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Abstract

Major depressive disorder (MDD) is a prevalent mental health condition that inflicts a high
burden on individuals and healthcare systems. There is a clinical need to detect MDD
relapse practically and effectively to improve treatment outcomes for patients. To address
this, we developed a smart monitoring system using an Artificial Intelligence (Al) approach
to estimate MDD severity and relapse risk from patients” smartphone behavioral data
(i.e., digital phenotyping). Thirty-five MDD patients were recruited from the Institute of
Mental Health in Singapore, who installed the smartphone study app Sallie. Their symp-
toms were quantified using the Hamilton Depression Rating Scale (HAMD-17) at the start
of the trial, and every 30 days after over 3 months. The app collected behavioral data such as
activity, activity type, and GPS location used to train AI models such as logistic regression,
decision trees, and random forest classifiers. We found that passive data collection contin-
ued for most participants (up to 79% retention rate) after 3 months. We also used five-fold
cross-validation to predict HAMD-17 severity ranging from two to four classes and the
relapse status, achieving 91%, 88%, and 78% accuracies for two to four classes, respectively,
and a relapse prediction accuracy of 86% whereby four patients relapsed during the study.
Additionally, anxiety factors within the HAMD-17 were significantly predicted (Pearson
correlation coefficient = 0.78, p = 1.67 X 10_14). These results demonstrate the promise of
using smartphone behavioral data to estimate depressive symptoms and identify early
indicators of relapse.

Keywords: depression; MDD; anxiety; smartphone; digital phenotyping; AL; machine learning

1. Introduction
1.1. Major Depressive Disorder, Relapse, and Recurrence

Annually, 444 million people worldwide suffer from mental health disorders, costing
them 155 million disability-adjusted life years (DALYs) [1]. According to a study conducted
by the Institute of Mental Health (IMH) in Singapore, Major Depressive Disorder (MDD)
and Generalized Anxiety Disorders (GAD) are the most common mental illnesses in Sin-
gapore with 11.2% of the adult population in Singapore suffering at some time in their
lifetime [2].
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In the case of major depression, individuals tend to experience regular incidences of
early relapse and recurrence [3]. For MDD, relapse refers to a return to full depressive
symptoms before a full recovery has been achieved. In contrast, recurrence refers to the
emergence of a new depressive episode after a full recovery [4]. On average, individuals
with a history of depression will have five to nine separate depressive episodes in their
lifetime [5,6].

MDD relapse and recurrence cannot be reliably predicted, and extant methods of
identifying them are mostly manual and retrospective [7]. Mental health professionals
typically rely on clinical interviews and self-report measures to assess a patient’s mood
and mental state during routine appointments. These assessments are often conducted at
scheduled intervals, which may not capture subtle changes in mood or behavior that could
indicate an impending relapse outside the clinic. Many relapse events are identified after
they have already occurred, at a point when patients experience a significant deterioration
in their mental health [8]. Contemporary methods heavily rely on the subjective judgment
of healthcare providers and patients, which can introduce variability and may not always
detect early warning signs accurately [9]. In addition, there are often discrepancies between
subjective and objective measures of neuropsychological function [10].

MDD relapses impose high costs on patients and their healthcare systems. A study
published in Journal of Medical Economics reveals that the 12-month direct mental health-
care costs for a patient with a prior relapse were almost two times higher than costs for
patients without a relapse (USD 20,590 vs. USD 12,368) [11]. In addition, another study
found that patients with relapse have significantly higher rates of hospitalization than
patients without relapse [12].

Currently, the public mental healthcare system in Singapore does not use digital
phenotyping models to predict treatment journeys, outcomes and any associated relapses
for patients. This results in late or no intervention, emergency department presentations,
and additional overheads for clinical and support staff. Thus, there is a pressing need
for the IMH to implement predictive solutions that can prognose rather than diagnose
depressive relapse.

1.2. Digital Phenotyping as a Way to Monitor Depressive Symptoms and Predict Relapse

Relapse in depression is common, with at least 50% of affected individuals having
one or more additional episodes in their lifetime, and approximately 80% of those with a
history of two episodes having another recurrence [8]. Unfortunately, relapses are often
identified late, which can lead to further exacerbation of symptoms, leading to avoidable
admissions [13].

