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Abstract

Digital phenotyping brings measurement of daily behaviour and physiology into the study of psychiatric
relapse. Smartphones capture mobility, communication-related activity, and device interactions, while
wearable sensors trace sleep, rest-activity rhythms, and selected autonomic signals. This narrative review
synthesises evidence on these approaches in depression and schizophrenia and examines their develop-
ment into clinically useful warning systems. Smartphone studies demonstrate the value of longitudinal
behavioural observation, pilot work in schizophrenia has directly examined relapse-related changes, and
prospective actigraphy research in depression links sleep and activity patterns with subsequent relapse.
Multimodal models provide a framework for integrating these complementary signals. The central chal-
lenge is to turn measurement into dependable decisions: a relapse-warning system needs a defined clinical
outcome, a meaningful forecast horizon, reproducible sensor features, independent validation, and an
agreed response to alerts. Patient-reported information strengthens the interpretation of passive data, while
privacy, consent, equitable access, and usability shape implementation. We propose an evidence-to-care
framework connecting digital signals, prospective risk estimation, and clinical action. This approach
positions digital phenotyping as a practical component of future longitudinal mental-health care, with
clinical effectiveness to be established through prospective implementation studies.
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1. Introduction

Relapse prevention is a central concern in the continuing care of depression and schizophrenia.
Recurrent depressive episodes can disrupt recovery and functioning, while relapse after an initial
episode of schizophrenia can alter longer-term clinical trajectories (Monroe and Harkness 2011;
Robinson et al. 1999). Effective follow-up therefore depends on recognising changes in everyday
functioning as they develop. Clinical consultations, symptom scales, and patient or caregiver reports
provide indispensable assessment, but they sample a small part of life between visits. Smartphones and
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wearable technologies expand this observation window by recording behavioural and physiological
variation in natural settings (Torous et al. 2016; Bufano et al. 2023).

Digital phenotyping translates everyday technology use into repeated measurements of behaviour,
physiology, and their temporal patterns. Geolocation and movement sensors describe routines and
mobility; phone interaction data reflect patterns of digital activity; wearables add information about
sleep, physical activity, and selected autonomic processes. Ecological momentary assessments and
brief self-reports can anchor these signals in patients’ own experience (Kamath et al. 2022; Shen et al.
2025). Together, these sources can document changes that precede, accompany, or follow clinical
deterioration. Their clinical value rests on identifying which changes offer usable advance warning
of a specified relapse event.

This review follows the progression from measurement to clinical action. It first considers the
behavioural and physiological meaning of digital features, then compares evidence from smartphones,
wearables, and multimodal systems. It next examines model design, longitudinal validation, and
integration into psychiatric services. A central distinction guides the analysis: symptom monitoring
describes the current state, whereas relapse prediction estimates a future event over a defined inter-
val. The literature contains important contributions at each stage, including direct pilot work in
schizophrenia and prospective observational evidence in depression (Barnett et al. 2018; Tonon et al.
2026). Bringing these strands together clarifies what a clinically credible warning pathway requires.

2. Review Scope and Evidence Framework

We conducted a question-led narrative synthesis of primary studies and reviews included in the
source literature collection. We selected and organised publications for their relevance to five
linked questions: which signals are measured, what clinical outcomes they represent, how temporal
relationships are assessed, how prediction models are evaluated, and how digital monitoring can
inform care. The review discusses depression and schizophrenia separately where their evidence
bases or clinical endpoints differ. This approach supports critical comparison of concepts, study
designs, and translation pathways across a developing interdisciplinary field.

The synthesis distinguishes four levels of evidence: reliable acquisition of digital signals; association
with concurrent symptoms or functioning; longitudinal association with later clinical deterioration
or relapse; and validated prediction linked to a usable clinical response. Each level answers a different
question. For example, a mobility-symptom correlation establishes the relevance of a behavioural
measure, while a prospectively tested relapse model addresses its forecasting value. We use these
categories to interpret individual studies and to identify the next research step for each digital
modality.

