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Real-time monitoring to
predict depressive symptoms:
study protocol

Yu-Rim Lee and Jong-Sun Lee*

Department of Psychology, Kangwon National University, Chuncheon-si, Republic of Korea

Introduction: According to the World Health Organization, Depression is the
fourth leading cause of global disease burden. However, traditional clinical and
self-report assessments of depression have limitations in providing timely
diagnosis and intervention. Recently, digital phenotyping studies have found
the possibility of overcoming these limitations through the use of wearable-
devices and smartphones. The present study aims to identify the digital
phenotype that significantly predicts depressive symptoms.

Methods and analysis: The study will recruit a total of 150 participants in their 20s
who have experienced depression for the past two weeks in Korea. The study will
collect passive (eg., active energy, exercise minutes, heart rate, heart rate
variability, resting energy, resting heart rate, sleep patterns, steps, walking pace)
data and Ecological Momentary Assessment (EMA) through smartphone and
wearable-device for two weeks. This study will be conducted longitudinally, with
two repeated measurements over three months. Passive data will be collected
through sensors on the wearable-device, while EMA data will be collected four
times a day through a smartphone app. A machine learning algorithm and
multilevel model will be used to construct a predictive model for depressive
symptoms using the collected data.

Discussion: This study explores the potential of wearable devices and
smartphones to improve the understanding and treatment of depression in
young adults. By collecting continuous, real-time data on physiological and
behavioral patterns, the research uncovers subtle changes in heart rate, activity
levels and sleep that correlate with depressive symptoms, providing a deeper
understanding of the disorder. The findings provide a foundation for further
research and contribute to the advancement of digital mental health. Advances in
these areas of research may have implications for the detection and prevention
of early warning signs of depression through the use of digital markers.

KEYWORDS

digital phenotyping, depressive disorder, ecological momentary assessment, wearable
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1 Introduction

Depression is associated with changes in behavioral and
cognitive factors, including alterations in sleep patterns, appetite,
decreased activity due to low energy, and manifestations of agitation
and procrastination resulting from psychomotor changes (1). As
reported by the World Health Organization (WHO) in 2023, the
estimated number of individuals affected by depression is
approximately 280million, equivalent to 3.8% of the world’s
population (2). Alarmingly, in 2020 the prevalence of depression
in South Korea is 36.8%, the highest among OECD countries. The
National Health Insurance Service (NHIS) has also reported a
steady increase in the number of individuals experiencing
depression since 2018, surpassed 1 million cases in 2022 (3).
Specifically, the percentage of young adults in their 20s and 30s is
notably high, reaching 36%, according to the Health Insurance
Review & Assessment (HIRA) (4). Depression is resulting in
significant disability in people’s daily life and at both diagnosable
and subthreshold levels, causes very high society and economic cost
(5, 6). Not only is depression recognized as a significant predictor of
suicidal behavior, but it is also linked to a high mortality rate among
individuals diagnosed with major depressive disorder (1, 7).
Consequently, depression is a highly perilous psychological
disorder strongly correlated with both suicide attempts and
completed suicides (8). Also, Given that depression is
characterized by a chronic or recurrent course and a very high
rate of relapse (9), it is crucial to promptly diagnose depression and
implement early interventions to mitigate the associated risks.

Traditional assessments for diagnosing depression have relied
on clinician-conducted interviews and self-report questionnaires.
Nevertheless, it has limitations that render timely diagnosis and
intervention challenging, as well as being time-consuming, costly,
and susceptible to recall bias (10, 11). Consequently, existing
assessment tools are not well-suited for detecting psychological
factors that fluctuate from moment to moment. Additionally, the
majority of patients seek assistance from clinicians only after their
symptoms have progressed to a certain level of severity and become
noticeable (12). As a result, despite the availability of a broad
spectrum of empirically supported treatments for depression, the
average percentage of patients achieving complete remission with
no significant residual symptoms after psychotherapy is only
approximately 46% (13). Hence, the need for methods to
continuously monitor symptoms of depression for early diagnosis,
intervention, and prevention has been highlighted (14).