If we can monitor patients to identify signs of relapse earlier, we can deliver earlier
interventions that can mitigate suffering and prevent readmissions. This will also allow
more efficient treatment of symptoms and improve delivery of services to those who
require interventions.

Digital phenotyping, defined as the moment-by-moment quantification of human
behavior and physiology using data from personal digital devices [14], is an emerging
approach that offers a potential solution to these limitations [15]. The concept of a digital
phenotype, which refers to the observable characteristics and traits of a person as they
interact with digital devices, emerged in 2015 [16]. CrossCheck, developed in 2016, was the
first system to use passive sensing data to predict mental health indicators [17]. Barnett
et al. used an anomaly detection system to predict relapse in schizophrenia [18]. Since
then, several studies have demonstrated associations between passive behavioral signals
collected by smartphones (such as mobility patterns, sociability, sleep and phone use) and
depressive symptoms [19-21]. This approach allows for continuous, low-burden monitor-
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ing and may detect changes earlier than traditional clinical assessments, highlighting its
potential value for identifying early changes preceding relapse.

Singapore has very high rates of smartphone penetration and internet connectivity. In
total, 97% of residents own smartphones and 99% of resident households connected to the
internet [22]. Thus, Singapore is a good location to test and implement smartphone-based
healthcare experiments. Indeed, several studies have used smartphone sensors to monitor
behavioral data. Mobile sensors have been used to passively collect GPS and location
data, sleep patterns, social activity and phone usage, all of which have demonstrated a
strong association with depressive symptoms [23-26]. Before deploying this approach in a
clinical setting, we needed to test our model accuracy, and its ecological validity. The main
objectives of this study were as follows:

1.  Investigate the feasibility of using mobile smart phone applications to actively and
passively to collect behavioral data;

2. Identify associations in behavioral data with clinical symptoms and relapse in depression;

3. Develop an algorithm, based on machine learning techniques, that will allow the early
prediction of relapses in depression;

4. Assess the efficacy of this algorithm.

1.3. Difficulty in Developing a Solution

Current solutions that try to predict treatment outcomes are typically hardware-based
(such as wearables or electroencephalography (EEG)), or require users to actively input
data onto their phones at periodic intervals [27-29].

It is not easy to collect data from the patients, because oftentimes, the conditions
experienced by patients prevent them from complying with the regular input of data such
as when they remove their wearables for a period of time. In addition, it has been shown in
several studies that wearable device adherence is often lower than what researchers would
prefer [30,31].

1.4. Roadmap for This Article

For this article, we will describe the materials and methods used in Section 2, elaborat-
ing on how this study was organized, the nature of the participants, and the methods used
for data collection, analysis, and machine learning model training. Next, we will cover
the results in Section 3, and describe the accuracy of the models we trained. After that,
Section 4 will include a discussion on the implications of our findings, and the limitations
of this study. Finally, Section 5 will include a summary of the conclusions.

2. Materials and Methods
2.1. Proposed Solution

Our primary goal was to create a smartphone-based application that was able to
effectively predict depression symptoms using passive sensing in MDD patients at IMH,
with HAMD-17 classifications taken as the ground truth. We also wanted to create a system
that only required passive data collection to work, because clinicians have noted in the past
that many patients do not want to spend additional time and effort to engage with clinical
apps. Our secondary goals were to predict MDD relapses in these patients, and to quantify
their anxiety levels.

While there are published works in the literature that have used digital phenotyping
to predict depression, usually, they employ active data collection methods, for example
integrating vocal recordings [32] or smartphone photographs taken by participants [28].
In contrast, here we describe a method that can monitor depression using passive data
detection only.
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Our proposed solution, the Sallie app, works with minimal user input because it
collects data passively from smartphones. Participants needed to install the app on their
smartphones and keep it running for the duration of the monitoring, but other than this,
no active input was required to collect data. Besides their smartphone, wearable sensors
were not part of this study. Figure 1 below gives an overview of the solution for patients
and clinicians.

