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Abstract Depression is a serious global mental health illness that causes significant suffering to the individual and
social impairment in their lives. Compared to the general population, depression shows a higher prevalence among
college students. With recent advancements in digital phenotyping data analysis to infer depressive symptoms,
machine learning (ML) techniques have been increasingly employed to indicate behaviors related to potential
depressive profiles (PDP). However, despite the growing body of work on ML usage to detect depression, few studies
have focused on data preprocessing approaches to handle missing values in datasets that go beyond common data
imputation. In this study, we conducted a series of experiments to evaluate the combination of data preprocessing
methods and ML algorithms for effectively classifying PDP and non-PDP students using data from the Amive
project. The primary challenges were implementing a data processing workflow to address missing values and class
imbalance, common issues in digital phenotyping datasets, and selecting algorithms capable of handling such data.
The experimental results showed promising outcomes, with individual classification models, including Random
Forest, XGBoost, and SVM(rbf), achieving accuracies of 77%, 75%, and 76%, respectively. The best performance
was obtained by training on datasets that went through outlier filtering, specifically removing rows with four or more
missing values. This combination of data preprocessing approaches and ML algorithms resulted in a Random Forest
classification model with the best performance ranging between 77% of accuracy and with mean errors metrics of

AUC and MCC above 0.5.
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1 Introduction

Major depression is a serious global mental health illness that
causes suffering for the individuals affected as well as so-
cial impairments. Unlike regular mood changes, depression
significantly affects all aspects of personal life, including
relationships, work, study, and social functioning [World
Health Organization, 2024]. It is estimated that around 4%
of the world population experience depression or depressive
symptoms World Health Organization [2024]. Pre-pandemic
data indicate that approximately 7% to 26% of the Ameri-
can population suffered from depression [Eichstaedt ef al.,
2018]. With the onset of the COVID-19 pandemic, there
was a significant increase in depression and anxiety cases
worldwide, around 25% [World Health Organization, 2022].
Furthermore, according to Meleiro et al. [2023], Brazil has

the highest number of depression cases compared to all other
countries, with depression affecting 9.3% of the population.

In the university environment, which is the focus of this
study, students appear to carry a disproportionate burden of de-
pression compared to the general population [Lauckner et al.,
2020]. In this context, Ibrahim ef al. [2013] conducted a sys-
tematic review of studies on the prevalence of depression in
college students around the world, finding that the prevalence
of depressive symptoms was around 30%. Similar surveys of
depression prevalence among Brazilian students have found
a prevalence of approximately 30-51% [Pacheco et al., 2017,
Lima et al., 2025]. During the pandemic, the prevalence
of depression among university students was around 39.2%
[Schuch et al., 2023].

The diagnosis of major depressive disorder in an individual
can be made by identifying five or more symptoms, as defined
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by the Diagnostic and Statistical Manual of Mental Disor-
ders (DSM-V). These symptoms include weight loss or gain,
changes in appetite, insomnia or hypersomnia, psychomo-
tor agitation or retardation, fatigue or low energy, feelings
of worthlessness or guilt, decreased concentration or indeci-
siveness, and recurrent suicidal thoughts. For a conclusive
diagnosis, at least one of the symptoms must be associated
with a depressed mood or loss of interest or pleasure [Ameri-
can Psychiatric Association, 2013].

Treatment for mental health illnesses requires time and
close monitoring by domain experts, as the diagnosis typi-
cally occurs through observation of the individual’s behavior
and emotions along time, rather than based on a single symp-
tomatic episode [American Psychiatric Association, 2013].
Therefore, depression requires a comprehensive model of care
and monitoring, not limited to pharmacological treatments. In
response to this need, there has been a significant increase in
research aimed at supporting the diagnosis and intervention
of depression and other mental health issues [Wang e? al.,
2018; Doryab et al., 2019; Alves et al., 2023; Hu et al., 2023].
In this context, research in computing, particularly in the
fields of Human-Computer Interaction (HCI), mobile Health
(mHealth), and Machine Learning (ML), plays a significant
role in the development of computational systems to support
the detection and monitoring of mental health symptoms.

A systematic review of HCI research works in ML and
mental health detection, conducted by Thieme ef al. [2020],
revealed a prominence of studies that aimed at supporting
and detecting depression symptoms, often through behavioral
monitoring using analyses of social network posts, mobile
device data, and evaluation questionnaires. This review also
highlighted that some studies have explored the use of perva-
sive technologies to passively collect data for building ML
models.

This pervasive data collection, often physiological, is com-
monly referred to as Digital Phenotyping [Davidson, 2022],
it is characterized by the moment-by-moment quantification
and analysis of the human phenotype using data from digital
devices, like smartphones and smartwatches [Torous et al.,
2016]. Since most of these devices are present in individu-
als’ daily lives, digital phenotyping is an efficient method
to measure and monitor human social and physiological be-
havior. In general, digital phenotyping is divided into active
and passive data categories [Melcher et al., 2020]. Within
the scope of passive data, daily actions of individuals can be
monitored to identify behaviors and other indicators that may
correlate with symptoms of depressive disorders [Akbarova
et al., 2023; Alves et al., 2023].

Santos et al. [2024], presented a literature review and tax-
onomy of the uses of digital phenotyping data in ML research
which demonstrated that most works are categorized in the
health disorders domain, with 96 studies focusing on this area.
As revealed by the authors, the most explored disorders are
mental disorders, particularly related to mood and depression
issues. In the data domain of these studies, passive sensing
from smartphones and wearable devices was also highlighted
as the most prominent source.

Thus, a growing number of research works are exploring
the use of behavioral data collected from digital phenotyping
to detect depression symptoms that correlate with those es-
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tablished in the DSM-5, such as poor sleep quality, agitation,
fatigue, and lethargy. An example of the relationship between
this type of data and the depressive symptoms that can be
inferred is presented in Table 1, based on Saud [2023].