3. Conceptual and Measurement Foundations
3.1 The biopsychosocial perspective and behavioural context
The biopsychosocial perspective provides a coherent basis for selecting and interpreting digital
features. Mental-health trajectories involve interactions among biological regulation, psychological
experience, and social conditions (Engel 1977). Wearable heart-rate and sleep measurements charac-
terise aspects of physiological regulation; mobility and activity capture changes in daily behaviour;
and communication-related features describe parts of social participation. These measures acquire
clinical meaning through their relation to an individual’s context. Reduced movement, for example,
can accompany depressive withdrawal, medication effects, illness, work routines, or restricted travel.
Integrating patient history and contemporaneous assessment gives sensor patterns a more precise
interpretation.

A dynamical-systems perspective extends this framework from isolated measurements to trajecto-
ries. Sleep disruption, reduced activity, and altered interaction may co-occur and evolve together
as a person’s condition changes (Bosl, Enlow, and Nelson 2025). Longitudinal digital data make it
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possible to examine these sequences at a finer temporal resolution than periodic clinic visits. The
central analytical task is to distinguish meaningful deviations from a person’s baseline from ordinary
variation introduced by context, devices, and measurement conditions.

3.2 Behavioural activation and digital biomarkers

Behavioural activation theory helps explain why patterns of engagement are relevant to depression.
Reductions in activity, reward-seeking, and social participation interact with mood and functioning.
Related changes in movement and engagement also occur in some presentations of schizophrenia,
particularly where negative symptoms are prominent. Smartphone mobility, activity timing, and
interaction records operationalise selected aspects of these processes (Mow et al. 2022; Fisher et al.
2025). Their temporal measurement creates an opportunity to examine how behavioural changes
develop in relation to symptom trajectories and subsequent relapse.

The path from sensor output to digital biomarker has several defined steps. Investigators first
specify the raw signal and recording conditions, then extract reproducible features, establish mea-
surement reliability, and connect the feature to a clinically meaningful outcome. They must also
document gaps in recording and the influence of device hardware, operating systems, and proprietary
processing. These choices determine whether results can be compared across cohorts and reproduced
on other devices (Alam et al. 2025; Hassan et al. 2025). A clinically useful biomarker combines
technical stability with an interpretable link to prognosis or patient management.

4. Evidence from Smartphones and Wearable Devices

4.1 Smartphone mobility and digital behaviour

Smartphones reveal patterns of mobility and digital activity at the scale of everyday life. Geolocation
data describe time spent at home, location diversity, and changes in routine, while interaction logs
capture aspects of device engagement. In a multicentre observational study, Laiou et al. (2022)
examined smartphone-derived home-stay behaviour in relation to symptoms of major depressive
disorder. Their findings establish a connection between daily mobility and clinical state. Research
on phone interaction and passive behavioural features adds detail about individual differences and the
range of signals associated with depression (Kamath et al. 2022; Lampe et al. 2026). Together, these
studies build the measurement basis for future longitudinal warning models.

Research in schizophrenia connects smartphone-derived behaviour with both functioning and
relapse-related change. Mow et al. (2022) examined mobility metrics in relation to daily social
motivation and behaviour. Barnett et al. (2018) took the next step by investigating relapse prediction
from longitudinal smartphone features in a pilot study. This distinction is clinically important: the
former clarifies behavioural relevance, while the latter directly examines temporal forecasting. A
systematic review of schizophrenia-spectrum digital phenotyping maps the broader evidence across
diagnosis, symptoms, and clinical trajectories, highlighting the diversity of measures and endpoints
in use (Vecchio et al. 2025).

Context determines how mobility and phone-use features should enter clinical models. Time at
home can reflect withdrawal, remote work, physical illness, or household responsibilities. Commu-
nication patterns also depend on application preferences and changes in technology use. Stronger
models therefore combine personal baselines with transparent feature definitions, device-quality
information, and relevant contextual variables. Patient accounts and clinical assessment help interpret
an alert by identifying the circumstances behind an observed behavioural change.