Mobile interface for active
and passive data capture

Clinician premise

— ” 9 []u[]f“i@
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Prediction
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g Device storage (device _communication ’g Encrypted g Auto daily
, encryption) ) data store f backup |

Active data: Mood surveys (weekly), HAMD-17 (monthly)
Passive data: Location, movement, charging, light, usage

Figure 1. Overview of the app-based solution for predicting relapses in Major Depressive Disorder.

2.2. Study Design and Plan

This 3-month observational study remotely recorded mood data from 40 adults who
had been diagnosed with Major Depressive Disorder (MDD). The remote recordings were
passively tracked by smartphone sensor data. Participants also had their HAMD-17 scores
collected at the start of the trial, and every 30 days after that, until the 3-month period was
over. The study was conducted at the mood disorder unit of Institute of Mental Health
(IMH), Singapore.

Sample size calculations were determined using a power-based formula before the
study commenced:

PO‘?O{Zl w/2F21-p Z;Zé}
(p1—po)’

where:

po = proportion (incidence) of population;
p1 = proportion (incidence) of study group;
N = sample size for study group;

« = probability of type I error;

B = probability of type II error;

z = critical Z value for a given « or p.

The calculation assumed that the following:

po = 1.2%, the relapse rate of total Singapore population;
p1 = 10%, the relapse rate of the study population;

a = 0.05;

B =02

The calculation yielded a required sample size of N = 28. A total of 40 participants
were enrolled.
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2.3. Inclusion and Exclusion Criteria

Table 1 below describes the inclusion and exclusion criteria for this study. These criteria
were designed to recruit suitable participants while excluding those affected by psychotic
disorders. These disorders are associated with a lack of insight and low compliance rates,
which may complicate interpretations of the results [33].

Table 1. Inclusion and exclusion criteria for this study.

Inclusion Criteria Exclusion Criteria

Patients who have been
diagnosed with depression
using the Structured Clinical
Interview for DSM-V (SCID-5)
Currently in clinical remission

of depression, as defined by Patients not in remission at the point of recruitment
HAMD-17 scores less than 7
Aged over 21 years
Other psychiatric comorbidities
such as substance use are allowed
Lives in Singapore
English-speaking
Participant owns and uses a
smartphone that is able to
launch the application
Able to provide informed consent

Patients diagnosed with any of the psychotic
disorders using the Structured Clinical
Interview for DSM-V (SCID-5)

2.4. Withdrawal from Therapy or Assessment

Participants were informed that they were free to withdraw from the study at any
time without any negative consequences to their treatment. The investigator could also
withdraw participants from the study if they deemed it appropriate for safety or ethical
reasons, or if they considered the study to be to be detrimental to the participant’s well-
being. Participants who withdrew or were withdrawn completed a clinical review at their
following visit for safety monitoring.

IMH fully documented any withdrawals that occurred during the study. Any with-
drawal related to an adverse event (AE) or a serious adverse event (SAE) was reported to the
NHG DSRB according to standard requirements. Figure 2 below shows how the disposition
of the study participants, and Table 2 summarizes their demographic information.

Table 2. Demographic information of study participants. More granular information on participant
age was not made available to researchers, in order to preserve patient privacy.

Count
Age range
21-30 22
3140 10
41-50
51-60
Gender
Male 17
Female 23
Total 40
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Assessed for eligibility n = 89

Excluded n =49

Not meeting criteria n = 10

Declined to participate n =29

Other reasons n = 10

Enrolled for study n = 40

Completed 30 days n = 37 Lost follow up after 30 days n =3
Completed 60 days n = 35 Lost follow up after 60 days n = 2
Completed 90 days n = 30 Lost follow up after 90 days n =5

Figure 2. Flowchart showing the disposition of participants in this study, reported using CONSORT
guidelines [34].