Table 1. Relationship between mobile sensor data and symptoms
described by the DSM-V

DSM-V Symptoms Corresponding Sensor Data

Depressed Mood Text messages, heart rate

Usage time
Loss of Pleasure/Interest 8
GPS, step count, text messages

Weight Loss/Gain Food intake monitoring

Sleep monitoring
Insomnia or Hypersomnia Accelerometer

Gyroscope

GPS

St t
Agitation, Lethargy, and Fatigue °p 'coun o
Physical activities

Heart rate

Feelings of Worthlessness or Guilt | Text messages

Suicidal Thoughts Text messages

Source: Adapted from Saud [2023]

Another example is presented by Wang ez al. [2017], in
which a smartphone app called StudentLife was developed
to automatically and continuously collect data from college
students. The primary objective of their research was to infer
the correlation between students’ behaviors and their Grade
Point Average (GPA). They discovered that the collected
data strongly correlated with a broad set of mental well-being
measures, such as the Patient Health Questionnaire-9 (PHQ-9)
and the Perceived Stress Scale (PSS).

Even though recent ML studies have have shown promis-
ing findings in depression detection using sensor data, the use
of digital phenotyping data with ML has its limitations and
challenges, as highlighted in Santos ef al. [2024], digital ph-
neotyping datasets often presents noisy data, missing values,
incomplete data and small sets. In this scenery, most of the
recent studies deal with these limitations relying only on data
imputation methods to handle missing values or class imbal-
ance. Considering the nature of the problem of depression
identification with human data collected by mobile sensors,
training ML models with artifically imputed data points may
not be suitable for the sensitivity of the problem.

Although recent ML studies have shown promising results
in depression detection using sensor data, the use of digital
phenotyping data with ML presents several limitations and
challenges. As highlighted in Santos et al. [2024], digital
phenotyping datasets often contain noisy data, missing values,
class imbalance, and small sample sizes. In this scenario, most
recent studies address these limitations primarily by relying
on data imputation techniques to handle missing values or
class imbalance. However, considering the sensitive nature
of depression identification using human data collected from
mobile sensors, training ML models on artificially imputed
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data points may not be and ideal approach.

Beyond the challenges related to data processing, there is
also an issue concerning data representativeness. Most related
studies conduct their analyses and train their models using
data from Global North populations, leaving individuals from
the Global South underrepresented in this type of research. In
this context, this paper proposes the development of an ML
classifier model designed to identify potential depressive pro-
files (PDP) in college students from a university in a global
south country, using digital phenotyping data from smart-
phones and wearable devices while also investigating data
preprocessing approaches to minimize minimize the quantity
of imputed data. This work is part of the Amive Project !,
a computational solution aimed at developing an interactive
system capable of real-time identification and intervention
for PDP among college students. The contributions of this
paper are as follows:

e Feature selection and extraction from the Amive
Database, focusing on building a set of variables that
can be used to infer the depressive symptoms described
in Table 1.

e Data preprocessing workflow with three experimental
approaches to handle missing values, including an outlier
filtering step and testing different subsets combined with
data imputation for training.

e ML classifier development experiments combining com-
monly used ML algorithms, evaluating the performance
of models trained with each subset constructed in the data
preprocessing step, and also testing both single models
and ensemble model approaches.

e An ML model developed to classify PDP based on digital
phenotyping data from Brazilian college students.

The structure of this paper is organized as follows: Section
2 presents previous research that has explored the use of ML
techniques for the prediction and identification of depression
and mental health issues. Section 3 introduces the Amive
Project, detailing its computational infrastructure, integrated
systems and the context in which this research is situated.
Section 4 presents the experimental proposal, describing the
data collection, data preprocessing method, labeling and fea-
ture selection for ML model’s training, the choice of classifier
algorithms to be tested and the classification workflow for
model training. Section 5 shows the results and discussion
about the model’s performance and the impact of data pre-
processing approaches on the predictive task. Section 6 con-
cludes the paper by describing the main findings and possible
directions for future works.

2 Related Works

The convenience of passive data collection from wearable
devices has supported research to explore this type of data
for monitoring college students’ behaviors that can indicate
depression symptoms. Melcher et al. [2020] conducted a
clinical review of 25 studies from 2014 to 2020 that utilized
digital phenotyping data to assess college students’ mental

' Amive Project: https://amive.ufscar.br/english
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health. Some of the findings from their research are of partic-
ular interest to this paper, such as the number of participants,
the duration of the study, and the types of data, whether pas-
sive or active. In general, most studies had an average of
81 participants, with a duration of 6 weeks. Most of them
used some form of active data collection, such as ecological
momentary assessments (EMAs) and health-based question-
naires like PHQ-8 and 9, PSS, and The Depression, Anxiety
and Stress Scale (DASS). Meanwhile, passive data included
smartphone sensor data, such as location, screen time and
usage, and accelerometer data.

Wang et al. [2018] report a study conducted with 83 stu-
dents from Dartmouth College over 9 weeks, aiming to ana-
lyze the correlation between the behavioral data collected and
the PHQ depression scale. The passive behavioral data were
collected through the StudentLife smartphone app and the
Microsoft Band 2. The sensing data included GPS location,
accelerometer, audio, screen usage, and heart rate, and these
data were categorized into DSM-V symptom features such as
sleep changes, diminished ability to concentrate, interest and
pleasure, and depressed mood. As ground truth, the PHQ-
8 was administered at the beginning and end of the study,
while the PHQ-4 was administered once a week through the
smartphone app. To evaluate the sensing data in comparison
with the PHQ-8 and PHQ-4 scales, a Lasso Linear Regression
model was used. The performance achieved by the linear
model was around 81% precision, and the reults also revealed
a strong correlation between the digital phenotyping data and
the depression scale questionnaires.