In this context, there has recently been a growing body of study
on digital phenotyping using mobile sensors as an adjunct tool to
traditional methods for diagnosing and managing depression (9-
11). Digital phenotyping, as defined by Torous, Kiang (15), involves
the continuous measurement and quantification of an individual’s
personal phenotype in real-time using data collected from
smartphones and other personal digital devices. Smartphones and
wearable devices can passively and continuously collect information
such as GPS location, heart rate, step count, light levels, and more.
Moreover, smartphone apps offer a more ecological approach to
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gather Ecological Momentary Assessment, involving the immediate
collection of symptoms and behaviors reported by individuals in
their natural environments (16). That is, digital phenotyping data
can be utilized to monitor an individual’s depression symptoms in
real-time, capturing changes from moment to moment and
enabling timely intervention and diagnosis (17).

In fact, there is a growing body of evidence correlating
cognitive, psychological, and physiological symptoms of
depression with digital variables collected by smartphones and
wearables, such as GPS data, heart rate variability, sleep patterns,
and ecological momentary assessments. For instance, Saeb, Zhang
(18) found a significant correlation between smartphone usage
characteristics and Patient Health Questionnaire-9 (PHQ-9)
scores, noting that individuals with higher depression scores
tended to spend more time at home and visit fewer place. In
addition, the link between depression and heart rate variability
(HRV) is beginning to be explored, based on its association with
abnormalities in the hypothalamic-pituitary-adrenal axis, one of the
biological causes of depression, and the associated dysregulation of
the autonomic nervous system (19). A study by Agelink, Boz (20)
reported that patients with major depression had significantly lower
HRV than the control group. Similarly, Jo, Lee (21) found a
significant negative correlation between HRV and PHQ-9 scores
in a healthy general population (21). In addition, Li, Liu (22)
investigated the relationship between R-R intervals (RRI),
measured by photoplethysmography (PPG) sensors in
smartwatches, and depressive episodes. Over a period of 35 days,
the research team continuously tracked participants’ RRI data and
later developed a predictive model to classify depressive episodes
based on post-study scores on the PHQ-9. The model achieved an
average accuracy of 72%, with a maximum accuracy of 88%. These
results highlight the potential of RRI data from wearable devices to
capture daily fluctuations in emotional arousal and state and
suggest a significant link between micro-level emotional
experiences and macro-level diagnosis of depressive episodes.
These findings highlight the utility of physiological markers
measured by wearable devices in exploring the relationship
between physiological symptoms of depression and digital
phenotyping data, and provide a basis for further research.

Changes in sleep patterns, a known risk factor for depression,
can also be measured by wearable devices. Several studies have
examined the relationship between depressive symptoms and sleep
pattern variables (23, 24). By analyzing sleep pattern characteristics
collected by wearable devices and their association with depression
scores, these studies found that changes in sleep architecture, sleep
instability, poor sleep quality, insomnia, and increased hypersomnia
were predictive of depression scores (23, 24). Further, Lim, Yun (25)
examined the relationship between sleep variables measured by
wearable devices and depression scores in a sample of
undergraduate and graduate students. The results showed that
greater intraindividual variability in sleep efficiency was associated
with higher levels of depression, and a nonsignificant association
was found between objectively measured sleep efficiency and
subjectively measured sleep quality (25). These findings suggest
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that sleep variables measured by wearable devices are effective in
predicting an individual’s mental health, and may be more efficient
than subjective measures (e.g. Pittsburgh Sleep Quality Index:
PSQI) in detecting depression in particular.

