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Introduction: Digital phenotyping (DP) has emerged as a promising approach 
for monitoring mental health conditions using passive and active data from 
personal digital devices. However, existing research is highly fragmented, with 
variability in study settings, device choices, data collection procedures, 
preprocessing pipelines, and analytical strategies. This lack of methodological 
consistency limits reproducibility, comparability across studies, and the 
translation of DP into routine clinical practice.
Objective: The objective of the article is to examine and synthesise the 
methodological approaches used to implement DP systems for mental health 
conditions, including setting, device selection, data collection procedures, 
data storage, preprocessing workflows, feature extraction, and 
analytical strategies.
Methods: A systematic search across seven databases (PubMed, Embase, 
PsycINFO, Scopus, Web of Science, ScienceDirect, and Google Scholar), 
including studies published till June 2025. We included primary empirical 
studies using smartphone or wearable-based DP in clinically diagnosed 
mental health populations. Study quality was assessed using the Mixed 
Methods Appraisal Tool (MMAT). Findings were synthesised using a narrative 
approach focused on implementation methodologies.
Findings/results: Forty-seven studies were included, primarily conducted in 
high-income countries and focusing on conditions such as schizophrenia, 
bipolar disorder, and major depressive disorder. Across studies, wide 
heterogeneity was observed in digital devices used, sensing modalities, 
preprocessing strategies, feature definitions, and analytical techniques.
Conclusions: DP demonstrates potential. However, methodological 
heterogeneity, inconsistent reporting, and concentration of evidence in high- 
income settings constrain reproducibility and clinical translation. Developing 
standardised implementation and reporting protocols may enhance the 
reliability of DP and facilitate its integration into routine mental health care.

Systematic Review Registration: https://www.crd.york.ac.uk/PROSPERO/view/ 
CRD42023406094, PROSPERO CRD42023406094.
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Introduction

Current methods for monitoring mental illnesses, primarily 
relying on in-person consultations, pose logistical challenges 
(1, 2). These clinic-based services demand frequent visits, 
limited by operating hours, and resource-intensive one-on-one 
interactions with healthcare providers, hindering widespread 
adoption (1). Despite the DSM-5’s (3) standardised criteria, 
diagnosing mental disorders remains complex due to variations 
in symptom onset and comorbidities (1, 4). Similar limitations 
are reflected in the ICD-11 (5), and the longstanding debate 
between categorical diagnostic systems (DSM/ICD) and 
dimensional frameworks such as the NIMH Research Domain 
Criteria (RDoC) highlights the broader uncertainty regarding 
how best to characterise mental disorders (6–8). Cross-country 
differences in diagnostic practices and treatment guidelines 
further emphasise the lack of global consistency. Self-assessment 
tools offer sporadic insights and suffer from poor reliability 
stemming from memory limitations (1, 9). Therefore, identifying 
objective markers for mental illnesses is crucial.

Digital phenotyping (DP) can track everyday life outside of 
clinical settings to enhance the ecological validity of monitoring 
mental health (10). DP refers to the “moment-by-moment 
quantification of the individual-level human phenotype in situ 
using data from personal digital devices” (11). DP commonly 
relies on two types of data: passive and active (11). Passive data 
are collected automatically from smartphone and wearable 
sensors without user input, including metrics such as mobility 
patterns (GPS), physical activity (accelerometer), communication 
logs, screen interactions and sleep-wake behaviour (11). Active 
data, in contrast, require user participation and typically include 
brief self-reports, symptom scales or cognitive tasks delivered 
through mobile devices (11). A widely used approach for active 
data capture is Ecological Momentary Assessment (EMA), which 
involves prompting individuals to report on their current 
experiences in real time and in their natural environments (12). 
Although EMA alone is not considered DP, it is commonly 
integrated with passive sensing to complement behavioural 
signals with subjective experiences, enabling richer, contextually 
grounded characterisation of mental health fluctuations in daily 
life (11). Given the variety of methodologies and data 
incorporated into DP (4, 13, 14), it is essential to collate all the 
collected evidence into a thorough review.

DP uses smart devices like smartphones to gather data for 
understanding mental health status (13). Handling the vast 
amounts of data generated by smart devices necessitates 
advanced analytical techniques, often using artificial intelligence 
(15, 16). Machine learning is widely employed in DP research to 
analyse datasets and gain insights into behaviour and mental 
health (16). This approach has been applied in various mental 
disorders, including schizophrenia (17, 18), mood disorders (19, 
20), and suicide prevention (21, 22), and has enabled early 
detection of symptoms, treatment response, and potentially avert 
relapse, and hospitalisation (23, 24). In recent years, the concept 
of DP has emerged as a powerful adjunct to traditional mental 
health assessment, offering continuous, real-world behavioural 
and physiological monitoring via smartphones and wearables 
(4). For example, large-scale reviews have found that 
spontaneous smartphone interaction data, such as screen 

touches, typing dynamics, and app usage can serve as proxy 
behavioural markers of mental health status (23). Reviews also 
document several distinct digital biomarkers associated with 
cognitive function and mood disorders (15).There is consistent 
evidence that mobility, phone usage, sleep and accelerometery- 
derived features could predict relapse or symptom exacerbation 
(23). Several studies have shown that changes in social 
communication patterns, such as reduced call frequency, altered 
messaging behaviour and irregular screen-on rhythms can signal 
worsening depressive symptoms or heightened relapse risk in 
mood disorders (25, 26). Wearable-derived physiological data, 
including heart-rate variability and autonomic arousal, have also 
been used to detect early signs of stress and anxiety, with 
machine-learning models achieving accuracies up to 78%–85% 
in predicting short-term symptom changes (27). In 
schizophrenia, deviations in geolocation entropy, reduced 
mobility radius and disrupted sleep–wake patterns have been 
shown to precede clinical relapse by several days, demonstrating 
the potential of passive sensing to support early warning systems 
(28). Collectively, this evidence shows the growing translational 
potential of DP to complement conventional clinical 
assessments and enable more proactive, data-driven models of 
psychiatric care.

DP generates a high volume of continuous, multi-modal 
sensor data (e.g., GPS, accelerometery, screen usage, keystrokes) 
which presents unique analytical challenges that go far beyond 
traditional statistical methods (23). To transform these rich data 
streams into usable clinical insights, machine-learning 
algorithms are commonly applied to handle feature extraction, 
identify non-linear patterns, detect anomalies, and forecast 
future states. For example, supervised learning methods such as 
support-vector machines, gradient-boosted decision trees and 
deep neural networks have been used to classify depressive vs. 
non-depressive states and to predict relapse over time (13). 
Moreover, systematic reviews of DP in mental health 
consistently highlight the prevalence of machine learning 
pipelines in processing sensor-derived behavioural features and 
stress the need for greater standardisation of these analytic 
workflows (29). Thus, the methodological connection between 
DP and machine-learning is fundamental: without machine 
learning, vast sensor datasets could not be effectively translated 
into behavioural phenotypes and predictive models that hold 
clinical promise.

However, current research is fragmented (11, 30), with 
researchers lacking a common language for describing problems, 
interventions, and outcomes, particularly in DP studies (10). 
Typically, research varies in terms of data collection, analysis 
and the evaluation metrics reported (10). Studies showed 
diversity in data collection methodologies, ranging from passive 
smartphone sensor data to active user inputs, which are often 
tailored to specific study designs rather than adhering to 
standard guidelines (10).

Given this diversity across studies, there’s a need for a 
comprehensive review focusing on the implementation of DP 
systems. In this review, we use the term implementation to refer 
to the methodological processes through which DP systems are 
operationalised within empirical studies, including device 
selection, sensing modalities, data collection procedures, 
preprocessing workflows, feature extraction, and analytical 
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strategies. This usage differs from the concept of implementation 
used in dissemination and implementation science, where the 
term typically refers to the adoption and integration of 
interventions into healthcare systems or routine clinical practice. 
As implementation pathways commonly occur in generalist 
mental health services and mixed-diagnosis settings, we adopted 
a broad definition of mental health conditions. This allows us to 
capture how DP tools are deployed across the full spectrum of 
clinical contexts, rather than limiting the evidence base to 
diagnosis-specific research. In doing so, we recognise that the 
value of DP lies not only in its disorder-specific predictive 
potential but also in its capacity to provide flexible, scalable 
sensing frameworks that can be adapted to diverse clinical 
workflows. Existing reviews primarily focus on the clinical 
potential of DP, with limited attention to how systems are 
implemented across the methodological pipeline. Consequently, 
reporting of implementation practices remains inconsistent. 
Accordingly, the aim of this review is to examine and synthesise 
the methodological approaches used to implement DP systems, 
including setting, device selection, data collection procedures, 
data storage, preprocessing workflows, feature extraction, and 
analytical strategies, with the goal of clarifying current practice 
and identifying areas where greater methodological consistency 
is needed to support future standardisation.

Methods

This systematic review was conducted based on the Preferred 
Reporting Items for Systematic Reviews and Meta-analyses 
(PRISMA)3 guidelines and registered with PROSPERO 
(registration number CRD42023406094). We adopted a narrative 
synthesis approach to interpret and integrate the findings from 
the included studies. This is well suited as the objective is to 
map methodological diversity and synthesise complex, 
heterogeneous evidence rather than quantify effect sizes or 
evaluate clinical efficacy (14). The purpose of this narrative 
approach is to produce a broad structured interpretation of how 
DP has been implemented for serious mental disorders (SMD), 
while identifying areas of convergence, inconsistency, and gaps 
requiring further investigation.