Doryab et al. [2019] explored the potential of passive sens-
ing data from smartphones and wearable devices to detect
digital phenotypes associated with loneliness among college
students. In their research, data were collected from 160
college students over a semester, using smartphones and the
Fitbit Flex 2 to capture activity levels, mobility, communi-
cation, phone usage, and sleep data. Similar to other studies,
they also collected active data from the University of Cal-
ifornia, Los Angeles (UCLA) Loneliness Questionnaire at
the beginning and end of the study, using the questionnaire’s
scores as metrics for classification. For analysis, they em-
ployed a combination of statistical, data mining, and ML
algorithms. The ML classifier was used to infer the level of
loneliness using an ensemble of linear regression and gradient
boosting algorithms. With the combination of these methods,
they were able to classify students on the UCLA scale with an
accuracy of 80.2% and detect fluctuations in loneliness levels
with an accuracy of 88.4%. These findings suggest some effi-
ciency in using a combination of health questionnaires and
ML techniques to identify and classify loneliness and other
issues. The authors also highlighted the risks of loneliness
and social isolation, noting that loneliness is associated with
high rates of depression and other mental health issues.

The use of ML with digital phenotyping data has been
explored for the detection of depression symptoms. For ex-
ample, in Ware et al. [2020], the authors utilized GPS and
Wi-Fi data from the smartphones of 182 students to iden-
tify depressive symptoms using the Support Vector Machine
(SVM) algorithm. Similar to the studies discussed previ-
ously, they collected data through a smartphone app and used
questionnaires (PHQ-9 and QIDS) to assess the participants’


https://amive.ufscar.br/english

A Machine Learning Classification Model for Identifying College Students
with Depression Based on Digital Phenotyping

depression levels, achieving F1-scores of 0.86 and 85% pre-
cision.

Asare et al. [2022] studied whether self reported mood and
feelings, along with data from passive sensing devices, could
be used to classify individuals as depressed or non-depressed.
They conducted a longitudinal study collecting data from
smartphones and the Oura ring (which tracks physical activity
and mood). Their work gathered information about GPS
mobility, physical activities, sleep quality, and phone usage to
delineate the differences between the two groups, to develop
machine learning classification models for depression. In
their study, they used the Depression Anxiety Stress Scale
(DASS) for data labeling and algorithms such as XGBoost
and SVM for classifier modeling, achieving accuracy of 77%
and 81%, respectively.

As cited in Santos et al. [2024], some studies have fo-
cused on monitoring mood changes in participants diagnosed
with Major Depressive Disorder (MDD) to evaluate the feasi-
bility of ML models for classifying, analyzing, and predict-
ing depressive behavior using digital phenotyping data from
smartphones and wearable devices. For instance, Pedrelli
et al. [2020] conducted a study assessing depressive symp-
toms using behavioral and physiological data from mobile
devices. They employed ensemble boosting and Random For-
est models trained on three data combinations: smartphone
and wristband data, smartphone-only data, and wristband-
only data, achieving the lowest Root Mean Squared Error
(RMSE) of 4.08%. Similarly, Bai et al. [2021] evaluated
the use of passive smartphone and wristband data with ML
models to monitor mood changes in MDD patients. Their
app, Mood Mirror, collected phone usage, GPS, app logs,
heart rate, sleep, and step data. Data labeling relied on PHQ-
9 questionnaire results administered three times during the
study, segmenting the dataset into specific intervals. The
tested ML models included Random Forest, SVM, Decision
Tree, Logistic Regression, Naive Bayes, and KNN. The most
effective features were sleep, steps, heart rate, and phone call
logs, with Naive Bayes, Decision Trees, and Random Forest
achieving the best performance, ranging between 76 to 81%.

Furthermore, as there is no model that fits every type of
predictive task [Ahmed and Ahmed, 2023], several studies
have investigated the combination of various ML techniques
and algorithms to infer depression symptoms, with many in-
cluding those that are commonly used in the mental health
domain. For example, Srividya ef al. [2018] have explored
SVM, decision trees, K-nearest neighbor (KNN), and Logis-
tic Regression algorithms to identify mental health issues in
diverse target groups based on participants’ questionnaire
responses, with the SVM and KNN algorithms achieving
89% accuracy in classification. Hu et al. [2023] also used an
ensemble of various ML algorithms (SVM, KNN, Logistic Re-
gression, case-based reasoning, and decision trees) to classify
depression based only on sleep data from wearable devices.
The ensembles employed in classification task achieved 87%
of accuracy. A similar set of algorithms selected for classifi-
cation tasks can also be seen in research works like Sultana
et al. [2020].

Some recent works have not only focused on the combi-
nation of machine learning algorithms but also on data pre-
processing techniques. For instance, in Tate et al. [2020],
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the authors explored depression classification using Random
Forest, XGBoost, Logistic Regression, and SVM algorithms.
In addition to that, they conducted a statistical analysis of
the target dataset and noted an imbalance in the training set,
where positive cases of depression were the minority predic-
tive class. To address this issue, they artificially inflated the
dataset using the Synthetic Minority Over-Sampling Tech-
nique (SMOTE) in R, resulting in the Random Forest model
achieving the best performance in the predictive task, with an
AUC 0f 0.7399. Similarly, to handle missing values, Hu et al.
[2023] also employed an artificial method of data imputation
known as the Generative Adversarial Imputation Network
(GAIN), both. Both works resulted in promising improve-
ments in classification, with the authors attributing the good
models’ performance to the data imputation methods.

Overall, several similarities can be noted in related work,
particularly the frequent use of well-known validated algo-
rithms, such as Logistic Regression, SVM, KNN, and XG-
Boost, for depression classification tasks. Most studies also
rely on mental health assessment questionnaires (PHQ-9,
DASS, UCLA, EMA, etc.) as the ground truth and data label-
ing, and many propose strategies and techniques to address
data preprocessing challenges, such as class imbalance and
missing values.

However, there is still a lack of studies focusing on data
preprocessing experiments for handling missing values in
datasets used for ML model training, going beyond the com-
mon reliance on data imputation. This paper addresses this
problem by proposing a series of experiments in data prepro-
cessing, exploring different subsets of the original dataset to
identify which one provides the best construction for training
effective ML models. Additionally, in the context of ML
classifier construction, this study explores the combination
of widely used algorithms for depression classification tasks,
while also investigating different approaches, such as the use
of single models and ensemble learning models. These con-
tributions set this study apart from existing works. Moreover,
this research represents one of the first studies on address-
ing depression identification using ML in college students,
conducted in Brazil.