De la Barrera, Arrigoni (26) asked participants in early
adulthood to respond to EMA prompts six times a day for seven
days, and used the data to build a model to predict participants’
levels of depressive symptoms. The EMA prompts included
questions about levels of positive and negative emotions and
emotion regulation strategies. The results showed that negative
emotions and the emotion regulation strategies of rumination,
suppression, and distraction predicted worsening of depressive
symptoms, while positive emotions and the emotion regulation
strategies of problem solving, positive reappraisal, acceptance, and
social sharing predicted remission of depressive symptoms (26).
This suggests that using the EMA to measure and monitor behavior
and mood in a natural setting may be a useful way to predict
changes in depressive symptom severity in advance and provide
targeted interventions. Furthermore, recent studies have combined
wearable and smartphone sensor data with participant self-reports
from ecological momentary assessments. In this regard, Moshe,
Terhorst (12) used machine learning analytics methods to identify
predictive models for depression scores by measuring smartphone
sensor data (battery, GPS, screen usage, and time of day), wearable
device sensor data (activity, sleep, and HRV), and ecological
momentary assessment data (valence: positive/negative, arousal:
low/high). The study found that the combination of smartphone,
wearable device, and ecological momentary assessment data was the
most predictive. These findings are consistent with the theoretical
concept that depression involves cognitive, emotional and
biological symptoms, and suggest the need for research using
multiple data from digital devices to build a model that
comprehensively predicts depression symptoms. The significant
association of digital markers with depressive symptoms that has
been found in many previous studies suggests the usefulness of data
collected by digital devices for the prediction of depressive
symptoms. It also suggests that follow-up studies with diverse
populations are needed to develop rapid and accurate techniques
for predicting depression symptoms using digital phenotyping data.
Therefore, this study aims to identify digital predictors of
depression in Korean adults and to explore the complex
interrelationships among these predictors.

TABLE 1 Schedule for passive and active assessment.

Baseline

10.3389/fpsyt.2024.1465933

2 Methods and analysis
2.1 Study design

The present study employs a longitudinal design, consisting of
two repeated 14-day sessions conducted every three months
(Table 1). Passive data will be collected unobtrusively using sensors
embedded in digital devices, including active energy, exercise
minutes, heart rate, heart rate variability, resting energy, resting
heart rate, sleep patterns, steps, walking pace. Active data will be
collected through a dedicated smartphone application. This active
data will include self-report measures as well as Ecological
Momentary Assessment (EMA) techniques, allowing for real-time
assessment of the participants’ current emotional and cognitive states
in their natural environments. This protocol was approved by the
Institutional Review Board of Kangwon National University
(KWNUIRB-2023-02-008-001).

2.2 Participants

We will recruit 150 individuals in their 20s who are
experiencing depressive symptoms, via posts on online
communities and social media sites. To be included in the study,
participants must meet the following criteria: (a) score 5 or higher
on the depression screening tool, PHQ-9; (b) meet diagnostic
criteria for a Major Depressive Disorder (MDD) using the
Structured Clinical Interview for DSM-5 Disorders Clinician
Version (SCID-5-CV); (c) be at least 19 years of age; and (d) own
an 10S smartphone. Exclusion criteria are under 19 years of age or
over 30 years of age; have not agreed to participate in the study;
questionnaire responses are random or incomplete; have suicidal
ideation and plans requiring immediate attention; have current
psychotic or manic states and substance use disorders; or are
currently receiving other psychotherapy or counseling.

2.3 Procedure

2.3.1 Recruitment
We will recruit study participants through various social media
platforms, such as Instagram and university online message boards

Study Period 14 days
Endpoint

Active assessment

Moring Noontime Evening Night

Self-report (¢} o
EMA (¢} (¢) (¢} (¢}

Passive assessment

Apple watch(active energy, exercise minutes, heart rate, heart rate variability, o o o o

resting energy, resting heart rate, sleep patterns, steps, walking pace)
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* Recruit study participants + Study Introduction & Consent
through various channels - Pre-self report questionnaire
FIGURE 1

Study procedure.

(Figure 1). Individuals interested in the study will be able to respond
to an online screening questionnaire via a QR code embedded
within the study recruitment poster. The screening questionnaire
collects demographic information, including age, gender, highest
level of education, current economic status (upper, upper-middle,
middle, lower-middle, lower), family structure (living with parents,
living with one parent, living with spouse or partner, living alone),
past medication history, and comorbidity, along with the PHQ-9
questionnaire. Those with a PHQ-9 score of 5 or higher on the
screening questionnaire will undergo the SCID-5 to identify final
participants who meet the diagnostic criteria for MDD.

