (See Figure 2). This architecture operationalizes
user agency through two mechanisms.

Algorithmic veto power. In Loop 1, users can contextualize,
label, or reject physiological signals before they are transferred
into the AI inference space. Similarly, AI-generated health plans
should not automatically trigger interventions; they require user
confirmation before becoming actionable. In this architecture, users
are not endpoints of inference but governing participants in the
loop. Coherence in the complementary evidence chain is therefore
not a static calculation, but an ongoing negotiation between AI
inference and user interpretation.

Three boundaries define algorithmic veto power. First, veto
power applies to interpretation and actuation, not to data collection
itself: users may reject an inference while the underlying sensor
data remain available for longitudinal pattern recognition. Second,
veto mechanisms must be tiered and lightweight. Low-stakes feed-
back may require no confirmation, significant recommendations
may warrant brief confirmation, and irreversible actions should
require explicit consent. Third, veto power is limited in safety-
critical scenarios. However, escalation should not assume contin-
uous clinical monitoring. Systems should distinguish user-facing
crisis resources, pre-agreed emergency or care-team notifications,
and clinician review only when such monitoring has been explic-
itly arranged. During onboarding and crisis interactions, systems
should state who can see shared data, whether review is real-time
or asynchronous, and what response time users should expect.

A graduated fail-safe protocol can operate independently of
ordinary veto. Ambiguous signals should first trigger an explicit
user check-in. If the user does not respond or risk estimates increase,
the system should offer crisis resources and clarify who, if anyone,
can see the data. If risk crosses a safety-critical threshold, the system
should follow the pre-agreed escalation pathway rather than rely
on user confirmation. All transitions should be logged for later user
review.

Graceful degradation of inference. Users must have the au-
thority to dynamically modulate their data fidelity without causing
the system to fail, for instance, revoking access to continuous physi-
ological tracking during periods of high vulnerability [53, 70].When
a user exercises this data sovereignty, the system should adapt to
the resulting gaps rather than collapse or resort to coercive tactics
such as locking features until permissions are restored. By leaning
on remaining links in the complementary evidence chain, such as
subjective self-reports or low-friction conversational inputs, the
system transparently downshifts its analytical scope. Privacy, in

this model, is not penalized with a loss of service but integrated as
a functional, dynamic parameter of ongoing mental health manage-
ment.

To concretize this architecture, Hay et al. [30] present the SHAW
application, which replaces passive employee health tracking with
a conversational interface for holistic reflection. The system en-
forces algorithmic veto power by mandating user oversight of AI
health indexes. This ensures that workplace adjustments are pre-
ceded by personal reflection, thereby institutionalizing structural
accountability.

Because this paper does not present a deployed system, the
framework should be read as an implementation scaffold rather
than a software architecture (See Table 3). To make the constructs
actionable for HCI and healthcare practitioners, Table 3 translates
each construct into operational design questions, possible imple-
mentation strategies, user-facing controls, and expected system
behavior. These details are not intended to prescribe one technical
solution, but to clarify where design decisions must be made when
moving from conceptual framework to system development.

5.3 Illustrative Use Scenarios
Scenario 1: Cross-modal divergence in student stress self-
management. A university student wears a smartwatch and occa-
sionally completes short self-reports. The system detects elevated
HRV-related arousal and reduced mobility, but the student reports
feeling calm. Rather than classifying the student as stressed, the
system presents the discrepancy: “Your body shows signs of acti-
vation, while your self-report suggests calm. Is there a context that
explains this?” The student identifies that they had caffeine before
an exam but do not feel emotionally distressed. The system records
this interpretation and avoids over-pathologizing similar patterns
in the future. The prompt targets the "blind spots" of digital phe-
notyping. By inviting reflection on physical, environmental, and
emotional context, it captures factors that individual sensors are
structurally unable to detect. The divergence is not a measurement
error; it is a window into the gap between physiological signal and
subjective experience, and the system makes that gap visible rather
than collapsing it.