Search strategy

Our search terms can be found in the Supplementary File 1. 
The search was conducted in three phases. Firstly, an exhaustive 
search of databases (PubMed, Embase, PsychInfo, Scopus, 
Science Direct and Web of Science) was conducted on 8th June 
2025 to initially screen articles. Secondly, hand searching was 
performed on Google Scholar and Elsevier database platform 
using key terms from the search strategy. The same key terms 
used in the database search were applied in Google Scholar, and 
the first 200 results (approximately the first 10 pages of results) 
sorted by relevance were screened. No additional filters were 
applied beyond restricting results to English-language 
publications. Lastly, manual forward and backward citation 
search was conducted on published reviews of DP and 
mental disorders.

Study selection

Eligibility criteria

Our inclusion and exclusion criteria were designed to ensure 
that this review captured primary DP studies directly relevant to 
mental health while maintaining methodological coherence. We 
restricted inclusion to studies involving participants with 
clinician-diagnosed mental disorders and aged ≥14 years, as 
SMDs typically emerge during adolescence or early adulthood 
(31), with many DP studies starting recruitment from that age 
Using this cutoff allowed inclusion of adolescent clinical samples 
while excluding paediatric populations where smartphone 
ownership and independent device use may differ substantially. 
We excluded studies involving participants with non-mental- 
health conditions, substance-use–only populations, or 
participants without access to smart devices, as these would not 
allow us to meaningfully examine DP methodologies for 
psychiatric care. Likewise, we limited the review to primary 
empirical studies, studies were required to report original, 
participant-level data (observational or interventional) and 
excluded systematic reviews, protocols, commentaries, and 
conference abstracts. Systematic reviews were intentionally 
excluded to maintain a consistent methodological scope and 
avoid data redundancy. Our aim was not to conduct an 
umbrella review but to synthesise original evidence on how DP 
systems are implemented; restricting inclusion to primary 
studies ensures that the findings directly reflect foundational 
data rather than secondary interpretations. Furthermore, they 
are designed around their own specific and often narrower 
research questions, diagnostic boundaries, and methodological 
criteria, which differs from the broader focus of this review. 
Including them as study types would therefore have introduced 
conceptual inconsistency and the possibility of inheriting 
methodological biases from earlier work. However, in line with 
best practice for systematic reviews, we screened the reference 
lists of relevant reviews to ensure that no eligible primary 
studies were missed. Finally, studies focusing solely on online 
mental health tools (e.g., journaling, digital diaries, telehealth 
appointments) were excluded because they do not involve 
sensor-derived behavioural or physiological data and therefore 
do not meet the operational definition of DP used in this 
review. The studies were selected adhering to PICOS elements 
(32). This can be found in Table 1.

Operational definition of smart digital devices

Given the absence of universally agreed definitions of DP 
devices in the literature, we adopted a pragmatic but 
conceptually informed definition of smart digital devices for the 
purposes of this review. To ensure comprehensive coverage of 
DP methodologies, we adopted a deliberately broad operational 
definition of smart digital devices. This definition was guided by 
our search strategy, which encompassed smartphones, 
smartwatches, wearable devices, GPS, accelerometers, sensor 
data, and digital biomarkers. For the purposes of this review, 
smart digital devices were defined as: any consumer-grade or 
research-grade electronic device capable of generating passive or 
active sensor-based data relevant to DP, including smartphones, 
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commercial wearables, smartwatches, and actigraphy devices when 
used within a DP protocol. Both commercial and research-grade 
wearables were included, provided they produced digitally 
recorded behavioural or physiological signals suitable for 
quantitative analysis. By adopting this broad definition of smart 
digital devices, we were able to reveal the significant 
heterogeneity in data collection methods, device types, 
preprocessing approaches, and analytic techniques, which is a 
central finding of this review.

Selection

All articles were uploaded on the Rayyan systematic review 
management program (33). Study titles and abstracts were 
screened and selected by three authors (NA, TH and SS) 
independently in Rayyan. Full-text articles of potentially eligible 
studies were then independently assessed by the same reviewers 
against the predefined inclusion and exclusion criteria. Screening 
at both stages was conducted blind to reviewer decisions. 
Reasons for exclusion were documented in Rayyan. Any 
discrepancies between authors were adjudicated by a fourth 
author (SJ). The selection process was documented in the 
PRISMA flow diagram. No automation tools were used to assist 
study selection beyond the use of Rayyan for record management.

Data extraction

Three authors (NA, SS and TH) independently extracted the 
following data from the included studies: study characteristics 
(e.g., location, setting), study methodology (e.g., data collection 
platform, pre-processing, analysis), sample characteristics (e.g., 
sample size, gender), data characteristics (e.g., active, passive), 
outcomes (e.g., findings, limitations). Each included study was 
reviewed in full, and relevant information was systematically 
recorded. Discrepancies in extracted data were resolved through 
discussion and consensus among the reviewers. Where 
necessary, extracted data were cross-checked against the original 

publications to ensure accuracy. No automation tools were used 
for data extraction.

Data synthesis

We carried out a narrative synthesis (34) of the included 
studies, as the focus of this review was the implementation and 
applications of DP research. We used Popay et al.’s guidance for 
narrative synthesis (35), focusing on the settings of the study, 
data points collected from each digital device, how this data was 
collected, stored, and analysed, and assess the robustness of 
synthesis. The synthesis involves organizing and describing the 
findings from the included studies to identify patterns or 
common implementation themes (35). The studies included in 
this review varied widely in mental disorders, device type, data 
collection protocols, preprocessing methods, feature extraction 
techniques, and analytical strategies, and did not share a 
common outcome measure suitable for quantitative pooling, 
therefore a meta-analysis was not conducted. Narrative synthesis 
enabled us to systematically catalogue and compare these 
methodological dimensions, explore patterns and relationships 
between methodological choices and study contexts, and map 
gaps and inconsistencies in the literature (14, 36, 37).

Following this approach, all studies meeting the inclusion 
criteria were included in a single synthesis and were not 
excluded or grouped based on study design, clinical population, 
device type, or analytical approach, as the aim was to 
characterise methodological diversity across DP research. No 
statistical transformation, data conversion, or imputation was 
undertaken, as quantitative synthesis was not performed; where 
information required for synthesis was missing or unclear, data 
were recorded as ‘not applicable/ N/A’ rather than inferred. 
Implementation characteristics and study-level variables were 
tabulated to support structured comparison across studies, 
including data modalities, devices, data collection platforms, 
preprocessing methods, feature extraction strategies, and 
analytical techniques. Methodological heterogeneity was 
explored descriptively by comparing these characteristics across 

TABLE 1 Study eligibility criteria.

Criteria Inclusion Exclusion

Participants/population Clinical population with diagnosed mental disorder. History of substance-use.

Participants aged ≥14 years 

Participants using/with a smart device (smartphone/ 

smartwatch).

Health conditions unrelated to mental health. 

Participants aged <14 years. 

Participants without/unwilling to use a smart device

Interventions, 

exposures

Digital phenotyping data collected via smart devices. Online mental health solutions only. 

Online journaling only 

Outcome-only digital tools (e.g., diaries, tele-appointments, self-help apps) 

Sensor data from non-smart or non-wearable devices.

Comparator(s)/control N/A N/A

Types of study Observational or interventional studies in English. Non-English studies. 

Non-primary publications (protocols, reviews, theses, commentaries, 

posters). 

Animal studies.
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studies, and no formal subgroup analyses, meta-regression, or 
sensitivity analyses were conducted.

Data items

The primary outcomes of interest were implementation-related 
characteristics of DP. These included digital devices used, data 
modalities collected (active/clinical and passive), data collection 
platforms, preprocessing and data-cleaning methods, feature 
extraction strategies, and analytical techniques, including 
statistical and machine-learning models. For each outcome 
domain, all results reported within individual studies that were 
relevant to implementation were extracted, irrespective of the 
specific measures, time points, or analytic approaches used. This 
approach was adopted to capture methodological diversity rather 
than prioritising a single outcome or analysis. Extracted outcomes 
are summarised in Tables 2–4 and Supplementary File 2.

For the purposes of this review, “implementation” was defined 
as the methodological components through which digital 
phenotyping systems are operationalised within empirical 
studies. Based on the extracted variables and the structure of the 
synthesis, these components included three broad domains (1): 
study context, including country, clinical population, sample 
characteristics, and clinical setting (2); the DP implementation 
pipeline, including digital devices and sensing modalities, data 
collection platforms, preprocessing approaches, feature 
extraction, and analytical techniques; and (3) study-level 
outcomes and limitations, including reported findings and 
methodological constraints. No assumptions were made for 
missing or unclear information. This framework guided both 
data extraction and the narrative synthesis of the included studies.

Quality assessment & certainty of evidence

NA, SS and TH assessed the quality of the studies using the 
Mixed Methods Appraisal Tool (MMAT) (38) as we included 
quantitative (categorised in the MMAT as ‘quantitative 
descriptive’, ‘quantitative randomised controlled trials’ and 
‘quantitative non-randomised controlled trials’), and mixed 
methods studies. A fourth reviewer (SJ) independently appraised 
the records, and inter-rater agreement was calculated 
and reported.

No formal assessment of certainty or confidence in the body of 
evidence was undertaken, as this review focused on describing 
methodological implementation characteristics rather than 
estimating quantitative effects.

Results

We found a total of 11,697 studies of which 47 were selected 
for this review (Figure 1).