2.3.2 Informed consent

Participants who meet the inclusion criteria will receive a
detailed explanation of the study process and informed consent.
Research participants will be fully informed of the aims of the
research and will be given the opportunity to voluntarily agree or
refuse to participate. Participants will be able to withdraw from the
study at any time. In addition, before consent is obtained, we will
explain to participants that their participation in the study is not
expected to result in any risks or disadvantages. However, should
any physical or mental health problems arise during the completion
of the questionnaires or after the experiment, the research team will
refer participants to the nearest psychiatric unit of a general hospital
or local counselling center for assessment and treatment. In
addition, all data will be handled securely to ensure privacy. All
data collected will be anonymized, with personal identifiers
removed prior to analysis. Instructions for study participation will
be delivered online via video. The manual will provide guidance on
using the application for responding to an EMA and wearing the
wearable device.

2.3.3 Study duration

Participants will complete a pre-questionnaire via the mobile
app developed for this study the day before the commencement of
the 14-day EMA collection period. Once the study begins,
participants will receive four daily reminders (morning, noon,
evening, and night) from the mobile app developed for this study
to complete the EMA questionnaire. Simultaneously, for passive
data collection, participants will wear a wearable watch throughout
the day.
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* Active data: EMA using

Fllow-up assessment
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2.3.4 End of study

On the final day of the study, participants will again answer the
same post-questionnaire as the pre-questionnaire. Participants will
be compensated according to the criteria outlined in the study.
Additionally, they will be informed that the same study process will
be repeated in three months.

2.4 Measures

2.4.1 Passive data

Passive data collection is performed on the Apple Watch,
capturing key physiological metrics such as active energy
expenditure, exercise duration, heart rate, heart rate variability
(HRV), resting energy, resting heart rate, sleep patterns,
step count, and walking pace. Apple Watch is equipped with
advanced sensors, including a 3-axis accelerometer, gyroscope,
magnetometer, optical PPG-based heart rate sensor, altimeter,
ambient light sensor, temperature sensor, ECG, and capacitive
touch sensors (27). These sensors provide reliable and valid
measurement of multiple physiological digital markers.
Comparative studies of wearable devices have shown that Apple
Watch has the lowest error rate in measuring heart rate and energy
expenditure (28). In addition, HRV estimates from the Apple
Watch show high reliability and agreement (coefficients > 0.9)
when compared to chest strap heart rate monitors (29). These
findings suggest that physiological and physical data collected by
the Apple Watch have significant potential for application in
clinical settings.

We will encourage participants to wear the Apple Watch at all
times except when showering and charging. This study will only
approve and use data that Apple has officially given us access to and
will ensure that we do not violate the rights and privacy of
individuals. In addition, participants’ identifying information will
be anonymized in the form of a participant number and uploaded
via a secure process in accordance with the law.

2.4.2 Active data

Both self-report assessments and Ecological Momentary
Assessments (EMA) will be conducted through the will be
conducted through the mobile app, currently under development
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by the research team. The app will provide users with mood and
sleep reports based on their responses to self-report assessments
and Ecological Momentary Assessments (EMA). These reports will
allow users to monitor their emotional state and gain insight into
the social, psychological, and physiological factors that may
influence psychological distress. In addition, the app will include
theoretical concepts related to depression and information on
treatment methods. It will also provide contact details, such as
phone numbers and website links, for national agencies where users
can quickly seek help in a mental health crisis.

2.4.2.1 Self-report assessment

Self-report assessments will be measured twice at the baseline
and endpoint of the study and will consist of the following eight
items. The baseline assessment is critical for identifying individual
differences within the sample. Participants may begin the study with
varying levels of depression, anxiety, or resilience. This baseline data
allows us to account for these differences in our analysis. By
accounting for such variability, the study can provide a more
accurate understanding of how different psychological states may
influence outcomes. Furthermore, comparing baseline data enables
us to quantitatively track individual changes over the course of the
study by comparing it with endpoint measures. This comparison
allows us to explore the psychological and physiological variables
that may have influenced these changes, providing insight into the
factors that contribute to mental and physical health outcomes. By
incorporating both initial differences and longitudinal changes, we
can develop a more comprehensive understanding of the factors
influencing participants outcomes throughout the study period.

