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Abstract

Background: Differentiating bipolar disorder (BD) from unipolar depression (UD) isessential, asthese conditions differ greatly
in their progression and treatment approaches. Digital phenotyping, which involves using data from smartphones or other digital
devices to assess mental health, has emerged as a promising tool for distinguishing between these two disorders.

Objective: This systematic review aimed to achieve two goas: (1) to summarize the existing literature on the use of digital
phenotyping to directly distinguish between UD and BD and (2) to review studies that use digital phenotyping to classify UD,
BD, and healthy control (HC) individuals. Furthermore, the review sought to identify gaps in the current research and propose
directions for future studies.

Methods: We systematically searched the Scopus, |EEE Xplore, PubMed, Embase, Web of Science, and PsycINFO databases
up to March 20, 2025. Studies were included if they used portable or wearable digital toolsto directly distinguish between UD
and BD, or to classify UD, BD, and HC. Original studies published in English, including both journal and conference papers,
were included, while reviews, narrative reviews, systematic reviews, and meta-analyses were excluded. Articles were excluded
if the diagnosis was not made through a professional medical evaluation or if they relied on electronic health records or clinical
data. For each included study, the following information was extracted: demographic characteristics, diagnostic criteria or
psychiatric assessments, details of the technological tools and datatypes, duration of data collection, data preprocessing methods,
selected variables or features, machine learning algorithms or statistical tests, validation, and main findings.

Results: Weincluded 21 studies, of which 11 (52%) focused on directly distinguishing between UD and BD, while 10 (48%)
classified UD, BD, and HC. The studies were categorized into 4 groups based on the type of digita tool used: 6 (29%) used
smartphone apps, 3 (14%) used wearable devices, 11 (52%) analyzed audiovisua recordings, and 1 (5%) used multimodal
technologies. Features such as activity levelsfrom smartphone apps or wearable devices emerged as potential markersfor directly
distinguishing UD and BD. Patients with BD generally exhibited lower activity levels than those with UD. They also tended to
show higher activity in the morning and lower in the evening, while patients with UD showed the opposite pattern. Moreover,
speech modalities or the integration of multiple modalities achieved better classification performance across UD, BD, and HC
groups, although the specific contributing features remained unclear.

Conclusions: Digital phenotyping shows potential in distinguishing BD from UD, but challenges like data privacy, security
concerns, and equitable access must be addressed. Further research should focus on overcoming these challenges and refining
digital phenotyping methodologies to ensure broader applicability in clinical settings.

Trial Registration: PROSPERO CRD42024624202; https.//www.crd.york.ac.uk/PROSPERO/view/CRD42024624202
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Introduction

Background

Mood disorders are a highly prevalent and recurrent group of
mental disorders associated with a substantial risk of suicide
[1], primarily encompassing unipolar depression (UD) and
bipolar disorder (BD) [2]. Approximately 1in 4 individualsis
estimated to experience an affective disorder at least once in
their lifetime, often leading to substantial and lasting disability
for those affected [3]. UD is primarily characterized by
substantial and persistent low mood. In contrast, BD involves
manic or hypomanic episodes (el evated mood, racing thoughts,
and increased activity) and depressive episodes (low mood,
dowed thinking, and reduced activity). Both disorders are
marked by enduring mood changes impacting emotional,
cognitive, and behavioral domains [4]. However, the course of
BD often begins with depressive episodes, leading to a
substantial risk of misdiagnosis, as approximately 40% to 69%
of patientswith BD areinitially diagnosed with UD [5,6]. This
misdiagnosis can have serious consequences, including
inappropriate medication prescriptions, triggering manic
episodes, prolonged illness duration, increased risk of
recurrence, heightened suicide risk, and an overall poorer
response to treatment [5,7-10].

Currently, psychiatriststypically diagnose based on established
criteria(such asthe Diagnostic and Satistical Manual of Mental
Disorders, Fifth Edition and the International Classification of
Diseases, Eleventh Revision), relying on one-time self-reports
from patientsand their families. Thisapproach heavily depends
on the clinician's experience and often lacks continuity and
objectivity. In contrast, digital phenotyping offers a promising
solution, with this concept being agroundbreaking advancement
in the field, first introduced in 2015 [11]. Digital phenotyping
includeslong-term active data (eg, participants completing daily
self-assessment  questionnaires via smartphone apps) [12],
providing clinicianswith amore comprehensive and continuous
flow of information. It also offers objective databased on digital
devices, such as physiologica measurements (eg, skin
temperature, heart rate, blood volume pulse, and electrodermal
activity) and behavioral indicators (eg, acoustic features,
gestures, and facial expressions) [13].

Compared to traditional diagnostic methods, digital phenotyping
has great potential to improve diagnostic accuracy and
timeliness. However, it generates vast amounts of data that
require more robust processing and analysis. To address this,
leveraging artificia intelligence, such as machine learning, in
mental health is essential. Currently, machine learning has
gradually emerged as a powerful tool for exploring
high-dimensional and real-time data associated with digital
phenotyping. It provides an opportunity to “make sense” of
these digital phenotypes and the redlities they attempt to
represent in the context of mental health [14-16]. Some believe
this technology has the potential to offer deeper insights into
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the neurobiological mechanisms underlying psychiatric disorders
[17]. It may daso facilitate the development of new
transdiagnostic models for understanding symptoms[12]. This
alignswith the“research domain criteria’ perspective proposed
in recent years[18]. In addition to classification tasks, machine
learning algorithms may also have the capability to predict
episodesor even suicidal risk, enabling cliniciansto make more
accurate and timely clinical decisions. Consequently, digital
phenotyping, supported by machine learning, has carved out an
important role in psychiatry [19], helping clinicians access
individualized behavioral, emotional, and other data from
patientswith mental disorders. Thisapproach not only enhances
psychiatrists understanding of symptoms and the disorders
themselves [20,21], but may also compensate for the current
lack of reliable biomarkers.

Objectives

In this study, we conducted a systematic review of original
articles from both journals and conference proceedings,
exploring the use of portable or wearable digital tools for
distinguishing UD and BD, aswell as classifying UD, BD, and
healthy control (HC) individuals. We examined the studies by
considering factors such as demographic characteristicsand the
diagnostic criteriaor psychiatric assessments used. In addition,
we analyzed the technological tools and data types used, the
duration of data collection, data preprocessing methods, selected
variables or features, computational techniques applied,
validation approaches, and the results achieved.

Thisreview is essential because many previous studies in this
field have either focused on specific tools or were limited by
small sample sizes, which restrictstheir applicability to broader
populations. Furthermore, the lack of consistency in
methodologies and the absence of comprehensive validation
across different groups have hindered the generalizability of
thefindings. Thisreview aimed to addressthese limitationsand
provide valuable insights into the potentia of digital
phenotyping for more accurate and reliable differentiation
between these groups.

Methods

Information Sources and Search Strategy

This systematic review was conducted in agreement with the
PRISMA (Preferred Reporting Items for Systematic reviews
and Meta-Analyses) guidelines (Multimedia Appendix 1) [22]
and is listed in the PROSPERO register (CRD42024624202).
While the review was generally conducted according to the
registered protocol, some minor deviations occurred during the
study. These adjustments primarily involved refining and
clarifying the study objectives and title to better reflect the focus
of the review. In addition, we expanded the scope to include
studiesthat classified UD, BD, and HC, which was not initially
specified in the protocol. Finally, we excluded studies based on
nonclinically diagnosed data, such as those relying on social
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media samples, to ensure that only studies adhering to
professional diagnostic standards were included.

We conducted acomprehensive search across 6 major databases,
including Scopus, IEEE Xplore, PubMed, Embase, Web of
Science, and PsycINFO, for articles published up to March 20,
2025. The search terms used in each database are provided in
Multimedia Appendix 2. We included original studies, both
journal articles and conference papers, published in English,
with no restrictions on publication date.

Eligibility Criteria

Eligible studies involved participants diagnosed with UD, BD,
or HC and used portable or wearable digital devices such as
smartphone apps, wearable sensors, or audio or visual
recordings. The studies were required to either compare digital
phenotyping resultswith diagnostic outcomes from professional
medical evaluations, compare UD with BD, or perform a
classification task involving UD, BD, and HC. The primary
outcome of interest was classification performance metrics such
assensitivity, specificity, areaunder the curve (AUC), accuracy,
recall, and precision, but studies reporting t tests, ANOVA,
nonparametric tests, or correlation analyses were aso
considered.

Following the PICOS (population, intervention, comparison,
outcome, and study design) criteria, we excluded studies that
werereviews, meta-analyses, or written in languages other than
English. In addition, studies were excluded if they used
technologies unsuitable for daily monitoring, were based on
electronic health records or clinical data, or had diagnoses not
made through professional medical evaluations (eg, studies
based on social media data).

Selection Process

Title and Abstract Selection

The titles and abstracts of all articles that matched the search
criteria were double-screened. After reviewing them, we
excluded studies that did not address the research question.

Full-Text Selection

We included in the systematic review only papers that aimed
to differentiate between UD and BD, either directly or by
classifying UD, BD, and HC, using digital phenotyping,
according to the previously defined PICOS criteria. Theincluded
papers were read thoroughly to extract the relevant data.

All articles that met the search criteria were independently
screened by 2 reviewers (RZ and XW) during both the title and
abstract selection and the full-text selection stages. In cases of
disagreement, a third reviewer (YF) was consulted to achieve
consensus.

Data Extraction

For each study, the following information was extracted:
geographic region; population; epidemiological data of the
sample (number and percentage of females and mean age);
diagnostic criteriaor psychiatric assessments; type of technology
and data collected; duration of data collection; data
preprocessing methods; specific variables or features selected;
machine learning algorithms or statistical tests used; validation;
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and main findings. Data extraction wasindependently conducted
by 2 authors (RZ and XW). Discrepancies were resol ved through
discussion or with the involvement of athird author (YF).