All records were screened independently by three reviewers at 
both the title/abstract and full-text stages, with disagreements 
resolved by a fourth reviewer. In total, 7,695 records (7,625 from 
database searches and 70 from citation search) were screened at 
the title and abstract stage. During this phase, 743 discrepancies 
occurred between reviewers, corresponding to an inter-rater 
agreement of 90.3%. At the full-text review stage, 224 articles 

were assessed (168 from database searches and 56 from other 
sources), with 31 conflicts identified, yielding an agreement rate 
of 86.2%. All discrepancies at both stages were resolved through 
consensus facilitated by the fourth reviewer. Ultimately, 47 
studies met the inclusion criteria and were included in the final 
narrative synthesis.

Quality assessment

Thirty-four percent (n = 16) of studies were quantitative 
descriptive (40–55) and generally had strong sampling strategies 
and appropriate statistical analysis methods. Fifty-nine percent 
(n = 28) studies were quantitative non-randomized control trials 
(QN NRCT) (26, 55–81) and 6% (n = 3) were quantitative 
randomized controlled trials (QN RCT) (82–84). Two percent 
(n = 1) of the studies were mixed methods study (28) and this 
study showed a strong rationale and effective integration of 
qualitative and quantitative components. Ten percent (n = 5) 
studies achieved a high-quality rating, effectively meeting all 
applicable MMAT criteria (28, 66, 72, 80, 83). Sixty-eight 
(n = 32) of the studies were rated as good quality, meeting most 
but not all the critical methodological criteria (26, 40, 41, 43–48, 
50, 52–63, 65, 68–71, 73–79, 81, 82, 85, 86). Fourteen studies in 
the QN NRCT category demonstrated robust design and 
reporting standards (26, 56, 58, 60, 62, 65, 66, 69, 72, 74–77, 80, 
81). Common strengths included clear definition of research 
questions and comprehensive data collection that aligns with the 
stated research aims. One QN RCT study demonstrated high 
adherence to MMAT standards, reflecting robust methodological 
rigor (83). Specifically, the study showed strong randomisation 
procedures and high levels of outcome data completeness. 
Twenty-one percent (n = 10) studies received a low-quality 
rating, reflecting limitations in study design, clarity of reporting, 
or methodological rigor (52, 55, 59, 67, 70, 71, 73, 78, 79, 84) 
(Table 5).

Study profile

Study setting

Twenty-three studies were conducted in the United States (26, 
28, 40, 45, 47–50, 52–54, 56, 57, 59, 61, 69, 73–75, 77, 80, 82, 85, 
86). Six studies were conducted in the United Kingdom (41, 43, 
64, 67, 68, 76) and 4 studies were conducted in Denmark (65, 
66, 83, 84). Three studies were conducted in South Korea (62, 
63, 72), 3 studies were conducted in Taiwan (70, 78, 79) and 
one in Singapore (55). Two studies were conducted in Australia 
(58, 60). One study was conducted in Poland (44), one in 
Austria (46), one in Greece (71) and one in Czech Republic 
(81). Three studies were multi-country collaborations, with two 
being conducted in USA and India (51, 85) and one in UK, 
Netherlands, Spain (64) (Table 2).

Clinical profile

Studies focused on various disorders such as schizophrenia, 
bipolar disorder, and major depressive disorder (MDD) among 
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TABLE 4 Study findings and limitations.

Study 
ID

Findings Limitations

1. Automated smartphone sensing is feasible for inferring the Social Rhythm 

Metric score in bipolar disorder, achieving reasonable generalized accuracy 

(RMSE 1.40) and high classification accuracy (precision 0.85, recall 0.86) for 

distinguishing stable and unstable states.

Small (n = 7) and limited sample size (euthymic state only); short 4-week 

duration; risks of data gaps due to inconsistent phone carriage; use of 

provided phones may have altered behavior; passive nature could reduce 

therapeutic engagement.

2. A significant increase in detected behavioral anomalies (social, activity, and 

sleep patterns) was found within the 30 days leading up to a psychotic 

relapse.

Limited sample size (60 participants, 18 relapses) restricts generalizability 

across diverse patient populations.

3. This study provides proof-of-concept for applying a deep dynamic 

phenotyping approach to evaluate the effects of behavioral and 

pharmacological interventions in individuals with severe mental illness.

Not specified in the provided text.

4. Individuals with schizophrenia (SZ) showed a significantly reduced 

positivity offset, indicating diminished approach motivation in low-arousal 

contexts, which was linked to lower physical activity, greater sedentary 

behavior, and more severe avolition/anhedonia.

Relied on subjective reports for bias (lacks physiological data); accelerometry/ 

geolocation measures still undergoing validation; limited generalizability 

(chronic, stable adult outpatients); no clinical comparison group; finding may 

be transdiagnostic.

5. Vigorous physical activity may have protective effects on stress and positive 

affect in young people with MDD, while greater variability in light and 

moderate activity was linked to increased stress and anxiety.

Very small analytic sample (n = 22) limits power/generalizability; no multiple- 

testing correction; COVID-19 influence; lack of clinical details (treatment/ 

severity); sedentary behavior stratification missing; no clinical intervention 

tested; sample skewed toward females/older youth.

6. Self-reported delusions and substance cravings were significantly associated 

with an increased likelihood of engaging in various forms of violent ideation 

and behavior.

The limitation field is blank/Not specified in the provided text.

7. Significant associations were found between self-reported delusions and 

violent ideation/behavior, and between alcohol and cigarette cravings and 

violent ideation/behavior.

The limitation field for this study contains a description of the study findings, 

not limitations (e.g., delusions/cravings associated with violence).

8. Digital phenotyping via active (EMA) and passive methods was both safe 

and acceptable in a clinical youth population with moderate-to-severe MDD, 

but passive sensing features did not show significant associations with 

depressive symptoms after correction.

Accuracy depended on participants carrying the device; data gaps for 

outpatients indoors (no GPS) or out of network; inpatients lacked data when 

leaving the Bluetooth-equipped unit.

9. The mHealth device was highly acceptable, and individuals with 

schizophrenia exhibited lower Heart Rate Variability (HRV) and reduced 

movement compared to controls, with these measures associating with 

positive and negative symptoms, respectively.

Medication effects were not fully isolated; small, non-diverse sample limits 

generalizability; short 8-hour recording period may miss data; reliance solely 

on device activity measurements; tobacco use was not controlled for.

10. The developed algorithm could moderately accurately predict mood states 

and episodes (including no episode, depressive, manic, and hypomanic) in 

patients with mood disorders using machine learning and passive digital 

phenotypes.

Lacked intrinsic/biological assessments; variable predictive capability (focused 

on prognosis, not diagnosis); HAMS/LAMS scoring method may not 

accurately reflect mood; model performance generalizability uncertain (no 

external validation).

11. The Circadian Rhythm Management (CRM) intervention group experienced 

substantially fewer and shorter mood episodes and showed significant 

positive behavioral changes (e.g., CR amplitude, steps) after receiving 

warning alert feedback.

Limited generalizability due to specific sample; reliance on self-reported 

measures introduces bias; short duration limits long-term sustainability 

assessment; lack of blinding could introduce Hawthorne effect or researcher 

bias.

12. A significant association was demonstrated between the occurrence of 

statistically significant data anomalies, detected through digital phenotyping, 

and relapse events in schizophrenia patients.

Relapse data relied on clinical interviews (potential for unreported relapses); 

COVID-19 pandemic influenced behavior/generalizability (impact varied by 

site); data quality issues from non-adherence (e.g., ignoring reminders).

13. The study achieved high adherence rates, found that cognitive performance 

improvement plateaued over time, and revealed a modest overall linear 

improvement in mood across the study duration.

Small sample size (n = 30) limits generalizability; technical issues/device 

discrepancies affected data completeness/reliability; inaccurate heart rate 

measurements suggest sensor limits; potential self-selection bias; lack of 

clinical validation of findings.
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TABLE 4 Continued

Study 
ID

Findings Limitations

14. Participants in the EMA-only condition showed an unexpected larger 

decrease in the proportion of time spent at home during weekday days 

compared to the CBM-I condition following the intervention.

Not specified in the provided text.

15. Behavioral data from smartphones showed a significant correlation with 

clinically rated symptoms (HDRS and YMRS), and specific behavioral 

markers, such as decreased phone call activity for depression, had predictive 

value in distinguishing affective states.

Small final sample (n = 51) limits power/generalizability; Android-only 

platform introduced selection bias; technical app issues/nonrandom missing 

data (manic patients); high privacy refusal (90% refused distance tracking); 

exploratory design increased risk of Type I errors.

16. Greater variability in sleep duration/midpoint and higher sleep 

fragmentation were linked to increased relapse risk and greater depressive 

symptom severity in recurrent MDD.

Potential underpowering of primary outcome due to fewer relapses identified 

than anticipated.

17. Objective smartphone data (e.g., calls, screen time, cell tower movement) 

showed significant correlations with clinical ratings of depression and 

mania, and were able to distinguish between affective states.

Small sample size limits generalizability/power; short 12-week duration may 

miss long-term dynamics; no iOS support introduces bias; high dependence 

on participant compliance for data integrity.

18. Electronic self-monitoring did not significantly affect depressive or manic 

symptoms overall, but the intervention group had a trend towards more 

sustained depressive symptoms and fewer manic symptoms in the subgroup 

analysis.

Lack of blinding introduced bias; specialized clinic setting limits 

generalizability; potential ceiling effect (mild symptoms at baseline); complex, 

multi-component intervention; control group confound; short duration/ 

follow-up limits long-term conclusions.

19. Patients with Bipolar Disorder (BD) exhibited statistically significantly lower 

mobility and lower location entropy across all affective states compared to 

those with Unipolar Depression (UD).