2.5. Study Schedule

Participants received the Sallie mobile app upon prescription by their clinician. After
consent-taking, participants were instructed to use Universal Health’s Sallie app and
answer questions about their mood via clinical rating scales. At the end of every 30-day
period, clinicians recorded the participants” depression scores via rating scales and received
feedback on the app, for a total of 3 follow-up visits over 90 days.

Research staff assisted participants with the download, installation, and configuration
of the application. The Sallie mobile application was available on the Google Store and
Apple App Store platforms and configured to start data collection once the application
was installed. Data collection would only stop when the application was uninstalled.
Participants were instructed to keep their phones with them throughout the day with
sufficient battery charge over the 90 days.

2.6. Smartphone Data Collection for Digital Phenotyping

The Sallie app recorded several metrics which were later used to predict HAMD-17
scores. Participants were prompted once daily to record their mood using a single in-app
question “How are you feeling today”, rated from 1 (worst possible mood) to 10 (best
possible mood). This was the only active data point requiring user interaction.

For passive data collection, the Sallie app collected the following metrics on a
daily basis:

Activity: total step count.

Activity type: classified as stationary, walking, running or moving in a vehicle.
Charging: time the phone is currently connected to a charger.

Device usage: amount of time the screen was locked or unlocked.

Ambient light: measurements from the phone’s light sensor.

Location: GPS-based location data.

https:/ /doi.org/10.3390/app16073582
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2.7. Machine Learning Models for Predicting HAMD-17 Scores

We trained and tested machine learning (ML) models to predict HAMD-17 scores
using three techniques: logistic regression, decision tree, and random forest. The models
were trained on features extracted from three data modalities: activity metrics (weekly
average and standard deviation of step counts), activity type features (average and standard
deviation of active minutes and percentages), and location-based features (scatter patterns,
cluster counts, and core location metrics). Although the app collected a brief daily mood
rating, this self-reported item was not included as a predictor in the machine learning
models due to low completion rates and our focus on passive sensing. All models were
trained and tested on Python 3.11, using the scikit-learn library [35].

While there are other machine learning models such as deep learning (DL), we decided
on these three models because our dataset was relatively small, and DL models are prone
to overfitting and poor generalization in such cases [36]. Instead, we selected logistic
regression since it is a simple model. The decision tree method, and its bootstrap aggregated
cousin the random forest, were selected because they are robust and can work effectively
when processing small datasets.

2.8. Machine Learning Hyperparameters

Logistic regression takes in linear inputs, applies a sigmoid logistic function, and
outputs probability values [37]. For 2 class prediction, a threshold of 0.5 was used; if
the output of the function was less than 0.5 then it is considered to be in one class, if the
output greater than 0.5 then it was considered to be in the other class. When 3 or more
classes are involved, a probability value was calculated for each class, and the output
considered to be in the class with the highest probability value. We used the default
scikit settings as hyperparameters, comprising L2 regularization, the Limited-memory
Broyden-Fletcher—Goldfarb—Shanno solver, and a maximum of 100 iterations.

The decision tree algorithm starts with the entire dataset as a “root” node, and then
sequentially constructs “branches” which divide the dataset based on input features, eventu-
ally leading to “leaves” which are the class label outputs [38]. For our decision tree, we used
the following hyperparameters: Max_depth = 8, Min_samples_leaf = 3, Max_features = 8.

Random forest is an ensemble method that works by aggregating multiple decision
trees and combining their outputs to come to a consensus [39]. We configured the Random
Forest with 100 decision trees (n_estimators = 100) to balance model complexity and
overfitting risk. We set the maximum tree depth to 5 (max_depth = 5) and required a
minimum of 5 samples per leaf node (min_samples_leaf = 5) to limit overfitting.

For both the decision tree and random forest algorithms, we obtained the hyperpa-
rameters via grid search, since this is computationally feasible for small models such as the
ones described here [40]. All models were evaluated using stratified 5-fold cross-validation
to maintain class distribution across folds. Cross-validation was selected as a method of
evaluating the effectiveness our models, as it is commonly used for this purpose in the field
of machine learning [41-43].

3. Results

We analyzed the data collection completion rates, data quality, statistical correla-
tions of passive data captured, and modeled the variables with the HAMD-17 scores and
relapse scores.