4.2 Wearable sleep, activity, and autonomic measurements

Wearable sensors extend digital phenotyping from behavioural observation to repeated physiological
measurement. Rest-activity timing, sleep-related features, heart rate, and heart-rate variability have
been examined in psychiatric and sleep research (Boettger et al. 2006; Chouchou and Desseilles 2014).
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These measures can reveal how biological rhythms vary over days and weeks. Their interpretation
requires attention to measurement conditions: physical exertion, medication, illness, sensor placement,
and device algorithms all influence recorded values (Hassan et al. 2025). Longitudinal designs can
evaluate whether patterns in these signals contribute prognostic information beyond clinical history
and concurrent symptoms.

Prospective actigraphy research offers a direct example of relapse-focused measurement. Tonon
et al. (2026) followed a multicentre observational cohort of 93 adults with remitted major depressive
disorder and investigated sleep and rest-activity rhythms in relation to subsequent relapse. The study
links longitudinal rhythmic features with a clinically specified future outcome, strengthening the
evidence for the temporal relevance of wearable signals. Related multimodal follow-up research
demonstrates how repeated data streams can be collected alongside psychiatric assessment (Aledavood
et al. 2025). These studies provide a foundation for testing calibrated risk estimates, independent
replication, and interventions triggered by changes in rhythms.

The value of wearables is greatest when their measurements add useful information to existing
follow-up. Consumer-device research in severe mental illness identifies physiological and activity
signals that can be obtained outside clinical facilities (Hassan et al. 2025). For relapse-warning
services, the next evaluation compares these signals with practical alternatives such as symptom
ratings, known relapse history, and routine clinician contact. This comparative design determines
the incremental value of continuous sensing for patients and care teams.

4.3 Multimodal monitoring and limits of aggregate performance

Multimodal phenotyping combines information that single sensors capture only partially. Mobility
records behavioural opportunity, wearables register sleep and physiological rhythms, and symptom
reports describe subjective experience. Integrated systems have examined combinations of these
channels in psychiatric monitoring (Zlatintsi et al. 2022; Shen et al. 2025). The most productive
integration strategy tests whether each modality contributes new information after accounting for
basic clinical predictors. Clear temporal alignment, missing-data handling, and evaluation in an
independent cohort are central to determining the added value of multimodal fusion.

Evidence syntheses show both the momentum of passive-sensing prediction research and the
variation in reported model performance. Fang and Chen (2026) reviewed studies covering multiple
psychiatric diagnoses, including depression, bipolar disorder, and schizophrenia-spectrum condi-
tions, and reported discrimination results across heterogeneous settings, including AUC values of
approximately 0.70-0.88. Because those estimates arise from different samples and endpoints, they
describe a range of model findings across the reviewed field. The schizophrenia-spectrum review by
Vecchio et al. (2025) likewise documents substantial methodological diversity. These findings direct
attention to diagnosis-specific outcomes, validation design, and the operating characteristics that will
determine practical clinical performance.

4.4 Speech, self-report, and the distinction between active and passive sensing
Speech offers another channel for describing changes in psychiatric state. Acoustic features such as
pace, pauses, intonation, and voice quality have been investigated as potential markers of psychosis-
related deterioration (Zaher et al. 2024). Their clinical interpretation depends on language, task
design, microphone characteristics, conversational context, and medication. Research protocols should
specify whether recordings are obtained during active speech tasks or through ambient collection,
since these approaches produce different data and privacy obligations. Clearly defined acoustic
features can be integrated with behavioural and clinical measurements when their incremental value
has been demonstrated.

Active reports give meaning to passive measurements. Brief symptom ratings and ecological
momentary assessments record mood, distress, functioning, and recent experiences in the patient’s
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own terms. They also help explain changes in mobility, sleep, or phone use that have several
plausible causes (Torous et al. 2016; Bufano et al. 2023). Combining active and passive channels
requires attention to the circumstances of missing observations, because survey nonresponse and
temporary sensor inactivity are themselves shaped by participant experience and technical conditions.
Comparative analyses can show how much each channel contributes to a given prediction task (Shen
et al. 2025).