The Patient Health Questionnaire-9 item (PHQ-9) (30) will be
used to measure depression symptoms. The Visual Analog Scale
(VAS) will be used to measure participants’ overall mood. The
Functional Social Support Questionnaire (FSSQ) (31) will be used
to measure participants’ perceptions of their social interactions and
relationships. The Brief Resilience Scale (BRS) (32) will be used to
measure participants’ resilience levels. The Generalized Anxiety
Disorder 7-item scale (GAD-7) (33) will be used to measure anxiety
symptoms. The WHO-Five Well Being Index will be used to
measure participants’ overall happiness. The Pittsburgh Sleep
Quality Index (PSQI) (34) will be used to measure participants’
sleep quality. The Primary Care-PTSD-5 (PC-PTSD-5) (35) will be
used to measure symptoms of post-traumatic stress disorder. The
Automatic Thoughts Questionnaire (ATQ-N) (36) will be used to
measure participants’ negative thoughts in daily life. The Positive
Automatic Thoughts Questionnaire (ATQ-P) (37) will be used to
measure participants’ positive thoughts in daily life. The Rosenberg
Self-Esteem Scale (RSE) (38) will be used to measure participants’

TABLE 2 EMA set.

10.3389/fpsyt.2024.1465933

self-esteem. The UCLA Loneliness Scale Version 3 (39) will be used
to measure loneliness as a chronic trait in participants. The
Responses to Positive Affect (RPA) (40) will be used to measure
how participants respond to positive emotions. The Response Style
Questionnaire (RSQ) (41) will be used to measure how participants
respond to depressive emotions.

2.4.2.2 EMA

EMA involves four daily assessments over a 14-day period via
the mobile app (Table 2). We utilize Ecological Momentary
Assessment (EMA) data to enable real-time data collection,
reducing recall bias and capturing immediate emotional responses
for a more accurate depiction of daily mood fluctuations. The high
frequency of data points provides detailed insights into short-term
and long-term symptom patterns, allowing for a better
understanding of depressive symptom dynamics (42).
Additionally, EMA offers personalized insights by identifying
individual differences in how participants experience and respond
to daily stressors, contributing to a nuanced understanding of
depression in daily life.

Sleep Status Questionnaires: In addition to collecting objective
sleep data through wearable devices, we will also gather subjective
self-reported sleep data from participants. This dual approach will
allow us to correlate subjective and objective sleep data, providing a
comprehensive understanding of each participant’s sleep
experience. Sleep status will be measured once a day, every
morning. Participants will complete a brief survey on their
smartphones, which will include questions about the previous
night’s sleep. These questions will cover the time they went to
bed, the duration it took to fall asleep, the time they woke up, the
total amount of sleep they obtained, and their subjective sleep
quality (‘l1=very poor’ to ‘4 =very good’). By combining the
objective data from the wearables with the subjective self-reports,
we aim to gain insights into the consistency between perceived and
actual sleep patterns and understand the factors influencing
subjective sleep quality.

Mood Questionnaires: Participants will receive prompts to
respond to mood-related questions three times a day—at lunch
(12:00~17:59), dinner (18:00~20:59), and night (21:00~23:00).
Using a Visual Analog Scale (VAS) ranging from 0 (not at all) to
8 (very much), participants will rate their current mood on 10
negative emotions (depression, anxiety, sadness, fear, loneliness,
rejection, anger at self, anger at others, emptiness, shame) and 4
positive emotions (joy, pleasure, satisfaction, relaxation). The
Visual Analog Scale (VAS) has been widely recognized as a
reliable, valid, and user-friendly instrument for assessing
subjective states, including mood (43). Furthermore, studies have

Noontime

Previous night’s sleep status (¢]
Mood & RPA

Daily diary
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demonstrated a significant correlation between depression scores
measured by the VAS and both the total and individual item scores
on the PHQ-9, reinforcing its applicability in clinical and research
settings (44).This detailed approach allows us to gather nuanced
data on the intensity and frequency of various moods.

