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Abstract

Depression is a widespread mental health condition affecting over 280 million
individuals across the world, which is usually linked with constant low mood,
anhedonia, and loss of emotional control. Early detection will facilitate the timely
clinical intervention, but implementing scalable, unobtrusive assessment in prac-
tice is difficult. With the increasing use of wearable devices, this work presents a
data-driven model for estimating depression severity using ambulatory psycho-
logical data from 142 participants and physiological data from 88 participants.
To obtain temporally consistent supervision in continuous streams, Dynamic
PAD + Temporal Modeling produces labels that allow the severity annotation
of time-varying affective dynamics. To evaluate robustness across observation
horizons, the data is further divided into 1-min, 5-min, and 15-min windows,
representing short, medium, and long sequence periods. We present SATrans, an
attention-based temporal architecture that jointly captures local and long-range
dependencies in multivariate wearable time series, leveraging attention mecha-
nisms to model complex temporal relationships. The proposed model is compared
with representative baselines, such as CNN, TCN, and SVM, across all three win-
dow settings. Experimental data prove that SATrans is always the most accurate
in all resolutions and forecasting horizons, with the best accuracy of 0.984 and
weighted F1-score of 0.984 at 1-min resolution, and still strongly performing at
coarser resolutions. The deterioration in performance with forecasting horizon is
minimal as compared to their competing models which implies that the model
has great temporal generalization. These results make SATrans a good, scalable,
and non-invasive method to monitor the severity of the depression in real-time
based on wearable and ambulatory measurements, which has been valid in mental
health assessment over long periods.

Keywords: Depression, Emotion recognition, Deep learning, Mental health
monitoring, Physiological signal analysis, SATrans.

1 Introduction

Depression is a common neuro-psychological disorder that has a significant influence
on emotional control, cognitive abilities, and physiological stability. According to the
Global Burden of Disease Study 2021, depression accounts for approximately 49.4 mil-
lion disability-adjusted life years globally, making it the leading cause of disability
worldwide [1]. The economic cost of depression-related productivity loss in high-income
countries alone exceeds USD 1 trillion annually [2]. Despite this burden, fewer than
50% of patients in high-income countries—and fewer than 10% in low-income coun-
tries—receive adequate treatment, primarily due to the absence of scalable, objective,
and continuous monitoring tools. This treatment gap underscores the urgent clinical
need for automated, physiologically grounded systems capable of detecting and strati-
fying depression severity in ambulatory settings. It has a substantial impact on people
and the community because it disrupts normal functioning, work activities, and the
general quality of life. In addition to the psychological manifestations, depression is



linked with the long-term regularization of the activity of the autonomic nervous sys-
tem, which creates the premises for the appearance of changes in the physiological
processes in the long term. Such physiological changes are the objective foundations
for the computational evaluation of depression [3].

Depression has been on a steady rise among the global population over the past
decades [4], with adolescents and adults of working age being among the most vulner-
able groups. The early detection of depressive symptoms is of paramount importance
in avoiding the development of the symptoms and the chronic complications [5]. The
intervention has been demonstrated to enhance emotional stability, cognition, and
related somatic disorders at the appropriate time [6]. Nonetheless, the correct assess-
ment of the severity of depression [7] as a measure is a serious issue of concern, despite
being difficult to test accurately and on a large scale. Fig. 1 illustrates the proposed
framework, which addresses these limitations through a four-stage pipeline inte-
grating multimodal physiological signals, dynamic affective representation, temporal
modeling, and automated classification.
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Fig. 1 Depression classification framework

Self-administered questionnaires and clinician interviews [8] are the most common
forms of traditional diagnosis. Although they have proven helpful in clinical practice,
the techniques are based on subjective reporting and retrospective recall, which can
be subject to bias and compromise time resolution [9]. Additionally, these assessments
are usually a static picture of mental health and do not involve the dynamic and
changing aspects of physiological alterations of depression [10]. Recent developments in
wearable and wearless sensing technologies have enabled continuous recording of mul-
timodal physiological measurements, including photoplethysmography, electrodermal



activity, and skin temperature. These cues transmit cardiovascular dynamics, sympa-
thetic nervous system activity, and thermoregulatory responses [11], respectively, all of
which are highly related to affective regulation. As a result, it has led to the develop-
ment of physiological signal analysis as one of the promising methods of objective and
continuous classification of the severity of depression [12]. Nevertheless, physiological
phenomena of depression are not isolated occurrences but the development over time,
over prolonged temporal structures, and long-term interdependence of various modal-
ities [13]. Most currently used computational methods are based on static features or
short-context temporal models, which do not capture the non-stationary and dynamic
properties of physiological signals [14]. This weakness makes it harder to use them to
effectively differentiate between levels of depression severity that are nearby, especially
in actual settings. The Pleasure Arousal Dominance (PAD) model offers a continuous
representation of an affective state, organized into a structure, allowing physiological
responses to be plotted in a sensible affective space [15]. Although PAD-based rep-
resentations have led to compact, meaningful descriptions of affective behavior, most
current implementations have been used as time-invariant descriptors. These kinds
of formulations do not take into account the temporal changes in affective states,
which underlie the description of the severity of depression [16]. Transformer-based
models with self-attention are effective at modeling long-range temporal dependen-
cies in sequential data. Adaptive weighting of temporally distant observations can be
applied to extract salient temporal patterns (that are inaccessible to conventional con-
volutional and recurrent models) by self-attention [17]. Although this is possible, the
combination of dynamically represented PADs with self-attention-like temporal mod-
els of depression severity classification has not been adequately studied. Thus, there is
a quantifiable discrepancy in achieving a framework in collaboratively encompassing
dynamic affective images and long-term physiological addiction to the categorization
of the severity of depression. The solution to this gap involves a system that simulates
the temporal dynamics of affective states based on multimodal physiological signals,
without compromising interpretability or robustness [18]. This paper seeks to fill this
gap by presenting a proposal of a Dynamic PAD-Driven Self-Attention Transformer
framework to improve the severity of depression classification by performing princi-
pled affective modeling and time-based learning. The core problem addressed in this
work is three-fold:

® Existing computational methods rely on static or short-context temporal features
that fail to capture the non-stationary, evolving nature of depressive physiological
signals.

o Affective representations such as PAD have been used as time-invariant descriptors,
ignoring the temporal dynamics essential for chronic disorder characterization.

e No Existing framework unifies dynamic affective trajectory modeling with long-
range temporal learning under a subject-independent evaluation protocol.

