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Abstract

The increasing prevalence of mental health disorders among university students has become a
pressing global public health concern. Traditional methods for assessing student psychological
wellbeing rely predominantly on self-reported questionnaires and clinical interviews, which are
often limited by recall bias, low response rates, and the stigma associated with seeking mental health
support. This paper explores the development and evaluation of a comprehensive multimodal mental
health screening framework that utilizes passive data collected from everyday student behaviors and
physical activity indicators. By continuously monitoring digital phenotypes through smartphones
and wearable fitness trackers, an unprecedented level of objective, longitudinal data can be
harvested. Behavioral indicators include smartphone usage patterns, mobility traces, and digital
social interactions, whereas physical activity indicators encompass step counts, heart rate
variability, and sleep duration. The proposed framework aligns and fuses these distinct modalities
to predict the onset and severity of stress, anxiety, and depression. Utilizing advanced machine
learning techniques, specifically ensemble methods and deep neural network architectures, the
system extracts critical temporal and spatial features to model the complex underlying relationships
between physical routines, digital habits, and psychological states. This research demonstrates that
a multimodal approach significantly outperforms unimodal baselines, providing a scalable, non-
intrusive, and highly accurate early warning system for educational institutions. The findings
emphasize the necessity of integrating diverse data streams to capture a holistic view of student
wellbeing, thereby enabling timely interventions and personalized support mechanisms.
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1. Introduction

1.1 Context and Motivation

The mental health of university students is a subject of growing alarm for educational institutions,
healthcare providers, and policymakers worldwide. The transition to higher education represents a critical
developmental period characterized by significant academic pressure, financial stress, changes in social
support networks, and newfound independence. These concurrent stressors frequently precipitate
psychological distress, making this demographic particularly vulnerable to the onset of severe mental health
conditions such as generalized anxiety disorder, major depressive disorder, and chronic stress [1]. Despite
the clear need for intervention, a substantial proportion of students suffering from psychological distress do
not receive adequate or timely clinical care. This treatment gap is exacerbated by institutional resource
constraints, the social stigma surrounding psychiatric diagnoses, and the episodic nature of traditional
screening programs. Campus health centers conventionally deploy screening mechanisms that depend
almost exclusively on subjective self-report instruments administered during infrequent clinical encounters.
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These instruments suffer from critical limitations, including social desirability bias, memory distortions,
and the inherent inability to capture the dynamic, day-to-day fluctuations in a student's psychological state
[2]. Consequently, there is an urgent need to develop objective, continuous, and ecologically valid
methodologies for monitoring student mental health. The widespread adoption of consumer electronics,
particularly smartphones and wearable fitness trackers, presents a transformative opportunity to address
this monitoring gap. These ubiquitous devices are equipped with a diverse array of sensors capable of
passively and continuously recording an individual's behavioral and physiological data in real-world
settings [3]. This continuous data stream, often referred to as a digital phenotype, provides a granular,
longitudinal record of a student's daily life without requiring active user input. By analyzing how students
interact with their digital devices and monitoring their physical activity levels, researchers can identify
subtle deviations from baseline patterns that may serve as early indicators of mental health deterioration.
However, translating raw sensor data into clinically meaningful insights is a profoundly complex endeavor
that requires sophisticated data processing and modeling strategies [4].

1.2 Problem Statement and Objectives

While individual modalities, such as physical activity tracking or smartphone usage logging, have shown
promise in predicting mental health outcomes, they often provide an incomplete picture of an individual's
overall wellbeing. Human behavior and psychological states are multidimensional constructs; therefore,
relying on a single data source can lead to high rates of false positives and a lack of contextual
understanding. For instance, a sudden decrease in physical activity could be indicative of a depressive
episode, but it could equally result from a physical illness or an intense period of academic studying. To
disambiguate such scenarios and construct a robust screening tool, it is imperative to integrate multiple,
complementary streams of data. The primary objective of this paper is to investigate the efficacy of a
multimodal mental health screening system that synergistically combines behavioral indicators extracted
from smartphone usage with physical activity metrics derived from wearable sensors. By systematically
fusing these distinct modalities, this research aims to construct a highly accurate, generalized model for
detecting elevated levels of stress, anxiety, and depression among university students. The study will
thoroughly detail the data acquisition architecture, the rigorous preprocessing and feature extraction
methodologies required to handle noisy, asynchronous sensor data, and the evaluation of various machine
learning algorithms optimized for multimodal fusion. Ultimately, this research seeks to validate the
hypothesis that a multimodal approach yields superior predictive performance compared to isolated
unimodal models, thereby paving the way for proactive, scalable, and non-intrusive mental health
interventions in educational environments.