Synthesis M ethod

Theincluded papers were grouped based on the type of digital
tool used (smartphone apps, wearable devices, audiovisua
recordings, or multimodal technologies) and the comparison
type (UD vs BD or UD vs BD vs HC). A narrative synthesis
approach was used to summarize and compare study
characteristics, data modalities, analytical methods, and
classification performance. Quantitative pooling was not
performed due to the heterogeneity in study designsand feature
selection.

Study Risk of Bias Assessment

The quality of the selected studieswasindependently evaluated
by 2 reviewers (RZ and XW) using the Quality Assessment of
Diagnostic Accuracy Studies2 (QUADAS-2) [23] tool.
Discrepancies were resolved through discussion or with the
involvement of a third author (YF). QUADAS-2 comprises 4
key domains: patient selection, index test, reference standard,
and flow and timing. For each domain, the risk of bias and
concernsregarding applicability were assessed and categorized
as low, high, or unclear risk.

Results

Overview

Asshown in Figure 1, athorough search was conducted across
6 magjor databases, yielding atotal of 2555 articles. Specifically,
PsycINFO identified 90 articles, PubMed provided 114 articles,
|EEE Xplore returned 231 articles, Embase found 356 articles,
Web of Science collected 782 articles, and Scopus gathered 982
articles. After removing 1013 duplicate records, the titles and
abstracts of the remaining 1542 articles were screened for
relevance to the topic, narrowing the selection to 89 articlesfor
full-text eligibility assessment. During the eligibility screening,
68 full-text studies were excluded after a detailed evaluation.
Among these, 35 studies applied digital phenotyping but did
not distinguish between UD and BD or classify UD, BD, and
HC. In total, 11 studies did not use digital phenotyping at all.
Another 11 studies used digital phenotyping to track emotional
states or make predictions. Theremaining 11 studieswere either
protocols, introductions to machine learning methods, or
reviews. These exclusions ensured that thefinal selection aligned
precisely with the study’s specific objectives. The final sample
comprised 21 articles, with the earliest study dating back to
2016, emphasizing the novelty of this research topic. Of the 21
studies, 11 (52%) studies directly distinguished between UD
and BD (Table 1 and Multimedia Appendix 3 [24-44]), while
10 (48%) studies classified UD, BD, and HC (Table 2 and
Multimedia Appendix 3). It is important to note that studies
based onthe RADMIStrials or those using the CHI-MEI mood
disorder database may have partly overlapping populations.
However, they were not excluded due to their very different
methods and results. In addition, although studies using the
CHI-MEI database did not explicitly report the diagnostic
criteriaor psychiatric assessments, data collection was carried
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Consequently, these studies were not excluded.

Figure 1. Flowchart of review process and study selection. BD: bipolar disorder; HC: healthy control; UD: unipolar depression.
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Table 1. Methodological details of included studies that directly distinguish between UD®and BDP.

Zhong et d

Study Data Data used Dataprepro-  Specific vari- Machinelearn- Validation Findings
recording cessing able or feature  ing models or
selection statistic test
Smartphone apps
Faurholt- 6 mo Active data Minimumof  Stops, moves, BBCS 10-fold Discrimination between patients
Jepsen et a (self-assesss 50 location places, routine stratified with UD and patients with BD
[24], 2022 ments) and samples per index, radius of cross-vali- (based on passive data): UD vs
passivedata  day; exclusion gyration, and dation BD, overall: AUCY=0.75; UD vs
(locationinfor-  of pointswith  location entropy BD, euthymic state: AUC=0.79;
mation) witha  unredlistic ac- UD vs BD, depressive state:
smartphone celeration AUC=0.79
app (Monsen-
S0 system)
Faurholt - 1-972d  Naturdistic ~ Removal of  Acousticfear  Rgpe 5-fold Discrimination between patients
Jepsen et a phone calls, voice data tures such as cross-vali-  with UD and patients with BD:
[25], 2022 voice collect-  without acor- pitch, loudness, dation UD vsBD: ACCf:0.73;
edfroma r_apondi ngpa and energy AUC=0.58; sensitivity=0.27;
smartphone tient-reported specificity=0.84; UD vs BD, eu-
app (Monsen-  smartphone- thymia: ACC=0.76; AUC=0.43;
S0 system) based data en- sensitivity=0.18; specifici-
try of either ty=0.79; UD vs BD, depression:
mood, activi- ACC=0.66; AUC=0.48; sensitiv-
ty, or sleep ity=0.16; specificity=0.81
Langholmet 12wk Activedata  Exclusonof  Hometime, en- gypm9 | RN Repested  Binary classification results of
a [26], 2023 (self-reported  binswith data tropy, sleep du- and DT' (n=3); UD vsBD: al features:
survey) and quality <0.8  ration, screen stratified ~ ACC=57.1%; AUC=0.61; active
passivedata  and imputa- duration, and K-fold features: ACC=64.3%;
(user activity, tionof misss  survey scores (k=5) AUC=0.62; passive features:
geolocation,  ing values us- cross-vali- ACC=50%; AUC=0.52
motion, exer-  ing mean fea- dation
cise,andde-  turevalues
vice rotation)
with asmart-
phone app
(mindLAMP)
Faurholt- 6 mo Activedata  Missing at Patient-reported  Mixed-effects /Al Patients with UD spent a higher
Jepsen et a (self-assesss  random for daily evalua- regression mod- proportion of time with the pres-
[27], 2023 ments; Mon-  missing data  tionsabout irri-  els enceof irritability compared with
Senso system) tability, mood, patients with BD (depressive
activity, sleep, state)
stress, and anxi-
ety
Faurholt- 6 mo Active data Removal of Number ordura RF Leave-one- Discrimination between patients
Jepsen et a (self-assesss  entireday’s  tion of phone patient-out with UD and patients with BD
[28], 2024 ments) and datawithout a calls, text mes- cross-vali- (based on passive data): UD vs
passivedata  singlereading sages, and dation BD, overal: AUC=0.48; sensitiv-
(phonecalls, foradayand screenuse ity=0.54; specificity=0.44; UD
text messages, imputation vs BD, euthymia: AUC=0.46;
and screen) techniquesfor sensitivity=0.69; specifici-
withasmart- missing data ty=0.21; UD vs BD, depressive
phone app state: AUC=0.42; sensitivi-
(Monsenso ty=0.30; specificity=0.60
system)
Faurholt- 6 mo Active data Missing at Petient-reported Linear mixed-  N/A Patients with BD presented with
Jepsen et a (self-assesss  random for daily mood and  effectsregres- alower level of activity as com-
[29], 2025 ments; Mon-  missing data  activity scales  sion models pared with patients with UD
Senso system) (overall, euthymic state and de-

Wear able devices

pressive state); there were no
differencesin mood and activity
instability between the 2 groups
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Study Data Data used Dataprepro-  Specific vari- Machinelearn- Validation Findings
recording cessing ableor feature  ing models or
selection statistic test
Tanakaet a 3wk Daytimeactiv- Exclusionof 5 principa pcak N/A Severd tempora patternsof intra-
[30], 2018 ity datawith  participants components day activities were associated
weardbleactiv- withmissing  suchasthetotal with the differences between UD
ity trackers values (days  amount of activ- and BD: BD showed ahigh activ-
(Actiwatch) withzeroactiv- ity andtheactiv- ity pattern in the morning and a
ity acrossal ity ratio low activity pattern in the
epochs) evening; UD showed alow activ-
ity pattern in the morning and a
high activity patternin the
evening
Audiovisual recordings
Yang et a 1d Facial expres- Applicationof Emotionpro-  yvm! and 13-fold Classification of patients with
[31], 2016 sionsand adomain files, action CHMM™ cross-vali-  UD vspatientswith BD: optimal
speech re- adaptation units, 384-di- dation ACC=65.38%
sponsesfrom  method called mensional
interviews hierarchical acoustic fea-
withaclini-  spectra cluss  turesand 98-di-
cian after par- tering—based mensiona fa-
ticipants denoising au- cial featurevec-
watched 6 toencoder tor
videos
Horigomeet __n Body motion  Nonlinear fit- 7 types of fea- XZ test; 1-way N/A No significant difference in any
a [32], 2020 with ared- ting with tures, such as ANOVA: and head motion features between the
green-blue-  smoothing position, speed,  Tykey honestly UD and BD groups
depth sensor  spling; split-  acceleration, significant dif-
tingdatainto andjerk, a4  ferencetest
smaller seg- body joints
ments for
missing data
>5 seconds
Yamamotoet 10 min Nonstructured Exclusionof  Speech rate, ANCOVA?° N/A Patients with UD showed longer
a [33], 2020 interviews overlapping pause time, and response time than patients with
(nonspecific  voiceframes  responsetime BD, but therewere no significant
topics) witha and outlier da- differencesin speech rate and
research psy- tausing IQR pause time
chiatrist or
psychologist
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Study Data Data used Dataprepro-  Specific vari- Machinelearn- Validation Findings
recording cessing ableor feature  ing models or
selection statistic test
Panetal [34], — Vocal features Exact gender Mel-frequency LR 5-fold Classification of patients with
2023 collectedfrom matchingus-  cepstral coeffi- cross-vali- UD vs patients with BD:
4 vocal tasks:  ing random cients dation ACC=0.50; AUC=0.50

video watch-  sampling;
ing, text read- case-control
ing, question  matching

answering, within classifi-
andpicturede- cation tasks
scription

8UD: unipolar depression.

bBD: bi polar disorder.

®BBC: balanced bagging classifier.
dAUC: areaunder the curve.

®RF: random forest.

facc: accuracy.

9SVM: support vector machine.
PLR: logistic regression.