Responses to Positive Affect Questionnaires: In this study,
participants will respond to the Responses to Positive Affect
Questionnaires(RPA) (40) via a smartphone app three times a
day - at lunch, dinner, and night. The survey will ask them to
reflect on how they have responded to positive emotions since their
last response. Specifically, participants will report whether they have
primarily engaged in blocking out positive moods or focusing on
positive moods. This method allows for the collection of real-time
data on emotional responses, providing a nuanced understanding of
how individuals process positive experiences throughout the day. In
addition, by analyzing the data collected, the study will determine
whether certain patterns of managing positive emotions are
associated with higher or lower levels of depressive symptoms.

Depressive Symptoms Questionnaires: In this study, participants
will complete the Clinically Useful Depression Outcome Scale
(CUDOS-D) (45) once each night to report depressive symptoms
experienced during the day. The CUDOS-D consists of 18 items
assessing diagnostic criteria for major depressive disorder (MDD),
psychosocial impairment, and quality of life. Each item is rated on a
5-point Likert scale (0 = not at all, 1 = a little, 2 = moderately, 3 =
quite a bit, 4 = extremely). Specific symptoms assessed by the
CUDOS-D include: depressed mood, loss of interest in usual
activities, low energy, psychomotor agitation, psychomotor
retardation, guilt, worthlessness, thoughts of death, suicidal
ideation, difficulty concentrating, indecisiveness, decreased appetite,
increased appetite, insomnia, hypersomnia, and hopelessness. By
collecting data on a daily basis, the CUDOS-D allows for detailed
tracking of symptom fluctuations over time, providing valuable
insight into participants’ mental health trajectories.

Daily Diary: Participants will receive a reminder each night to
reflect on their day’s events and their emotional responses. The
diary entry will begin with participants freely writing about their
overall day, focusing on activities and interactions that shaped their
experiences. Following this general reflection, participants will be
prompted to identify a specific event that had a significant impact
on their emotions. They will detail this event, describing why it
stood out and how it influenced their mood. The smartphone app
will streamline data collection by ensuring consistent and timely
entries, while also facilitating a user-friendly platform for
participants to express their thoughts and feelings. This
methodology aims to capture real-time emotional processes and
coping mechanisms, providing rich, qualitative data on how daily
events shape psychological well-being.

2.5 Analyses

To analyze the Apple Watch passive data and longitudinal data
from the Ecological Momentary Assessment (EMA), we will employ
a comprehensive, multi-pronged approach. This includes multi-
model analyses, along with basic data analysis methods.
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10.3389/fpsyt.2024.1465933

2.5.1 Basic analyses

To analyze this longitudinal data, we will employ a range of
basic statistical techniques, including t-tests, repeated measures
ANOVA, and linear regression analysis. These methods will
enable us to identify significant differences within the data and
explore within-subject variations over time. Additionally, we will
examine associations between the passive data collected from the
Apple Watch and the self-reported EMA data to identify potential
predictors and better understand the interaction between physical
and mental variable.

To mitigate the influence of confounding variable on digital
phenotype, we will additionally conduct multivariate analyses (e.g.,
regression analysis) that include not only demographic variables but
also medication use and comorbidity status when examining their
associations with digital phenotypes. If necessary, we can conduct
subgroup analyses to compare digital phenotypes across groups
with and without medication use or specific comorbidities. This will
help us to clarify the influence of confounding variables. We will
endeavor to control the influence of confounding variables and
analyze the net association between digital phenotypes and other
variables of interest using statistical techniques such as propensity
score matching, where appropriate.

2.5.2 Multi model analyses

Dynamic Structural Equation Modeling (DSEM) is an advanced
statistical technique that integrates time-series analysis with
structural equation modeling (46). In this study, we employ a
two-level DSEM approach, specifically utilizing a multilevel
Vector Autoregressive (VAR) model to explore the temporal
relationships between various predictors and depressive mood
scores. This method is particularly effective for handling nested
data structures, such as repeated measures within individuals over
time. DSEM allows for the separation of within-individual (Level 1)
and between-individual (Level 2) variability, which enables us to
examine how a predictor like step count (at time #-1) affects
depressive mood scores at a later time point (e.g., time f) at
both levels.