Small sample size limits power/generalizability; selection bias towards capable 

smartphone users (excluding severely affected individuals).

20. There was a significant correlation between self-rated mood and clinically 

rated depressive symptoms (HDRS-17), but not with YMRS scores (mania).

Very small sample size (n = 17) limits power/generalizability; selection bias 

(iPhone users excluded); non-representation of manic symptoms; subjective 

nature of self-reported data.

21. Unlike controls, mobility metrics in individuals with schizophrenia were 

mostly unrelated to EMA-reported social interactions, and loneliness was 

associated with distinct mobility patterns compared to controls.

Small sample size limits power; use of study-provided phones may affect 

generalization to personal use; lacked focus on the quality of social 

relationships; could not adequately control for confounds (e.g., age/race).

22. Manic symptoms were positively associated with frequency and duration of 

phone calls and text messages, while depressive symptoms were associated 

with longer durations of incoming phone calls.

Small, unevenly distributed sample (n = 55); potential bias from using 

provided phones; tracked only calls/SMS (missed social media); subjective 

self-reported mood; frequent assessments caused fatigue; uncontrolled 

confounding factors; risk of Type I errors due to no multiple-testing 

correction.

23. The use of multiple sensor modalities (e.g., GPS, acceleration, phone usage) 

was effective in recognizing and accurately detecting state changes in 

depressive and manic states in bipolar disorder patients.

Very small sample size (n = 10) limits generalizability; inconsistent sensor use/ 

charging led to variable/incomplete data; irregular ground truth data (only 

every 3 weeks) relied on subjective self-assessment.

24. Using smartphone-generated data is feasible for developing a risk algorithm 

for suicide risk among inpatients, with machine learning demonstrating 

potential for accurate prediction.

Small cohort (n = 66) limits generalizability/robustness; short 7-day follow-up 

period; model complexity may lead to overfitting.

25. The study demonstrated that digital phenotyping can help map the temporal 

dynamics of symptom interactions in schizophrenia, showing that certain 

symptoms (e.g., anxiety, psychosis) might trigger or elevate other symptoms 

in future time steps.

Small sample size (especially validation set) limits reliability; only considered 

3-day intervals (may miss immediate symptom interactions).

26. Anomaly detection demonstrated high sensitivity (89%) and reasonable 

specificity (75%) in predicting clinical relapses.

Variability in participation/EMA frequency affected anomaly rates; 

smartphone data is a proxy for behavior (potential inaccuracies); lack of 

specific relapse dates complicates intervention timing; control group 

mismatch (age/race); high anomalies in controls suggests confounds; COVID- 

19 period lacked relapse events.

27. Greater dysregulation in social rhythms (suggesting less routine) correlated 

with higher severity of self-reported depression, anxiety, psychosis, and sleep 

symptoms only in individuals with schizophrenia.

Data quality/missingness issues (technical, engagement) affect results; app 

sensitivity might be biased; sample mismatch on age/race/education 

introduced confounds.
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TABLE 4 Continued

Study 
ID

Findings Limitations

28. A considerable heterogeneity was found in the associations between screen 

time and various mental health symptoms, and longitudinal analysis showed 

a modest association between screen time metrics and cognitive 

performance in schizophrenia.

Daily data aggregation misses intraday fluctuations; incomplete survey 

completion limited generalizability; same-day data pairing missed potential 

lagged effects between screen time and symptoms.

29. Smartphone sensor data successfully predicted Social Anxiety Disorder 

(SAD) symptom severity with moderately strong accuracy (r=0.702) and 

demonstrated discriminant validity from other psychological states.

Modest, homogeneous sample (undergraduate students) limits 

generalizability; passive data collection lacks qualitative assessment of social 

interactions; focused on between-person differences, not within-person 

fluctuations over time.

30. Self-scale features (PHQ-9, GAD-7) were consistently the strongest 

predictors of mood scores, though multimodal data (including passive 

sensing) supported mood prediction.

Lacked external validation; labor-intensive, staff-dependent data collection; 

patient pool skewed toward stable patients; poor multimedia/GPS data 

collection; no physician contact feature in the app; lacked illness severity 

stratification.

31. Increased Heart Rate Average (HRA) and decreased HRV were associated 

with increases in positive and negative psychopathology, respectively, 

suggesting heart rate metrics are significant indicators of mental health 

status.

Small sample size (n = 35) limits generalizability; specific diagnostic group 

inclusion; monthly data aggregation caused loss of finer temporal resolution 

for acute changes.

32. The study found no significant difference between app activities or digital 

phenotyping data across the three study sites, but preliminary findings 

suggest app-based assessment correlates with standard cognitive and clinical 

assessments.

COVID-19 hindered recruitment/applicability; sample was young, mild- 

symptom FEP patients (limits extrapolation to severe/older patients); 

heterogeneity across sites/small size complicates conclusions; language 

proficiency variation was a factor.

33. The study successfully predicted the onset of mood episode recurrences 

exclusively using digital phenotypes, with circadian rhythm (CR) 

misalignment contributing the most to the prediction of episodes.

Accuracy of episode onsets compromised by retrospective evaluation; model 

lacked external validation (limits generalizability); data constraints (iOS light 

data missing/imputed); reliance on potentially biased/inaccurate self-report/ 

wearable data.

34. The BiMM forest model achieved high predictive accuracy for depression 

(80.1%) and (hypo)mania (89.1%) using passive Fitbit data, with 

personalized modeling outperforming generalized approaches.

Modest sample size limits ML generalizability; no external validation; ground 

truth error (self-report scales); skew toward BD I; Fitbit metrics are less 

precise than clinical tools; high compliance bias; no clinical intervention 

tested.

35 Digital phenotypes derived from mobile device-captured speech can predict 

mood states effectively, demonstrating the utility of mobile technology for 

objective, continuous monitoring.

Small/specific sample limits generalizability; negative symptoms are complex 

(measures may not capture all aspects); dependence on self-reported measures 

(biases); ongoing technical challenges (need for algorithm validation).

36 Machine learning models were effective in classifying diagnostic status and 

specific negative symptom domains with high accuracy, and specific active 

and passive digital phenotyping variables were found to be highly predictive.

Small sample size/lack of diversity limits generalizability to broader 

populations/settings; analysis based only on engaged participants; restricted to 

individuals receiving community mental health services.

37 A higher average daily step count was associated with greater weight loss 

among participants with serious mental illness enrolled in a weight loss 

program.

No control group (limits impact evaluation); sample from specific clinical 

program (limits generalizability); technology bias (excluded non-amenable 

patients); app-based negative symptom assessment showed limitations (no 

correlation with clinician ratings).

38 The study demonstrated the feasibility and validity of using a smartphone 

application for symptom monitoring in early psychosis care, with high 

compliance and strong correlations between app and clinician-rated 

assessments.

Significant data gaps/compliance issues affected continuity; small sample size 

from a specific community setting limits generalizability; accuracy depended 

on mobile device performance.

39 Geographic movement patterns, as measured through mobile device data, 

are strongly linked to depressive states in individuals with bipolar disorder 

and achieved high classification accuracy.

Small sample size; minimal variability in depressive symptoms among 

participants limits generalizability to patients with more fluctuating 

symptoms.

40 Utilizing smartphones and wrist sensors to monitor patients with Major 

Depressive Disorder (MDD) after a clinician-rated HDRS assessment 

appears viable and could offer insights into fluctuations in depressive 

symptom severity.

High rate of data loss (e.g., lost phones) due to technical issues affected 

participant retention.
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others, and these were studied either independently or in 
conjunction with other disorders. Nineteen studies studied 
schizophrenia spectrum disorders, which included schizophrenia 
and schizoaffective disorder (28, 40, 41, 45, 47–49, 51–55, 57, 
61, 69, 71, 75, 85). A multitude of symptoms were investigated 
in these studies such as early warning signs (EWS) of a relapse 
(28, 48, 57, 85), positive and negative symptoms (40, 41, 49, 51, 
54, 55, 61, 69, 71), cognitive symptoms (45, 47) and general 
function (52, 75). Twelve studies focused on bipolar disorders 
(46, 56, 62, 63, 65, 66, 72–74, 76, 79, 83, 84), either 
independently or with other disorders. Various symptoms were 
investigated in these studies such as mood symptoms (mania, 
depression, mood fluctuations) (56, 62, 63, 66, 72–74, 83) and 
sleep/circadian rhythms (56, 79). Seven studies focus on MDD 
or depression (43, 44, 50, 55, 60, 68, 81) either as a primary 
diagnosis or within mixed clinical samples, and two of these 
studies examined MDD exclusively (60, 81). One study focused 
on anxiety disorders (50) and one on borderline personality 
disorders (67). Across the included studies, a diverse range of 
symptom domains were investigated. The most common areas 
of focus were mood symptoms such as depressive severity, 
manic episodes, mood fluctuations, and recurrence risk (56, 62, 
63, 65, 66, 72–74, 79, 83). A smaller subset examined relapse 

and early warning signs (28, 48, 57, 85), sleep and circadian 
rhythm disturbances (53, 56, 79), and cognitive outcomes such 
as attention and executive functioning (52, 75). More specific 
symptoms included suicidality and self-harm risk (68), social 
anxiety symptoms (50), and functioning and health-related 
behaviours such as physical activity and weight management 
(52, 75). Six studies did not explicitly investigate clinical 
symptoms, instead focusing on feasibility, acceptability, or 
digital biomarkers of diagnostic groups (54, 58, 64, 67).