'DT: decision tree.

IN/A: not applicable.

KpCA: principal component analysis.
'HMM: hidden Markov model.
MCHMM: coupled hidden Markov model.
"Not available.

OANCOVA: analyses of covariance.
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Table 2. Methodological details of included studies that classify UD? BDP, and HCE.

Zhong et d

Study Datarecord- Dataused Datapreprocessing Specific variable Machinelearn- Validation Findings
ing or feature selec-  ing models or
tion statistic test
Wear able devices
Anmellaet 2d Physiological da= Rules-based filter X, Y, or Z-axis BiLsTMY _e 7-class classification
al [39], tawith wearable  for invalid physio-  acceleration, task: ACC'=0.7: AU-
2023 devices (Empati- logical dataand blood volume ROCY-0.69:
caE4) timeunitsettol  pulse, electroder- o
second mal activity, F1-score=0.6927
heart rate, and
skin temperature
Zekariah  5-20d General levelsof  Imputationtech- ~ Motor activity UMAP" and Leave-one-  4-class classification
and activity with a niques(meanimpu- measurement NN outvalida-  task: ACC=0.991;
Alotaibi wearable Acti- tation, median im-  from the Acti- tion F-score=0.9887
[36], 2023 watch putation, or regres- watch
sion-based imputa-
tion) for missing
values; trans-
formed categorical
variablesinto nu-
merical representa
tions
Audiovisual recordings
Yangetd 1d Speech responses  Silence removal Emotionprofiles, gymi mLp¢,  13-fold 3-class classification
[37], 2016 from 5 questions  and speechsegmen- 39 dimensions of LsT™' and crossvalida- task: optimal
after participants  tation basedonen- Mel-frequency BiL STM tion ACC=76.92%
watched 6 videos ergy and spectral  cepstral coeffi-
centroid asfeatures  cients and acous-
for threshold defini-  tic features of
tion 384 dimensions
Sueta 1d Facial expres- Select atimeinter- 8basicorientas MM ™ and 12-fold 3-class classification
[38], 2017 sionselicited by  val and segment tionsof motion | g\ cross-valida- task: optimal
6 emotional each facial image  vector in micro- tion ACC=67.7%
video clips into 12 mutually ~ scopic facial ex-
independent facial pression
regions
Hongeta 1d Facial expres- Selecttimeinterval 12 action units MLP, SVM, 12-fold 3-class classification
[39], 2018 sionséelicitedby  and facia points GMM", and crossvaida- task: optimal
6 emotional wereaignedto a LSTM tion ACC=61.1%
video clips new coordinate
Huangeta 1d Speechresponses  Useof hierarchical  Emotion profiles g\ , CNN®, Leave-one  3-classclassification
[40], 2019 frominterviews  spectral clustering and32-dimenson- 544 | STM cross-valida- task: optimal
withaclinician  algorithm for a acoustic fea tion ACC=75.56%
after participants  database adapta-  tures
watched 6 videos tion
Suetd 1d Facial expres- Hierarchical spec- Emotion profiles, SVM, HMM, 13-fold 3-class classification
[41], 2020 sionsand speech tral clusteringand  action units, 384 MLP. GRUP, cross-vaida task: optimal
responses from  denoising autoen-  acoustic features CNN. RNNC tion ACC=76.9%
intervievswitha coder method for  and 49 facial ex- ' ’
clinician after database adapta- pression feature andLSTM
participants tion points
watched 6 videos
Hongeta 1d Facial expres- Sdlectionof four 4- Actionunitsfor MLP, NN, and 12-fold 3-class classification
[42], 2021 sionselicited by  second intervals macroscopic faa  LSTM cross-valida- task: optimal
6 emotional per elicitation cial expressions tion ACC=72.2%
video clips video based onthe and motion vec-

facial expression
intensity of al par-
ticipants

tors for micro-
scopic facial ex-
pressions
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Study Datarecord- Dataused Datapreprocessing Specific variable Machinelearn-  Validation Findings
ing or feature selec-  ing models or
tion statistic test
Luoeta 1d Voicesignals Power normaliza- 120 vocal fea- DT', NBS, — 3-class classification
[43], 2024 collected from 7  tion and speech turesfor classifi- SYM. KNNL task: optimal
pieces of reading segmentationinto  cation, such as ' ’ ACC=95.6%
material 7 partscorrespond-  themeanvalueof ELY, and CNN
ingtothe7reading root-mean-square
materials energy
Multimodal technology
Wueta 1d Text, audio, faa — Word embed- RFY, LSTM, 5-fold cross-  5-class classification
[44], 2024 cia attributes, ding; 5 spectra gnq DT validation task: optimal
heart rate, and features, facial at- ACC=90.26%
eye movement tribute embed-
with mobile de- ding, 23 heart
viceswhilepartic- rate variability
ipants have a indices, and 7 eye
conversationwith movement fea-
avirtual assistant tures (fixation
and saccade)

3UD: unipolar depression.

bBD: bi polar disorder.

CHC: hedlthy control.

dBiLSTM: bidirectional long short-term memory.
®Not available.

facc: accuracy.

9AUROC: area under the receiver operating characteristic.
PUMAP: uniform manifold approximation and projection.
INN: neural network.

Isvm: support vector machine.

KMLP: multilayer perceptron.

ILsTM™: long short-term memory.

MHMM: hidden Markov model.

"GMM: Gaussian mixture model.

OCNN: convolutional neural network.

PGRU: gated recurrent unit.

9RNN: recurrent neural network.

'DT: decision tree.

SNB: naive Bayes.

'K NN: k-nearest neighbor.

UEL : ensemble learning.

YRF: random forest.

Synthesized Findings

Overview

In this subsection, we present the key findings relevant to this
systematic review for each study. The studies are categorized
according to the type of digital devices used, with some aso
detailing the clinical staging of UD or BD. Audio and visua
recordings were the most commonly used tools in this area,
used in 11 (52%) out of 21 studies. In addition, 3 (14%) out of
21 studies used wearable devices, while 6 (29%) used
smartphone apps to collect digital phenotyping data for
distinguishing between UD and BD. Only 1 (5%) out of 21
studies used a multimodal approach, collecting diverse
information including text, audio, facial expressions, heart rate,
and eye movement during participant interactionswith avirtual
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assistant. This study was classified as“ multimodal technology.”
Among the 11 (52%) out of 21 studiesthat directly distinguished
between UD and BD, 8 (73%) described the mood states of
patients (depressive, manic, mixed, or euthymic state). Of these
8 studies, 5 (63%) studies classified depressive and euthymic
states based on participants' self-reported scores[24,25,27-29],
while the other 3 (38%) studies assessed mood states through
general clinical interviews[30], Hamilton Depression Scaleand
Young Mania Rating Scale [32], or confirmation of clinical
staging by clinicians [34].

Smartphone Apps

Of the 21 studies, 6 (29%) based on smartphone apps directly
distinguish between UD and BD. Among these, 5 (83%) studies
[24,25,27-29] predominantly used the Monsenso system—a
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smartphone-based monitoring platform installed on patients
personal devices (compatible with both iPhone and Android).
The system gathered datathrough daily patient-reported entries,
including subjective information such as mood, sleep, and
activity levels. In addition, it automatically collected objective
data from smartphone sensors, such as phone use patterns,
mobility metrics, and voice features. These 5 studies were part
of the RADMIS trials [45], a pragmatic, investigator-blinded,
randomized controlled trial. In the intervention group, patients
received the Monsenso system enabled patientsto self-monitor
their symptoms, access psychoeducational resources, and engage
with cognitive modules. In contrast, the control group received
standard treatment alone. The trial spanned 6 months, with
outcome assessments conducted at baseline (0 months) and at
3 and 6 months. Another study [26] used the mindLAMP app,
which collected real-time data, including geolocation,
accel erometer readings, and screen-state (on or off) information.
Participants received notifications 3 times per week, prompting
them to complete in-app surveys measuring self-reported
depression (Patient Heath questionnaire-2) and anxiety
(Generalized Anxiety Disorder 2-item). In contrast, the
Monsenso system used a different scale for patient-reported,
smartphone-based mood evaluation. For patients experiencing
depressive states, mood scores ranged from -3 to -1, with a
neutral mood (euthymia) defined as a self-reported score
between -0.5 and +0.5. A total of 2 (33%) out of 6 studies,
which used only participants daily active data from
self-assessment questionnaires via smartphone apps, revealed
that patients with UD spent a higher proportion of time with
irritability compared to patientswith BD (depressive state) [27].
In contrast, patients with BD exhibited alower level of activity
compared to those with UD (overall, euthymic state and
depressive state) [29]. The remaining 4 (67%) out of 6 studies
used various machine learning models. Of these 4 studies, 1
(25%) study [24] demonstrated that using a balanced bagging
classifier with combined smartphone location data effectively
distinguished BD from UD during both depressive and euthymic
states, achieving ahigh AUC of 0.79. Another study [25] found
that voice features could differentiate BD from UD with low
sensitivity but relatively high specificity. A third study [26]
used logistic regression to classify UD and BD, reporting a best
test accuracy of 64.3% and atest AUC of 0.62. Thefinal study
[28] applied a random forest model using combined
sensor-based  smartphone data, where leave-one-out
cross-validation yielded a sensitivity of 0.54, specificity of 0.44,
and an AUC of 0.48.