5. Prediction Models: From Discrimination to Clinical Use

5.1 Defining the clinical event and prediction horizon

Clinical relapse must be defined before a prediction model is built. Studies variously use symptom
thresholds, clinician-adjudicated episodes, treatment escalation, emergency presentations, or hospital
admission as outcomes. Each definition identifies a different clinical event and carries different impli-
cations for early warning. The prediction horizon is equally important: a seven-day warning supports
immediate follow-up, whereas a one-year risk estimate informs longer-term planning. Prospec-
tive protocols should specify the outcome, monitoring interval, forecast window, and handling of
repeated events. These decisions connect statistical performance to an actual care decision.

5.2 Model development and validation

Time-series prediction requires evaluation that follows the sequence of clinical observation. Flexible
algorithms can model nonlinear relationships and individual patterns, but repeated measurements from
the same participant also create opportunities for leakage. Participant-level separation, chronological
testing, and independent-site validation prevent models from gaining artificial advantages through
familiar individuals or future observations. All preprocessing, feature selection, and imputation
procedures should be fitted within the training data for each validation split. Reviews of psychiatric
prediction models identify transportability and replication as central criteria for judging progress
(Meehan et al. 2022; Schmaal 2023; Chekroud et al. 2024).

Prediction performance is best described through a linked set of measures. AUC summarises
discrimination across thresholds. Calibration shows whether estimated risks correspond to observed
event frequencies; sensitivity and specificity describe operating trade-offs; and positive predictive
value indicates how frequently an alert identifies an actual event. Short warning windows can make
alert frequency and false-positive burden particularly important to clinical teams. Reports should
state confidence intervals, participant and event counts, missing-data coverage, clinical thresholds,
and the unit of prediction. Benchmarking against standard clinical follow-up reveals whether digital
features improve decisions in a meaningful way.

5.3 Personalisation, interpretability, and comparative utility

Personalised models offer a way to accommodate differences in baseline mobility, sleep, and com-
munication. Within-person trajectories can identify departures from established patterns, while
clinically interpretable features allow care teams to investigate the reason for a warning. Model
updates should account for medication changes, altered routines, sensor replacements, and periods
with sparse data. Comparative evaluations can then establish whether complex personalised methods
outperform transparent baselines based on recent symptoms, clinical history, and simple longitudinal
rules. Interpretability matters most when it supports a clear and proportionate clinical response.

5.4 Frequent methodological failure modes

Several methodological choices strongly influence apparent prediction performance. Follow-up
length determines the opportunity to observe relapse, while overlapping feature and outcome
windows can transform a detection task into an apparent forecast. Threshold selection after inspecting
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test outcomes exaggerates estimated performance. Non-random data loss can coincide with clinical
deterioration or device disengagement. Finally, splitting individual device-days at random allows
data from the same participant to enter both training and test sets. Transparent reporting of event
definitions, sampling, splitting, and missingness makes these risks visible and supports credible
replication.

A useful warning explains what the service should do next. Reduced daily movement, disrupted
sleep, or unusual phone activity can prompt a supportive assessment that places the signal in context.
Clinical teams may respond with a check-in, review of physical health or medication, or a fuller
symptom assessment. The algorithm’s role is to prioritise attention using longitudinal informa-
tion. Clear escalation responsibilities and an accessible record of why an alert occurred make that
information actionable for patients and clinicians.

6. Feasibility, Feedback, and Clinical Workflow Integration

A clinically integrated digital phenotyping service links four activities: sensing, risk estimation,
communication, and response. Sensor data are converted into interpretable features, evaluated against
a predefined alert threshold, and routed to an identified recipient. That recipient needs a practical
plan for follow-up, including timelines, escalation arrangements, and documentation. Protocols for
digital psychiatry illustrate how monitoring and needs-based interventions can be connected within
a planned service pathway (Fowler et al. 2019; Oakey-Neate et al. 2020). Evaluating the entire
pathway shows whether information generated outside the clinic improves the timeliness and quality
of care.

Sustained participation depends on fitting technology into daily life. Charging, connectivity,
permissions, interface design, and symptom fluctuations all affect adherence. Feasibility research
in severe mental illness has therefore focused on monitoring burden and usability in real settings
(Machleid et al. 2025). Participatory work on mental-health data visualisation shows how accessible
explanations can support engagement with recorded information (Lim et al. 2026). Successful
systems give users understandable feedback, meaningful control over participation, and a direct route
to clinical support when a warning requires discussion.