At the first level (within-individual), we apply a multilevel VAR
model to capture the temporal dependencies between depressive
mood and several physiological and behavioral predictor variables.
This model is highly useful for understanding the causal
relationships and interactions between variables measured
repeatedly over time. Specifically, predictors such as step count,
heart rate, heart rate variability, and sleep quality are hypothesized
to be strongly associated with fluctuations in depressive mood over
time. For instance, we evaluate how the total number of steps taken
by a participant on one day (t-1) influences their depressive mood
the next day (¢). Similarly, physiological measures like heart rate and
heart rate variability (47), which reflect stress or emotional states,
are examined to assess their immediate or delayed impact on
depressive mood. Sleep quality is also a key factor; poor sleep
quality on one night (¢-1) can lead to heightened depressive
symptoms the following day (#). Bayesian estimation techniques
are employed to model these relationships, providing robust
estimates of the temporal correlations and accounting for the
uncertainty between variables. This method increases the

frontiersin.org


https://doi.org/10.3389/fpsyt.2024.1465933
https://www.frontiersin.org/journals/psychiatry
https://www.frontiersin.org

Lee and Lee

reliability of the analysis, allowing us to capture individual changes
over time. These insights are crucial for developing personalized
intervention strategies.

At the second level (between-individual), we model how these
temporal relationships vary across participants. This approach
accounts for the fact that the relationship between a predictor
(e.g., step count) and an outcome (e.g., depressive mood) may differ
between individuals. For example, while one participant may
experience a strong association between step count and mood,
another participant might show little to no effect. To capture these
individual differences, a random coefficients model is used, allowing
us to model variability in the estimated coefficients across
participants. This analysis highlights how individual factors such
as depression severity, gender, age, and lifestyle habits might
influence the strength of these relationships. The two-level
analysis provides valuable insights into interindividual differences,
offering a deeper understanding of the heterogeneity in the
temporal dynamics of depressive symptoms. The results can
inform tailored intervention strategies that account for individual
differences. For instance, for a participant who shows a strong
relationship between step count and depressive mood, increasing
physical activity may be an effective intervention. Conversely, for
someone whose depressive mood is more closely linked to heart rate
variability, a stress management program may be more appropriate.
In conclusion, this two-level analysis approach not only uncovers
important individual differences but also enables the design of more
personalized and sophisticated mental health interventions.

3 Discussion

This study has several important implications for using
smartphones and wearables to understand and intervene in
depression among 20-somethings. First, it improves our
understanding of the complex relationship between physiological
and behavioral patterns and depressive symptoms. This will allow
healthcare providers to identify physiological and behavioral patterns
associated with depression and integrate personalized monitoring
systems into treatment plans for more precise and immediate
interventions. This continuous monitoring will not only help track
symptoms, but will also provide real-time feedback to both patients
and healthcare providers, helping them to tailor treatment strategies
for more timely interventions based on the patient’s current state. In
addition, subtle changes in patterns such as heart rate, sleep
disturbances and activity levels can be detected through continuous
real-time data collection, providing an opportunity for proactive
mental health intervention. The findings suggest that by identifying
early warning signs of a depressive episode, clinicians may be able to
intervene at an early stage, potentially preventing worsening of
symptoms. The results of this study will serve as a basis for further
research and contribute to the advancement of the field of digital
mental health. Also, the potential for personalized mental health
interventions has been greatly enhanced. Personalized interventions
based on real-time data could be integrated into digital health
platforms to provide users with immediate coping strategies or
therapeutic exercises when symptoms are detected. This approach
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could reduce the burden on existing healthcare systems by providing
a scalable and cost-effective solution for ongoing mental health care.

In addition, smartphone-based Ecological Momentary
Assessment (EMA) utilized in this study presents distinct
advantages in capturing psychosocial data while minimizing
disruption to participants’ natural environments. Unlike
traditional assessment methods, EMA facilitates continuous, real-
time monitoring of participants’ emotional and behavioral changes,
offering data that are ecologically valid. By leveraging smartphones,
which are ubiquitous in daily life, we are able to automatically
collect data without imposing additional burdens on participants,
thus enhancing the feasibility and compliance of long-term studies
(16, 48). One key advantage of EMA is its ability to reduce recall
bias. Traditional self-report methods often suffer from participants’
memory distortions over time. EMA, on the other hand, prompts
participants to respond in the moment, thereby collecting data that
more accurately reflects their immediate experiences (48). This
feature is particularly valuable for mental health research, where
real-time monitoring of affective states and behaviors can provide
critical insights into fluctuations in mood and behavioral patterns
(49). Furthermore, EMA fosters self-awareness among participants
by encouraging them to regularly track their mental and emotional
states. This increased self-monitoring can have direct therapeutic
benefits, promoting greater engagement in their own mental health
management. Given these strengths, smartphone-based EMA
stands out as a highly effective tool not only for research but also
for clinical interventions aimed at monitoring and managing
mental health disorders.