Wearable Devices

Wearable devices or sensors are toolsthat monitor physiological
and behavioral data, such as heart rate, movement, and
temperature, enabling continuous, noninvasive tracking of health
and activity patterns. Such tools were used in 3 (14%) out of
21 studies, with 2 (67%) studies classifying UD, BD, and HC,
and 1 (33%) study directly distinguishing between UD and BD.
In total, 2 (67%) studies used the Actiwatch, a lightweight
wrist-worn accelerometer, to differentiate between UD and BD
[30] or classify UD, BD, and HC [36]. The device recorded
participants’ activity in 2-minute epochs over several weeks,
capturing data on sleep or activity patterns. Another study [35]
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used the research-grade wearabl e device Empatica E4 to collect
physiological data across multiple channels, including
acceleration, skin temperature, blood volume pulse, heart rate,
and electrodermal activity. Of the 3 studies, 1 (33%) study [30]
used principal component analysisto identify distinct temporal
patterns of intraday activities differentiating BD from UD,
including significant (p<0.05) differences in activity patterns
(eg, morning hyperactivity in BD vs morning hypoactivity in
UD). Another small-sample study [36] achieved an accuracy
of 0.991 and an F;-score of 0.9887 in a 4-class classification
task (UD, BD type 1, BD type 2, and HC) using machine
learning. Thefinal study [35] used physiological datacollected
by the wearable device Empatica E4 to classify 7 groups,
including different episodes of UD and BD, remission phases
of both disorders, and HC, achieving an accuracy of 0.7 and an
F,-score of 0.6927.

Audiovisual Recordings

Of 21 studies, 11 (52%) studies used audiovisua recordings,
with 4 (36%) studies [31-34] directly distinguishing between
UD and BD, while the remaining studies [37-43] focused on
theUD, BD, and HC classification task. Among these, 5 (45%)
studies[33,34,37,40,43] examined speech alone, 3 (27%) studies
[38,39,42] investigated only facial expressions, 2 (18%) studies
[31,41] combined speech with facial expressions, and 1 (9%)
study [32] focused exclusively on body motion. Of 11 studies,
7 (64%) studies [31,37-42] were based on the CHI-MEI mood
disorder database, but they differed in the types of data used or
the machine learning classification methods applied. Unlike
studies using smartphone apps or wearable devices or sensors,
research involving audiovisua recordings typically collected
participants’ speech, facial expressions, and even body motion
within a single day using a fixed paradigm. Of 7 studies that
included the speech modality, 4 (57%) [31,37,40,41] extracted
emotion profiles, which represent thelocal intensity of emotions
for each speech response corresponding to a specific question.
These emotion profiles were used for single-modality analysis
or integrated with facial expressions for fusion anaysis in
machine learning classification tasks. Among 5 studies that
included the facial expression modality, 4 (80%) studies
[31,39,41,42] analyzed facial action units. A total of 2 (40%)
studies examined motion vectors [38,42], which were used to
capture subtle changes in facial expressions at a microscopic
level. Among the 4 (36%) studies that directly distinguished
between UD and BD, asingle study [32] explored the correlation
between body motion and mood disorders, finding no significant
differences in any head motion features between the UD and
BD groups. The remaining 3 (75%) studies used machine
learning methods or analyses of covariance to differentiate
between the 2 groups. In the binary classification task, 1 (33%)
study [34] reported both AUC and accuracy of 0.50, after
extracting i-vectors from Mel-frequency cepstral coefficients.
Another study, which combined facial expressions and speech
for fusion analysis, achieved an optimal accuracy of 65.38%
using the coupled hidden Markov model [31]. Furthermore, 1
(33%) study found that patients with UD exhibited longer
response times compared to those with BD, although no
significant differences were observed in speech rate or pause
time [33]. For the remaining 7 (64%) studies, all used machine

JMed Internet Res 2025 | vol. 27 | €72229 | p. 10
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH

learning methods (eg, long short-term memory, random forest,
and support vector machines) to classify UD, BD, and HC. The
model accuracies ranged from 61.1% to 95.6%.

Multimodal Technology

Of 21 studies, only 1 (5%) study was categorized as* multimodal
technology.” Although this study also collected digital
phenotyping data via smartphones, its approach differed from
the previously mentioned “ Smartphone Apps’ section (asit did
not involve long-term data collection over weeks or even
months). Therefore, it was categorized separately. This study
developed a virtual assistant for automatic depression-level
stratification on mobile devices [44]. The assistant actively
engages users through voice-based dial ogues and dynamically
adjusts conversation content based on emotion perception.
During the interaction, multimodal features, including text,
audio, facia expressions, heart rate, and eye movement, are
extracted to facilitate precise depression-level stratification. The
study used a feature-level fusion framework to integrate 5
modalitieswith a deep neural network for classifying 5 groups,
including UD (with mild, moderate, and severe levels), BD,
and HC. Using outcome data from 168 participants, the
experimental results demonstrated that the feature-level fusion
of al 5 modalities achieved the highest overall accuracy of
90.26%.

Quality Assessment

The results of the methodological quality assessment using the
QUADAS-2 tool were presented in Multimedia Appendix 4.
The risk of bias in the included studies is considerable and
cannot be overlooked. A detailed table summarizing the
QUADAS-2 scores for each study is provided in Multimedia
Appendix 5 [24-44].

Discussion

Principal Findings

We conducted a systematic review of original articlesfrom both
journals and conference proceedings, investigating the use of
portable or wearable digital tools for distinguishing between
UD and BD, aswell asfor classifying UD, BD, and HC. A total
of 21 articles were included, categorized into 4 main groups
based on the type of digital tool assessed: (1) smartphone apps
for collecting active data such as mood self-assessments or
passive data, location, naturalistic phone calls, device rotation,
and more; (2) wearable sensors, including the Actiwatch and
theresearch-grade wearable device EmpaticaE4; (3) audiovisual
recordings for analyzing speech characteristics, facid
expressions, and upper body movements; and (4) multimodal
technology, which combinetext, audio, facial expressions, heart
rate, and eye movement data. Overall, digital phenotyping data
offer substantial opportunities for advancing the differential
diagnosis of mood disorders. Despite certain methodological
limitations, our findings highlight the potentia of these digital
technologies to provide more precise and objective support in
diagnosing mood disorders. Certain features, such as activity
levels captured through smartphone apps or wearable devices,
emerged as potential markersfor directly distinguishing between
UD and BD. Individuals with BD typically exhibited lower
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activity levels compared to those with UD. Moreover, patients
with BD tended to show higher activity levels in the morning
and lower activity in the evening, whereas patients with UD
displayed the opposite pattern. In addition, approaches
leveraging speech modalities or integrating multiple modalities
achieved better classification performance across the UD, BD,
and HC groups, athough the specific contributing features
remain unclear. This uncertainty could be attributed to the
complex and diverse nature of voice features, including strictly
acoustic features (eg, speech rate, pause duration, and response
time) [33], prosodic features (eg, pitch, energy, and formants)
[43,46], and spectral features (eg, gamma-tone frequency
Cepstral coefficients and Mel-frequency cepstral coefficients)
[34,47].

Diagnostic confusion between BD and UD often occurs when
patients are in a remitted or depressive state, as patients and
their families may fail to recall previous manic or hypomanic
episodes, making it challenging for clinicians to make an
accurate diagnosis [24]. Of the 21 included studies, 6 (29%)
included studies that used smartphone apps to directly
distinguish between UD and BD. Of these, 5 (83%) studies
using the Monsenso system considered the clinical staging of
both groups and used different types of digital phenotyping data
to differentiate between UD and BD. Among them, 3 (60%)
studies used machine learning algorithms, with the best AUC
of 0.79 achieved in both euthymic and depressive states (based
on location data) [24]. However, results from 2 (40%) other
studies [25,28] showed lower AUC values (0.42-0.58), which
may indicate that variations in smartphone-based digital
phenotyping are highly individualized [28]. In total, 4 (67%)
[25-27,29] out of 6 studies used participants active data to
distinguish between UD and BD, including daily
self-assessments of irritability, mood, activity, sleep, stress,
anxiety, and naturalistic phone callsvoice. Half of these studies
(2/4, 50%) used mixed-effects models, revealing differencesin
thelevel of activity [29] and presence of irritability [27] between
UD and BD in adepressive state.

Interestingly, among the 3 (14%) out of 21 studies that used
wearable devices to collect digital phenotyping data, 1 (33%)
study also revealed differencesin activity patterns between UD
and BD. In contrast to the study mentioned earlier that used
daily self-report activity scales, this study collected participants
activity levels using activity trackers. This study provided a
more detailed insight into the activity patterns of UD and BD:
BD showed a high activity pattern in the morning and a low
activity pattern in the evening, while UD exhibited the opposite
[30]. Another study based on wearable watches al so considered
activity levels asadigital phenotype, but included HC as well.
Using machine learning for a 4-class classification of UD, BD
type 1, BD type 2, and HC, the study achieved an accuracy of
0.991 [36]. These 3 studies all demonstrate the potential of
activity levelsin the differential diagnosis of mood disorders.

Among the studies using audiovisua recordings and multimodal
technologies to classify UD, BD, and HC, nearly all involved
one-time data collection from participants in a standardized
environment. Overall, approaches based on speech modalities
or the integration of multiple modalities demonstrated better
classification performance across these 3 groups, with accuracy
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ranging from 75.56% to 95.6% [37,40,41,43,44]. However, the
specific features contributing to the classification performance
remained unclear.

Accordingly, it can be concluded that smartphone apps and
wearable devices, when combined with machine learning or
other advanced analytical methods, demonstrate moderate
diagnostic potential for differentiating UD and BD. However,
their effectiveness is often limited by substantial individual
variability in digital phenotyping data. Similarly, studies using
audiovisual recordings and multimodal technology with machine
learning have shown mixed outcomes, while they exhibit
promising results in multiclass classification tasks, they have
had limited successin directly distinguishing between UD and
BD. These findings suggest that, although digital phenotyping
holds potential for supporting the differential diagnosisof mood
disorders, it should complement, rather than replace,
comprehensive clinical evaluations conducted by trained
professionals.

