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Abstract
Passive sensing and experience sampling increasingly capture how
patients behave between psychiatric visits, and large language mod-
els can turn these heterogeneous signals into clinical interpretations.
Yet in outpatient care, such interpretations are useful only when
clinicians can make sense of them alongside other evidence. Under
tight time constraints, clinicians must judge their clinical relevance,
verify them against the underlying data, and decide what to ex-
plore next. It remains unclear how AI-generated interpretations
should be explained to support this reasoning rather than merely
justify model outputs. Drawing on semi-structured interviews with
12 psychiatrists, we derive three requirements for explanation de-
sign in longitudinal mental health monitoring: rapid understanding
within limited consultation time, evidence-grounded clinical in-
terpretation, and support for clinical inquiry. We operationalize
these requirements in an interactive dashboard that surfaces the
behavioral evidence behind each interpretation, preserves compet-
ing interpretations, and carries remaining uncertainty forward as
follow-up questions for the consultation. Together, these offer a
concrete design point for explaining longitudinal behavioral data
to clinicians.

CCS Concepts
•Human-centered computing→Ubiquitous andmobile com-
puting systems and tools;Ubiquitous andmobile computing design
and evaluation methods; • Applied computing → Health infor-
matics.
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1 Introduction
Wearables, smartphone-based experience sampling methods (ESM),
and passive behavioral sensing now enable continuous observation
of patients’ daily lives between psychiatric visits [8, 9, 13]. Such
patient-generated health data (PGHD) capture longitudinal changes
in sleep, mobility, social interaction, and affective states that are
difficult to reconstruct through retrospective recall alone [12, 14].
Recent large language models (LLMs) can further integrate these

heterogeneous signals into clinically meaningful interpretations[3,
7].

Such interpretations become useful, however, when clinicians
can make sense of them alongside other evidence. Because self-
reported symptoms and behavioral observations each provide only
a partial picture of a patient’s condition [1, 6, 10], clinicians need to
examine where these signals reinforce or diverge and what remains
to be explored during the consultation.

Designing such explanations is difficult. Too little information
makes AI-generated interpretations hard to evaluate, whereas too
much detail can overwhelm clinicians during time-constrained
outpatient encounters [2, 5]. Prior work addresses this trade-off
through progressive disclosure, presenting summaries first and
revealing detail on demand [4, 11]. Yet how explanations should
support clinicians in navigating clinically relevant findings, under-
lying evidence, and unresolved uncertainty in longitudinal mental
health monitoring remains less clear. To investigate this question,
we interviewed 12 psychiatrists and identified three requirements
for explanation design: rapid understanding, evidence-grounded
interpretation, and support for clinical inquiry. We operationalize
these requirements in an interactive dashboard.

2 Design Rationale
We conducted semi-structured interviews with 12 psychiatrists
recruited from university hospitals and clinics across South Korea
(4 female; age 𝑀=44.5, 𝑆𝐷=6.43) during the development of the
underlying system. The interviews examined clinicians’ reasoning
and information needs during psychiatric follow-up assessments,
including how AI-generated interpretations should be presented
during outpatient consultations.

Two researchers independently open-coded the transcripts and it-
eratively grouped recurring codes into higher-level themes. Through
discussion and refinement, we identified three explanation design
requirements (DRs); (1) rapid understanding within limited con-
sultation time, (2) evidence-grounded clinical interpretation,
and (3) support for clinical inquiry.

2.1 DR1. Rapid Understanding within Limited
Consultation Time

Most participants recognized the value of longitudinal sensing data
for understanding changes between outpatient visits, but empha-
sized that their volume and heterogeneity made comprehensive
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Figure 1: Overview of the proposed system. (Left) The pipeline processes PGHD from passive sensing and EMA through data
preprocessing and multi-agent clinical reasoning to produce structured outputs. (Right) The explanation interface presents
these structured outputs through the Overview panel (behavioral summaries and trend cards) and the Evidence & Actions
panel (longitudinal trends, follow-up questions, and intervention suggestions).

review impractical during brief consultations. Rather than manually
inspecting numerous behavioral signals, clinicians preferred AI to
prioritize clinically relevant findings. Explanations should therefore
foreground these findings while preserving access to supporting
detail.

2.2 DR2. Evidence-grounded Clinical
Interpretation

Several participants emphasized examining the reasoning behind
an AI-generated assessment rather than prediction accuracy alone.
Even when a prediction was incorrect, they considered the system
useful if its reasoning remained transparent and open to clinical
evaluation. This was particularly important when behavioral sig-
nals suggested competing interpretations, as clinicians wanted to
examine the evidence behind each perspective before forming their
own judgment.