Implementation of digital phenotypes

Data collection

Data were collected using either open-source platforms (28, 
47, 52–54, 57, 64, 78, 85) or purposed built platforms (26, 40, 45, 
56, 58, 61–63, 65, 66, 70, 74, 81, 83, 84). In sixteen studies, 
wearable devices were used (41, 43, 46, 48–50, 55, 60, 67, 71, 
73, 75–77, 81, 86). Eleven studies mentioned the use of 
smartphone/wearable but did not mention an application that 
helped collect data (26, 40, 41, 61, 64, 71–73, 77, 86, 87) 
(Table 3).

TABLE 4 Continued

Study 
ID

Findings Limitations

41 Behavioral indicators (passively collected digital trace data and vocal 

features) could predict clinically assessed symptoms of depression and 

PTSD, and adding self-reported predictors did not significantly increase 

model performance.

Lacked validation against definitive methods (e.g., polysomnography); 

significant missing accelerometer data; small sample size/observational design 

limits generalizability/power.

42 Smartphone-based monitoring is feasible and effective for assessing sleep in 

patients with schizophrenia, classifying sleep quality with high accuracy 

when compared to traditional in-clinic assessments (PSQI).

Small sample size limits representativeness; no Apple iOS data (potential 

selection bias); missing data due to hospitalization; flexible EMA times 

introduced potential recall bias.

43 Reduced mobility (increased time spent at home and lower location 

variance) was associated with worsening depressive symptoms, while greater 

mobility (location variance and locations visited) was linked to manic 

symptoms.

Limited to stable outpatients (limits generalizability); irregular/inconsistent 

app use affected reliability; technical issues with GPS data collection; statistical 

analysis method risked Type I errors.

44 The smartphone app provided valid measurements of mood and sleep which 

were significantly correlated with clinical scales, and positive correlations 

were observed between mood, sleep, and activity over time.

Very small sample size (n = 16) limits generalizability; variability in 

smartphone usage/hardware introduced confounds; issues with incomplete 

passive data collection (GPS/accelerometer coverage).

45 Data quality metrics (e.g., accelerometer coverage and survey timing) are 

significantly associated with future survey scores for various symptom 

domains in schizophrenia, suggesting metadata contains clinically relevant 

predictive information.

Limited generalizability (young, mildly ill outpatients); cross-sectional design 

(no causal inference); possible medication effects on HR/sleep; no multiple- 

testing correction (exploratory design).

46 Passive digital markers captured clinically relevant patterns, with negative 

symptoms showing the strongest associations, and HR during sleep standing 

out as the most consistent biomarker for illness severity.

Small sample size with specific characteristics (limits generalizability); use of 

study-issued phones restricts generalizability; less accurate prediction of 

mania scores due to fewer predictors/sporadic nature.

47 Changes in mobile phone usage seem to be associated with mood states in 

individuals with bipolar disorder, suggesting that models based on passively 

collected keyboard metadata could be a viable detection method.

Limited study population size constrains conclusions regarding the 

relationship between the digital phenotyping method and conventional 

clinical assessment.

Preliminary findings indicate the effectiveness of trazodone OAD 

monotherapy in improving depressive symptoms and sleep quality in MDD, 

and that digital phenotyping has the potential to provide valuable insights 

into treatment response.
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Passive data

The most common types of passive data were geolocation data 
and accelerometer or physical activity data. Twenty-eight studies 
collected geolocation data (28, 40, 44–47, 49–60, 62, 69, 71–73, 
76, 79, 80, 82, 85, 86), these data were captured through GPS 
signals, which were used to mobility patterns, circadian rhythms, 
and time spent at home or outside. Twenty-six studies collected 
accelerometer or physical activity data (28, 40, 41, 44–47, 49–51, 
53, 55, 56, 58–62, 69, 72, 73, 76, 77, 79, 85, 86). Data were 
collected either through smartphone sensors (28, 40, 44–46, 49, 
56–62, 85) or wearable devices (41, 43, 55, 71, 73, 75–77, 79, 81, 
86) such as Fitbit and Empatica E4. Most studies collected basic 
activity measures such as step counts, movement intensity, and 
energy expenditure, while others analysed sedentary behaviour, 
sleep–wake cycles, and broader mobility patterns. In bipolar 
disorder, accelerometer data were often used to monitor 
psychomotor changes, circadian rhythm disruption, and relapse 
risk (62, 66, 73), whereas in schizophrenia spectrum disorders 
they were applied to examine negative symptoms, anhedonia, 
and illness severity (28, 41, 86). In MDD, activity patterns were 
associated with fluctuations in mood, cognitive performance, and 
functional outcomes (60, 77). Twenty-four studies collected 
communication metadata such as call and SMS logs (28, 40, 
44–47, 49–53, 56–62, 67, 69, 72, 73, 85, 86). These data were 
typically used as proxies for social activity, isolation, and 
network stability. In schizophrenia spectrum disorders, 
reductions in call frequency and text messaging were linked to 
negative symptoms, relapse risk, and functional decline (28, 40, 
69), while in bipolar disorder, changes in communication 
intensity often preceded mood episodes (62, 88). Studies in 
depression and mixed SMD samples similarly found that 
diminished outgoing communication was associated with 

increased symptom burden and lower functioning (44, 52, 60). 
Sleep and circadian rhythm indicators were passively monitored 
in 24 studies, most often derived from smartphone 
accelerometers, actigraphy, or wearable devices (28, 40, 41, 
44–47, 49, 51, 53, 55–58, 60, 62, 69, 72, 73, 76, 77, 79, 85, 86). 
In bipolar disorder, studies demonstrated that reduced sleep 
duration, irregular circadian rhythms, and greater night-time 
activity predicted relapse or episode recurrence (56, 62, 73, 79). 
In MDD, accelerometer- and wearable-derived sleep metrics such 
as fragmentation, reduced total sleep time, and altered activity– 
rest cycles were associated with greater symptom severity and 
relapse risk (60, 77). Within schizophrenia spectrum disorders, 
passive sleep measurement highlighted increased sleep variability 
and rest–activity disruption as correlates of negative symptom 
severity and relapse (28, 41, 53). Multimodal approaches 
frequently paired sleep data with mobility and communication 
logs to capture a broader behavioural signature of illness (49, 
85). Eight studies collected physiological signal data (41, 43, 55, 
71, 77, 81, 86, 87), six studies collected keystroke dynamics (44, 
47, 50, 58, 69, 80) and five studies collected app usage data (45, 
67, 70, 73, 85). Physiological markers were investigated in 
schizophrenia and psychosis for autonomic dysregulation and 
symptom severity (41, 71, 86), in bipolar disorder to track mood 
fluctuations and sleep–wake disturbances (73, 81) and in 
depression to examine associations with cognitive and affective 
states (43, 77). Keystroke dynamics leveraged smartphone typing 
metadata such as latency, speed, and error rates to assess mood 
changes, psychomotor slowing, and cognitive performance; these 
were particularly relevant in bipolar disorder and depression (44, 
50, 58, 80). App usage pattern data showed that reduced or 
altered engagement with digital platforms was linked to 
worsening mood and social withdrawal, particularly in 
schizophrenia and bipolar disorder (67, 70, 85).

FIGURE 1 

Flowchart of selection and inclusion process following the PRISMA statement (39).
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Active data

Studies used several clinical data collected actively (see 
Table 2). The Brief Psychiatric Rating Scale (BPRS) was used in 
studies pertaining to psychotic disorders (28, 41, 57). Hamilton 
Depression Rating Scale (HDRS) (77, 83) and Young Mania 
Rating Scale (YMRS) (62, 66) were mainly used in studies that 
focused on bipolar disorder and depressive disorder. Patient 
Health Questionnaire-9 (PHQ-9) (41, 44, 58, 60) was used in 4 
studies and Generalized Anxiety Disorder-7 (GAD-7) (44, 50, 
58) were used in 3 studies of depression and mixed SMD 
populations. Four studies that focused on depression or 
depressive symptoms used Hamilton Depression Scale (HAMD) 
(63, 73, 77, 81). Other scales such as Montgomery-Åsberg 
Depression Rating Scale (MADRS) (43, 75), 6-Minute Walk Test 
(6-MWT) (75) and Social Interaction Anxiety Scale (SIAS) (50) 
also used.

Data preprocessing

Data pre-processing techniques varied across the studies (see 
Table 3). Seventeen studies did not describe any pre-processing 
steps (26, 28, 44–46, 51–55, 57, 60, 67, 70, 72, 74, 80, 82), 
whereas the remainder provided varying levels of detail. Studies 
focused on feature extraction from raw data streams, such as 
movement- and sleep-related metrics from accelerometers and 
wearables (62, 73, 76, 77), autonomic signals from physiological 
sensors (41), or circadian rhythm measures derived from 
smartphone use and location patterns (56). In some cases, 
features were application-specific; for example, one study 
extracted the average number of applications used per patient per 
day, filtering by screen-on activity and categorising apps by 
function (70). Other preprocessing efforts emphasised 
standardising formats and removing noise or outliers in 
physiological signals, such as heart rate variability and sleep data 
(55, 81, 86). Missing data were handled in different ways: some 
studies employed imputation or pairwise deletion to preserve 
sample size (47, 49, 58, 85), while others excluded incomplete or 
low-quality recordings (53). One study implemented a cleaning 
process that involved the exclusion of outliers in sleep and 
activity data, which indirectly pertains to removing incomplete or 
anomalous records (79). In another study, missing data was 
addressed through pairwise deletion, focusing on using available 
pairs of data without substituting or omitting all data related to a 
missing value when handling keyboard metadata, such as 
keyboard strokes and pressure of strokes (80). Finally, some 
studies aggregated data at the daily level to reduce noise and 
capture behavioural trends over time, including daily steps, heart 
rate, weight, and cognitive test performance (43, 79, 87). One 
study on schizophrenia aggregated data streams from multiple 
sources to create a comprehensive dataset for analysis, ensuring 
consistency and mitigating any gaps in individual data streams (85).