In particular, digital phenotyping data collected viasmartphones
or wearable devices or sensors may be more suitable for
long-term dynamic monitoring and even intervention in the real
world. This advantage liesin its ability to continuously gather
active or passive data, offering a more comprehensive
understanding of an individual’s mental and physical state. By
capturing datain real time, these approaches help mitigate recall
biases commonly associated with other symptom-reporting
methods[48]. Moreover, they addresstheissue of “back-filling,”
a frequent problem with paper-based diaries [49], thereby
improving the reliability and accuracy of symptom tracking.
However, factors such as patients proficiency in using
electronic devices, the need for continuous and uninterrupted
use, and potential limitations in monitoring continuity due to
lack of feedback must be considered [50], asthese could impact
itsmedical value. In contrast, multimodal data collected through
fixed paradigms in controlled settings offer advantages, such
as capturing explicit behaviors (eg, speech, facial expressions,
gestures) and implicit physiological signals (eg, eye movements,
heart rate). Standardized protocols ensure reliable and
reproducible data, making this structured approach particularly
effective for mood disorder detection and classification. For
instance, in the studies by Valstar et al [51] and Ringeval et al
[52], audiovisua signals have been proven to play a substantial
rolein the detection and classification of UD and BD.

Our systematic review primarily focused on criterion validity
and content validity. Criterion validity, defined as the extent to
which the results of aspecific test align with those of areference
standard [53], was demonstrated in the included studies by
comparing classifications or distinctions based on digital
phenotyping with diagnostic outcomes from professional
medical evaluations. Content validity, on the other hand, refers
to the degree to which an assessment tool is relevant to and
representative of the targeted construct it aimsto measure[54].
The included studies primarily focused on capturing one or a
few dimensions of emotions (eg, daily mood, social interactions,
or activity levels), falling short of comprehensively reflecting
all corefeatures of mood disorders. Furthermore, the complexity
and vastness of digital phenotyping dataled most studiesto use
machine learning algorithms for classification tasks, which
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posed substantial challenges for the evaluation of discriminant
validity and structural validity.

Future Directions

The article that first introduced the concept of digital
phenotyping stated that data collected through social media,
forums, online communities, wearabl e technol ogies, and mobile
devices offers substantial value that goes beyond traditional
methods such aslaboratory testsand clinical imaging [11]. This
is particularly substantial given the unclear pathogenesis, the
unknown etiologies, and the lack of objective biomarkers of
mood disorders. As aresult, digital phenotyping stands out as
a promising tool in supporting mood disorder diagnosis. We
should also recognize that as medical technology advances, the
types of digital phenotyping data are likely to expand. Beyond
the digital devicesdiscussed in our review, smart speakers may
also play arole in future applications [55]. Besides, traditional
laboratory tests and imaging methods are becoming more
portable, including smartwatch-based 9-lead el ectrocardiograms
[56], wearable electroencephal ography [57], and even devices
for long-term monitoring of metabolic indicators, such as
continuous glucose monitors[58]. Thisevolution suggeststhat,
inthefuture, more complex and extensive multimodal datamay
be used for the auxiliary diagnosis of mood disorders. However,
the growing diversity of data types increases the demand for
more sophisticated dataanalysis and processing techniques. To
meet these challenges, integrating multimodal datafrom various
sources could provide a more comprehensive understanding of
mood disorders and expand the potential applications of digital
phenotyping in mental health.

Despite the promise of digital phenotyping, we observed that
thisfieldistill relatively new, with alimited number of studies
conducted thus far. Most of the research in this area involves
small sample sizesand lacks consistency in eval uation standards
and procedures. This makes it difficult to draw generalizable
conclusions and underscores the need for further research to
refine methodol ogies, improve data quality, and establish robust
analytical frameworks. Therefore, it is crucia to develop
standardized methodologies, guidelines, and protocols in the
field of digital phenotyping to ensure consistency and reliability
in data collection, analysis, and interpretation. Establishing
these standards will enable better comparisons across studies,
improve reproducibility, and ultimately enhance the clinical
applicability of digita phenotyping for the diagnosis and
monitoring of mood disorders.

Undoubtedly, digital phenotyping playsasubstantial roleinthe
prevention, diagnosis, treatment, and management of mood
disorders and even mental disordersin genera. However, severa
key requirements must be met to transform the way mental
health care is delivered [59]. First, given the unique nature of
mental disorders, patient privacy and data security require
greater attention than for the general population. Patients must
be fully informed and consent to how their data are collected,
managed, and used, as this is crucial to maintaining trust
between patients and clinicians[16]. M oreover, the “ black box”
nature of machine learning models continuesto raiselong-term
concerns among health care professional s[60], asthese models
obscure their decision-making processes [12]. Such opacity
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limits the clinical actionability of machine learning models,
particularly for classification tasks, as clinicians often require
clear explanations to trust and act upon this prediction. This
underscorestheimportance of explainable artificial intelligence
[61], which aimsto make the reasoning behind machinelearning
conclusionstransparent, thus enhancing trust among health care
professionals and ensuring that patients maintain greater control
over their health data. However, the integration of digital tools
into mental health care also faces broader social challenges. For
example, these technol ogical advances may exacerbate existing
inequalities in access to psychiatric care, particularly
disadvantaging underprivileged popul ations who lack accessto
the necessary technology or infrastructure [62]. Furthermore,
the stigma surrounding mental illness [63], which already acts
asasubstantial barrier to seeking help, may be compounded by
the perceived invasiveness of digital health tools, discouraging
their adoption by those most in need.

Strengths and Limitations

To the best of our knowledge, thisisthefirst systematic review
to comprehensively synthesize existing evidence on
distinguishing BD from UD based on digital phenotyping. By
systematically evaluating studies using smartphone apps,
wearable devices, audiovisual recordings, and multimodal
technologies, this review highlighted the emerging potential of
digital phenotyping as a supportive tool for the differential

Zhong et d

diagnosis of mood disorders. However, our systematic review
has severa limitations. First, many of the included studies had
small sample sizes, which increases the risk of overfitting and
limitsthe generalizability of the findings. Future research should
involve larger and more diverse samples to improve model
robustness and applicability. Second, none of the studies
validated their findings using external datasets, raising concerns
about the reliability and reproducibility of the results.
Incorporating independent datasets for external validation is
essential to ensure consistent performance across different
populations. Third, there was substantial heterogeneity in study
designs, including variationsin data sources, anaytical methods,
and outcome measures. This heterogeneity complicates direct
comparisons and weakens the strength of synthesized
conclusions. To address this, future studies should adopt
standardized methodol ogies and outcome definitionsto enhance
comparability.

Conclusions

In conclusion, our review shows that digital phenotyping for
distinguishing UD and BD is progressing rapidly. However,
challenges such as privacy, data security, and equitable access
must be addressed for digital health careto effectively transform
mental health care. Only by overcoming these challenges can
digital innovationsfulfill their potential to improve menta health
careinclusivity.

Acknowledgments

The authors would like to thank all participants who took part in this study. This work was financially supported by the Funding
Project of Clinical Research Center of Shanghai Mental Health Center Key Project (CRC2021DX01).

Conflictsof Interest
None declared.

Multimedia Appendix 1

PRISMA checklist.
[DOCX File , 29 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Search strategy.
[DOCX File, 16 KB-Multimedia Appendix 2]

Multimedia Appendix 3

Demographic characteristics and diagnostic criteria of included studies.

[DOCX File , 27 KB-Multimedia Appendix 3]

Multimedia Appendix 4

Methodol ogical quality assessment of the studiesincluded in the systematic review through the Quality Assessment of Diagnostic

Accuracy Studies-2.
[DOCX File, 121 KB-Multimedia Appendix 4]

Multimedia Appendix 5

Risk of biasin studies included in the systematic review: Quality Assessment of Diagnostic Accuracy Studies-2.

[DOCX File, 23 KB-Multimedia Appendix 5]

https://www.jmir.org/2025/1/€72229

JMed Internet Res 2025 | vol. 27 | €72229 | p. 13
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v27i1e72229_app1.docx&filename=bdb223afdc31b1dcffb5c72d58c34690.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e72229_app1.docx&filename=bdb223afdc31b1dcffb5c72d58c34690.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e72229_app2.docx&filename=938366011a7869538163d30d8ecf62f5.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e72229_app2.docx&filename=938366011a7869538163d30d8ecf62f5.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e72229_app3.docx&filename=1a090bf934616f12300d106639345e98.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e72229_app3.docx&filename=1a090bf934616f12300d106639345e98.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e72229_app4.docx&filename=fa7f621a0e73634b5868b0deb05d76df.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e72229_app4.docx&filename=fa7f621a0e73634b5868b0deb05d76df.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e72229_app5.docx&filename=36c66ca5635bbe5769d2fc8379753b21.docx
https://jmir.org/api/download?alt_name=jmir_v27i1e72229_app5.docx&filename=36c66ca5635bbe5769d2fc8379753b21.docx
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Zhong et &

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

LeGH, Wong S, Au H, Badulescu S, Gill H, Vasudeva S, et al. Association between rumination, suicidal ideation and
suicide attempts in persons with depressive and other mood disorders and healthy controls: a systematic review and
meta-analysis. J Affect Disord. Jan 01, 2025;368:513-527. [doi: 10.1016/j.jad.2024.09.118] [Medline: 39303880]

Angst J, Ajdacic-Gross V, Réssler W. Classification of mood disorders. Psychiatr Pol. 2015;49(4):663-671. [FREE Full
text] [doi: 10.12740/PP/58259] [Medline: 26488343]

Le-Niculescu H, Roseberry K, Gill SS, Levey DF, Phalen PL, Mullen J, et a. Precision medicine for mood disorders:
objective assessment, risk prediction, pharmacogenomics, and repurposed drugs. Mol Psychiatry. Jul 2021;26(7):2776-2804.
[FREE Full text] [doi: 10.1038/s41380-021-01061-w] [Medline: 33828235]