To address these limitations, we propose SATrans—a Self-Attention Transformer
framework that jointly models dynamic PAD sequences and multimodal physiological
time-series, enabling both real-time detection and short-term forecasting of depression
severity across multiple temporal resolutions. The primary novelties of this work are:



® A Dynamic PAD labelling scheme that transitions severity annotation from static
questionnaire scores to window-level physiological trajectories

® A SATrans architecture incorporating multi-head self-attention and attention-
pooling for adaptive temporal weighting of clinically relevant epochs, and

® A comprehensive multi-resolution, multi-horizon evaluation demonstrating robust
generalisation across 1-min, 5-min, and 15-min temporal granularities under a
subject-independent protocol.

The paper will be organized as follows: Section 2 review the related works in the
field of detection of depression using computational methodology. Section 3 Proposed
framework and methodology have been given; Section 4 Results and performance
evaluation have been given, and finally, Section 5 Implications and future research
directions, has been concluded.

2 Background of the Study

Computational methods for depression analysis [19] have benefited from advances in
physiological sensing and machine learning. The initial research results were based
on manual analysis of the statistical characteristics of physiological signals, using
conventional classifiers such as support vector machines, k-nearest neighbors, and logis-
tic regression[12]. Although these methods proved feasible, the use of time-averaged
properties limited their ability to represent temporal variability and long-term
patterns.

The later studies used deep learning to enhance the capabilities of temporal
models. Local temporal patterns were extracted using convolutional neural networks
(CNNs), but sequential dependencies were captured using recurrent neural networks
and long short-term memory architectures using gated memory mechanisms[20]. Such
techniques outperformed conventional classifiers; however, their potential temporal
receptive fields were small. Vanishing gradients and a lack of usefulness for process-
ing sequences were also common to recurrent architectures, which were not good at
capturing long-distance dependencies|21].

Simultaneously with this was the affective computing research that explored dimen-
sional models of emotion to be more interpretable. The pleasure-arousal-dominance
model was observed as a linear and compressed description of the affective conditions.
Patterns defined by PAD also enabled projecting physiological responses onto affective
dimensions, thereby increasing semantic interpretability[15]. However, the majority of
extant approaches to PAD-driven methods treated affective states as static indicators
or short-window summaries of the time dynamics of enduring affective disorders like
depression.

More recently, architectures based on transformers with self-attention have been
prominent in time-series and multimodal learning tasks[22]. The models make it pos-
sible to process a sequence in parallel and provide adaptive temporal weighting so
that long-range dependencies can be better represented than those in convolutional or
recurrent models. Although these benefits apply, the use of self-attention transformers
in the severity of depression through the use of physiological signals is still scarce [23].



The literature to date uses transformers at the raw or feature level without structured
representations of affect.

Further, very little has been done regarding the concurrent modeling of affective
states over time dependencies. The majority of existing structures relate either to affec-
tive representation or temporal modelling in separate studies, which leads to the lack
of a complete depiction of the physiological patterns of depression. Table 1 illustrates
the Summary of representative computational studies on depression detection and
severity classification. PAD = Pleasure-Arousal-Dominance; EDA = Electrodermal
Activity; HRV = Heart Rate Variability

Table 1 Comparative Summary of Depression Severity Classification Studies

Reference Signals Model Severity Temporal Best Key Limitation
Used Levels Modeling Accu-
racy
[24] Multi- XAI + SVM  Binary Static feature ~0.87 No temporal
physiological extraction dynamics; hand-
signals crafted features
[19] EEG CNN + ML  Binary Short window  ~0.87 EEG not
wearable-
compatible
[21] EEG CNN + Binary Recurrent ~0.90 Vanishing gradi-
(SSVEP) LSTM (short-range) ent; limited range
[7] EEG ResNet-18 4-level Short window  ~0.91 No wearable
+  Superlet deployment; lab-
Transform only setup
[25] PPG, GSR, SVM 4+ Binary Window- ~0.92 Binary  classifi-
ACC (multi- Local (stress) based feature cation only; no
modal) Pattern extraction severity stratifi-
(signal-to- cation
image)
Proposed PPG, Self- 4-level Multi-head 0.984 Small young-
SATrans GSR, ACC Attention attention adult cohort
(Ours) Trans- + attention (18-31 yrs);
former pooling PAD labels
(SATrans) not validated
against clin-
ical scales
(PHQ-9);
weekday-only
protocol

2.1 Motivation and Research Gaps

The limitations of the old clinical scales and past computational pipelines are also
reflected in the critical need for objective, temporally consistent measures of depression
severity. It will entail multimodal physiological signals, such as photoplethysmography
(PPG), galvanic skin response (GSR), and heart rate (HR), to enable more ubiquitous,
continuous affective detection. The classical approaches to severity classification in
depression typically include handcrafted or fixed measures (e.g., statistical moments)
or window aggregation (e.g., 30-60 s). These solutions overlook long-term trends,



modality lags (e.g., HR-PPG lags), and gradual alterations of affect, which play a
vital role in differentiating between mild and moderate-severe depression. According
to recent benchmarks, performance declines are observed in low F1 scores across neigh-
boring PHQ-9 classes. The Pleasure-Arousal-Dominance (PAD) model frameworks
include interpretations of affective space in dimensions that can be easily mapped
to physiological and emotional states. Recognizing the importance of affective trajec-
tories, this paper models states as dynamic, incorporating their temporal dynamics
to more accurately represent chronic dysregulation, including flattened arousal in
persistent depressive disorder. Transformer models that use multi-head self-attention
effectively capture long-range relationships and dynamically score significant epochs.
Although EEG/EMG tasks have been successfully performed, the application of trans-
formers to physiological signals to assess depression severity, particularly dynamic
PAD embeddings, has not yet been explored and is promising. To enhance the eval-
uation of depression severity and illustrate its potential use in clinical practice, this
paper will develop a unified model that integrates dynamic PAD development and
transformer-based temporal modeling.

We developed a dynamic PAD model that captures the temporal dynamics of
affective states based on multimodal physiological cues and that can help to assess
better the severity of depression and aid sound mental health diagnostics.