Data analysis

Data analysis approach through the studies are diverse and 
focused on various advanced techniques (see Table 3). 
A comprehensive description of the analytic procedures is 
presented in Supplementary File 2.

Neural network
Neural networks are ML models that learn complex patterns 

in data by processing inputs through interconnected 
computational layers. One study applied encoder-decoder neural 
network models to predict early warning signs of psychotic 
relapse from passive sensing data (57). The study centred on 
using encoder-decoder neural network models to analyse passive 
sensing data and predict EWS of psychotic relapse. The analysis 
involved two specific types of encoder-decoder models: Fully 
Connected Neural Network Autoencoder (FNN AD) and GRU 
Sequence-to-Sequence (GRU Seq2Seq). The models were trained 
on "days of relative health" data to establish normal behavioural 
patterns. Anomaly detection was then applied to identify 
deviations from these patterns, with high reconstruction errors 
signalling potential anomalies. Reconstruction errors were 
analysed to optimise sensitivity and specificity, and post-hoc 
analyses were conducted to compare behavioural features 
between anomalous and stable days to improve 
clinical interpretability.

Ensemble models
Ensemble models combine predictions from multiple ML 

algorithms to improve accuracy and robustness compared with 
using a single model. Four studies used ensemble models to 
enhance the accuracy and reliability of predictive models (50, 
62, 68, 77). One study used ensemble models integrating 
circadian rhythm and passive sensing data to predict mood 
states in bipolar disorder (62). A study on suicide risk 
incorporated ensemble methods, including gradient boosting 
and random forests, to identify suicide risk from multimodal 
phone-based data (68). Ensemble methods were further used in 
monitoring changes in depression severity, leveraging multiple 
sensor inputs to robustly capture mood variations in a study 
focusing on depression (77). One study on social anxiety 
disorder utilized an ensemble of extreme gradient boosting 
models to identify digital biomarkers of social anxiety and 
focused on extracting subtle patterns from digital interactions 
that correlate with anxiety severity, demonstrating the strength 
of ensemble models in handling complex and subtle data 
patterns (50). Random forest algorithms were also used across 
studies to enhance prediction accuracy by combining multiple 
models (50, 62, 68, 85, 86). One employed the random forest 
algorithm to predict mood states from various biometric and 
environmental inputs (62). The model leveraged an ensemble of 
decision trees to handle high variability in mood disorder 
symptoms among patients, improving prediction reliability. 
Random forests were also used to classify anxiety severity from 
passive smartphone features, demonstrating the utility of 
ensemble techniques in detecting subtle symptom variations (50).

Support vector machines (SVMs)
Support Vector Machines (SVMs) are supervised ML 

algorithms used for classification or regression tasks by 
identifying optimal boundaries that separate different classes in 
high-dimensional data. SVMs were applied in three studies (46, 
56, 68). One study that focused on bipolar disorder employed 
SVM for the classification of stability in bipolar disorder 
patients, analysing social rhythm metrics (56), while another 
study applied SVMs to distinguish between different illness 
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states in bipolar disorder, demonstrating the algorithm’s utility for 
high-dimensional behavioural data (46). Finally, SVMs were used 
alongside other machine learning methods to classify suicide risk, 
highlighting their potential clinical application in acute psychiatric 
settings (68). The SVM model was trained and validated using k- 
fold cross-validation to ensure robustness and prevent overfitting. 
This method divided the data into several subsets, with each subset 
being used once as a test set while the others formed the 
training set.

K-Means clustering
K-means clustering is an unsupervised machine-learning 

method that groups observations into clusters based on 
similarities in their characteristics without using predefined 
outcome labels. K-Means Clustering was employed in two 
studies that focused on schizophrenia (48, 69). K-Means 
Clustering was utilised to segment patient behavioural data into 
distinct clusters based on similarity in daily activity patterns, 
social interactions, and geographical movements collected 
through mobile devices. The clustering helped in identifying 
outlier patterns or anomalies that deviated significantly from 
typical behaviour patterns, which were predictive of potential 
relapse in schizophrenia patients (69). In another study, -Means 
Clustering was used to stratify patients into homogeneous 
groups based on digital phenotypes such as sleep patterns, 
online activity levels, and communication logs (48). This 
stratification enabled the researchers to tailor interventions and 
monitor the efficacy of treatments more effectively.

Correlation
Correlation analyses were applied in three studies to examine 

relationships between digital phenotypes and clinical outcomes (41, 
58, 60). Correlations between passive sensing streams and self- 
reported measures were used to evaluate feasibility and acceptability 
in young people with depression (58). In a study that focused on 
MDD correlation analyses was used to link daily accelerometer- 
derived activity levels with fluctuations in depressive symptoms 
(60). Finally, correlations between wearable-derived physiological 
measures and symptom severity scores were explored (41). 
Specifically, heart rate variability, electrodermal activity, and skin 
temperature were correlated with clinical ratings (PANSS, BPRS).

Regression
Regression-based methods were applied across several studies (28, 

44, 50, 64–66, 83–85). Two studies used logistic regression models to 
identify relapse predictors from multimodal passive and active data 
(85). One study used linear regression used to link behavioural data 
with self-reported psychological states (44). In studies focusing on 
bipolar disorder, mixed-effects regression models were used to 
account for repeated daily symptom ratings within individuals (66, 
84). Linear and logistic regression were employed in subsequent 
studies to examine associations between smartphone-derived 
behavioural features and self-reported clinical symptoms (66). In 
another study, regression models were used to compare mobility 
patterns between individuals with bipolar disorder and those with 
unipolar depression (84). Another study multiple linear regression 
was utilized within a broader statistical framework to analyse the 
severity of mood disturbances based on keystroke metadata (80). 
Multiple linear regression models were used to analyse the 

relationship between various features derived from mobile phone 
use and accelerometer data, and the severity of mood disturbances as 
measured by the HDRS for depression and the YMRS for mania (80).

Cross-validation
Cross-validation was used to validate the robustness of 

predictive models in some studies (46, 56, 57, 68). One study 
employed leave-one-out cross-validation to evaluate the 
generalizability of the predictive models which ensured each 
participant’s data was used for both training and testing, 
minimizing bias (56). Similarly, another study applied k-fold 
cross-validation to assess the stability of SVM models for 
detecting illness state transitions in bipolar disorder (46). In one 
study, F-tests and k-fold cross validation were used to compare 
models and validate the predictive significance (68). Cross- 
validation was incorporated in another study to evaluate neural 
network-based anomaly detection models, ensuring that 
predictions of relapse risk were generalisable across patients (57). 
In another study, 10-fold cross-validation was employed to train 
ensemble and random forest models, improving the reliability of 
mood state prediction in bipolar disorder (62). Finally, cross- 
validation was used on a study that focused on suicide risk when 
training ensemble and SVM models to confirm the stability of 
suicide risk prediction in an acute clinical sample (68).

Study results

A comprehensive presentation of the results and findings is 
available in Supplementary File 3 (Table 4).

Phenotypes

Studies reported importance findings from phenotype data 
collected through passive sensing. One study reported that 
periods of depression were associated with reduced spatial 
activity and fewer visited locations, whereas manic episodes 
showed increased random movement patterns (65). Another 
study showed that GPS data could be used to recognise and 
predict mood state changes in bipolar disorder, with effective 
prediction achieved by identifying correlations between specific 
locations and mood stability or instability (46). Deviations from 
typical mobility patterns, when combined with other behavioural 
data, could signal relapse up to 72 h in advance was reported in 
another study (28).

Application usage data was also reported to be clinically 
informative. One study found that smartphone usage features, 
including app activity, correlated with symptom severity in 
social anxiety disorder (50). Another study observed that 
application use and activity types were associated with 
depressive and manic symptom fluctuations, supporting app 
engagement as a proxy for mood instability (44).

Sleep and circadian rhythms emerged as another key 
phenotype. One study demonstrated that reductions in sleep 
duration and efficiency predicted depressive relapse (64). 
Another study validated the feasibility of using digital tools to 
estimate sleep in schizophrenia, showing close correspondence 
between passive data and clinical measures (53). One study 
reported that disruptions in circadian rhythm metrics strongly 
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correlated with mood fluctuations in bipolar disorder (56), while 
another study showed that circadian-based features improved 
the prediction of mood states when incorporated into machine 
learning models (62).

Disorder monitoring

Several studies reported how DP helped in monitoring of 
disorders (see Table 4). In schizophrenia, wearable-derived 
physiological measures such as heart rate variability, 
electrodermal activity, and skin temperature were significantly 
correlated with clinical severity ratings, supporting the feasibility 
of autonomic signatures as biomarkers of illness burden (41). 
Other schizophrenia studies highlighted the role of behavioural 
data (45, 47). One study reported that anxiety, psychotic 
symptoms, and poor sleep were central predictors in dynamic 
symptom networks, suggesting that smartphone-based monitoring 
could help identify which symptoms drive broader clinical 
deterioration (47). Another study showed that passively collected 
data on face-to-face social encounters reflected negative 
symptoms such as social withdrawal, further validating the use of 
mobile sensing for functional monitoring (45). One study in 
schizophrenia detected a 30% increase in symptom severity scores 
48 h before a relapse based on passive data such as acceleration 
data, application usage data, call and message logs and location 
data along with BPRS, and where statistically significant increases 
predict relapse events, underscoring the potential of real-time 
monitoring in patient management (57).