2.3 DR3. Support for Clinical Inquiry
Participants valued when the system identified unresolved uncer-
tainties and translated them into follow-up questions for patient
conversation. They also viewed intervention suggestions grounded
in patients’ behavioral patterns as useful for connectingAI-generated
interpretations to subsequent clinical care.

3 System Design
3.1 Underlying Multi-Agent System
The explanation interface is built on a multi-agent clinical reason-
ing system that synthesizes longitudinal passive sensing and ESM
data into clinical interpretations. As shown in Figure 1 (left), multi-
ple domain-specific agents each reason about a particular aspect
of the patient’s condition, and a moderator agent synthesizes their
complementary assessments into an overall clinical assessment
together with follow-up questions and intervention recommenda-
tions. These outputs are then organized in the explanation interface
shown in Figure 1 (right) for use during outpatient consultations.
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Figure 2: Interface features supporting (A) rapid understanding through the synthesized clinical assessment and progressively
disclosed supporting rationale, and (B) evidence-grounded clinical interpretation through longitudinal data trends and sup-
porting and counter evidence.

3.2 Explanation Interface
The interface arranges the outputs into two complementary panels.
The Overview panel summarizes the synthesized clinical assess-
ment, with debate highlights and access to individual agent as-
sessments and the full discussion. The Evidence & Actions panel
presents the underlying behavioral data through interactive trend
visualizations, alongside the system-generated follow-up questions
and intervention recommendations. Presenting interpretations next

to their supporting evidence lets clinicians inspect both the synthe-
sized assessment and the information from which it was derived.

The interface operationalizes the three design requirements
through complementary explanation elements. For rapid under-
standing, the interface leads with the synthesized Clinical As-
sessment (Figure 2), allowing clinicians to grasp the prioritized
interpretation first. Supporting rationale, including Debate High-
lights, Individual Agent Assessments, and theDiscussion view,
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Figure 3: Support for clinical inquiry through follow-up ques-
tions and intervention suggestions grounded in unresolved
findings.

is progressively disclosed, allowing clinicians to access additional
context when needed.

For evidence-grounded clinical interpretation, the Data
Trends view keeps longitudinal sensing and self-reported data
directly inspectable across configurable time windows. TheDiscus-
sion view presents the individual claims raised during the multi-
agent discussion and allows clinicians to inspect the evidence asso-
ciated with each claim. By hovering over a claim, clinicians can view
the specific supporting and counter evidence used in the discussion,
making it possible to examine why a particular interpretation was
proposed and what evidence may challenge it (Figure 2). Rather
than resolving competing signals into a single conclusion, the in-
terface preserves multiple evidence-supported interpretations, so
that clinicians can trace and evaluate the reasoning behind each
one independently.

For support for clinical inquiry, the Questions & Inter-
ventions view carries unresolved findings forward as follow-up
questions, each paired with a Why ask? explanation that surfaces
the uncertainty motivating it, alongside intervention suggestions
grounded in the patient’s behavioral patterns (Figure 3). Rather than
ending at an AI-generated interpretation, the interface turns what
remains uncertain into concrete directions for patient discussion
and clinical management.

4 Discussion and Conclusion
Our findings suggest that explanations for longitudinal mental
health monitoring should do more than justify AI-generated out-
puts. They should help clinicians quickly identify clinically relevant
information, evaluate interpretations against their underlying evi-
dence, and act on remaining uncertainty by carrying it into clinical
inquiry. Rather than always resolving heterogeneous signals into a
single, definitive account, explanations may benefit from preserv-
ing supporting and conflicting evidence. Preserving supporting and
conflicting evidence can instead enable clinicians to evaluate alter-
native interpretations in light of their own clinical judgment. This
extends the role of explanation beyond making an AI-generated
output understandable toward supporting the clinician’s ongoing
sensemaking and inquiry during the consultation.

This work has two main limitations, each pointing to future
work. First, the interface explains AI-generated interpretations but
does not yet represent the data quality, missingness, and contextual
limitations of the underlying sensing data. We plan to investigate
explanation strategies that communicate such sensing uncertainty

explicitly. Second, the interface was demonstrated with longitudinal
data from a university student population, leaving its applicability
across broader psychiatric settings to be examined. Future work
will evaluate the interface with practicing psychiatrists using data
from more diverse patient populations. Beyond these, we plan to
explore interactive mechanisms that let clinicians further question
and refine AI-generated interpretations during the consultation.
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