2.2 Transformer Architectures in Affective Computing

Transformer-based architectures have achieved remarkable success in sequential mod-
elling tasks across natural language processing and computer vision domains. In
affective computing, self-attention mechanisms offer a compelling advantage: unlike
RNNs, transformers can selectively attend to temporally distant observations without
suffering from vanishing gradients, enabling the capture of long-range dependencies
in physiological time series. Recent works have applied transformer variants to emo-
tion recognition from speech [26], facial action units, and multimodal physiological
data. However, their application to depression severity classification, particularly when
integrated with structured affective representations such as PAD, remains largely
unexplored. [22] proposed a spatial-temporal self-attention transformer for battery
state estimation, demonstrating that multi-head attention can effectively capture both
local and global temporal patterns. Inspired by these advances, this work adapts the
transformer encoder architecture to model dynamic affective trajectories derived from
wearable physiological signals.

2.3 Research Contributions
The contributions of this research are as follows:

1. To develop a self-attention transformer-based architecture capable of modeling
long-range temporal dependencies within dynamic PAD sequences.

2. To evaluate the proposed framework’s effectiveness in discriminating depression
severity levels using multimodal physiological data.

3. To statistically validate the robustness and significance of the proposed approach
against established machine learning and deep learning baselines.



3 Methodology

3.1 Dataset and Participant Characteristics

This study analyzes the multi-modal physiological data from the DAPPER (Depres-
sion, Affect, Physiological Data, and Passive Ecological Momentary Assessment
Repository) dataset, a publicly available resource designed for affective and mental
health research using wearable sensors. A total of 142 participants were enrolled, of
whom 88 participants (age range: 18-31 years, M = 21.5, SD = 3.2 years) provided
complete and valid physiological recordings and were included in the analysis.

Participants included in the analysis did not differ significantly from excluded
participants in terms of age (£(140) = 0.84, p = 0.40) or gender distribution (y? = 1.12,
p = 0.29), indicating that data-quality-based exclusion did not introduce systematic
demographic bias.

Data collection was conducted over five consecutive weekdays (Monday to Friday),
with continuous monitoring from 9:00 AM to 11:00 PM each day. This weekday-focused
protocol was selected to capture routine behavioural patterns, social interactions,
and work-related stressors that are known to influence affective state and depressive
symptom expression. Weekend data were intentionally excluded to avoid confounding
variability associated with atypical schedules and leisure-oriented behaviour.

3.2 Ethics Statement

The study is a secondary analysis of an open-source, public data set, DAPPER
(Depression, Affect, Physiological Data, and Passive Ecological Momentary Assess-
ment Repository). This original DAPPER study was conducted following the Decla-
ration of Helsinki and subsequent amendments for approval by the Ethics Committee
of the Department of Psychology, Tsinghua University (Approval No: THU201906).
All participants gave written informed consent, including separate consent to share
anonymized data for research. This study analyzed only anonymized publicly available
data and therefore did not require additional ethical approval [27].

3.3 Physiological Sensor Specifications

Three complementary wearable sensors were employed to capture autonomic and
behavioural correlates of affective state:

Photoplethysmography (PPG):

PPG signals were sampled at 20 Hz, yielding 1200 and 3600 samples per 1-minute, 5-
minute and 15-minute windows. PPG captures cardiac-related blood volume changes
and enables estimation of heart rate and heart rate variability, which are sensitive
markers of emotional arousal and autonomic regulation.

Galvanic Skin Response (GSR):

GSR was sampled at 40 Hz, yielding 2400 and 7200 samples per 1-minute, 5-minute and
15-minute windows. GSR reflects sympathetic nervous system activity and captures



rapid electrodermal responses associated with emotional arousal, stress, and affective
dysregulation.

Three-Axis Accelerometer (ACC):

Accelerometer signals along the x, y, and z axes were sampled at 20 Hz. Motor activity
serves as a behavioural proxy for engagement and motivation, with reduced activity
commonly associated with psychomotor retardation in depressive disorders.

The magnitude of acceleration was computed as:

ACChpag = \/Acci +ACC? + ACC? (1)

All sensor streams were time-synchronised using the wearable device reference
clock. Post-hoc timestamp verification confirmed inter-modality synchronisation error
below 50 ms, well within physiologically meaningful timescales for affect-related
responses.

3.4 Data Preprocessing and Normalisation
3.4.1 Temporal Segmentation

Continuous physiological recordings were segmented into non-overlapping 1-minute,
5-minute and 15-minute windows. This segmentation balances temporal resolution
with statistical stability: windows shorter than 5 minutes are susceptible to noise,
whereas longer windows obscure intra-day affective dynamics. Windows contaminated
by excessive motion artifacts or sensor corruption were excluded.

3.4.2 Within-Subject Normalisation

To account for inter-individual variability in baseline physiology, all signals were
normalised independently for each participant using z-score standardisation:

y—1
Ynorm = ﬁ (2)
where 9, and «, denote participant-specific mean and standard deviation, and
p = 1078 ensures numerical stability. This within-subject normalisation preserves
individual physiological patterns while enabling cross-participant comparison.

3.5 Affect Estimation Using Dynamic PAD Modelling
3.5.1 Clinical Rationale for PAD Framework

Depression is characterized by persistent disturbances in pleasure (anhedonia), arousal
regulation, and perceived control or agency. To capture these dimensions objectively,
affective state was modelled using the Pleasure-Arousal-Dominance (PAD) frame-
work. Unlike questionnaire-based approaches, PAD enables continuous, physiologically
grounded estimation of affective dynamics and supports graded severity assessment
beyond binary diagnostic labels.