2. Theoretical Background and Literature Review

2.1 Traditional Approaches to Mental Health Assessment

Historically, the evaluation of psychological wellbeing in academic populations has been dominated by
standardized psychometric scales. Instruments such as the Patient Health Questionnaire for depression, the
Generalized Anxiety Disorder scale, and the Perceived Stress Scale have established themselves as the gold
standard in both clinical and research settings [5]. These tools are highly validated, relatively easy to
administer, and provide quantifiable metrics that align with established diagnostic criteria. However, their
utility as continuous screening mechanisms is inherently limited by their cross-sectional nature [6]. When
students complete these questionnaires, they are essentially providing a retroactive summary of their
feelings over a specific preceding period, typically the past two weeks. This retrospective reporting
introduces significant recall bias, as individuals experiencing current distress may disproportionately
remember negative events while overlooking neutral or positive occurrences [7]. Furthermore, the
administration of these surveys demands active participation, which often leads to survey fatigue and
declining response rates over time. In a bustling university environment, students are unlikely to
consistently engage with daily or weekly self-assessments, rendering longitudinal tracking nearly
impossible [8]. The reliance on self-reporting also assumes that students possess the requisite self-
awareness to accurately identify and articulate their symptoms, which is not always the case, particularly
during the initial stages of a psychological crisis [9]. As educational institutions increasingly recognize the
necessity of early intervention, the limitations of point-in-time, subjective assessments have catalyzed a
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paradigm shift toward passive, continuous monitoring technologies [10].

2.2 Unimodal Digital Phenotyping

The concept of digital phenotyping, defined as the moment-by-moment quantification of the individual-
level human phenotype in situ using data from personal digital devices, emerged as a compelling solution
to the constraints of traditional assessments. Early investigations in this domain predominantly focused on
unimodal approaches, leveraging either smartphone telemetry or wearable sensor data in isolation.
Smartphone-based studies have extensively explored behavioral markers of mental health [11]. Metrics
such as screen unlock frequency, total screen time, and the duration of specific application usage have been
correlated with varying degrees of psychological distress. For example, excessive engagement with social
media applications, coupled with irregular sleep-wake cycles inferred from late-night device interaction,
has frequently been associated with elevated depressive symptoms [12]. Additionally, location data
acquired via global positioning systems can reveal a user's mobility patterns, wherein decreased spatial
exploration and prolonged periods spent in residential locations serve as proxies for social withdrawal and
lethargy [13]. Conversely, research utilizing wearable devices has concentrated on physiological and
physical activity indicators. Fitness trackers and smartwatches equipped with accelerometers and
photoplethysmography sensors enable the continuous monitoring of step counts, energy expenditure, and
cardiac parameters. Reductions in daily physical activity and disruptions in sleep architecture are classic
somatic symptoms of various mood disorders [14]. Furthermore, metrics derived from heart rate variability
offer insights into autonomic nervous system regulation, providing a physiological window into an
individual's acute and chronic stress levels [15]. Despite the valuable insights generated by these unimodal
studies, their predictive accuracy often plateaus. Environmental confounders, technical anomalies, and the
multifaceted nature of mental illnesses dictate that single-stream data cannot fully capture the nuanced
reality of a student's lived experience [16].