3 Backgroud

3.1 Amive

Seeking to support the implementation of mental health care,
the current interaction methods with mobile devices can be
explored as channels for personalized interventions, enabling
computational solutions to actively engage with individuals
who show symptoms of depression. In this context, to aid
in identifying depression symptoms by combining data from
wearable sensors with the analysis of ML algorithms and mod-
els, the Amive Project (Amive stands for three Portuguese
words: Friend, Virtual and Specialized) was developed. This
project offers a computational infrastructure endorsed by men-
tal health experts, that aims to be capable of real-time au-
tonomous identification and intervention for college students
with PDP.

The Amive computational infrastructure consists of a mo-
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bile app, installed on students’ smartphones, allowing the
data collection from smartwatch, along with systems running
on a server to process the user’s data. Its app contains fea-
tures to: (1) collect user’s digital phenotyping and textual
data; (2) offer interaction via chatbot; (3) provide virtual jour-
naling to record the user’s sentiment and (4) apply periodic
questionnaires about subjective feelings. The text data are
collected from the user’s posts on social networks (such as
Facebook or X, previous Twitter posts) and the app’s virtual
journal, while the digital phenotyping data are collected from
the user’s wearable sensors (smartphone and smartwatch).
All data collection was made with the student’s knowledge
and explicit consent.

In Amive’s current state, there are two separate ML models:
an NLP (Natural Language Processing) model to process
textual data, and the classification model proposed in this
paper to process sensor data. The first version of the Amive
app was used to collect data to the model’s training. The
platform also allows students to evaluate the collected data
through the app’s interface. Validated data is sent to the
database, while unapproved data is excluded from the training
set. This step ensures trust in the collected data by employing
a Human-in-the-Loop (HITL) [Tomaszewski, 2021] method,
involving human interaction with the ML models’ inputs and
outputs. Amive’s HITL approach was proposed in Alves et al.
[2023].

3.2 Introduction to selected ML Algorithms

A brief introduction to the algorithms selected for this study
is provided below:

LR : The Logistic Regression classifier is a linear probabilis-
tic model that estimates the probability of an instance
belonging to a specific class, often used in binary clas-
sification problems. It uses the logit transformation to
convert the output of a linear regression calculus into
probabilities, resulting in values between 0 and 1 as class
labels for classification [Srividya ef al., 2018]. This
algorithm was used for classification in two different
ways: in default mode and with the Limited-memory
Broyden-Fletcher-Goldfarb-Shanno (LBFGS) method,
an optimization technique that adjusts the parameters of
the regression model, storing fewer vectors and using
less memory.

DT : The decision tree classifier is a technique that uses
a hierarchical structure of nodes and branches, similar
to a tree representation that starts from the root and de-
scends to some leaf node, to provide classification of an
instance. Each node specifies a test on an attribute of the
instance, followed by a descending division where each
branch from that node corresponds to one of the possible
values for that attribute. This process is recursively re-
peated at each sub-node until a stopping criterion is met,
commonly when a predefined depth is reached or when
the final classification of the instance is made [Mitchell,
1997].

RF : The Random Forest algorithm is a technique that works
by creating multiple DTs. Each tree uses a random subset
of the dataset and evaluates a random subset of features
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at each tree node. The algorithm then aggregates the
results of all the trees, for classification problems, this
aggregation is done through a voting process [Lorena
etal., 2021].

SVM : The Support vector machines is a supervised tech-
nique that works by locating the hyperplane that best
separates instances into different classes. This hyper-
plane is chosen based on the distance between it and the
closest data points from each side, the optimal hyper-
plane is the one that maximizes this distance. A new
data point is classified based on each side of the hyper-
plane they’re assigned [Srividya et al., 2018]. The SVM
was also used in two ways: the default implementation
on scikit-learn library, called Support Vector Classifier
(SVC), and the SVM using Radial Basis Function (RBF)
as kernel.

KNN : The K-Nearest Neighbors is an instance-based clas-
sification method. It assumes that all data can be repre-
sented as points in an n-dimensional space. The algo-
rithm calculates the Euclidean distance between a new
data point and all previously classified points. Then,
it selects the k closest neighbors and assigns the most
frequent class among those neighbors to the new point
[Mitchell, 1997; Lorena et al., 2021].

N.B : The Naive Bayes classifier is a probabilistic algorithm
that bases its classification on the assumption that the
attributes of an instance are conditionally independent
given the class. It calculates the probability of an in-
stance belonging to a determined class based on the
products of the probabilities of its attributes [Mitchell,
1997; Lorena et al., 2021].

XGBoost : The XGBoost is an ensemble technique that com-
bines multiple DTs models. The modesl are created
sequentially, with each new tree aiming to reduce the
error made by the previous trees. In each iteration, the
algorithm uses gradient descent to optimize the loss func-
tion, adjusting the parameters of the trees.

4 Experimental Proposal

4.1 Data Collection

An initial study of the Amive project was carried out between
August and October of 2022 with the purpose of data collec-
tion for the ML models training. This first study included
the participation of 89 student volunteers from the Federal
University of Sdo Carlos, who were divided into two labeled
groups: students with depression and students without depres-
sion, considering the outcomes of the PHQ-9.

The data collection was conducted in a case-control type
study, divided into two phases. In the first phase, partici-
pants answered three questionnaires: (1) the PHQ-9, adapted
and validated for the Brazilian Portuguese language [Santos
et al.,2013], (2) a sociodemographic questionnaire, and (3)
the WHODAS 2.0. In the second phase, the students used the
Amive app for five weeks. During this phase, data was col-
lected from Facebook Social Network (SN) and smartphones
and smartwatch sensors (see Table 3). Additionally, phase 2
also included the application of questionnaires at specific pe-
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riods: the PHQ-9 was applied bi-weekly, the WHODAS 2.0
was applied monthly, and the subjective feeling questionnaire
was answered each time the app was accessed.