The outcome of a digital warning service depends on the decisions made after an alert. Evaluation
should measure clinical response time, false-alert burden, patient experience, intervention delivery,
service workload, and subsequent relapse-related outcomes. Studies comparing an alert-enabled
pathway with appropriate usual care can establish its incremental effect. This focus shifts evaluation
from an isolated model score to the patient and service consequences of using that model. It also
clarifies where prediction improves care and where workflow design remains the decisive factor.

7. Ethics, Governance, and Equity

7.1 Privacy and meaningful consent

Digital phenotyping produces sensitive information about location, routines, relationships, and
health. Longitudinal recordings can reveal substantial detail even when obvious personal identifiers
are removed. Ethical scholarship therefore calls for clear governance of access, secondary use, and
continuous observation (Martinez-Martin et al. 2018; Tomici¢, Malesevi¢, and Cartolovni 2021). A
sound design begins with data minimisation, separates research and care purposes, specifies retention
and deletion periods, and gives participants understandable control over collection and sharing.
Security provisions should match the sensitivity and intended use of each data stream.

Consent should remain meaningful throughout a long monitoring period. Clinical circumstances
and an individual’s ability to make a particular decision can change, making reassessment and
supported decision-making relevant in some settings (Palmer et al. 2018). Patients need accessible
explanations of which signals are measured, which parties can see them, how an alert is interpreted,
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and how consent can be changed. Transparent control of raw audio, location histories, and model
updates provides a practical basis for trust.

7.2 Bias, cultural context, and digital exclusion

Digital behaviour varies across social and cultural contexts. Work schedules, transport access, house-
hold structure, disability, and device ownership influence mobility and communication features. A
model trained in one service setting may consequently perform differently elsewhere. The broader
psychiatric prediction literature demonstrates the importance of testing generalisation across inde-
pendent populations (Chekroud et al. 2024). Evaluation should examine subgroup discrimination,
calibration, completeness of sensing, and participation patterns. Such analyses help distinguish clinical
signals from inequalities in technology access and routine behaviour.

Equitable implementation also concerns who can participate. Monitoring depends on a usable
device, connectivity, regular charging, understandable instructions, and accessible support. Cog-
nitive difficulties and resource constraints can interrupt any of these requirements. Literature on
serious mental illness and digital-health implementation identifies these practical needs as central
to adoption (Hatch et al. 2018; Alam et al. 2026). Services should offer assistance with digital tools
alongside alternative routes to follow-up so that continuity of care does not depend on constant
sensor participation.

7.3 Accountability across the data and care pathway

Accountability connects the technology to the institution using it. Healthcare organisations and
technology providers need clear responsibilities for model updates, data access, system outages,
unexpected alerts, and response delays. Clinical teams should know who reviews a warning and
what actions are expected. Patients should receive equally clear information about the monitoring
schedule and the availability of a human response. Protocols, training, audit processes, and incident
reporting turn these responsibilities into a dependable care pathway.

8. Priority Research Agenda

The first research priority is prospective, diagnosis-specific evaluation of relapse. Studies should
define clinical events and monitoring windows before data analysis and follow remitted patients
over periods appropriate to the intended warning. Depression and schizophrenia warrant separate
outcome reporting even when the same sensor platform is used. Harmonised definitions within each
condition will permit meaningful comparisons of sensor signatures and model performance across
sites.

The second priority is reproducible measurement. Investigators should report sensor specifications,
device and operating-system versions, sampling frequency, uptime, missingness, and methods for
constructing each feature. Medication changes, employment routines, seasons, and other relevant
contextual variables belong in the data dictionary. Shared measurement definitions and interoperable
datasets will make multicentre comparison more informative and improve the prospects for replication
(Alam et al. 2025; Shen et al. 2025).

The third priority is clinically oriented prediction validation. Models should undergo temporal
and external testing, probability calibration, evaluation at actionable thresholds, and comparison
with simple clinical baselines. Full reporting of cohort selection, prediction cutoffs, data partitioning,
uncertainty intervals, and missing-data procedures will make performance interpretable. Generalisa-
tion across devices, services, and patient populations deserves particular attention given the challenges
documented in psychiatric prediction research (Meehan et al. 2022; Schmaal 2023).