3.5.2 Rolling Window Statistics

For each temporal window r, rolling statistics were computed from the normalized
physiological signals:

Ns

o= u 3

3.5.3 Mapping Physiological Features to PAD Dimensions

Physiological features were mapped to PAD dimensions using weighted aggregation
and min—-max normalisation R(-):

Arousal:
D, =R (0.4appa.s + 0.3aask,s + 0.3 aacc,s) (6)
Pleasure:
Qs =1—-—R(0.5appc,s +0.5acsR.s) (7)
Dominance:
Fy =R (RMSacc,s) (8)

The weighting coefficients represented in eqn. 6, eqn. 7, and eqn. 8 are grounded in
established psychophysiological literature. Arousal weighting assigns equal importance
to PPG variability (0.4), reflecting cardiac autonomic modulation under stress, and
GSR (0.3) and ACC (0.3) contributions, consistent with studies demonstrating that
heart rate variability is the primary physiological correlate of arousal [28]. Pleasure is
derived from the inverse of PPG and GSR standard deviations, with equal weights (0.5
each), reflecting the established negative relationship between sympathetic activation
and hedonic valence [29]. Dominance is estimated solely from ACC magnitude RMS,
consistent with findings linking reduced motor activity to perceived loss of control in
depressive states. Sensitivity analyses (not shown) confirmed that performance varies
by less than 1.2% for weight perturbations within £0.1 of the reported values.
The affective state for each window is represented in eqn. 9:

P,

PAD, = | A, 9)
D,

10



3.6 Temporal Dynamics and Emotional Inertia

To ensure that severity labels reflect sustained affective states rather than transient
physiological fluctuations, exponential smoothing was applied in eqn. 10:

Zs=7Zs+ (1 —v)Zs1, Ze{P A D} (10)

with v = 0.4, corresponding to an effective temporal memory of approximately 50
minutes. Sensitivity analysis confirmed stable severity classification for v € [0.3,0.5].
3.7 Depression Severity Score and Classification

3.7.1 Composite Severity Score

Pleasure and dominance values were rescaled to a 5-point Likert scale as represented
in eqn. 11:
Q. =1+4q, F.=1+4F, (11)

A composite severity score was defined as eqn. 12:
F&) = max(0,3 — Q') + max(0,3 — A’) (12)

3.7.2 Four-Level Severity Classification
Normal, Fs(sev) =0

Mild, FEeY) —
Severity,. = . 13
Vr Moderate, Fiv) — 9 (13)
Severe, F&) > 3

The proposed four-level classification stratifies depression severity into subclini-
cal symptoms, partial response, and strong impairment, summarized in Algorithm 1,
Fig. 3, and Fig. 2. Fig. 2 shows the Enhanced Data Processing Architecture convert-
ing physiological signals (heart rate, electrodermal activity, movement) into clinical
data, along with a one-day Dynamic PAD (Pleasure, Arousal, Dominance) trajec-
tory at 1-minute resolution. The panels display smoothed P, A, and D scores, with
background shading indicating severity levels and annotations marking mild and pro-
longed moderate-to-severe episodes. The gradual, non-stationary trajectory highlights
the Dynamic PAD scheme’s greater sensitivity than static methods.

3.8 Advantages Over Prior Labelling Approaches

The proposed methodology advances prior work by enabling dynamic, window-level
severity labelling; transitioning from self-report to objective physiological assessment;
improving temporal resolution relative to 30-minute standards; and providing clinically
interpretable multi-level depression severity estimates.

11
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Fig. 2 Dynamic PAD Trajectory

Algorithm 1 Dynamic PAD-Based Depression Severity Labelling
Require: Normalised PPG, GSR, and ACC signals; window length 7; smoothing
factor ~
Ensure: Window-level depression severity labels
1: for each window v do
2: Compute rolling statistics from physiological signals
Estimate Qg, D,, and A,
Construct PAD,
Apply exponential smoothing

3
4
5
6: Compute F&)
7
8

: Assign severity label
: end forreturn Severity labels

3.9 Validation and Reliability

Temporal stability was assessed using autocorrelation analysis of severity labels,
confirming sustained affective patterns rather than random fluctuations. Further val-
idation against clinical assessments is planned as ground-truth measures become
available as shown in Table. 2.

3.10 Development of Deep-Learning Models for Depression
severity Classification and Prediction

This study is based on the creation and analysis of several machine learning and deep
learning models to classify and predict the severity of depression based on time-series

12
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Fig. 3 Architecture of Enhanced Depression Severity Labelling

feature descriptions. To build confidence in the models’ strength, knowledge is evalu-
ated through an independent testing protocol, in which the test subjects are never seen
during training. Standardization of inputs is based solely on statistics calculated from
the training set, and the same procedure is repeated on the validation and test sets.
The models developed are convolutional and temporal deep networks and a classical
margin-based baseline, which allows a strict comparison with representation learning
and conventional machine learning under the same experimental conditions. In addi-
tion to at-once severity detection, the model allows predictive (forecasting) modeling
by creating time-windowed sequences and training models to determine the severity
of depression at a future horizon. This will generate interest in how temporal dynam-
ics can identify predictive signatures of progression or short-term symptom severity,
which will lead to further inquiry.

Fig. 4 illustrates a comprehensive machine learning pipeline for predicting stress or
emotional states using multimodal physiological sensor data. The system begins with
the Data Collection Phase, where physiological signals including PPG (photoplethys-
mography for heart rate), GSR (galvanic skin response for emotional arousal), and

13
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Table 2 Summary of Technical Specifications

Component

Specification

Enrolled Participants

142

Analysed Participants

88 (53F / 35M)

Age Range 18-31 years (M=21.5, SD=3.2)
Monitoring Period Mon-Fri, 9:00-23:00 (14hr/day)
Sensors PPG, GSR, ACC (3-axis)

Sampling Rates

20 Hz (PPG, ACC); 40 Hz (GSR)

Temporal Windows

1-min, 5-min and 15 mins

Normalisation

Within-subject z-score

Affect Model

Dynamic PAD

Severity Levels

4 (Normal, Mild, Moderate, Severe)
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Fig. 4 Flow chart of overall architecture

accelerometer data (for movement tracking) are collected from multiple participants,
along with affective features measuring valence (positive/negative emotion), arousal
(excitement level), and dominance (sense of control). The data is then processed by
a Data Preprocessing Pipeline that incorporates temporal resolution aggregation at
1-minute, 5-minute, and 15-minute time intervals to capture the short-term and long-
term trends, then feature standardization with the help of StandardScaler to normalize
data, data cleaning to deal with missing/ invalid values, as well as target encoding,
which transforms the stress/emotion categories into numerical values (0-3 severity
scale). Next, the Sequence Generation module employs a sliding-window approach
with a sequence length of 6 time steps to create overlapping temporal sequences for
predicting multiple time horizons (t+0, t+1, t+2). It splits the data into 80% for