2.3 The Shift Toward Multimodal Fusion

Recognizing the bottlenecks associated with single-sensor methodologies, contemporary research has
decisively pivoted toward multimodal frameworks. By aggregating heterogeneous data sources, researchers
can triangulate an individual's behavioral and physiological state, thereby minimizing the impact of noise
and ambiguous signals inherent in any single modality [17]. A multimodal approach allows for the
contextualization of behaviors; for instance, interpreting a low step count in conjunction with prolonged
academic app usage provides a vastly different clinical picture than observing low physical activity
alongside high gaming app usage and disrupted sleep [18]. The transition to multimodal analysis introduces
complex computational challenges, primarily concerning data synchronization, feature alignment, and the
selection of appropriate fusion strategies. Early fusion techniques attempt to concatenate raw or minimally
processed data from all sensors before feeding the combined matrix into a predictive model [19]. While
conceptually straightforward, this method struggles with the curse of dimensionality and the disparate
sampling rates characteristic of different devices. Late fusion, alternatively, trains independent models for
each modality and subsequently aggregates their predictions, typically yielding more robust performance
by allowing modality-specific algorithms to optimize local feature extraction [20]. Recent advancements
have also explored hybrid and intermediate fusion architectures, heavily relying on deep learning networks
to autonomously discover latent cross-modal representations [21]. This paper builds upon these
foundational concepts, proposing a specialized multimodal pipeline optimized for the unique behavioral
and physical markers of university students.

3. System Architecture and Multimodal Data Acquisition

3.1 Overall Framework Design

Developing a reliable mental health screening system requires a robust and secure technological
infrastructure capable of seamlessly collecting, transmitting, and storing vast quantities of sensitive
personal data. The proposed system architecture is designed with a strong emphasis on unobtrusiveness,
ensuring that the data collection process does not interfere with the students' daily routines or introduce
observation bias. The architecture comprises three primary tiers: the data acquisition tier located on the
user's personal devices, the secure data transmission and storage tier hosted on a centralized cloud server,
and the analytics tier where preprocessing and machine learning operations are executed [22].
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Figure 1Comprehensive System Architecture Diagram

The data acquisition tier utilizes a custom-developed background application installed on the students’
primary smartphones, paired via low-energy wireless protocols to a standardized wrist-worn fitness
tracker. This continuous pairing allows the smartphone application to serve as a localized hub, periodically
querying the wearable device for accumulated physiological data while simultaneously logging its own
telemetry. To mitigate privacy concerns and encourage participation, all collected data is subjected to strict
anonymization protocols at the point of origin [23]. Identifiable information, such as specific geographic
coordinates or granular communication content, is transformed into abstract behavioral metrics before
ever leaving the user's device.

3.2 Sensing Modalities and Variables

The system meticulously gathers an extensive array of variables categorized into two distinct modalities:
behavioral indicators and physical activity indicators. Behavioral indicators are predominantly harvested
from smartphone interaction logs. Key variables include screen state transitions, which calculate the
frequency and duration of device usage sessions throughout the day and night. Application usage
categorization is another critical metric; the system logs the aggregate time spent on distinct application
classes such as social media, entertainment, productivity, and communication, providing insights into
digital coping mechanisms and social connectivity [24]. Furthermore, ambient light sensors and screen
activation patterns during typical sleeping hours are utilized to estimate digital sleep disruption, a potent
behavioral marker of anxiety and insomnia [25]. Simultaneously, the physical activity modality is populated
with data streamed from the wearable fitness tracker. The primary variables include continuous heart rate
monitoring, from which both resting heart rate and diurnal heart rate variability are derived [26]. The built-
in triaxial accelerometer provides highly granular estimations of step counts, classifying periods of the day
into sedentary, lightly active, and vigorously active states. Crucially, the wearable device offers detailed
sleep architecture analysis, generating metrics on total sleep time, sleep onset latency, and the frequency of
nocturnal awakenings. By capturing these physiological and kinetic parameters, the system establishes a
comprehensive baseline of physical wellbeing, essential for identifying the somatic manifestations of
psychological distress [27].