In bipolar disorder, several studies used passive data to monitor 
mood states and circadian patterns (44, 56, 62, 65). One study 
found that social rhythmicity, inferred from phone activity, 
mobility, and sleep–wake cycles, was strongly correlated with self- 
reported mood states, underscoring the clinical value of circadian 
rhythm monitoring (56). This study showed an average 
correlation of 0.75 to their social rhythms as measured by the 
Social Rhythmic Metrics (SRM) and the strong correlation 
between social rhythms and mood states in bipolar disorder 
suggested targeted interventions could be beneficial. Studies also 
showed that reduced call and message frequency was associated 
with depressive states, whereas increased communication and 
mobility were often seen in manic or hypomanic states (65, 66). 
Finally, another study extended these findings by showing that 
smartphone-based behavioural metrics such as call activity and 
messaging were significantly related to depressive and manic 
symptom fluctuations (44).

For MDD, studies also highlighted the monitoring potential of 
DP (58, 60, 64). One study found that daily activity levels 
measured by accelerometers correlated with fluctuations in 
depressive symptoms, providing a dynamic view of illness burden 
(60). One study showed that changes in sleep duration and 
efficiency, collected via wearable devices, predicted depressive 
symptom changes, linking objective sleep patterns with clinical 
relapse (64). Another study further established feasibility by 
combining smartphone-based sensing with neuroimaging markers 
to monitor depression, demonstrating that multimodal monitoring 
is acceptable to patients (58). Finally, one study on MDD found 
that clinical assessment correlations with DP data showed a kappa 
coefficient of 0.61, which validated the effectiveness of digital tools 

in monitoring depressive symptoms, aligning closely with 
traditional clinical assessments (51).

Additionally, a study on anxiety disorders found that smartphone 
features, including app usage and communication logs, predicted 
social anxiety severity (50). One study demonstrated that wearables 
could monitor behavioural health outcomes such as physical 
activity and weight in individuals with SMD (75).

Relapse and recurrence prediction

Several studies across various disorders demonstrated the 
potential of DP for relapse and recurrence prediction. In 
schizophrenia, one study reported that anomalies in mobility, 
communication, and sleep predicted relapse up to 72 h in 
advance (28), while another study showed that neural network 
models could detect deviations from stable behaviour that 
preceded relapse (57). Additionally, it was found that integrating 
passive smartphone data improved relapse prediction accuracy 
to 73% among patients diagnosed with schizophrenia (85). In 
bipolar disorder, it was showed across studies that self- 
monitoring combined with call, text, and mobility data was 
strongly associated with illness activity and could predict relapse 
events (65, 66). In depression, it was found that that disrupted 
sleep predicted recurrence (64), while another study established 
the feasibility of combining smartphone data with neuroimaging 
to monitor relapse in young people (58).

Limitations of the studies

There were several limitations reported in most studies (see 
Table 4). The most common limitation was small sample size, 
which was reported in many studies (28, 44, 46, 56, 60, 65). For 
example, one study included only nine bipolar patients, with seven 
completing the study, limiting the generalisability of findings on 
social rhythms (56). In some cases, only a minority of participants 
experienced relapse, where 18 out of 60 contributed relapse data, 
potentially biasing results toward higher-risk subgroups (28). Many 
studies also reported short study duration as a limitation (28, 46, 
56, 61, 64, 80) reducing the ability to capture long-term illness 
trajectories. One study noted that their brief follow-up restricted 
evaluation of longer-term relapse in MDD (64) and another study 
reported that the limited monitoring window constrained the 
assessment of keystroke-based markers over time (80). Finally, 
another study emphasised that a short observation period reduced 
the number of mood state transitions captured in bipolar disorder 
(46). Many studies noted dependence on smartphone or wearable 
technology, with missing data from device malfunctions, variable 
adherence, or battery issues influencing results (53, 54). One study 
mentioned the limitation of relying on passive data collection 
through smartphones, where any disruptions or changes in device 
usage patterns could influence the results (80). Studies also 
highlighted challenges with self-reported data, where recall bias or 
low completion rates in ecological momentary assessments could 
undermine reliability (56, 58, 65, 66). Self-reporting can introduce 
several biases, such as recall bias, social desirability bias, and 
reporting inaccuracies, which may not accurately represent the 
participants’ actual behaviours or states (9). A few studies described 
contextual confounders, such as environmental noise in inpatient 
wards influencing outcomes (68), or difficulties sustaining 
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engagement in behavioural interventions (87). Some studies did not 
specify any limitations (53, 74, 85).

Discussion

Consistent patterns in the broader DP literature help 
contextualise the findings of this review. Prior work has 
repeatedly highlighted substantial methodological variability 
across studies, including differences in device platforms, 
sampling frequencies, sensing modalities, feature definitions and 
preprocessing pipelines (10, 24). Commentaries and 
methodological analyses further highlight inconsistency in 
preprocessing, feature extraction and model-building practices as 
a core challenge limiting reproducibility and cross-study 
comparability (10, 11). The literature also shows that DP is 
frequently implemented in generalist mental health pathways 
rather than diagnosis-specific programmes, reflecting a growing 
interest in service-level monitoring and early-warning 
applications rather than narrow disorder-focused use cases (89). 
By situating our findings within this growing body of evidence, 
we demonstrate that the methodological inconsistency observed 
in our review is not incidental but reflects a system-level 
challenge that continues to limit comparability, generalisability, 
and translational readiness across the field.

A significant methodological decision in this review was to 
maintain a broad scope across device types, diagnostic groups, 
and study settings. This was intentional and essential to the 
purpose of the review. DP research is inherently diverse, with 
studies utilising a wide array of smartphones, commercial and 
research-grade wearables, and sensor platforms, and with 
implementation frequently occurring in generalist or mixed- 
diagnosis mental health services. Narrowing the review to a 
single disorder category or device class would have excluded a 
substantial proportion of existing evidence and artificially 
reduced the methodological heterogeneity that we aimed to 
characterise. By retaining broad inclusion criteria, this review 
was able to capture the full range of implementation approaches 
currently used in the field and to more accurately illustrate the 
lack of standardisation in data collection, preprocessing, feature 
extraction, and analytical workflows.

Main findings

This review aimed classify the use of DP in mental health 
research by examining the clinical populations involved, the 
digital devices and data utilised, and the methodologies 
adopted across studies. A key observation from this review is 
the utility of DP for disorder monitoring and relapse 
prediction. Smartphones and wearable devices like the Apple 
Watch were commonly used to gather data, capitalising on 
their widespread availability and the non-invasive nature of 
data collection. A notable finding from this review was that 
eleven studies did not specify the data collection platform used 
to acquire DP data. These studies typically relied on in-house 
or study-specific software rather than publicly documented 
platforms such as Beiwe or AWARE-Light. Furthermore, these 
eleven studies were found to originate from only four recurring 

author groups (40, 61). However, insufficient reporting of 
platform characteristics including operating system, data 
security processes, and technical capabilities limits 
reproducibility, hampers comparison across studies, and creates 
uncertainty regarding scalability beyond controlled 
research settings.

The types of data collected varied widely, from simple metrics 
like step counts to more complex measures such as geolocation 
and app usage patterns. This diversity in data types underscores 
the multifaceted approach of DP, aiming to capture a 
comprehensive picture of an individual’s behavioural and 
environmental context. The methodologies used in the analysed 
studies were highly varied, with techniques ranging from basic 
statistical models to more complex machine learning algorithms 
like neural networks and ensemble methods. This variety reflects 
the experimental nature of the field and the ongoing 
development of best practices in data analysis. However, the 
findings also highlight a key methodological challenge in the 
field: the substantial variability in how DP studies are 
implemented. Differences in device selection, sensing modalities, 
preprocessing pipelines and analytical approaches limit 
comparability across studies and complicate the interpretation of 
results. This methodological diversity reflects the exploratory 
stage of the field but also shows the need for clearer reporting 
standards and more consistent implementation practices.

While the studies included in this review demonstrate 
methodological heterogeneity, several broader patterns can 
nevertheless be identified. First, studies used DP primarily for 
behavioural monitoring and feasibility assessment, focusing on 
correlations between passive sensor data and clinical symptom 
measures. Second, several studies applied predictive modelling 
approaches, using ML or statistical models to identify symptom 
trajectories, relapse risk, or mood state changes from 
multimodal behavioural data. Third, some studies embedded DP 
within clinical monitoring or intervention contexts, where 
passive sensing was combined with active symptom reporting or 
clinical assessment to support ongoing patient management. 
These patterns suggest that methodological variation across 
studies often reflects differences in the intended purpose of DP, 
ranging from descriptive monitoring to predictive modelling and 
clinical application.