Scenario 2: Algorithmic veto in workplace well-being. An
employee-facing well-being system infers possible burnout risk
from sleep disruption and work communication patterns. Before
suggesting workplace adjustments or sharing any summary with
a manager or clinician, the system asks the user to confirm, mod-
ify, or reject the interpretation. The user explains that the pattern
reflects temporary caregiving responsibilities rather than work-
related burnout. The system updates its interpretation and offers
private coping resources without escalating the inference.

Scenario 3: Graceful degradation under privacy restric-
tion. A user temporarily disables physiological sensing during a
vulnerable period. Instead of locking features or reducing support
quality without explanation, the system transparently shifts to
lighter-weight self-report and conversational check-ins. It explains
that recommendations are now based on fewer evidence sources,
and invites the user to decide whether and when to restore sensing.
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Figure 2: The closed-loop interactive process operationalizing user agency.

6 Discussion
6.1 Challenges
Despite rapid advances in sensing technologies, machine learning,
and interactive systems, significant challenges remain in realizing
effective and responsible digital mental health systems. These chal-
lenges are not merely technical. They concern how such systems
are interpreted, trusted, and integrated into users’ everyday lives.

Model complexity versus interpretability.Multimodal and
large-scale models have improved predictive capabilities, but they
often operate as opaque systems offering limited insight into how
inferences are generated. In mental health contexts, where outputs
influence users’ self-perception and decision-making, this opacity
can undermine trust and lead to harmful misinterpretation [40].
The challenge calls for approaches that make system reasoning
accessible and meaningful to users, rather than approaches that
optimize merely for accuracy.

Privacy and data agency.Mental health data, such as physio-
logical signals, behavioral traces, and conversational content, are
highly sensitive and deeply personal. The continuous and passive
nature of data collection raises concerns about informed consent,
data ownership, and secondary use [13]. Designing for privacy in
this domain requires more than technical safeguards. It demands
transparent mechanisms that allow users to understand, control,
and negotiate how their data are collected and used. Graceful degra-
dation of inference provides a structural answer to this tension, but
its implementation in real-world systems remains an open design
problem.

Individual and cultural variability. Mental health experi-
ences are shaped by diverse personal, social, and cultural contexts,
yet existing systems rely on generalized models that may not re-
flect this diversity [64]. Emotional constructs and their expression
vary across populations, raising concerns about the universality

of model assumptions and the risk of bias in both data and design
[8]. Addressing this requires improved personalization techniques
alongside participatory approaches that involve users in shaping
how systems represent and respond to their experiences.

Long-term engagement and real-world effectiveness.Many
digital mental health tools demonstrate promising results in con-
trolled studies, but sustaining user engagement over time remains
difficult. Improvements in predictive performance do not neces-
sarily translate into meaningful behavioral or clinical outcomes
[50]. This points to a need for evaluation frameworks that move
beyond model-centric metrics toward measures of user experience,
behavioral change, and well-being in naturalistic settings.

Balancing self-guided support with clinical integration.
User-agency-centered systems emphasize autonomy and accessi-
bility. They may not suffice, however, for individuals experienc-
ing severe or acute conditions. Designing effective pathways that
connect self-guided tools with professional care remains an open
challenge. Systems must provide appropriate guidance without
overstepping their scope — a boundary that is easy to state but
difficult to operationalize [5].

Toward evaluation: specifying meaningful outcomes. A re-
curring limitation of conceptual frameworks inHCI is the absence of
a clear path from principle to evidence.We propose three evaluation
strategies appropriate to the constructs developed here. First, the
complementary evidence chain can be evaluated through controlled
comparison studies. Prototype systems that surface cross-modal
divergence to users can be compared with agreement-maximizing
baselines on measures of self-understanding, trust calibration, and
reflection quality. Second, algorithmic veto power can be evaluated
through diary or experience-sampling studies that track how of-
ten users exercise veto options, in what contexts, and with what
downstream effects on engagement and perceived autonomy. Third,
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graceful degradation can be evaluated through data-scarcity simu-
lation: progressively restricting available modalities and measur-
ing whether the system’s responses remain useful and whether
users notice or object to the degradation. Together, these strategies
wouldmove the framework from conceptual proposal to empirically
grounded design guidance. Figure 3 maps the framework’s three
layers (evidence inputs, inference, user agency); each evaluation
strategy targets one layer.