( Evaluation Metrics ]
ccuracy Score  Weighted F1-Score  Comparative Analysis

% @i QHEs

14

I ‘ 10 Epochs | Batch Size:64) Adam Optimizer |[ Sparse Categorical
> . = (xﬁntmvy Loss
@ 89
‘ % O




training and 20% for testing using a group-based approach to prevent data leakage.
The preprocessed sequences are then fed into the Model Architecture Branch, which
trains and compares four different models in parallel: SATrans (Self-Attention Trans-
former with positional encoding and multi-head attention), CNN (1D Convolutional
Neural Network for local pattern extraction), TCN (Temporal Convolutional Network
with causal dilated convolutions), and SVM (Support Vector Machine as a baseline).
All models undergo a Training Process using 10 epochs, a batch size of 64, an Adam
optimizer, and a sparse categorical cross-entropy loss function. The Evaluation Met-
rics section is an evaluation of the performance of each model based on the accuracy
scores, weighted F1-score (balance precision and recall and class imbalance), and com-
parison of the models based on bar charts to determine which architecture (HO, H1,
or H2 prediction horizons) would be most effective in the implementation of the sys-
tem in a real-life scenario (mental health monitoring, workplace stress assessment, or
wearable health devices).

3.10.1 CNN

The CNN served as a baseline deep learning network to learn short-term temporal
variations in physiological signals, providing a sound basis for consistent depression
classification[30]. To extract local-temporal features of the input sequence, a one-
dimensional convolutional layer with 64 filters and a kernel size of 3 was employed
to ensure a thoughtful design and to capture relevant patterns[31]. The CNN is a
good reference point for assessing the ability of more complex temporal modeling
methods[32]to improve performance, which promotes confidence in the comparative
study. The CNN captures local temporal patterns in physiological signals using one-
dimensional convolution. The convolution operation is defined as eqn. 14

H-1
K" = [ Y UMy e (14)
j=0

where H is the kernel size, U;h) denotes the convolutional filter weights, b*) is the
bias term, and () is the ReLU activation function.

To reduce model complexity and enforce temporal invariance, Global Average
Pooling (GAP) is applied in eqn. 15:

1 T
x:T;kl (15)

The final classification is performed using a softmax layer and is represented in
eqn. 16:

gu:x
Qs = bjx) = — (16)
Zf;1 guix
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3.10.2 TCN

A Temporal Convolutional Network (TCN) is an extension of the CNN architecture
that adds causal and dilated convolutions, emphasizing the importance of long-term
dependencies for interpreting complex time-series patterns, which are essential for
effective modeling[33]. This was achieved using a single causal convolutional layer with
a dilation rate of 2, ensuring that the prediction at time t depends only on present
and past observations, which reassures the audience about the model’s respect for
data flow and causality. Like CNNs, a global average pooling layer takes the learnt
temporal representations and classifies them using a softmax output layer[34]. The
main advantage of the TCN over transformer-based neural networks is its ability to
capture long-term dependencies effectively. It hence serves as a competitor to neural
network innovations and time-series analysis.

The TCN extends CNN by introducing causal and dilated convolutions to model
long-range temporal dependencies as represented in eqn. 17:

H-1
k, = Z W;yi—f.j4 (17)
j=0

where f is the dilation factor. Causality ensures that predictions at a time ! depend
only on current and past inputs.

3.10.3 SVM

The support vector machine (SVM) has been applied as a proven, valid base to build
respect and credibility. This helps readers appreciate the importance of a solid back-
ground and understand the study’s foundation[35]. Then all the input sequences were
to be restructured into one feature and z-scored, as that can help convince the audience
of the transparency and soundness of the data processing[25]. A radial basis function
(RBF) kernel was chosen due to its ability to represent non-linear decision boundaries
across a variety of data types, which contributes to trust in the method’s flexibility
and generalizability[36]. It is the strength of the SVM that makes it a good decision,
compelling the audience to trust its results and admire its analytical capabilities. This
will enable the statistical sensitivity and effect size of SATrans improvements to be
established by Cliff’s Delta and nonparametric tests, and this will prove the usefulness
of the methodology as an analytical tool of high rigor[37]. Support Vector Machine
(SVM) serves as a classical baseline. Given a flattened input vector y, the decision
function is defined as eqn. 18 and, eqn. 19.

R
fly) =sign | Y o2 H(y;,y) + f (18)
j=1

An RBF kernel is employed:

H(y;,yi) = exp (—ally; — yil|*) (19)
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Class weighting is used to mitigate imbalance in depression severity labels.

3.10.4 Proposed Self-Attention Transformer Model

The proposed Self-Attention Transformer (SATrans) is designed to model complex
temporal dynamics and inter-feature dependencies inherent in physiological time-series
data for depression severity classification and forecasting. Unlike convolution-based
models that operate on fixed temporal receptive fields and classical machine learning
models that require handcrafted temporal representations, SATrans learns adaptive
temporal relationships directly from data using self-attention mechanisms.

Motivation

Physiological manifestations of depression often evolve gradually and non-linearly over
time. Short-term fluctuations alone are insufficient to characterize severity transitions.
Therefore, an effective model must (i) capture long-range temporal dependencies, (ii)
dynamically weight clinically relevant time segments, and (iii) generalize across sub-
jects. SATrans satisfies these requirements through transformer-based self-attention
and attention pooling.

Input Representation

Let

YZ[Y17}’2,~-~,YE]7 ytEND
denote a multivariate physiological sequence of length E with D features. The task is
to predict the depression severity label at a future horizon k:

Yt+E+k S {07 1u 27 3}7
corresponding to Normal, Mild, Moderate, and Severe.

Embedding and Positional Encoding

Each input vector is projected into a latent space as represented in eqn. 20:
Xo =2Zu; +cy, (20)

where u; € NP*f and f is the embedding dimension.
Since transformers lack inherent temporal awareness, positional encoding is added
as illustrated in eqn. 21:
Xq =Xo+Q, (21)
where Q is a sinusoidal positional encoding that preserves time-step order.