Datta S, Suryadevara U, Cheong J. Mood disorders. Continuum (Minneap Minn). Dec 01, 2021;27(6):1712-1737. [doi:
10.1212/CON.0000000000001051] [Medline: 34881733]

Hirschfeld RM, LewisL, Vornik LA. Perceptions and impact of bipolar disorder: how far have we really come? Results
of the National Depressive and Manic-Depressive Association 2000 Survey of individuals with bipolar disorder. JClin
Psychiatry. Feb 2003;64(2):161-174. [Medline: 12633125]

Judd LL, Akiskal HS, Schettler PJ, Endicott J, Maser J, Solomon DA, et al. The long-term natural history of the weekly
symptomatic status of bipolar | disorder. Arch Gen Psychiatry. Jun 01, 2002;59(6):530-537. [doi: 10.1001/archpsyc.59.6.530]
[Medline: 12044195]

Badessarini RJ, FaeddaGL , Offidani E, Vazquez GH, Marangoni C, SerraG, et a. Antidepressant-associ ated mood-switching
and transition from unipolar major depression to bipolar disorder: areview. JAffect Disord. May 15, 2013;148(1):129-135.
[doi: 10.1016/j.jad.2012.10.033] [Medline: 23219059]

Drancourt N, Etain B, Lajnef M, Henry C, Raust A, Cochet B, et a. Duration of untreated bipolar disorder: missed
opportunities on the long road to optimal treatment. Acta Psychiatr Scand. Feb 2013;127(2):136-144. [doi:
10.1111/j.1600-0447.2012.01917.x] [Medline: 22901015]

Post RM, Leverich GS, Kupka RW, Keck PE, McElroy SL, Altshuler LL, et al. Early-onset bipolar disorder and treatment
delay arerisk factors for poor outcome in adulthood. J Clin Psychiatry. Jul 2010;71(7):864-872. [doi:
10.4088/JCP.08m04994yel] [Medline: 20667291]

Stensland M D, Schultz JF, Frytak JR. Diagnosis of unipolar depression following initial identification of bipolar disorder:
acommon and costly misdiagnosis. J Clin Psychiatry. May 2008;69(5):749-758. [doi: 10.4088/jcp.v69n0508] [Medline:
18363423]

Jain SH, Powers BW, Hawkins JB, Brownstein JS. The digital phenotype. Nat Biotechnol. May 2015;33(5):462-463. [doi:
10.1038/nbt.3223] [Medline: 25965751]

Oudin A, Maatoug R, Bourla A, Ferreri F, Bonnot O, Millet B, et al. Digital phenotyping: data-driven psychiatry to redefine
mental health. JMed Internet Res. Oct 04, 2023;25:e44502. [FREE Full text] [doi: 10.2196/44502] [Medline: 37792430]
Bufano P, Laurino M, Said S, Tognetti A, Menicucci D. Digital phenotyping for monitoring mental disorders: systematic
review. JMed Internet Res. Dec 13, 2023;25:e46778. [FREE Full text] [doi: 10.2196/46778] [Medline: 38090800]
Choudhary S, ThomasN, Ellenberger J, Srinivasan G, Cohen R. A machine learning approach for detecting digital behavioral
patterns of depression using nonintrusive smartphone data (Complementary Path to Patient Health Questionnaire-9
Assessment): prospective observationa study. IMIR Form Res. May 16, 2022;6(5):e37736. [FREE Full text] [doi:
10.2196/37736] [Medline: 35420993]

Galatzer-Levy IR, Onnela JP. Machine learning and the digital measurement of psychological health. Annu Rev Clin
Psychol. May 09, 2023;19:133-154. [FREE Full text] [doi: 10.1146/annurev-clinpsy-080921-073212] [Medline: 37159287]
Smith KA, Blease C, Faurholt-Jepsen M, Firth J, Van Daele T, Moreno C, et a. Digital mental health: challenges and next
steps. BMJ Ment Health. Feb 2023;26(1):e300670. [FREE Full text] [doi: 10.1136/bmjment-2023-300670] [Medline:
37197797)

Orsolini L, Fiorani M, Volpe U. Digita phenotyping in bipolar disorder: which integration with clinical endophenotypes
and biomarkers? Int J Mol Sci. Oct 16, 2020;21(20):7684. [EREE Full text] [doi: 10.3390/ijms21207684] [Medline:
33081393]

Torous J, Onnela JP, Keshavan M. New dimensions and new tools to realize the potential of RDoC: digital phenotyping
via smartphones and connected devices. Transl Psychiatry. Mar 07, 2017;7(3):€1053. [FREE Full text] [doi:
10.1038/tp.2017.25] [Medline: 28267146]

Prakash J, Chaudhury S, Chatterjee K. Digital phenotyping in psychiatry: when mental health goes binary. Ind Psychiatry
J. 2021;30(2):191-192. [FREE Full text] [doi: 10.4103/ipj.ipj_223 21] [Medline: 35017799]

Insel TR. Digital phenotyping: a global tool for psychiatry. World Psychiatry. Oct 2018;17(3):276-277. [FREE Full text]
[doi: 10.1002/wps.20550] [Medline: 30192103]

Insel TR. Digital phenotyping: technology for a new science of behavior. JAMA. Oct 03, 2017;318(13):1215-1216. [doi:
10.100V/jama.2017.11295] [Medline: 28973224]

https://www.jmir.org/2025/1/e72229 JMed Internet Res 2025 | vol. 27 | €72229 | p. 14

(page number not for citation purposes)


http://dx.doi.org/10.1016/j.jad.2024.09.118
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39303880&dopt=Abstract
https://doi.org/10.5167/uzh-116597
https://doi.org/10.5167/uzh-116597
http://dx.doi.org/10.12740/PP/58259
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26488343&dopt=Abstract
https://europepmc.org/abstract/MED/33828235
http://dx.doi.org/10.1038/s41380-021-01061-w
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33828235&dopt=Abstract
http://dx.doi.org/10.1212/CON.0000000000001051
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34881733&dopt=Abstract
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12633125&dopt=Abstract
http://dx.doi.org/10.1001/archpsyc.59.6.530
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12044195&dopt=Abstract
http://dx.doi.org/10.1016/j.jad.2012.10.033
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23219059&dopt=Abstract
http://dx.doi.org/10.1111/j.1600-0447.2012.01917.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22901015&dopt=Abstract
http://dx.doi.org/10.4088/JCP.08m04994yel
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20667291&dopt=Abstract
http://dx.doi.org/10.4088/jcp.v69n0508
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18363423&dopt=Abstract
http://dx.doi.org/10.1038/nbt.3223
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25965751&dopt=Abstract
https://www.jmir.org/2023//e44502/
http://dx.doi.org/10.2196/44502
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37792430&dopt=Abstract
https://www.jmir.org/2023//e46778/
http://dx.doi.org/10.2196/46778
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38090800&dopt=Abstract
https://formative.jmir.org/2022/5/e37736/
http://dx.doi.org/10.2196/37736
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35420993&dopt=Abstract
https://www.annualreviews.org/content/journals/10.1146/annurev-clinpsy-080921-073212?crawler=true&mimetype=application/pdf
http://dx.doi.org/10.1146/annurev-clinpsy-080921-073212
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37159287&dopt=Abstract
http://mentalhealth.bmj.com/lookup/pmidlookup?view=long&pmid=37197797
http://dx.doi.org/10.1136/bmjment-2023-300670
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37197797&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijms21207684
http://dx.doi.org/10.3390/ijms21207684
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33081393&dopt=Abstract
https://doi.org/10.1038/tp.2017.25
http://dx.doi.org/10.1038/tp.2017.25
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28267146&dopt=Abstract
https://europepmc.org/abstract/MED/35017799
http://dx.doi.org/10.4103/ipj.ipj_223_21
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35017799&dopt=Abstract
https://europepmc.org/abstract/MED/30192103
http://dx.doi.org/10.1002/wps.20550
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30192103&dopt=Abstract
http://dx.doi.org/10.1001/jama.2017.11295
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28973224&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Zhong et &

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

Moher D, Liberati A, Tetzlaff J, Altman DG, PRISMA Group. Preferred reporting items for systematic reviews and
meta-analyses: the PRISMA statement. PLoS Med. Jul 21, 2009;6(7):€1000097. [EREE Full text] [doi:
10.1371/journal.pmed.1000097] [Medline: 19621072]

Whiting PF, Rutjes AW, Westwood ME, Mallett S, Deeks JJ, Reitsma JB, et a. QUADAS-2 Group. QUADAS-2: arevised
tool for the quality assessment of diagnostic accuracy studies. Ann Intern Med. Oct 18, 2011;155(8):529-536. [FREE Fulll
text] [doi: 10.7326/0003-4819-155-8-201110180-00009] [Medline: 22007046]

Faurholt-Jepsen M, Busk J, Rohani DA, Frost M, Tenning ML, Bardram JE, et al. Differencesin mobility patterns according
to machine learning models in patients with bipolar disorder and patients with unipolar disorder. J Affect Disord. Jun 01,
2022;306:246-253. [doi: 10.1016/].jad.2022.03.054] [Medline: 35339568]

Faurholt-Jepsen M, Rohani DA, Busk J, Tanning ML, Vinberg M, Bardram JE, et al. Discriminating between patients with
unipolar disorder, bipolar disorder, and healthy control individuals based on voice features collected from naturalistic
smartphone calls. Acta Psychiatr Scand. Mar 27, 2022;145(3):255-267. [doi: 10.1111/acps.13391] [Medline: 34923626]
Langholm C, Breitinger S, Gray L, Goes F, Walker A, Xiong A, et a. Classifying and clustering mood disorder patients
using smartphone data from afeasibility study. NPJ Digit Med. Dec 21, 2023;6(1):238. [FREE Full text] [doi:
10.1038/s41746-023-00977-7] [Medline: 38129571]