Sensemaking, explainability, and the role of GenAI. A
promising direction for implementing this framework lies at the
intersection of sensemaking and GenAI. The primary objective of
divergence-as-signal is to provoke sensemaking [84]. By presenting
users with ambiguous data rather than a unified inference, the sys-
tem creates the conditions for them to construct their own situated
meaning. GenAI is well-suited to support this process because it can
translate low-level sensor patterns into natural-language prompts
that invite reflection rather than deliver verdicts [87]. The same
fluency that makes LLMs effective communicators, however, also
makes them susceptible to confident overstatement [83]. A system
that frames an uncertain inference as a clear conclusion violates
the epistemic commitments of the complementary evidence chain.
The design challenge is not to make systems more conversational,
but to ensure that their expressiveness is calibrated to the genuine
uncertainty of the underlying evidence. To enforce this boundary,
the LLM’s reasoning process must be constrained through targeted
prompting strategies and modular architecture. Rather than feed-
ing the LLM raw data and asking it to interpret the user’s state,
the system must only supply the LLM with the delta, which is the
mathematical or categorical gap between the two data streams.
This constraint locates the LLM strictly within the inference layer
of the framework (Figure 3); the agency layer remains the user’s.
By hardcoding the boundaries of automated processing to stop
at the presentation of divergence, the system guarantees that the
locus of interpretation remains with the user, turning algorithmic
uncertainty into a catalyst for human insight.

6.2 Limitations
Several limitations bound the claims of this paper. As a conceptual
synthesis, the framework has not been empirically validated. The
constructs of the complementary evidence chain, divergence-as-
signal, and algorithmic veto power are proposed as design principles
grounded in existing evidence, not as empirically tested mecha-
nisms. Their effects on user understanding, engagement, and clini-
cal outcomes remain to be established. The paper also maintains a
high-level focus on mental health self-management without distin-
guishing between general and clinical populations. Future research
is needed to determine how these design implications shift when
applied to specific care settings or high-severity contexts.

As a purposive synthesis, the corpus is also subject to selec-
tion bias. The two analytical lenses were developed prior to final
corpus selection, increasing the likelihood that included studies
support the argument rather than complicate it. Studies that defend
data-centric inference, or that report negative findings from partici-
patory design approaches, are likely underrepresented. The corpus
draws predominantly from ACM and IEEE venues, skewing toward

computer-science and HCI framings at the expense of clinical psy-
chology, nursing informatics, and global health perspectives. Most
reviewed work was conducted in high-income, English-speaking
contexts with adult participants, constraining the generalizability
of the proposed framework. These limitations do not invalidate
the theoretical argument, but they establish clear boundaries on its
current scope and point directly to the empirical validation work
that must follow. We treat these limitations not as reasons to gen-
eralize cautiously but as design constraints. Because data-centric,
clinical, and non-Western perspectives may be underrepresented,
the framework emphasizes evidence weighting, monitoring expec-
tations, and graceful degradation rather than assuming that user
participation is always sufficient or universally desired.

6.3 Design Implications
The framework yields five implications for practitioners designing
digital mental health systems (See Figure 3).

Surface divergence, do not suppress it. Systems should ex-
pose cross-modal inconsistencies as interpretive prompts rather
than resolve them algorithmically. Designers should specify what
counts as a meaningful conflict and determine whether it should
trigger user reflection, an uncertainty disclosure, or care-related
action.