4. Data Preprocessing and Feature Extraction Methodology

4.1 Data Cleaning and Synchronization

The raw data harvested from smartphones and wearable sensors in uncontrolled, free-living environments
is inherently chaotic. It is frequently plagued by missing values, anomalous readings, and asynchronous
sampling intervals. A rigorous data preprocessing pipeline is therefore an absolute prerequisite before any
meaningful feature extraction or machine learning can commence. The initial phase of preprocessing
involves the identification and handling of missing data points, which commonly occur due to device
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battery depletion, intentional removal of the wearable sensor, or background process terminations by the
smartphone operating system [28]. For short-duration gaps, the system employs advanced interpolation
techniques, carefully considering the temporal context of the missing segment. For instance, missing heart
rate data over a brief five-minute interval can be reasonably approximated using spline interpolation,
whereas replacing hours of missing physical activity data requires more sophisticated, behaviorally aware
imputation models, such as using historical averages matched for the specific time of day and day of the
week [29]. Following imputation, the system must synchronize the disparate data streams. Smartphone
interaction logs are typically event-driven, generating data only when an action occurs, while wearable
sensors produce continuous, fixed-frequency time series. To reconcile these differences, all data is
resampled and aggregated into standardized temporal epochs. In this study, a one-hour epoch was selected
as the optimal compromise, providing sufficient granularity to capture daily fluctuations while minimizing
the computational overhead of overly dense data structures.

Data Cleaning
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| Synchronization Block | | Feature

TT 113
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Figure 2:Multimodal Data Preprocessing Pipeline

4.2 Feature Engineering

Following data cleaning and synchronization, the subsequent critical step is feature engineering. The
objective here is to transform the time-aligned epoch data into a compact set of highly descriptive statistical
features that encapsulate the underlying behavioral and physiological patterns. Feature extraction is
performed independently for both the behavioral and physical activity modalities over a rolling twenty-
four-hour window, thereby capturing the complete diurnal cycle of the student. For the behavioral
modality, features are primarily derived from the temporal distribution of smartphone usage. We calculate
the total duration of interaction, the variance in usage session lengths, and the ratio of daytime to nighttime
screen activity. Additionally, entropy-based features are computed to quantify the regularity of application
usage patterns, with high entropy indicating erratic digital behavior often associated with emotional
dysregulation [30]. For the physical activity modality, statistical features such as the mean, median,
standard deviation, and skewness of heart rate and step counts are calculated for each epoch. We also extract
frequency-domain features from the heart rate variability data, which are established biological markers of
physiological stress. A comprehensive summary of the primary features extracted from both modalities is

detailed in the table below.
Tablel :Summary of Extracted Multimodal Features

Modality Feature Category Description of Specific
Features Extracted

Behavioral App Usage Total duration, category
distribution, app launch
frequency
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Behavioral Screen Activity Unlock count, session length
variance, night usage ratio
Behavioral Routine Regularity Entropy of daily usage,
similarity to weekly baseline
Physical Kinematics Total step count, sedentary
duration, peak activity intensity
Physical Cardiac Resting heart rate, heart rate
variability, diurnal variance
Physical Sleep Total sleep duration, sleep
efficiency, awakening frequency

5. Machine Learning Models for Mental Health Screening

5.1 Algorithmic Selection and Baselines

With a robust set of engineered features, the focus shifts to designing and training machine learning
algorithms capable of accurately classifying the mental health status of the students. The primary task is
formulated as a supervised classification problem, where the objective is to predict whether a student
exhibits symptomatic levels of stress, anxiety, or depression based on their multimodal feature vectors over
a specified observation window. To establish a comprehensive analytical framework, a variety of
algorithms ranging from classical statistical learning models to advanced ensemble techniques are
evaluated. Traditional algorithms such as Logistic Regression and Support Vector Machines are employed
as foundational baselines. While these models offer high interpretability and are less prone to overfitting
on smaller datasets, they often struggle to capture the complex, non-linear interactions inherent in
multidimensional behavioral data. To address this, tree-based ensemble methods, specifically Random
Forests and Gradient Boosting Machines, are heavily utilized. These algorithms excel at handling
heterogeneous feature sets and implicitly perform feature selection, making them highly suitable for the
diverse array of variables extracted in this study [31]. The ensemble models construct multitude decision
trees during training and output the mode of the classes for classification, thereby providing robustness
against the noise inevitably present in passive sensing data.