Faurholt-Jepsen M, Busk J, Tenning ML, Bardram JE, Frost M, Vinberg M, et al. Irritability in bipolar disorder and unipolar
disorder measured daily using smartphone-based data: an exploratory post hoc study. Acta Psychiatr Scand. Jun
2023;147(6):593-602. [doi: 10.1111/acps.13558] [Medline: 37094823]

Faurholt-Jepsen M, Rohani DA, Busk J, Tenning ML, Frost M, Bardram JE, et al. Using digital phenotyping to classify
bipolar disorder and unipolar disorder - exploratory findings using machine learning models. Eur Neuropsychopharmacol.
Apr 2024;81:12-19. [doi: 10.1016/j.euroneuro.2024.01.003] [Medline: 38310716]

Faurholt-Jepsen M, Busk J, Tanning ML, Rohani D, Bardram JE, Kessing LV. Mood, activity, and instability in bipolar
disorder and unipolar disorder-an exploratory post hoc study using digital data. Acta Psychiatr Scand. Mar
2025;151(3):426-433. [doi: 10.1111/acps.13771] [Medline: 39617464]

Tanaka T, Kokubo K, lwasa K, Sawa K, Yamada N, Komori M. Intraday activity levels may better reflect the differences
between major depressive disorder and bipolar disorder than average daily activity levels. Front Psychol. 2018;9:2314.
[FREE Full text] [doi: 10.3389/fpsyq.2018.02314] [Medline: 30581399]

Yang TH, Wu CH, Huang K, Su MH. Coupled HMM-based multimodal fusion for mood disorder detection through
elicited audio—visua signals. JAmbient Intell Human Comput. Jul 19, 2016;8(6):895-906. [doi: 10.1007/s12652-016-0395-V]
Horigome T, Sumali B, Kitazawa M, Yoshimura M, Liang K, Tazawa Y, et a. Evaluating the severity of depressive
symptoms using upper body motion captured by RGB-depth sensors and machine learning in aclinical interview setting:
apreliminary study. Compr Psychiatry. Feb 20, 2020;98:152169. [FREE Full text] [doi: 10.1016/j.comppsych.2020.152169]
[Medline: 32145559]

Yamamoto M, Takamiya A, Sawada K, Yoshimura M, Kitazawa M, Liang K, et a. Using speech recognition technology
to investigate the association between timing-related speech features and depression severity. PLoS One.
2020;15(9):e0238726. [FREE Full text] [doi: 10.1371/journal.pone.0238726] [Medline: 32915846]

Pan W, Deng F, Wang X, Hang B, Zhou W, Zhu T. Exploring the ability of vocal biomarkers in distinguishing depression
from bipolar disorder, schizophrenia, and healthy controls. Front Psychiatry. Jul 20, 2023;14:1079448. [FREE Full text]
[doi: 10.3389/fpsyt.2023.1079448] [Medline: 37575564]

Anmella G, Corponi F, Li BM, Mas A, Sanabra M, Pacchiarotti |, et al. Exploring digital biomarkers of illness activity in
mood episodes: hypotheses generating and model development study. IMIR Mhealth Uhealth. May 04, 2023;11:e45405.
[FREE Full text] [doi: 10.2196/45405] [Medline: 36939345]

Zakariah M, Alotaibi YA. Unipolar and bipolar depression detection and classification based on actigraphic registration of
motor activity using machine learning and uniform manifold approximation and projection methods. Diagnostics (Basdl).
Jul 10, 2023;13(14):2323. [FREE Full text] [doi: 10.3390/diagnostics13142323] [Medline: 37510067]

Yang TH, Wu CH, Huang K, Su MH. Detection of mood disorder using speech emotion profilesand LSTM. In: Proceedings
of the 10th International Symposium on Chinese Spoken Language Processing. 2016. Presented at: |SCSLP '16; October
17-20, 2016:1-5; Tianjin, China. URL : https://ieeexplore.ieee.org/document/7918439 [doi: 10.1109/iscslp.2016.7918439]
SuMH, Wu CH, Huang K, Hong QB, Wang HM. Exploring microscopic fluctuation of facial expression for mood disorder
classification. In: Proceedings of the 2017 International Conference on Orange Technologies. 2017. Presented at: ICOT
'17; December 8-10, 2017:65-69; Singapore, Singapore. URL: https://ieeexplore.ieee.org/document/8336090 [doi:
10.1109/icot.2017.8336090]

Hong QB, Wu CH, Su MH, Huang K. Exploring macroscopic fluctuation of facial expression for mood disorder
classification. In: Proceedings of the 1st Asian Conference on Affective Computing and Intelligent Interaction. 2018.
Presented at: ACIIAsia'18; May 20-22, 2018:1-6; Beijing, China. URL : https:.//ieeexpl ore.ieee.org/document/8470337
[doi: 10.1109/aciiasia.2018.8470337]

Huang K, Wu CH, Su MH. Attention-based convolutional neural network and long short-term memory for short-term
detection of mood disorders based on elicited speech responses. Pattern Recognit. Apr 2019;88:668-678. [doi:
10.1016/j.patcog.2018.12.016]

https://www.jmir.org/2025/1/e72229 JMed Internet Res 2025 | vol. 27 | €72229 | p. 15

(page number not for citation purposes)


https://air.unimi.it/handle/2434/1043588
http://dx.doi.org/10.1371/journal.pmed.1000097
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19621072&dopt=Abstract
https://www.acpjournals.org/doi/abs/10.7326/0003-4819-155-8-201110180-00009?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
https://www.acpjournals.org/doi/abs/10.7326/0003-4819-155-8-201110180-00009?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub  0pubmed
http://dx.doi.org/10.7326/0003-4819-155-8-201110180-00009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22007046&dopt=Abstract
http://dx.doi.org/10.1016/j.jad.2022.03.054
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35339568&dopt=Abstract
http://dx.doi.org/10.1111/acps.13391
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34923626&dopt=Abstract
https://doi.org/10.1038/s41746-023-00977-7
http://dx.doi.org/10.1038/s41746-023-00977-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38129571&dopt=Abstract
http://dx.doi.org/10.1111/acps.13558
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37094823&dopt=Abstract
http://dx.doi.org/10.1016/j.euroneuro.2024.01.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38310716&dopt=Abstract
http://dx.doi.org/10.1111/acps.13771
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39617464&dopt=Abstract
https://europepmc.org/abstract/MED/30581399
http://dx.doi.org/10.3389/fpsyg.2018.02314
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30581399&dopt=Abstract
http://dx.doi.org/10.1007/s12652-016-0395-y
https://linkinghub.elsevier.com/retrieve/pii/S0010-440X(20)30011-0
http://dx.doi.org/10.1016/j.comppsych.2020.152169
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32145559&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0238726
http://dx.doi.org/10.1371/journal.pone.0238726
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32915846&dopt=Abstract
https://europepmc.org/abstract/MED/37575564
http://dx.doi.org/10.3389/fpsyt.2023.1079448
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37575564&dopt=Abstract
https://mhealth.jmir.org/2023//e45405/
http://dx.doi.org/10.2196/45405
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36939345&dopt=Abstract
https://www.mdpi.com/resolver?pii=diagnostics13142323
http://dx.doi.org/10.3390/diagnostics13142323
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37510067&dopt=Abstract
https://ieeexplore.ieee.org/document/7918439
http://dx.doi.org/10.1109/iscslp.2016.7918439
https://ieeexplore.ieee.org/document/8336090
http://dx.doi.org/10.1109/icot.2017.8336090
https://ieeexplore.ieee.org/document/8470337
http://dx.doi.org/10.1109/aciiasia.2018.8470337
http://dx.doi.org/10.1016/j.patcog.2018.12.016
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Zhong et &

41.

42.

43.

45,

46.

47.

48.

49,

50.

51.

52.

53.

55.

56.

57.

58.

59.

60.

61.

Su MH, Wu CH, Huang K, Yang TH. Cell-coupled long short-term memory with $L$ -skip fusion mechanism for mood
disorder detection through elicited audiovisual features. IEEE Trans Neural Netw Learning Syst. Jan 2020;31(1):124-135.
[doi: 10.1109/tnnls.2019.2899884]

Hong QB, Wu CH, Su MH, Chang CC. Exploring macroscopic and microscopic fluctuations of elicited facial expressions
for mood disorder classification. |EEE Trans Affective Comput. Oct 1, 2021;12(4):989-1001. [doi:
10.1109/taffc.2019.2909873]

LuoJ WuY, LiuM, Li Z, Wang Z, Zheng Y, et al. Differentiation between depression and bipolar disorder in child and
adolescents by voice features. Child Adolesc Psychiatry Ment Health. Jan 29, 2024;18(1):19. [FREE Full text] [doi:
10.1186/s13034-024-00708-0] [Medline: 38287442]

Wu EH, Gao TY, Chung CR, Chen CC, Tsai CF, Yeh SC. Mobile virtual assistant for multi-modal depression-level
stratification. |EEE Trans Affective Comput. 2024;(01):1-14. [doi: 10.1109/taffc.2024.3451114]

Tanning ML, Faurholt-Jepsen M, Frost M, Martiny K, Tuxen N, Rosenberg N, et al. The effect of smartphone-based
monitoring and treatment on the rate and duration of psychiatric readmission in patients with unipolar depressive disorder:
the RADMI S randomized controlled trial. J Affect Disord. Mar 01, 2021;282:354-363. [doi: 10.1016/j.jad.2020.12.141]
[Medline: 33421863]