3.1. Maintaining Data Collection over the Study

We recorded many types of data using the study. Table 3 below describes how much
data the app was able to collect from participants over the course of the study.
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Table 3. Data capture rate from the Sallie app over the study. Percentages indicate the data collection
rate: the mean number of days, among all participants, that this data type was collected by the app.
Days with partially collected data were counted as having data. “Active—Mood survey” refers
to participants actively inputting their mood into the app, and it was the only active form of data
collection; all other data were collected passively via smartphone sensors. Passive data metrics
are also listed (a more detailed description of each metric is available in Section 2.6). The next
column, “Average passive engagement”, shows the mean data collection rate across all passive data
metrics. Finally, the last column shows the difference between “Active—Mood survey” and “Average

passive engagement”.

Follow-Up
Count (n)

Mean Duration of Recording (Days)

Active—Mood Survey
Passive-Activity
Passive-Activity Type
Passive-Charging
Passive-Device
Passive-Light
Passive-Location
Average Passive Engagement
Engagement Difference

1st 37

[6})
(o))

36% 83% 82% 64% 71% 85% 69% 75% 40%

2nd 35

73

22% 84% 84% 61% 68% 86% 61% 74% 52%

3rd 30

107

15% 79% 78% 54% 64% 79% 53% 68% 53%

In practice, complete data capture from the Sallie app was not feasible because
participants did not always keep their phones on, restricted certain sensor permissions
(e.g., location services) or did not complete the in-app surveys. By the third follow-up, the
mood survey was only filled up for 15% of participant-days. However, the passive data
metrics were still being collected at a mean rate of 68%, which is 53% higher than the active
survey rate.

Engagement with the active mood survey decreased from 36% at the first follow-up to
15% at the third. Passive data collection showed a smaller reduction, decreasing from 75%
to 68% in the same period. The passive light metric, collected constantly by the ambient
light sensor on Android phones, was not available for Apple iPhones when the screen was
locked, due to Apple policies. We therefore excluded it from subsequent analyses due to
inconsistent data availability.

3.2. Predicting HAMD-17 Scores

Here, we report how we predicted HAMD-17 scores using the smartphone metrics
recorded. Based on the completeness of passive data collected (see Table 3), and advice from
clinicians, we focused on the “Activity”, “Activity type”, and “Location” data modalities.
The active mood survey data was not included in training these models.

Three separate models were trained on individual datasets for Activity, Activity Type,
Location. Another model was trained on combined data using all modalities.

For every dataset, we trained machine learning models to predict three types of output
classes. The models were trained to produce either two-class, three-class, or four-class
outputs. The class definitions are stated below in Table 4.

https:/ /doi.org/10.3390/app16073582


https://doi.org/10.3390/app16073582

Appl. Sci. 2026, 16, 3582

9of 15

Table 4. Output classes for machine learning classifiers. Our machine learning models were trained
to output either 2, 3, or 4 classes, with the class boundaries defined by HAMD-17 scores.

Number of
Output Classes

2 Classes

3 Classes

4 Classes

Output classes

HAMD-17 score < 16—None to mild

HAMD-17 score < 16—None to mild

HAMD-17 score < 7—No depression

depression depression
HAMD-17 score > 17—Moderate to 17 < HAMD-17 score < 23—Moderate 8 < HAMD-17 score < 16—Mild
severe depression depression depression
HAMD-17 score > 24—Severe 17 < HAMD-17 score < 23—Moderate
depression depression
HAMD-17 score > 24—Severe
depression

While training the models, we used five-fold cross-validation to validate the results.
We decided to use accuracy as a metric to evaluate the effectiveness of our models, since
this is a commonly used metric in machine learning studies [44]. The results of average
classification accuracy across five folds for HAMD-17-based depression classification are
summarized in Table 5 below. We have also included bootstrapped 95% confidence intervals
and macro F1 scores.