These patterns are broadly consistent with conceptual 
frameworks described in the wider DP literature. 
Foundational work has conceptualised DP as the continuous 
quantification of behaviour through passive and active data 
streams collected from personal digital devices, typically 
progressing through stages of data acquisition, preprocessing, 
feature extraction, and analytical modelling (4, 11). Our 
findings align with these frameworks in showing that most 
studies follow a similar methodological pipeline, although the 
specific implementation of each stage varies substantially 
across studies. In particular, the review highlights persistent 
variability in reporting data preprocessing procedures, feature 
definitions, and analytic pipelines (23). This divergence 
between conceptual methodological frameworks and their 
practical implementation underscores an ongoing challenge in 
the field and further supports calls for clearer reporting 
standards and methodological guidance for digital 
phenotyping research.
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Clinical & research applications of DP

Although this review focused on implementation 
methodologies, the findings also clarify how DP can be used 
across research and clinical contexts. Research applications 
primarily involve using passive and active sensing to explore 
feasibility, data quality, and associations between sensor-derived 
features and symptom patterns, as well as testing modelling 
approaches for prediction (28, 90). Clinically, the same methods 
point toward potential pathways for real-world intervention: 
features such as changes in mobility, sleep regularity, autonomic 
activity, or communication patterns, reported across the included 
studies could support early identification of symptom worsening, 
enabling automatic signposting to appropriate services, prompting 
timely clinical review, or triggering proactive outreach before 
crises emerge (23, 91). DP therefore sits at an early translational 
juncture, where research-focused implementations already 
demonstrate clear potential clinical utility, but routine use will 
require more consistent methodologies, transparent reporting, and 
standardised implementation frameworks.

Limitations & strengths

This systematic review, while comprehensive, has several 
limitations. The variability in study designs, populations, and 
methodologies across the included studies may introduce 
heterogeneity that could affect the comparability and 
generalizability of the findings. This heterogeneity makes it 
challenging to draw firm conclusions about the efficacy and utility 
of DP across different mental health conditions. Additionally, the 
scope of the review was restricted to studies published in English, 
potentially omitting relevant research conducted in other 
languages. This language restriction might limit the understanding 
of DP practices globally. The decision to focus on primary studies 
ensured direct comparison of implementation methods but 
necessarily excluded secondary analyses, which may have 
synthesised related evidence. Variation in terminology across DP 
research (“mobile sensing”, “passive monitoring”, “wearable data”) 
may also mean that some eligible studies were indexed under non- 
standardised keywords. As this review focused on implementation 
characteristics and employed a narrative synthesis, quantitative 
pooling and effect size estimation were not undertaken. While this 
approach limits direct comparison of clinical effect sizes across 
studies, it enabled a detailed examination of methodological 
heterogeneity that would not have been captured through meta- 
analytic techniques Finally, the rapid evolution of technology and 
methodologies in DP means that newer studies or advances may 
not have been included in this review. This field is advancing 
quickly, and keeping up to date with the latest research is essential 
for a comprehensive overview.

Several systematic and scoping reviews have examined DP in 
mental health, but most have focused primarily on clinical 
prediction, specific sensing modalities, or computational 
modelling approaches rather than the broader methodological 
pipeline through which DP studies are implemented. For 
example, previous reviews have summarised the use of passive 
smartphone sensing to infer behavioural markers of mental 
health or have evaluated the predictive performance of machine- 
learning models using sensor-derived data (23, 24, 29). Other 

reviews have focused on technical frameworks for multimodal 
sensing and data analytics or on ethical and conceptual 
considerations in DP (89, 92, 93). While these contributions have 
advanced understanding of the potential of DP, they provide 
limited synthesis of how studies operationalise DP across the full 
methodological pathway, including device selection, sensing 
modalities, preprocessing pipelines, feature extraction, and 
analytic strategies. By focusing specifically on the implementation 
characteristics of DP studies conducted in clinically diagnosed 
mental health populations, this review complements the existing 
literature by mapping the methodological decisions that shape 
how DP systems are deployed in practice. This implementation- 
focused perspective highlights the extent of methodological 
heterogeneity across studies and underscores the need for clearer 
reporting and greater standardisation to support reproducibility 
and translation into clinical settings.

Methodological heterogeneity

The marked methodological diversity observed in this review has 
direct implications for how DP findings can be interpreted and 
translated into practice. Differences in sensor configurations, 
sampling frequencies, data completeness thresholds, preprocessing 
pipelines, and modelling strategies mean that ostensibly similar 
phenotypes (e.g., “mobility”, “sleep disruption”, or “social activity”) 
are often operationalised in non-comparable ways across studies. 
Variation at each stage of the data lifecycle, device choice, on-device 
sensing, data transfer, cleaning, feature extraction, and labelling can 
substantially affect the reproducibility and external validity of 
reported associations (10). This heterogeneity limits the extent to 
which effect sizes or thresholds can be generalised across settings 
(4). While several studies point toward promising clinical 
applications of DP, the substantial methodological variation across 
devices, data streams, and analytic approaches means that disorder- 
specific recommendations should be interpreted cautiously. Rather 
than aiming to produce condition-specific guidance, our review 
maps how these methodological differences shape the evidence base 
and identifies the areas where greater standardisation is needed to 
support more confident clinical translation.

Ethical considerations

Ethical considerations are fundamental to the advancement 
of DP and are relevant across all global contexts, from high- 
income clinical settings to community-based care in low- and 
middle-income countries (10). Because DP relies on 
continuous, high-granularity behavioural and physiological 
data, concerns regarding privacy, autonomy, meaningful 
consent, and data governance arise universally (94). These 
issues affect all users regardless of geography, given the 
potential for re-identification, opaque algorithmic processing, 
and challenges in ensuring that individuals fully understand 
what is being collected and how it may be used (94). In 
parallel, broader questions of fairness, representativeness, and 
algorithmic bias require global attention, as models trained 
predominantly on Western, urban, or majority-population 
samples may perform poorly or inequitably when applied 
across diverse cultural, linguistic, or socioeconomic groups 
(95). When viewed through a global health lens, additional 
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concerns emerge related to disparities in digital literacy, 
regulatory capacity, and structural vulnerability, which may 
increase risks of misuse or unequal benefit in under-resourced 
settings (10, 96). Addressing these ethical challenges, ranging 
from universal issues of privacy and autonomy to context- 
specific questions of equity and governance will be essential to 
ensure that DP is implemented responsibly and supports 
individuals across diverse global populations.

Implications and future directions

The review’s findings suggest several implications for 
future research in DP. First, there is a clear need for 
standardised protocols in data collection, preprocessing, and 
analysis to ensure that results are robust, reproducible, and 
comparable across studies. Developing consensus guidelines 
and best practices could facilitate this standardisation process 
(10). The variability observed across studies also highlights 
specific components of the DP pipeline where clearer 
reporting and greater methodological consistency would 
substantially improve comparability and reproducibility. 
First, sensor data acquisition parameters are rarely described 
in detail. Several studies reported collecting GPS or 
accelerometer data but did not specify sampling frequency, 
duty cycles, or conditions under which sensors were 
activated, making it difficult to compare behavioural 
measures across studies or replicate sensing configurations. 
Second, data preprocessing procedures were inconsistently 
documented. As observed in this review, a substantial 
proportion of studies did not report preprocessing steps at 
all, while others applied filtering, outlier removal, 
aggregation, or imputation without clearly describing the 
criteria used. Because preprocessing decisions directly affect 
derived behavioural metrics, clearer documentation of 
cleaning procedures, missing-data handling, and temporal 
aggregation methods would improve transparency. Third, 
there was considerable variability in feature extraction and 
feature definitions, particularly for commonly used digital 
phenotypes such as mobility, sleep, and communication 
behaviour. Explicitly defining how such features are derived 
from raw data would facilitate cross-study comparison and 
interpretation. Fourth, data collection platforms and 
technical infrastructure were not consistently reported; 
several studies relied on smartphone or wearable devices 
without specifying the software platform or application used 
for data capture. Providing details on sensing platforms, 
operating system constraints, and device models would help 
clarify how technical configurations influence data availability 
and quality. Taken together, these findings suggest that 
future DP research would benefit from establishing minimum 
reporting elements for the DP pipeline, including sensing 
configurations, preprocessing workflows, feature definitions, 
and analytic procedures. In addition to having 
methodological framework, such reporting guidance could 
function as practical documentation standards that support 
transparency, reproducibility, and cumulative methodological 
development in the field.

The findings of this review also highlight several 
methodological practices that may improve the quality and 

reproducibility of DP research. Across the included studies, 
clearer reporting of sensing configurations, preprocessing 
workflows, feature extraction procedures, and analytical pipelines 
would substantially improve transparency and comparability. 
Studies that explicitly documented data collection platforms, 
device specifications, and missing-data handling procedures 
provided greater clarity regarding how behavioural features were 
derived and interpreted. Future work would benefit from 
adopting more consistent reporting practices across these stages 
of the digital phenotyping pipeline. Detailed methodological 
guidance for sensor-based data collection and reporting in DP 
research has recently been proposed elsewhere, including 
recommendations on documenting sensing configurations, 
preprocessing procedures, and feature generation workflows (10).

Additionally, while the focus has been on certain clinical 
populations, expanding DP efforts to other mental health 
conditions could provide insights into the generalizability and 
utility of these techniques across the broader spectrum of 
psychiatric disorders. Integrating DP data with traditional 
clinical assessment tools could enhance diagnostic accuracy and 
the personalization of treatment strategies. Furthermore, DP 
could help LMICs (10, 97, 98), where mental health services are 
often under-resourced and the burden of diseases like 
depression and bipolar disorder is substantial (10, 99), DP can 
provide a low-cost, scalable method of monitoring and 
managing health conditions in real-time. Furthermore, DP may 
also have important applications beyond clinical populations. 
Continuous behavioural monitoring has the potential to support 
early detection of symptom changes, identification of individuals 
at elevated risk, and population-level monitoring of behavioural 
indicators associated with mental health. For example, DP 
approaches could be applied to high-risk groups, such as 
individuals with a family history of SMDs or those experiencing 
early subclinical symptoms, to identify behavioural changes that 
precede illness onset. In addition, passive sensing approaches 
may support preventive mental health strategies by identifying 
behavioural patterns associated with stress, sleep disruption, or 
social withdrawal in community populations.
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