In conclusion, this study underscores the transformative
potential of advanced technology in revolutionizing mental health
care. By leveraging wearables and smartphones, researchers can
gain unprecedented insights into the psychophysiological
underpinnings of depression, leading to more effective and
personalized interventions. However, integration with clinical
practice is a critical area for further discussion (50). It is crucial
to explore how these findings can be incorporated into existing
clinical workflows. Researchers must understand how to use this
data to complement traditional diagnostic methods and therapeutic
interventions, ensuring that the benefits of continuous monitoring
are fully realized in practice. Subsequent studies can build upon
these initial findings, refining and expanding the knowledge base in
this emerging field, ultimately paving the way for more effective and
personalized interventions for individuals with depression.

While this study provides valuable insights into digital
phenotyping for predicting depression among young adults, several
limitations should be noted. Firstly, the sample size of 150 participants,
while sufficient for initial exploration, may limit the generalizability of
our findings. Future studies should aim to recruit larger, more diverse
samples to enhance statistical power and representativeness. Secondly,
our focus on young adults in their 20s may not capture the full
spectrum of depression across different age groups. Expanding the age
range in future research could provide a more comprehensive
understanding of digital phenotyping across the lifespan. Thirdly,
while we collected a range of demographic data, including age, gender,
education level, economic status, and family structure, there may be
other relevant factors not captured in our study. Future research could
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explore additional demographic variables or environmental factors
that might influence digital phenotyping patterns. Fourthly, while our
longitudinal design with three time points (T1, T2, T3) provides
valuable insights into changes over time, a longer follow-up period or
more frequent assessments could offer a more correct understanding
of the temporal dynamics of digital phenotyping in relation to
depression. Lastly, our study was conducted in a specific cultural
and geographical context, which may limit the generalizability of our
findings to other populations or cultures. Cross-cultural studies or
multi-site research could help determine the universality of digital
phenotyping patterns for depression prediction.

Despite these limitations, the findings of our study have significant
potential to inform and enhance clinical practice in mental health,
particularly in the development of digital mental health interventions.
Firstly, the digital phenotyping patterns identified in our research
could be used to develop more personalized and timely interventions
for young adults at risk of depression. For instance, smartphone
applications could be designed to detect early warning signs based on
changes in digital behavior, prompting targeted interventions or
suggesting professional help when needed. Secondly, our results
could inform the creation of Al-driven chatbots or virtual assistants
that can provide real-time support and resources to individuals
showing signs of depressive symptoms. These digital tools could
offer coping strategies, mindfulness exercises, or connections to
mental health professionals based on the user’s digital phenotype.
Thirdly, the longitudinal nature of our data collection (T1, T2, T3)
provides insights into the progression of depressive symptoms over
time. This information could be valuable in developing predictive
models for relapse prevention, allowing clinicians to intervene
proactively before symptoms worsen. Furthermore, our findings on
the relationship between physical activity, sleep patterns, and
depressive symptoms could be integrated into existing health
tracking applications. These apps could then provide more holistic
health recommendations that consider both physical and mental well-
being. Lastly, the digital phenotyping approach could be extended to
other mental health conditions, potentially revolutionizing how we
diagnose and treat a range of psychological disorders. This could lead
to more efficient, accessible, and cost-effective mental health care
delivery, especially in areas with limited access to traditional mental
health services. While these applications hold great promise, it’s
crucial to emphasize the need for rigorous testing and validation of
any digital mental health interventions before widespread
implementation. Future research should focus on translating these
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