Table 5. Mean accuracy of classifying HAMD-17 scores using various machine learning techniques,
and 2 to 4 output classes. LR represents logistic regression, DT represents decision tree, and RF
represents random forest. The upper table presents model accuracy with 95% confidence intervals
after 10,000 repetitions of 5-fold cross-validation. The lower table presents macro F1 scores.

HAMD-17 Class Prediction Accuracy—5-Fold Cross-Validation
2 Class Output 3 Class Output

Accuracy & 95% 4 Class Output

CI (%) LR DT RF LR DT RF LR DT RF
Activity 66 + 11 78 £ 10 88+9 66 + 11 75+ 11 78 £ 10 65+ 11 66 + 11 75+ 10
Activity type 70 £ 11 66 = 10 78 £10 70 £ 10 72+ 10 72+ 11 65+ 10 70 £10 70 £ 10
Location 66 + 11 72 £10 72 £11 66 + 11 68 + 11 66 + 11 68 £ 11 66 + 11 66 + 12
All combined 72 +10 82+9 91+9 72+ 10 78 £10 88+9 68 + 11 72+ 10 78 £ 10

2 Class Output 3 Class Output 4 Class Output

Macro F1 Scores — ¢ DT RF LR DT RF LR DT RF

Activity 0.58 0.71 0.82 0.55 0.66 0.70 0.52 0.55 0.65

Activity type 0.63 0.59 0.72 0.60 0.64 0.65 0.53 0.60 0.62

Location 0.58 0.65 0.66 0.55 0.60 0.58 0.56 0.55 0.57

All combined 0.65 0.76 0.86 0.62 0.70 0.80 0.57 0.63 0.69

We found that all the models predicted HAMD-17 classes better than chance level.
Nonetheless, out of the three ML models we used, we found that the random forest algo-
rithm consistently performed as well as, or better than, the logistic regression and decision
tree approaches. Accuracy was lower as the number of classes increased; this is to be
expected as changing the number of output classes trades off accuracy for granularity. Also,
we found that combined models (using all of activity, activity type, and location features)
performed better than models which only included one of these features, validating our
approach of combining multiple modalities when training predictive models. Macro F1
scores follow the same pattern; the scores were higher when predicting a smaller number
of classes, when combining all 3 input features, and when using random forest method.

3.3. Predicting Depression Relapse

During the study, four patients relapsed and were admitted to hospital. We used the
passive data we collected to train models to predict these relapsed patients as well. Table 6
below shows the accuracy of these models.

https:/ /doi.org/10.3390/app16073582
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Table 6. Mean accuracy of classifying depression relapse using various machine learning techniques.
Since we were comparing “relapse” with “no relapse”, there were always two output classes. LR
represents logistic regression, DT represents decision tree, and RF represents random forest.

Depression Relapse Prediction Accuracy—5-Fold Cross-Validation

Model
LR DT RF
Activity 68% 79% 83%
Activity type 62% 68% 76%
Location 72% 79% 79%
All combined 76% 83% 86%

Once more, we found that the random forest algorithm had greater predictive value
than the logistic regression and decision tree models, and that using models that com-
bined all the features produced more accurate results than models that used one type of
feature alone.

3.4. Predicting Anxiety Scores

We also explored whether anxiety levels could be predicted from digital phenotyping
features. Anxiety was operationalized using the sum of HAMD-17 items 10 and 11, yielding
a score ranging from 0 to 8. A random forest model was trained on data from all participants,
using the same input features and hyperparameters as described in Section 2.7, with the
accuracy calculated using five-fold cross-validation. The results of this model are plotted
below in Figure 3.

Predicted vs actual anxiety scores
7 -
61 '
5 -

ESN
[l

Predicted scores
- N w
'l L
-,

Lo
I Il
P

2]

_3 T T T T T 1

-1 0 1 2 3 4 5
Actual scores

Figure 3. Predicted vs. actual anxiety scores. The y-axis represents predicted anxiety scores while
the x-axis represents actual anxiety scores. Each blue point represents an observation of a predicted
anxiety score and the actual anxiety score. The grey plot x = 0 and y = 0, while the diagonal dashed
line plots y = x. In an ideal model where all predictions are completely accurate, all points should lie
on this dashed line.