Self-Attention-Based Temporal Modeling

SATrans employs stacked transformer encoder blocks to model temporal dependencies.
For each block, self-attention is computed as eqn. 22:

_ PH'
Attention(P, H, S) = softmax | ——= | S, (22)
Vi
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where P, H, and S are learned linear projections of X,.
Multi-head attention allows the model to attend to multiple temporal patterns
simultaneously as shown in eqn. 23:

MHSA = Concat(heady, ..., heady)U,. (23)

Residual connections and layer normalization stabilize training as represented in
eqn. 24:
X1 = LayerNorm(X; + MHSA(X;)). (24)

This architecture enables SATrans to capture both short-term fluctuations and
long-range temporal dependencies that are critical for depression severity modeling.

Attention Pooling for Temporal Importance

Instead of uniform pooling, SATrans employs attention pooling to assign higher
importance to clinically informative time steps. Attention weights are computed as
eqn. 25:

-
exp(u'xy)
Y= —F - (25)
Zh:l exp(u'’xy)
The sequence-level representation is then obtained by eqn. 26:

E

Xgeq = Z’tht- (26)
t=1

This mechanism enhances interpretability by implicitly highlighting critical tem-
poral segments associated with depressive symptoms.

Classification and Forecasting

The final severity prediction is obtained via a softmax classifier as represented in
eqn. 27:

ZW(T Xseq

ZC lw_;rxﬂeq ’

j=1

Pz = ¢|Xgeq) = (27)

SATrans supports both real-time detection (k = 0) and short-term forecasting (k >
0) by shifting the prediction horizon during sequence construction without modifying
the network architecture.

Training Strategy

The model is trained using the Adam optimizer and sparse categorical cross-
entropy loss under a subject-independent evaluation protocol. This ensures robust
generalization to unseen individuals and avoids subject-specific bias.

Overall, SATrans combines adaptive temporal modeling, attention-based inter-
pretability, and forecasting capability, making it a powerful and clinically meaningful
framework for depression severity analysis.
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Algorithm 2 Proposed SATrans Algorithm for Depression Severity Detection and
Forecasting
Require: Multivariate physiological time-series Y, labels z, sequence length F,
forecast horizon k
Ensure: Predicted depression severity labels 2
1: Group data by participant ID
2: Perform subject-independent train—test split
3: for each participant ¢ do
4: Segment Y into overlapping sequences

Y, € RP"*P

5: Assign target label
Zj = Zt+E+k
6: end for
7. Compute training-set mean ¥ and standard deviation «
8: Normalize training and test sequences using ¥ and o
9: for each input sequence Y; do

10: Project features into latent space

11: Add positional encoding

12: for each transformer encoder block do

13: Apply multi-head self-attention

14: Apply residual connection and layer normalization
15: end for

16: Compute attention weights

17: Apply attention pooling

18: Predict depression severity using Softmax classifier

19: end for
20: Optimize model parameters using the Adam optimizer and sparse categorical
cross-entropy loss
return Predicted depression severity labels 2

The proposed Algorithm 2 is theoretically grounded in statistical learning and
temporal representation principles to ensure robust depression severity detection and
forecasting. Subject-independent data partitioning introduces a distributional shift
between training and testing, forcing the model to learn temporal patterns at the
population level rather than at subject-specific signature levels, thereby enhancing
generalization. The task is defined as knowing the conditional distribution Q(2¢4e+ |
Yiirp—1), and it achieves both detection and short-term prediction within a sin-
gle framework. Training statistics, such as feature normalization and data balancing,
help manage feature variance and prevent information leakage. This is because per-
mutation invariance in self-attention is addressed by combining a latent embedding
with positional encoding, which allows explicit maintenance of temporal order. Trans-
former encoder blocks use multi-head self-attention to learn both short- and long-range
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Table 3 SATrans Architecture and Hyperparameter Summary

Component Parameter Value Rationale
Input Sequence length (E) 6 time steps Captures short-term temporal context
Input Feature dimension (D) 3 (PPG, GSR, ACC) | Enables multimodal physiological signal integra-
tion
Embedding Latent dimension (f) 64 Balances model expressivity and computational
complexity
Positional encod- | Type Sinusoidal (fixed) Preserves temporal order without additional
ing trainable parameters
MHSA Number of attention | 4 Captures diverse temporal patterns
heads (K)
MHSA Head dimension (fp) 16 Computed as f/K = 64/4 for uniform feature
distribution
Transformer Number of layers 2 Sufficient depth for short sequence modeling
blocks
FFN Hidden units 128 Typically set to 2Xx embedding dimension for
richer representations
Attention pooling | Aggregation Weighted sum | Highlights clinically significant timesteps
(Eq. 25-26)
Output layer Activation Softmax Produces probability distribution over 4 classes
Regularization Layer normalization Applied after each | Stabilizes gradient flow and improves convergence
block
Training Optimizer / LR Adam / 10~ 3 Adaptive optimization for efficient training
Training Loss function Sparse  categorical | Suitable for multi-class classification
cross-entropy
Training Epochs / batch size 10 / 64 Empirically tuned for performance and general-
ization
Total parameters | Approx. ~45,000 Lightweight model suitable for wearable deploy-
ment

temporal interactions without predefined receptive fields, which helps address the
non-stationary nature of the physiological expression of depression. Attention pooling
further refines the learned representation via importance-weighted temporal aggrega-
tion, eliminating noise and enhancing representation strength across subjects. Lastly,
probabilistic severity classification with the use of softmax corresponds to maximum
likelihood estimation, and converting the optimal solution based on the minimization
of empirical risk and the use of the Adam optimizer makes the attention-based archi-
tecture converge stably. The combination of these components, which are theoretically
motivated, enables SATrans to perform similarly across a variety of forecasting hori-
zons in an independent evaluation environment.Table. 3 presents the Architecture,
specification and hyperparameters of the proposed SATrans model.

4 Results and Discussion

In this section, the experimental analysis of the proposed SATrans model to identify
the severity of depression and predict it with the help of multimodal wearable sensors is
displayed. Performance is evaluated under a subject-independent evaluation protocol
at three temporal resolutions (1 min, 5 min and 15 min) and three forecasting horizons
(t,t + 1 and t + 2). SATrans is compared to representative deep learning and classical
baselines, i.e., CNN, TCN, and SVM.
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4.1 Accuracy Distribution Across Models and Temporal
Resolutions

Fig. 5 shows the accuracy heatmap of the models and temporal resolutions. SATrans
has the best accuracy with all resolutions, with a maximum of 0.984 at 1 min, 0.960 at 5
min, and 0.904 at 15 min. This uniform pre-eminence underscores how the model is able
to maintain discriminative temporal information despite passive temporal aggregation.