Treat evidenceweighting as user-shaped and context-dependent.
Different data sources carry different weights depending on the
goal. Whether the system relies on a user’s input or a sensor’s
signal, the user should be able to see the reasoning and override
it. These overrides should apply only to the current situation, not
become a universal setting.

Implement veto checkpoints at inference boundaries. Veto
mechanisms should be placed before consequential transitions:
from sensing to labeling, from labeling to recommendation, from
recommendation to notification, and from private interpretation to
sharing or escalation. At each checkpoint, users should be able to
confirm, modify, reject, defer, or annotate the inference.

Degrade gracefully under data scarcity. Designers should
define the minimum viable evidence chain for each system function.
When data access is restricted, the system should disclose which
evidence is missing, lower the confidence or scope of recommenda-
tions, and continue offering lower-burden forms of support rather
than fail silently.

Design for ecosystem, not just the individual. Systems should
distinguish among private reflection, selective sharing, asynchro-
nous review, and active monitoring. Interfaces should make clear
who can see an interpretation, who is expected to act on it, and
what response time users should expect.

7 Conclusion
This paper has argued that digital mental health systems should
move from data-centric inference toward interaction-centered sup-
port. Through a purposive synthesis of 24 studies, we identified four
recurring tensions: data as subjective artifact, temporal instability,
socio-technical context, and adaptive modeling. We translated these
tensions into a framework built on two constructs: the complemen-
tary evidence chain, from which the principle of divergence-as-signal
follows, and a user-agency-centered architecture operationalized
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Subjective
self-reports, dialogues

Behavioral
activity, interaction logs

Physiological
HRV, EDA, biosignals

AI inference
latent state estimation · coherence mapping · divergence detection

Algorithmic veto checkpoint
user confirms, modifies, or rejects

User: interpret · reflect · act
self-guided intervention · data sovereignty

Graceful
degradation

(data restricted)

divergence
= signal

Data
layer

Inference
layer

Agency
layer

Figure 3: User-agency-centered framework. Evidence from three modalities feeds an AI inference layer (dashed border =
computational and uncertain). The algorithmic veto checkpoint gives users authority to confirm, modify, or reject inferences
before any system action is taken. The dashed return path illustrates graceful degradation: when data access is restricted, the
system falls back to lighter-weight evidence rather than failing. Divergence across modalities (left annotation) is treated as a
meaningful signal surfaced to the user, not smoothed away algorithmically.

through algorithmic veto power and graceful degradation of infer-
ence. The framework does not claim to solvemental health inference
through better fusion alone. It reframes conflicting evidence as a
design opportunity. Systems should help users interpret uncertain
signals, contest automated inferences, and control how data are
acted upon or shared. The value of digital mental health systems
lies not only in their ability to detect patterns, but in their capac-
ity to enable reflection, support decision-making, and empower
individuals in everyday life [2, 4, 12, 88].

Future work should empirically test whether these mechanisms
improve self-understanding, trust calibration, engagement, and
appropriate care escalation in real-world deployments. Four di-
rections are immediate. First, the complementary evidence chain
requires prototype evaluations that explicitly surface cross-modal
divergence and compare reflective outcomes against agreement-
maximizing baselines. Second, algorithmic veto power needs oper-
ational specification through comparative analysis of veto mecha-
nisms (tiered consent models, proactive confirmation dialogues),
measuring effects on engagement and longitudinal data quality.
Third, the reviewed studies disproportionately focus on adult pop-
ulations in high-income, English-speaking contexts; extending this
work to adolescents, older adults, and users in low- and middle-
income settings is essential. Fourth, longitudinal in-the-wild de-
ployments are needed to understand how user agency and system
coherence evolve over weeks and months of real-world use.
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Table 2: Structured Overview of the 24 Reviewed Studies