When comparing the predicted scores with the actual scores, we found that the Pearson
correlation coefficient was 0.78, with a p-value of 1.67 x 10~!4. We found that the model
was able to predict anxiety scores far better than chance level, indicating that our digital
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phenotyping technique was able to detect measurable signals correlated to anxiety scores
despite the small sample size.

4. Discussion

There is still a stigma towards mental illness, both in Singapore [45,46] and world-
wide [47]. Stigma can discourage help-seeking and reduce treatment engagement. Aug-
menting clinical care with passively collected smartphone data may help address some of
these barriers by providing patients and clinicians with continuous, objective indicators of
behavioral change, complementing traditional self-report and clinical assessments.

Consistent with prior digital phenotyping research [48], we found that disengagement
from active smartphone surveys was substantially higher than disengagement from passive
sensor data. Singapore’s high smartphone penetration [49] likely contributed to stable
passive data capture, as participants were likely to carry their phones around regardless of
their activities. This is important in MDD, where low motivation and energy often lead
to disengagement from psychiatric treatment as well as from app-based surveys [50,51].
Indeed, while data capture rates were relatively high even at the third follow-up (68%),
active survey completion was much lower (15%). Encouraging patients with MDD to
adhere to treatment and research schedules is an issue that continues to challenge patients,
clinicians, and researchers. As passive monitoring does not depend on patient effort, it
can continue during periods when low motivation or mood symptoms reduce engagement
with active assessments, supporting detection of clinically relevant changes.

Our machine learning models exhibited a higher degree of accuracy when combining
multiple smartphone data modalities. Future studies could extend these modalities to
include others that are useful in predicting the mood states of patients. In addition, future
studies could incorporate other methods of machine learning that we have not yet tested,
such as neural networks or support vector machines, to improve predictive performance.

We were unable to use the “passive light” metric, because Apple phones do not
have data from the ambient light sensor available to apps when the screen is locked.
Unfortunately, we cannot do anything about this. Ultimately, it is the producers of phone
operating systems who have control over what kinds of data can be passively collected by
app developers, and changing privacy policies can affect this as well.

In addition, we found that our random forest model for anxiety (in Section 3.4) pro-
duced negative scores in some cases. For future studies, we can improve prediction accuracy
by implementing machine learning models that do not output negative values, e.g., by
changing the model output to classification labels, clipping the outputs that fall outside the
input range, or by clamping the output with a function such as the logistic function.

These findings should be interpreted in light of the study’s small sample size
(n = 40, with 30 individuals completing the full 90-day study), which limits generaliz-
ability and constrains model performance. This is especially the case for MDD relapse
prediction, because only 4 participants experienced relapse during the study. In addition,
the small dataset meant that we could not implement methods such as random under-
sampling to balance the data classes, as we would also end up losing large amounts of
useful information [52].

Larger and more diverse datasets will be needed to validate these associations and
to develop more robust predictive models. Even though the sample size was small, the
presence of a detectable behavioral signal suggests that scaling to larger datasets could
meaningfully enhance predictive accuracy.
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5. Conclusions

This study contributes to the validation of our digital phenotyping approach, con-
sistent with recognized frameworks for verification, analytical validation and clinical
validation [53]. We found that HAMD-17 class predictions were best when combining
the activity, activity type, and location features, then using a random forest to predict
2 classes. This produced an accuracy of 91 &+ 9%, with a macro F1 score of 0.86. We also
found that a random forest model could predict anxiety scores better than chance level,
with a Pearson correlation coefficient was 0.78 and a p-value of 1.67 x 10~'4. Overall, our
findings highlight the potential of passive smartphone sensing to support early detection of
MDD relapse, as well as anxiety sub-scores of the HAMD-17 scale. This technology has the
potential to help IMH clinicians identify patients who are at a greater risk of MDD relapse
using digital phenotyping. Clinicians can therefore focus their efforts on these patients,
improving clinical outcomes and allocating healthcare resources more effectively. We hope
that our findings can eventually enable more timely and effective clinical intervention.
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