The fourth priority is evaluation of the warning-to-care pathway. Prospective implementation
studies should specify who receives alerts, how follow-up is initiated, and which responses are
appropriate for different levels of risk. Trials and pragmatic evaluations can assess patient outcomes,
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workload, alert fatigue, and the acceptability of communication. Patient and caregiver involvement
helps align monitoring practices with everyday needs and preferences (Lim et al. 2026; Machleid et
al. 2025).

The fifth priority is privacy- and equity-centred design. Projects should minimise sensitive
data collection, document storage and deletion practices, establish oversight of secondary data use,
and test whether models perform comparably across relevant groups. Researchers should report
who could not participate and why, including device access and digital-literacy barriers. These
practices strengthen the interpretability and fairness of the evidence produced by digital phenotyping
(Martinez-Martin et al. 2018; Tomici¢, Malesevi¢, and Cartolovni 2021).

A further scientific opportunity lies in direct comparison between diagnoses. Sleep disruption
and reduced activity occur across several psychiatric conditions, while their relationship to relapse
may differ according to symptom profile, medication, and baseline functioning. Comparative cohorts
can test diagnosis-specific features, shared predictors, and individual baseline approaches under
harmonised follow-up procedures. This design will identify which signals support common warning
mechanisms and which require condition-specific interpretation.

9. Scope and Limitations

This review uses a question-led narrative selection of published studies and reviews. Its synthesis
therefore emphasises conceptual and methodological comparison rather than comprehensive study
enumeration or pooled effect estimation. Variations in source reporting, possible overlap between
datasets covered by reviews, and selective publication of model results affect the available evidence. A
future systematic review with prespecified eligibility criteria and structured risk-of-bias assessment
could quantify these patterns and compare performance within clinically comparable outcomes.

10. Conclusion

Digital phenotyping creates a bridge between the everyday course of psychiatric illness and struc-
tured clinical follow-up. Smartphone studies link mobility and interaction patterns with behaviour
and symptoms; pilot work has examined relapse-related smartphone signals in schizophrenia; and
prospective actigraphy has connected sleep and rest-activity rhythms with later relapse in depression
(Barnett et al. 2018; Laiou et al. 2022; Tonon et al. 2026). The next advance is an integrated
system that defines the clinical event, measures reliable longitudinal features, validates risk estimates
independently, and turns alerts into proportionate care. Multimodal measurement, patient-reported
context, and transparent governance form complementary elements of that system. By connecting
evidence quality with implementation design, this review outlines a practical research agenda for
making digital phenotyping useful in longitudinal psychiatric care.
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Table 1. Representative studies and the clinical questions addressed

Study

Population

Study design

Clinical question and con-
tribution

Evidence level

Barnett et al. (2018)

Laiou et al. (2022)

Mow et al. (2022)

Tonon et al. (2026)

Vecchio et al. (2025)

Fang and Chen

(2026)

Schizophrenia

Major depressive dis-
order

Schizophrenia

Remitted major de-
pressive disorder

Schizophrenia spec-
trum

Mixed psychiatric dis-
orders

Pilot longitudinal smart-
phone study

Multicentre observational
geolocation study

Smartphone mobility and
daily behaviour

Prospective observational
actigraphy cohort

Systematic review

Systematic review of passive
sensing

Can longitudinal phone-
derived behaviour help
identify impending re-
lapse?

How does time at home re-

late to contemporaneous
depressive symptoms?

How do mobility patterns
relate to social motivation
and behaviour?

How do sleep and
rest-activity patterns
relate to subsequent
relapse?

What has digital phenotyp-
ing measured across the di-
agnostic spectrum?

What does the literature re-
portabout passive-sensing
relapse models?

Exploratory
prediction

relapse

Symptom association

Behavioural associa-
tion

Longitudinal progno-
sis

Evidence synthesis

Cross-diagnostic syn-
thesis

Note: The examples map distinct evidence types; model discrimination across diagnostic groups is not an estimate for either disorder

individually.