Study cluster Papers Domain Target users Methods Data sources Analytical role

Self-tracking
and interpre-
tive agency

Grimme et al. [28]; Severes
et al. [68]; Majid et al. [46];
Kelley et al. [38]; Cho et al.
[14]; Kerber et al. [39]; Terp
et al. [78]

self-tracking, well-
being, bipolar disorder,
schizophrenia, student
mental health

women, students, peo-
ple with lived experi-
ence, young adults

qualitative
study, partici-
patory design,
RCT, inter-
views

self-report, personal
health data, app use,
wearable/self-tracking
data

Establishes why mental
health data should be
treated as interpreted
artifacts rather than ob-
jective signals

Temporal dy-
namics

Kornfield et al. [42];
Burgess et al. [10]; Hay et
al. [30]; Majid et al. [28];
Wagener et al. [81]

depression, workplace
health, VR self-care,
bipolar disorder

people with depression,
workers, self-care users

design study,
qualitative
inquiry, liter-
ature review,
framework
development

user reflections,
technology kits,
interaction logs, wear-
able/contextual data

Establishes why static
user profiles and one-
time labels are insuffi-
cient

Socio-technical
context

Stefanidi et al. [75]; Slovak
et al. [28]; Loke et al. [45];
Burgess et al. [11]; Jonathan
et al. [36]; Choukou et al.
[15]; Haque et al. [29]

ADHD, family mental
health, child therapy,
depression, bipolar dis-
order, cognitive impair-
ment, autism care

children, families, ther-
apists, caregivers, pa-
tients

co-design,
probes, user-
centered design,
scoping review

interviews, care prac-
tices, family interaction,
app data

Establishes why inter-
pretation and action
may involve caregivers,
clinicians, workplaces,
or families

Adaptive mod-
eling

Saud et al. [65]; Jain et al.
[35]; Mendes et al. [48];
Gautam & Sreekumari [26];
de Souza et al. [20]

sensor-based depres-
sion detection, emotion
recognition, chatbots,
elderly care, student
mental health

students, elderly users,
chatbot users

HITL modeling,
system design,
conversational
agent design

mobile sensor data, mul-
timodal emotion sig-
nals, dialogue data

Establishes why compu-
tational systems should
adapt to personal base-
lines and divergent sig-
nals
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Table 3: Operationalizing the framework

Framework construct Operational design question Possible implementation User-facing control System behavior

Complementary evi-
dence chain

What evidence sources are
available and how reliable are
they in this context?

Maintain metadata for each
modality: recency, quality, con-
fidence, user trust, and contex-
tual relevance

Let users inspect which signals
contribute to an inference

Avoid presenting a single defin-
itive mental-health label when
evidence is weak or conflicting

Situated evidence
weighting

Which evidence should matter
more in this moment?

Use context-dependent weight-
ing rather than fixed fusion; al-
low weights to shift by goal,
risk, and user preference

Ask users which source feels
more representative when sig-
nals diverge

Record user weighting prefer-
ences as contextual annotations,
not universal rules

Divergence-as-signal When do signals conflict mean-
ingfully?

Detect discrepancies across sub-
jective, behavioral, and physio-
logical streams

Present divergence as a reflec-
tive prompt rather than a diag-
nosis

Trigger sensemaking prompts
instead of smoothing discrepan-
cies into one score

Algorithmic veto check-
point

When should an inference re-
quire user confirmation?

Place checkpoints before noti-
fications, recommendations, or
sharing; define separate pre-
agreed protocols for crisis esca-
lation

Confirm, modify, reject, defer,
or add context

Store the user response and
adapt future inference thresh-
olds or explanations

Graceful degradation What happens when data are
missing or restricted?

Define minimum viable evi-
dence chains for each feature

Let users pause or restrict
modalities without losing all
support

Downshift to lower-confidence
or lighter-weight support and
disclose the limitation

Crisis escalation bound-
ary

When can user veto be by-
passed?

Use pre-agreed safety protocols
and monitoring expectations

Explain during onboarding who
monitors what and how quickly

Offer immediate resources, no-
tify agreed contacts, or escalate
only through predefined path-
ways
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