For sensor data collection, the Amive project used the
Galaxy Watch 4 smartwatch in combination with the Samsung
Health app”. Due to the limited availability of smartwatches,
28 devices were distributed among participants by an expert in
psychiatry at UFSCAR. The distribution prioritized students
who expressed interest in borrowing the device, consider-
ing their location across different university campuses, as
well as the sociodemographic information like gender, social
class, and field of study, to ensure an equitable allocation and
diversity in the sample, a better visualization of the sociode-
mographic data collected can be seen in Table 2. Students
who did not receive a smartwatch generated sensor data only
through their smartphones.

Table 2. Sociodemographic information collected

Category Information

Personal characteris- Date of birth, gender identity,

tics sexual orientation, marital status,
children

Family background = Parents’ education levels, family

income per capita, family struc-
ture, family provider

Academic profile Current academic level, field of
study, progress in course, campus
location, time dedicated to study,

prior education

Mental health Mental health professional follow-

up, use of psychiatric medication

4.2 Features and Labeling

To gather the training set, the features of interest were selected
from the collected data. The selection aimed to correlate the
sensor data, from smartphone and smartwatch, with depres-
sion symptoms, a possible correlation is presented in Table ??.
The correlation between sensor data and depression symp-
toms can be established using heart rate data, sleep duration
and quality, activity information, and self-reported subjective
feelings.

The Samsung Health app collects data from Galaxy Watch
devices and smartphones, processes this information, and
allows users to export their daily personal data as Comma
Separated Values (CSV) files. To simplify the features for the
training set, an inclusion and exclusion process was applied to
the sensor data, selecting only the most relevant features for
the model’s training, including the subjective feeling report
collected by Amive’s app. The relationship between sensor
data and depression symptoms and the derived features for
dataset generation is defined in Table 3.

2Samsung  Health:
samsung-health/

https://www.samsung.com/br/apps/
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Table 3. Relationship of data domain and features

Data Features selected

average heart rate
Heart rate average heart rate when awake
variance of heart rate
bedtime

average nightly sleep score

Slee number_of sleep interruptions
P wake up_time
sleep_duration

nap_sleep_score

average steps

S . distance traveled

Activity information L
exercised (boolean)

which_exercise_was_done_the
longest_in_a_day

Subjective feeling  predominant_subjective feeling

An important step in training ML models using supervised
learning is data labeling. For this reason, students were cat-
egorized as either PDP or non-PDP based on the results of
the last administered PHQ-9 questionnaire during the data
collection period. A score of 9 points or higher indicated
PDP, while a score of 8 points or lower indicated non-PDP.

4.3 Dataset and Data preprocessing

One of the most common problems when dealing with digital
phenotyping data is that the heterogeneity of devices and sen-
sors used during collection can cause data gaps in the dataset
[Santos et al., 2024]. In addition, the data collection relied on
users commitment by manually sending and collecting daily
data, as well as the full-time use of devices, which resulted in
many missing values.

These data inconsistencies may have occurred because
some participants did not effectively use the app, submitted
little or no data, or because the data was excluded during the
HITL (validation) process. To deal with the outliers, users
who either did not submit any data or provided insufficient
data were filtered out. As a consequence, our refined dataset
contains data from 32 students. This filtering process is de-
tailed in Saud [2023].

However, even after the filtering phase, there were still
some data gaps, and given that many ML algorithms are not
able to handle missing values, the dataset had to go through
a preprocessing step, resulting in three versions of the same
dataset. The preprocessing steps are: (1) data aggregation in
daily intervals; (2) user’s outliers filtering; (3) imputation;
and (4) features subsets combination for each dataset. Those
steps are illustrated in Figure 1.

The Dataset #1 is the standard dataset that went through
data preprocessing step. It contains features from all data
sources in the database and only users with data points for
all the features. Consequently, its final set consists of only
78 rows of data from 10 students, with approximately 82%
of the students labeled in the non-PDP group (false label),
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Outlier filtering
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PHQ-9

Self-report of

Sensor data

outcome

subjective feeling

MICE's imputation in R language > | CsV Dataset 1
Features subset's combination > | sV | Dataset2
— | csv Dataset 2

Figure 1. Data preprocessing workflow

resulting in a very imbalanced dataset.

Dataset #2 went through the same preprocessing steps as
the first one but included a combination of sensor data and
self-reported feelings. Additionally, outliers were removed
by filtering out rows with six or more missing values per
feature. This resulted in a final dataset consisting of 384 rows
from 32 students, with approximately 45% of the students
labeled in the PDP group (true label).

Dataset #3 was generated as a variation of Dataset #2. It
followed the same preprocessing steps, but in this case, rows
with four or more missing values were filtered out. As a result,
this subset contains 319 rows of data from 26 students, with
approximately 45% of the participants labeled in the PDP
group.

These versions and preprocessing steps were implemented
with the intent to experiment and test which approach in the
data preparation stage could result in a dataset more general-
izable by the ML algorithms. However, it is important to note
that all datasets are imbalanced to some extent, with dataset
#1 being the most imbalanced, despite containing only real
data, whereas datasets #2 and #3 are the most balanced. The
data preparation steps were implemented in Python and the
statistical language R. The imputation, when needed, was
implemented using R’s package, MICE 3 (Multivariate Impu-
tation by Chained Equations).

4.4 Classifier Selection

The classifier was built using supervised learning techniques,
specifically employing the fixed-effect statistical modeling

3R-project. “mice: Multivariate Imputation by Chained Equations”.
https://cran.r-project.org/web/packages/mice/index.html

approach. The model uses an ensemble learning method,
combining traditional ML algorithms, including Logistic Re-
gression (LR), Decision Trees (DT), Support Vector Machines
(SVM), Naive Bayes, K-Nearest Neighbors (KNN), XGBoost,
and Random Forest. The classification algorithms were cho-
sen based on the nature of the intended classification type,
which is binary classification (PDP or non-PDP). Furthermore,
our dataset is limited in size, which is a common issue in dig-
ital phenotyping datasets, as noted in Santos et al. [2024]. In
this context, traditional ML techniques are generally more
reliable for training on small datasets. Recent studies in the
ML field have employed deep learning for classification prob-
lems. However, this approach would not be suitable for our
research problem, as deep neural networks often involve a
considerable number of parameters that require substantially
more data to achieve reliable estimations and to avoid overfit-
ting [Goodfellow et al., 2016]. In this context, we decided to
employ traditional ML algorithms in the experiments. Addi-
tionally, these algorithms are also commonly used in similar
and related works (see Section 2).