5.2 Multimodal Fusion Strategies

The crux of the modeling phase lies in the strategic fusion of the behavioral and physical activity modalities.
The manner in which these data streams are integrated fundamentally dictates the predictive capability of
the system. This research rigorously compares three distinct fusion architectures: early fusion, late fusion,
and an intermediate fusion approach utilizing deep neural networks. In the early fusion paradigm, all
features from Table 1 are concatenated into a single, high-dimensional vector prior to model training. This
method allows the chosen algorithm to explore cross-modal interactions from the outset; however, it risks
overwhelming the model with redundant or dominant features from a single modality. Conversely, the late
fusion architecture involves training separate, modality-specific models. One classifier is trained
exclusively on smartphone behavioral features, while another is trained solely on wearable physical
features. The output probabilities from these independent models are subsequently aggregated using a meta-
classifier or a weighted voting mechanism [32]. This approach prevents modality dominance and enhances
generalization but may overlook subtle, concurrent patterns that span both data sources. To overcome the
respective limitations of early and late fusion, a deep learning-based intermediate fusion architecture is
proposed. This model employs separate fully connected neural network branches to process the behavioral
and physical features independently, learning optimal high-level representations for each. These localized
representations are then merged at a deeper layer within the network, allowing the subsequent dense layers
to learn the complex interplay between the modalities before making the final classification.
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Figure 3Intermediate Multimodal Fusion Architecture

6. Experimental Design and Evaluation Metrics

6.1 Dataset Description and Ground Truth Acquisition

To empirically validate the proposed multimodal screening framework, a comprehensive longitudinal study
was conducted involving a cohort of undergraduate and graduate university students. Participants were
recruited across various academic disciplines to ensure a representative sample of the student body. Upon
enrollment, each participant provided informed consent and was equipped with the standardized wearable
fitness tracker and the custom data acquisition smartphone application. The observation period spanned an
entire academic semester, capturing periods of relative low stress at the beginning of the term as well as
high-stress periods coinciding with midterm and final examinations [33]. The critical component of the
experimental design is the establishment of robust ground truth labels for training and evaluating the
machine learning models. To acquire these labels, participants were required to complete standardized
clinical questionnaires bi-weekly through a secure web portal. The assessments included validated scales
for stress, anxiety, and depression. Based on established clinical thresholds, the continuous scores from
these questionnaires were binarized to create symptomatic and non-symptomatic classes for each
psychological construct. This bi-weekly assessment interval was strategically chosen to balance the need
for accurate temporal labeling with the necessity of minimizing participant survey fatigue.

6.2 Evaluation Methodology

The performance of the predictive models must be rigorously evaluated using metrics that accurately reflect
their utility as clinical screening tools. Given that mental health datasets derived from student populations
are frequently imbalanced, with the non-symptomatic class significantly outnumbering the symptomatic
class, relying solely on standard classification accuracy is insufficient and potentially misleading. A model
that universally predicts the majority class would achieve high accuracy while failing entirely to identify
students requiring intervention. Consequently, the evaluation methodology heavily relies on Precision,
Recall, and the F1-score. In the context of mental health screening, Recall is of paramount importance; it
quantifies the system's ability to correctly identify all instances of psychological distress, thereby
minimizing false negatives and ensuring that vulnerable students are not overlooked. Precision, conversely,
measures the proportion of positive identifications that are actually correct, which is crucial for preventing
the overburdening of university counseling services with false alarms. The F1-score provides a harmonic
mean of Precision and Recall, offering a balanced single-metric assessment of model performance.
Furthermore, Area Under the Receiver Operating Characteristic Curve is utilized to evaluate the models'
discriminative capacity across various decision thresholds. To ensure the generalizability of the results and
prevent data leakage, evaluation is conducted using strict leave-one-subject-out cross-validation,
guaranteeing that the models are tested on entirely unseen individuals.
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7. Results and Discussion

7.1 Performance Comparison of Modalities

The experimental results unequivocally demonstrate the superiority of the multimodal approach over
unimodal baselines for the task of mental health screening. A comparative analysis was conducted across
all three predictive targets: stress, anxiety, and depression. When relying solely on behavioral data extracted
from smartphone usage, the models achieved moderate predictive capability, excelling primarily in
detecting variations in social interaction and sleep routines. Models trained exclusively on physical activity
data demonstrated strong performance in identifying somatic symptoms associated with depression, such
as prolonged lethargy and disrupted heart rate variability, but struggled to differentiate between academic-
induced stress and general physical exertion. By integrating both modalities using the proposed
intermediate fusion deep learning architecture, the predictive performance experienced a substantial and
statistically significant improvement across all metrics. The multimodal system was able to contextualize
ambiguous signals, drastically reducing the false positive rate observed in the unimodal models. For
example, a sudden drop in step count, which the physical-only model flagged as depressive behavior, was
correctly contextualized by the multimodal model as intensive study behavior when coupled with a surge
in productivity application usage on the smartphone. The quantitative results of this comparison are
summarized in the table below, representing the cross-validated performance for predicting elevated stress