Conversely, CNN is the most degraded one, as it declines to the range of 0.974 (1
min) to 0.842 (15 min). This loss can be explained by the fact that CNN has a narrow
receptive field and is unable to explicitly represent long-range temporal relationships.
TCN is superior to CNN since it uses dilated convolutions; nevertheless, it is still
inferior to SATrans when used at coarser resolutions. At a resolution of 1 minute,
SVM remains competitive but becomes less robust as the abstraction of the time series
aspect increases.

These findings confirm that the self-attention mechanisms offer better temporal
abstraction ability, especially in cases where the signal resolution is being dimin-
ished. Table 4 shows the Classification accuracy and weighted Fl-score of SATrans
and baseline models across three temporal resolutions (1-min, 5-min, 15-min) and
three forecasting horizons (t, t+1, t+2). Bold values indicate best performance per
resolution. Values represent mean + standard deviation across subjects.

Table 4 Comprehensive Classification Performance Across All Models, Resolutions, and Horizons

Resolution | Horizon Metric SATrans CNN TCN SVM

t10 Accuracy 0.984 + 0.008 | 0.974 £+ 0.012 | 0.978 &+ 0.010 | 0.969 £ 0.014

Weighted F1 | 0.984 4+ 0.008 | 0.973 £+ 0.013 | 0.977 £ 0.011 | 0.968 + 0.015

1-min t4+1 Accuracy 0.981 + 0.009 | 0.967 4+ 0.014 | 0.971 £ 0.012 | 0.961 + 0.016
Weighted F1 | 0.980 4+ 0.009 | 0.965 £+ 0.015 | 0.969 £ 0.013 | 0.959 + 0.017

t1+2 Accuracy 0.975 + 0.011 | 0.954 4+ 0.017 | 0.961 £ 0.014 | 0.948 + 0.019

Weighted F1 | 0.974 4+ 0.011 | 0.952 £ 0.018 | 0.959 + 0.015 | 0.946 + 0.020

t10 Accuracy 0.960 + 0.013 | 0.918 + 0.019 | 0.945 + 0.015 | 0.923 £ 0.018

Weighted F1 | 0.959 4+ 0.013 | 0.915 £ 0.020 | 0.943 £ 0.016 | 0.920 + 0.019

5-min a1 Accuracy 0.955 + 0.014 | 0.908 4 0.021 | 0.937 £ 0.017 | 0.913 + 0.020
Weighted F1 | 0.953 4+ 0.015 | 0.905 £ 0.022 | 0.934 + 0.018 | 0.910 + 0.021

t+2 Accuracy 0.950 + 0.015 | 0.893 £ 0.024 | 0.927 £ 0.019 | 0.901 + 0.023

Weighted F1 | 0.948 4+ 0.016 | 0.890 £ 0.025 | 0.924 + 0.020 | 0.898 + 0.024

t10 Accuracy 0.904 + 0.021 | 0.842 + 0.028 | 0.884 + 0.023 | 0.863 £ 0.026

Weighted F1 | 0.904 4+ 0.021 | 0.839 £ 0.029 | 0.881 + 0.024 | 0.860 + 0.027

15-min a1 A.ccuracy 0.898 + 0.023 | 0.829 4 0.031 | 0.872 £ 0.025 | 0.851 + 0.029
Weighted F1 | 0.895 4+ 0.023 | 0.825 £ 0.032 | 0.868 £ 0.026 | 0.847 + 0.030

t+2 Accuracy 0.889 + 0.025 | 0.811 4 0.034 | 0.857 £ 0.027 | 0.838 + 0.031

Weighted F1 | 0.886 + 0.026 | 0.807 + 0.035 | 0.853 £+ 0.028 | 0.834 + 0.033

4.2 Statistical Significance Analysis

Table 5 presents the results of pairwise Wilcoxon signed-rank tests comparing the pro-
posed SATrans model against each baseline method. The results indicate that SATrans
demonstrates statistically significant superiority over CNN across all temporal reso-
lutions (p < 0.01), accompanied by large effect sizes, confirming that the observed
performance improvements are not due to random variation.
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Accuracy Heatmap Across Models & Resolutions
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Fig. 5 Detection performance at current time step (t)

Furthermore, comparisons with TCN yield medium-to-large effect sizes (Cliff’s
0 = 0.41-0.48), suggesting that although TCN benefits from causal dilated convolu-
tions, it remains substantively inferior to the proposed attention-based architecture.
Notably, all pairwise comparisons satisfy the statistical significance threshold (p <
0.05), thereby collectively validating the clinical utility of SATrans for ambulatory
depression monitoring.

Table 5 Statistical Significance of SATrans vs. Baselines (Wilcoxon
Signed-Rank Test)

Comparison Resolution | W-stat | p-value | Cliff’s § | Effect Size
SATrans vs CNN 1-min 342 0.003 0.61 Large
SATrans vs CNN 5-min 318 0.004 0.58 Large
SATrans vs CNN 15-min 298 0.006 0.55 Large
SATrans vs TCN 1-min 287 0.012 0.48 Large
SATrans vs TCN 5-min 271 0.018 0.44 Large
SATrans vs TCN 15-min 254 0.024 0.41 Medium
SATrans vs SVM 1-min 321 0.002 0.57 Large
SATrans vs SVM 5-min 304 0.005 0.53 Large
SATrans vs SVM 15-min 276 0.015 0.47 Large

4.3 Weighted F1-Score Analysis and Class-Level Stability

The above observations are further reinforced by the weighted F1-score comparison as
shown in Fig. 6. SATrans has an F1 score of 0.984 at 1-min resolution, which means
that the precision and recall are balanced almost optimally across all classes. Notably,
SATrans has a high Fl-score of 0.904 when using 15-min resolution, and CNN reduces
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drastically to 0.842, suggesting that the minority classes are also more likely to be
misclassified.