The ensemble learning method is a machine learning tech-
nique that combines the predictions of multiple classifier
algorithms. This combination is performed through a voting
process, where each algorithm casts a “vote” for the predicted
class of a data point. The voting can be done by means of
standard voting, where the class with the most votes is cho-
sen as the final classification and all classifiers’ votes carry
equal weight, or via weighted voting, where each classifier
is assigned a specific weight Lorena ef al. [2021]. All of
the algorithms used were implemented using the Python’s
scikit-learn library *.

“https://scikit-learn.org/stable/supervised_learning.
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4.5 Experimental Design and Performance
Evaluation

Following the definition of the classifiers algorithms and the
training sets, the classification and training process involved
the following steps: (1) extracting the input data and labels for
supervised learning from the processed datasets; (2) extracting
the selected features from the input data; (3) training the
classifier algorithms using cross validation approach, using
k-folds, dividing the train and test in 5 splits of 80% (train)
and 20% (test); and (4) evaluating the performance of each
algorithm and the ensemble of classifiers. This process of
training and testing was applied to all three datasets. Figure 2
illustrates this workflow of the model’s construction.

As some ML algorithms can not handle non-standardized
data, an additional data processing step was included in the
input extraction step for training those algorithms (Logistic
Regression (Ibfgs), SVM and KNN). This step involved data
standardization, that was implemented using a scikit-learn’s
method, called StandardScaler”.

The ensemble classifier was implemented in six different
ways, combining voting of sets of algorithms that can han-
dle both standardized and non-standardized data, sets that
require standardized data, a set including all the algorithms,
and weighted voting using standardized and non-standardized
data. Table 4 shows which algorithms were included in each
version of the Ensemble classifiers.

For the evaluation of the models, we collected metrics such
as Accuracy, Fl-score, Area Under the Curve (AUC), and
Matthews Correlation Coefficient (MCC) for each individual
model, as well as for the ensemble voting across all metrics.
Accuracy and F1-score are traditional performance metrics
for ML models. However, they only allow a superficial anal-
ysis. This is why metrics that take into account the statistical
relationships in the confusion matrix are also important, as
they provide additional insights and help identify potential
issues in classification.

5 Results and Discussion

The results obtained from training and test showed variations,
which seem to be related to the way the datasets were pre-
processed. The performance of the algorithms when fed with
Datasets #2 and #3 was relatively similar when compared to
the metrics of the algorithms on Dataset #1.

The performance of each single algorithm, in terms of
accuracy, was higher during the classification of Dataset #1,
where the percentage of participants labeled in the non-PDP
group was about 82%. In this set, the KNN and Random
Forest classifiers outperformed the other algorithms, with
accuracy rates of 81% and 83%, respectively. However, it is
important to note that these results should not be evaluated
based only on the achieved accuracy. An overall view of the
algorithms’ metrics in this set is given in Table 5.

As for the performance of the Ensemble Learning with
Dataset #1, the results of the Voting classifiers showed rela-

html

SScikit-learn:  ”StandardScaler”.  scikit-learn.org/stable/
modules/generated/sklearn.preprocessing.StandardScaler.
html
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tively higher accuracies, even with the classification combin-
ing votes from all algorithms that received both standardized
and non-standardized data, ranging from 82% to 84%, re-
spectively. The overall metric performance of the Ensemble
voting classifiers is presented in Table 8.

Despite the promising accuracy metrics of the classifiers
for the first set (Dataset #1), the F1-scores and MCC are sig-
nificantly low, suggesting that the models may not effectively
identify and classify the minority class, specifically the PDP
class in the case of dataset #1, highlighting the performance
of the SVM (rbf) that achieved a negative result on the MCC
metric. The high accuracy achieved is primarily driven by
the algorithm’s performance in classifying the majority class
(non-PDP), which highlights a significant issue of class and
dataset imbalance. Figure 3 and Figure 6 provide a clearer
visualization of this discrepancy.

As mentioned, the algorithms metrics in classification of
datasets 2 and 3 are relatively close, in both cases, the same
issue observed in the classification of dataset #1 was not
noted, suggesting a more reliable performance in depression
classification. Moreover, the MCC results are slightly higher
for the models trained on dataset 3, indicating a somewhat
better ability to correctly distinguish between the two classes
(PDP and non-PDP). Regarding the overall accuracy, in both
datasets, the algorithms that performed best were respectively
Random Forest, XGBoost, and SVM (in dataset 3). When
trained with dataset #2, the XGBoost algorithm outperformed
the others, achieving accuracies around 75% and F1-scores
around 72%. Meanwhile, with dataset #3, the best perfor-
mance was achieved by SVM(rbf), with accuracies around
77% and F1-scores around 74%. Even though the perfor-
mance of the best algorithms in each dataset is very similar,
the Random Forest trained on dataset 3 achieved better per-
formance in terms of AUC and MCC, with values around
0.77 and 0.53. This results suggests that, in addition to solid
overall performance, the model also has a considerably bet-
ter ability to accurately distinguish between the classes. An
overview and comparisons of the performance metrics can
be seen in Figure 4 and Figure 7, and in Table 6 and Table 9,
respectively.

Establishing a relationship with the results of the tested
ensembles in datasets 2 and 3, the algorithms that performed
best, individually, were precisely the classifiers capable of
handling non-standardized data. The performances of the
ensembles are demonstrated in Table 7 and Table 10. A
comparison of accuracy and F1-scores of each Ensemble can
be visualized in Figure 5 and Figure 8.