levels.
Table 2:Performance Comparison of Unimodal and Multimodal Architectures

Modality Fusion Strategy Precision Recall F1-Score
Employed

Behavioral Only  [N/A 0.72 0.68 0.70
Physical Only N/A 0.70 0.74 0.72
Multimodal Early Fusion 0.76 0.75 0.75
Multimodal Late Fusion 0.79 0.77 0.78
Multimodal Intermediate 0.84 0.86 0.85

Fusion

7.2 Clinical Implications and Limitations

The findings from this extensive evaluation carry profound implications for the future of psychiatric
epidemiology and student support services. The ability to achieve an F1-score of 0.85 utilizing entirely
passive, non-intrusive data collection methods suggests that continuous digital phenotyping can serve as a
highly viable, scalable early warning system. By deploying such frameworks, university administration and
campus health providers could transition from reactive treatment models to proactive intervention
strategies. When the system detects a sustained negative trajectory in a student's multimodal feature profile,
automated, personalized resources or invitations for counseling could be deployed long before a critical
psychological crisis occurs. Furthermore, the granular nature of the extracted features allows clinicians to
gain unprecedented insight into the specific behavioral and physiological disruptions accompanying a
student's distress, facilitating more tailored and effective therapeutic interventions. Despite these highly
promising results, several limitations within the current study must be acknowledged and addressed in
future iterations. Primarily, the reliance on self-reported questionnaires for ground truth labels, while
standard practice, inevitably introduces a degree of noise into the training data. The algorithms are
fundamentally limited by the accuracy with which the students report their own psychological states.
Additionally, while the intermediate fusion model demonstrates superior performance, its deep neural
network architecture inherently functions as a black box, reducing the interpretability of the specific
features driving the predictions. In clinical and educational settings, the ability to clearly explain why a
screening system flagged an individual is often just as important as the accuracy of the flag itself. Finally,
the algorithms were trained on a specific university demographic; variations in cultural norms,
socioeconomic status, and institutional environments necessitate rigorous external validation before such
systems can be universally deployed.
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8. Conclusion and Future Directions
8.1 Summary of Findings
This comprehensive research paper investigated the feasibility and efficacy of a multimodal mental health
screening framework utilizing passive behavioral and physical activity indicators collected from university
students. By developing a robust, three-tiered system architecture, the study successfully harvested
continuous, longitudinal data from standard consumer smartphones and wearable fitness trackers without
burdening the user. The rigorous data preprocessing and feature extraction methodologies effectively
translated raw, chaotic sensor signals into structured, clinically relevant matrices representing kinematic,
cardiac, sleep, and digital interaction behaviors. Through extensive evaluation, the study conclusively
demonstrated that fusing distinct modalities provides a far more accurate and nuanced representation of an
individual's psychological state than relying on single data streams. Specifically, the implementation of a
deep learning-based intermediate fusion strategy allowed the system to discover complex, cross-modal
dependencies, culminating in high predictive accuracy for identifying symptomatic stress, anxiety, and
depression. This approach successfully mitigated the high false positive rates characteristic of isolated
digital phenotyping, proving its potential as a reliable, scalable early warning mechanism for educational
institutions facing escalating mental health crises.
8.2 Future Research Trajectories
Moving forward, the field of multimodal mental health screening must prioritize the translation of these
predictive models into actionable, real-world interventions. Future research should focus on the
development of closed-loop systems, where the predictive insights generated by the algorithms are directly
utilized to deliver personalized, just-in-time adaptive interventions directly to the student's device.
Furthermore, enhancing the explainability of the complex fusion models is critical for fostering trust among
clinicians and users. Integrating explainable artificial intelligence techniques to elucidate the exact
combinations of behavioral and physiological features that trigger a mental health alert will be a vital step
toward clinical acceptance. Finally, expanding the scope of data acquisition to include diverse demographic
cohorts across various global institutions will be necessary to ensure the fundamental algorithms are
equitable, unbiased, and universally effective in safeguarding student wellbeing on a global scale.
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