Wanderley Espinola C, Gomes JC, Mbnica Silva Pereira J, dos Santos WP. Detection of major depressive disorder, bipolar
disorder, schizophreniaand generalized anxiety disorder using vocal acoustic analysisand machinelearning: an exploratory
study. Res Biomed Eng. Jun 07, 2022;38(3):813-829. [doi: 10.1007/s42600-022-00222-2]

Cansel N, Faruk Alcin O, Furkan Yilmaz O, Ari A, Akan M, Ucuz 1. A new artificial intelligence-based clinical decision
support system for diagnosis of major psychiatric diseases based on voice analysis. Psychiatr Danub. 2023;35(4):489-499.
[FREE Full text] [doi: 10.24869/psyd.2023.489] [Medline: 37992093]

Trull TJ, Ebner-Priemer UW. Ambulatory assessment in psychopathology research: areview of recommended reporting
guidelinesand current practices. JAbnorm Psychol. Jan 2020;129(1):56-63. [doi: 10.1037/abn0000473] [Medline: 31868388]
Piasecki TM, Hufford MR, Solhan M, Trull TJ. Assessing clientsin their natural environments with electronic diaries:
rationale, benefits, limitations, and barriers. Psychol Assess. Mar 2007;19(1):25-43. [doi: 10.1037/1040-3590.19.1.25]
[Medline: 17371121]

Wu CH, Hsu JH, Liou CR, Su HY, Lin EC, Chen PS. Automatic bipolar disorder assessment using machine learning with
smartphone-based digital phenotyping. |EEE Access. 2023;11:121845-121858. [doi: 10.1109/access.2023.3328342]
Valstar M, Schuller B, Smith K, Eyben F, Jiang B, Bilakhia S, et a. AVEC 2013: the continuous audio/visual emotion and
depression recognition challenge. In: Proceedings of the 3rd ACM international workshop on Audio/visual emotion challenge.
2013. Presented at: AVEC '13; October 21, 2013:3-10; Barcelona, Spain. URL: https://dl.acm.org/doi/10.1145/2512530.
2512533 [doi: 10.1145/2512530.2512533]

Ringeval F, Schuller B, Valstar M, Cowie R, KayaH, Schmitt M, et al. AVEC 2018 workshop and challenge: bipolar
disorder and cross-cultural affect recognition. In: Proceedings of the 2018 on Audio/Visual Emotion Challenge and Workshop.
2018. Presented at: AVEC '18; October 22, 2018:3-13; Seoul, Republic of Korea. URL : https://dl.acm.org/doi/10.1145/
3266302.3266316 [doi: 10.1145/3266302.3266316]

Piedmont RL. Criterion validity. In: Michalos AC, editor. Encyclopedia of Quality of Life and Well-Being Research.
Amsterdam, the Netherlands. Springer; 2014:1348.

Rusticus S. Content validity. In: Michalos AC, editor. Encyclopediaof Quality of Lifeand Well-Being Research. Amsterdam,
the Netherlands. Springer; 2014:1261-1262.

Kim D. Can healthcare apps and smart speakers improve the health behavior and depression of older adults? A
quasi-experimental study. Front Digit Health. 2023;5:1117280. [FREE Full text] [doi: 10.3389/fdgth.2023.1117280]
[Medline: 36910571]

Choi J, Kim J, Spaccarotella C, Esposito G, Oh 1Y, Cho Y, et al. Smartwatch ECG and artificial intelligence in detecting
acute coronary syndrome compared to traditional 12-lead ECG. Int JCardiol Heart Vasc. Feb 2025;56:101573. [FREE Full
text] [doi: 10.1016/j.ijcha.2024.101573] [Medline: 39687687]

Newton TJ, Frankel MA, Tos Z, Kazen AB, Muvvala VK, Loddenkemper T, et al. Validation of a discrete electrographic
seizure detection algorithm for extended-duration, reduced-channel wearable EEG. Epilepsia (Forthcoming). Mar 19, 2025.
[doi: 10.1111/epi.18365] [Medline: 40108974]

Wu Z, Lebbar M, Bonhoure A, Raffray M, Devaux M, Grou C, et al. Open-source versus commercial automated insulin
delivery system for type 1 diabetes management: a prospective observational comparative study from Canada. Diabetes
Technol Ther (Forthcoming). Mar 18, 2025. [doi: 10.1089/dia.2024.0561] [Medline: 40100927]

Bhugra D, Tasman A, Pathare S, Priebe S, Smith S, Torous J, et al. The WPA-Lancet psychiatry commission on the future
of psychiatry. Lancet Psychiatry. Oct 2017;4(10):775-818. [FREE Full text] [doi: 10.1016/S2215-0366(17)30333-4]
[Medline: 28946952]

Vellido A. Theimportance of interpretability and visualization in machine learning for applications in medicine and health
care. Neural Comput Appl. Feb 04, 2019;32(24):18069-18083. [doi: 10.1007/S00521-019-04051-W]

BalcombelL, De Leo D. Digital mental health challenges and the horizon ahead for solutions. IMIR Ment Health. Mar 29,
2021;8(3):€26811. [FREE Full text] [doi: 10.2196/26811] [Medline: 33779570]

https://www.jmir.org/2025/1/e72229 JMed Internet Res 2025 | vol. 27 | €72229 | p. 16

(page number not for citation purposes)


http://dx.doi.org/10.1109/tnnls.2019.2899884
http://dx.doi.org/10.1109/taffc.2019.2909873
https://capmh.biomedcentral.com/articles/10.1186/s13034-024-00708-0
http://dx.doi.org/10.1186/s13034-024-00708-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38287442&dopt=Abstract
http://dx.doi.org/10.1109/taffc.2024.3451114
http://dx.doi.org/10.1016/j.jad.2020.12.141
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33421863&dopt=Abstract
http://dx.doi.org/10.1007/s42600-022-00222-2
http://www.psychiatria-danubina.com/UserDocsImages/pdf/dnb_vol35_no4/dnb_vol35_no4_489.pdf
http://dx.doi.org/10.24869/psyd.2023.489
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37992093&dopt=Abstract
http://dx.doi.org/10.1037/abn0000473
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31868388&dopt=Abstract
http://dx.doi.org/10.1037/1040-3590.19.1.25
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17371121&dopt=Abstract
http://dx.doi.org/10.1109/access.2023.3328342
https://dl.acm.org/doi/10.1145/2512530.2512533
https://dl.acm.org/doi/10.1145/2512530.2512533
http://dx.doi.org/10.1145/2512530.2512533
https://dl.acm.org/doi/10.1145/3266302.3266316
https://dl.acm.org/doi/10.1145/3266302.3266316
http://dx.doi.org/10.1145/3266302.3266316
https://europepmc.org/abstract/MED/36910571
http://dx.doi.org/10.3389/fdgth.2023.1117280
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36910571&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2352-9067(24)00239-2
https://linkinghub.elsevier.com/retrieve/pii/S2352-9067(24)00239-2
http://dx.doi.org/10.1016/j.ijcha.2024.101573
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39687687&dopt=Abstract
http://dx.doi.org/10.1111/epi.18365
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40108974&dopt=Abstract
http://dx.doi.org/10.1089/dia.2024.0561
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40100927&dopt=Abstract
https://doi.org/10.1016/S2215-0366(17)30333-4
http://dx.doi.org/10.1016/S2215-0366(17)30333-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28946952&dopt=Abstract
http://dx.doi.org/10.1007/S00521-019-04051-W
https://mental.jmir.org/2021/3/e26811/
http://dx.doi.org/10.2196/26811
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33779570&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Zhong et &

62. Sharon T. Self-tracking for health and the quantified self: re-articulating autonomy, solidarity, and authenticity in an age
of personalized healthcare. Philos Technol. Apr 18, 2016;30(1):93-121. [doi: 10.1007/S13347-016-0215-5]

63. Henderson C, Evans-Lacko S, Thornicroft G. Mental illness stigma, help seeking, and public health programs. Am JPublic
Health. May 2013;103(5):777-780. [doi: 10.2105/AJPH.2012.301056] [Medline: 23488489]

Abbreviations

AUC: areaunder the curve

BD: bipolar disorder

HC: healthy control

PICOS: population, intervention, comparison, outcome, and study design
PRISMA: Preferred Reporting Items for Systematic reviews and Meta-Analyses
QUADAS-2: Quality Assessment of Diagnostic Accuracy Studies-2

UD: unipolar depression

Edited by T de Azevedo Cardoso; submitted 18.02.25; peer-reviewed by SS Madugula, J Ogunsakin, VSK Kancharla, M Gasmi ;
comments to author 13.03.25; revised version received 30.03.25; accepted 29.04.25; published 23.05.25

Please cite as:

Zhong R, Wu X, Chen J, Fang Y

Using Digital Phenotyping to Discriminate Unipolar Depression and Bipolar Disorder: Systematic Review
J Med Internet Res 2025;27:€72229

URL: https.//www.jmir.org/2025/1/e72229

doi: 10.2196/72229

PMID:

©Rongrong Zhong, XiaoHui Wu, Jun Chen, Yiru Fang. Originally published in the Journal of Medical Internet Research
(https://www.jmir.org), 23.05.2025. Thisisan open-access article distributed under the terms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in the Journal of Medical Internet Research (ISSN 1438-8871), is properly
cited. The complete bibliographicinformation, alink to the original publication on https://www.jmir.org/, aswell asthis copyright
and license information must be included.

https://www.jmir.org/2025/1/e72229 JMed Internet Res 2025 | vol. 27 | €72229 | p. 17
(page number not for citation purposes)

RenderX


http://dx.doi.org/10.1007/S13347-016-0215-5
http://dx.doi.org/10.2105/AJPH.2012.301056
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23488489&dopt=Abstract
https://www.jmir.org/2025/1/e72229
http://dx.doi.org/10.2196/72229
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