In summary, the performance evaluations across the ML
algorithms and dataset preprocessing techniques indicate that
the filtering step for users in datasets #2 and #3 allows for
a better generalization by the selected algorithms. This is
especially evident in dataset #3, where the Random Forest al-
gorithm achieved the highest accuracy, AUC and MCC scores
among all classifiers tested on the more balanced datasets,
particularly regarding class balance.

These results suggest that the output models trained on
dataset #3 could be suitable for the classification task pro-
posed in this research: identifying and classifying potential
depressive profiles among college students. This provides a
possible approach for further research in digital phenotyping
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Figure 2. Training and Classification

Table 4. Algorithms included in each Ensemble Voting Classifier

Ensemble

Algorithms Included

All | non-std.

LR (default), DT, RF, XGBoost, NB

Only non-std | non-std

LR (default), DT, RF, XGBoost

All | std.

LR (Ibfgs), SVM, SVM (RBF), NB, KNN

Only std | std.

LR (Ibfgs), SVM, SVM (RBF), NB, KNN

Weighted | non-std

LR (default), DT, RF, XGBoost

Weighted | std.

LR (Ibfgs), NB, KNN

and mental health assessment.

However, it is important to acknowledge that even with
the decent performance achieved by the models trained with
the balanced datasets, there are still some challenges and lim-
itations when dealing with digital phenotyping data to build
robust and reliable ML classifiers. In the tests for the devel-
opment of the proposed model, some of the common issues
noted in similar works were highlighted. As mentioned by
Santos et al. [2024] in their literature review, most research in-
volving ML and digital phenotyping faces challenges related
to class imbalance in prediction, as well as missing values
and small data samples.

As cited, this research work, some of the mentioned prob-
lems may introduce significant risks to the effectiveness of
the model’s predictions. The first issue is that, although the
data collection phase of the Amive project involved 89 univer-
sity students, the final raw dataset contained a small sample
of valid data from only 33 participants, which still required
data imputation to address missing values and enable model
training. Furthermore, as demonstrated in this study’s ex-
periments, dataset #1 was the most imbalanced in terms of
predictive classes, which introduces some risks, because clas-
sifiers trained on imbalanced data often achieve high accuracy
but tend to exhibit biases in predictive tasks [Huang et al.,
2024].

Regarding these challenges related to data processing,
specifically missing data, this research proposes an exper-
imental design using three subsets of the dataset as a method

for addressing these issues. In the context of this study, the
main goal is to develop a model that can be integrated into the
AMIVE project solution and effectively applied to classify
college students’ data and perform real-time identification.
This real-world data scenario raises important concerns, as
real-world datasets are often imperfect and is susceptible
to have noise, missing values, and incomplete entries. To
address this challenge, our experiments were designed to iden-
tify a preprocessing strategy aimed at reducing missing values,
primarily by eliminating data points based on the proportion
of missing values per feature.

In comparison with other related works, this study per-
forms experiments with data from Brazilian college students
and does not rely solely on data imputation to address the
common missing data issues. Instead, it explores different
strategies to reduce the need for imputation while investigat-
ing the limits of removing data rows in order to achieve a
balance between imputed and real data. As discussed in the
experiments, dataset #1 represents the dataset with no impu-
tation. During the preprocessing steps, of this dataset, row
exclusion was performed so that only rows with complete data
were included. Therefore, dataset #1 represents an extreme
case of row removal to eliminate missing values, whereas
datasets #2 and #3 represent more balanced approaches to row
exclusion while maintaining the dataset relatively balanced.
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Table 5. Overall performance metrics (Dataset #1)

Algorithms Accuracy F1-score AUC MCC
Logistic Regression (default) 0.78 £0.03 0.29 +0.15 0.58 £0.08 0.19 £ 0.15
Logistic Regression (1bfgs) 0.80 +£0.09 0.40+0.25 0.66+0.19 0.31+0.32
Decision Tree Classifier 0.76 £ 0.07 0.33+£0.19 059+0.14 023+0.24
SVM/SVC 0.78 £0.07 042+0.14 0.69+0.13 0.35+0.21
SVM /RBF 0.81 £0.07 0.06£0.13 0.49+0.01 -0.02+0.04
Naive Bayes 0.79 +£0.09 040+026 0.65+0.18 0.29+0.29
KNN 0.81 £0.07 0.18£0.22 0.55+0.10 0.13£0.25
Random Forest 0.83+0.06 0.08+0.16 0.53+0.05 0.09=+0.18
XGBClassifier 0.82£0.08 0.15£0.18 0.54+£0.05 0.10+0.13
Il Accuracy Fl-score [ AUC EMCC
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Figure 3. Overall Performance Comparison across Classifiers (Dataset #1)

6 Conclusion and Future Work

Starting from the relationship between digital phenotyping
data from smartphones and wearable devices with depres-
sion symptom signals, this paper conducted an experimental
methodology approach in the development of a machine learn-
ing model capable of predicting the identification of PDPS in
college students. Additionally, this work investigated differ-
ent approaches in the dataset preprocessing steps, including
data outlier filtering, feature selection, data aggregation and
imputation, as well as three different levels of rows removal
and subsets variations.

The conducted experiments have demonstrated that the
combination of the training subset, which underwent the re-
moval of rows containing four or more missing values, along
with the ML algorithms of Random Forest, Logistic Regres-
sion, XGBoost and SVM(rbf), as well as the ensemble (vot-
ing) classifier, performed better in the predictive task of PDP
classification. This resulted in models with performance rang-
ing between 73-77% accuracy and MCC metrics above 0.5.
These results suggest a possible valid approach to classifica-

tion models and dataset treatment.

Expanding on the findings, the performance of the ensem-
ble classifiers combining algorithms that can handle non-
standardized data shows some correlations with the ML algo-
rithms that outperformed the others. The best accuracies
come from classifiers that accept and can deal with non-
standardized data. For this reason, in terms of the ensemble
learning technique, a possible direction is to also build and test
ensembles that combine only the algorithms that performed
well individually, such as the XGBoost and Random Forest.

However, there is still room for improvement in the pro-
posed model, as well as potential risks that deserve further in-
vestigation. A major concern is how the model would perform
when presented with new, unseen data. This is particularly
important to consider, given that the dataset generated from
Amive’s data collection represents a relatively small sample
size for a ML model training. Managing these uncertainties
related to model performance is essential for enhancing the
model robustness and reliability, in addition to ensuring its
applicability in real world scenarios, which is the main goal
of the Amive project.
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Algorithms Accuracy F1-score AUC MCC
Logistic Regression (default) 0.73 £0.05 0.71 £0.05 0.73+£0.05 0.46 +0.11
Logistic Regression (Ibfgs) 0.73£0.04 0.69+0.05 0.724+0.04 0.454+0.07
Decision Tree Classifier 0.67 £ 0.04 0.60 £0.06 0.66=+0.04 0.334+0.09
SVM/SVC 0.71 £ 0.04 0.66 +£0.04 0.70+0.04 0.41+0.07
SVM / RBF 0.72+0.03 0.67+0.04 0.72+0.03 0.44+0.06
Naive Bayes 0.64+0.02 0.64+0.03 0.65+0.03 0.29+0.06
KNN 0.71 £0.03 0.65+0.06 0.70+0.03 0.40 4+ 0.06
Random Forest 0.75+0.02 0.70£0.04 0.74+0.02 0.48 +0.04
XGBClassifier 0.76 £ 0.04 0.72+£0.08 0.75£0.05 0.50+0.09
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Figure 4. Overall Performance Comparison across Classifiers (Dataset #2)

In summary, for future work, we plan to expand further
on our data analysis and experiments of the dataset, our plan
includes testing different approaches and techniques to handle
missing values. In this study, the MICE input method was
employed, however, recent research has achieved interesting
results, in depression detection, using data imputation tech-
niques like in Tate ef al. [2020] where they used the SMOTE
technique, which is a form of artificial data augmentation,
to address minority classes in the imbalanced dataset. Ad-
ditionally, in Hu et al. [2023] the GAIN, a method of data
imputation that utilizes generative networks, has also been
applied to handle missing values in training sets.

Furthermore, new tests and experiments are essential to
validate the capacity of the proposed model to generalize
new data beyond the training set. To enhance the model’s
robustness, combining the classification of digital phenotyp-
ing data with textual data, from SN and journaling collected
by the Amive app, can extend the model contextualization
ability. As stated in Khoo et al. [2024], data from multiple
sources and modalities can achieve complementary effects,
improving ML models performance.
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Algorithms Accuracy F1-score AUC MCC
Logistic Regression (default) 0.73 +0.03 0.72 +0.04 0.73 £0.02 0.47 £0.05
Logistic Regression (Ibfgs) 0.74 £0.05 0.69+0.09 0.74+0.06 0.474+0.12
Decision Tree Classifier 0.67£0.03 0.63+0.08 0.66+0.05 0.33+0.09
SVM /SVC 0.73+0.05 0.69+0.07 0.73+0.06 045+0.11
SVM / RBF 0.76 £ 0.03 0.72+0.03 0.76 £0.03 0.53 +0.04
Naive Bayes 0.65+0.05 0.67+0.07 0.66+0.03 0.33+0.09
KNN 0.74+0.05 0.70£0.05 0.74+0.04 0.48+0.09
Random Forest 0.77+0.04 0.74+£0.04 0.77+0.04 0.53 +0.08
XGBClassifier 0.75+0.03 0.72+£0.05 0.75+0.03 0.50 =+ 0.06
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Figure 5. Overall Performance Comparison across Classifiers (Dataset #3)

Table 8. Performance of Ensemble Voting Classifier (Dataset #1)

Algorithms | data type  Accuracy Fl1-score AUC

All | non-std. 0.82£0.07 0.17£0.24 0.53 £0.06
Only non-std | non-std. ~ 0.82 £ 0.05 0.42+0.25 0.66 £0.14
All | std. 0.84 £0.05 041+0.25 0.64+0.13
Only std | std. 0.81 £0.07 0.06 £0.13 0.49 +0.02
Weighted | non-std. 0.84 £0.08 042 +0.30 0.68+0.17
Weighted | std. 0.79 £0.08 0.52£0.10 0.78 £ 0.09

Table 9. Performance of Ensemble Voting Classifier (Dataset #2)

Algorithms | data type  Accuracy F1-score AUC

All | non-std. 0.71 £0.06 0.67£0.07 0.70 £ 0.07
Only non-std | non-std. ~ 0.69 +0.04 0.65 £0.04 0.69 £ 0.04
All | std. 0.69 £0.04 0.64 £0.04 0.69 £ 0.04
Only std | std. 0.67£0.03 0.59+0.03 0.66 £ 0.03
Weighted | non-std. 0.76 £0.04 0.73 £0.04 0.75 £ 0.04
Weighted | std. 0.66 £0.04 0.71 £0.03 0.68 +0.03
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Figure 6. Overall Comparison of the Ensemble Voting Classifiers (Dataset #1)
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Figure 7. Overall Comparison of the Ensemble Voting Classifiers (Dataset #2)

Table 10. Performance of Ensemble Voting Classifier (Dataset #3)

Algorithms | data type  Accuracy F1-score AUC

All | non-std. 0.68 +0.03 0.61 £0.06 0.67+0.04
Only non-std | non-std. ~ 0.67 £ 0.03  0.62 + 0.06 0.66 £+ 0.04
All | std. 0.70 £ 0.05 0.64 £0.08 0.69 +0.05
Only std | std. 0.69 +0.04 0.61 £0.07 0.68 +0.04
Weighted | non-std. 0.74 £0.06 0.71 £0.08 0.73 +£0.06

Weighted | std. 0.66 +0.04 0.70£0.03 0.67 +0.03
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Figure 8. Overall Comparison of the Ensemble Voting Classifiers (Dataset #3)
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