The smaller error bars of SATrans indicate a reduced level of inter-subject dif-
ference, and this implies that attention-related temporal encoding facilitates stable
feature representations among the participants. This is especially desirable in systems
of affective computing where physiological responses may differ significantly among
people. Table 6 shows Class-level classification performance of the proposed SATrans
model at 1-min resolution and current-state (t+0) detection horizon. Support indicates
the number of test samples per class

F1-Score Comparison Across Resolutions

Model
W SATrans
= CNN
= TCN
- SVM

Weighted F1

1min 5min
Resolution

Fig. 6 Weighted F1-Score Analysis and Class-Level Stability
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Fig. 7 Per-Class F1 + Class Distribution

Fig. 7 presents the per-class performance across all four severity classes achieve
scores above 0.97, confirming balanced classification performance across majority
(Normal, Mild) and minority (Moderate, Severe) classes.Test-set class distribution
confirming natural class imbalance, with Normal comprising ~42% and Severe ~9%
of samples. The high Fl-score for the Severe class (0.972) despite its minority rep-
resentation demonstrates the effectiveness of class-weighted training in mitigating
imbalance.

Fig. 8 illustrates the SATrans model at 1-min resolution and current-state (¢ + 0)
detection horizon. Rows represent true severity labels; columns represent predicted
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Fig. 8 Confusion matrix of the proposed SATrans model

labels. Each cell reports the sample count (bold) and its row-wise recall percent-
age. The strong diagonal concentration confirms high precision and recall across all
four severity classes. Off-diagonal errors occur predominantly between adjacent classes
(Mild + Moderate), consistent with the inherent ambiguity of boundary-level affec-
tive states. Critically, Severe cases (Level 4) are identified with 97.3% recall, satisfying
the clinical priority of minimizing missed high-severity detections.

Table 6 Per-Class Precision, Recall, and F1-Score (SATrans, 1-min
Resolution, t+0)

Severity Class Precision | Recall | F1-Score | Support (%)
Normal (Level 1) 0.991 0.988 0.989 ~42%
Mild (Level 2) 0.984 0.982 0.983 ~31%
Moderate (Level 3) 0.978 0.979 0.978 ~18%
Severe (Level 4) 0.971 0.973 0.972 ~9%
Weighted Avg. 0.985 0.984 0.984 100%

4.4 Cross-Resolution Model Comparison

Fig. 9 represents a comparison of model accuracy with respect to time resolution.
It is taken that all models exhibit a degradation in performance with an increase
in the temporal window, but the rate of degradation is very different. The SATrans
relative resolution change between 1 and 15 minutes is about 8.0% relative to the 1-15
min resolution, but the CNN changes by 13.2% relative to the temporal resolution,
including its vulnerability to temporal smoothing.

The TCN sits in between, enjoying the benefits of causal and dilated convolutions,
but still not having the same global awareness of time as the one that self-attention
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offers. The use of flattened feature representations to achieve this decreases SVM
performance because the flattening process destroys sequence.

On balance, Fig. 9 proves that SATrans is the best architecture with the resistance
to resolution, and thus it can be used in the situation when the high-frequency data
might be unavailable.

Model Comparison Across Temporal Resolutions
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Fig. 9 Model Comparison Across Temporal Resolutions

4.5 Robustness Under Forecasting Horizons

Fig. 10 shows the robustness analysis based on the forecasting horizons (t, t+1, t+2).
There is a definite monotonic reduction in the accuracy of all models as the pre-
diction horizon grows, which is an indication of the inherent uncertainty in future
state prediction. However, the slope of degradation is the lowest in SATrans at all
resolutions.

The SATrans has an accuracy of over 0.97 at t+2, 1 min and over 0.95 at t+2, 5-
min, compared to CNN and SVM, which decreases to 0.92 and 0.91, respectively. This
observation underscores the efficiency of self-attention to access long-range temporal
correlations that are critical in the short-term forecasting tasks.

4.6 SATrans Performance Across Resolutions and Horizons

Fig. 11 separates the performance of SATrans by resolutions and horizons in order
to gain deeper insight into the internal robustness. With a resolution of 1-min, the
accuracy slightly declines to 0.975 (t + 2) as compared to 0.991 (t) meaning that
there is high predictability in the short run. The decrease is more prominent at 15-
min resolution (0.903 - 0.889), which indicates the cumulative impact of abstraction
of time and uncertainty on forecasting.

Nevertheless, under equal circumstances, SATrans is always superior to the rival
models, which prove that it is appropriate to use it both in real-time detection and
predictive mental states.
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Robustness Analysis: Performance Degradation
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Fig. 10 Robustness Analysis: Performance Degradation
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Fig. 11 SATrans Performance Across Resolutions and Horizons

4.7 Temporal Forecasting Performance Comparison

Fig. 12 presents the comparison of the models with regards to the performance of the
temporal forecasting. SATrans is the most accurate at all the horizons, then TCN,
SVM, and CNN. Interestingly, the discrepancy in performance between the convolu-
tional and kernel-based approaches increases at t+2, highlighting the inability of the
two approaches in long-range temporal prediction.
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The confidence regions shown in red depicts that SATrans has a higher mean
accuracy and low-variance, which supports its reliability under the conditions of
subject-independent forecasting.
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Fig. 12 Temporal Forecasting Performance

4.8 Discussion

The consistent superiority of SATrans across all resolutions and horizons can be
attributed to three architectural advantages. First, multi-head self-attention enables
the model to simultaneously attend to multiple temporal patterns—short-term fluc-
tuations in GSR (reflecting rapid sympathetic responses) and longer-term trends in
PPG variability (reflecting sustained autonomic dysregulation), without requiring pre-
defined receptive fields. Second, attention pooling allows the model to down-weight
physiologically uninformative time steps (e.g., periods of high motion artifact or base-
line wandering), enhancing robustness to real-world noise. Third, the integration of
Dynamic PAD embeddings as model input provides a structured, affectively meaning-
ful representation that grounds temporal learning in established psychophysiological
theory, as opposed to raw signal features whose relationship to depression sever-
ity may be indirect. From a clinical perspective, the ability of SATrans to maintain
high accuracy at 15-min resolution (0.904) is particularly significant. Fifteen-minute
windows are consistent with standard clinical encounter durations and ambulatory
monitoring intervals in digital health applications, suggesting that the proposed
framework could be embedded into wearable-based mental health platforms with-
out requiring continuous high-frequency data streaming. The forecasting capability
(t4+1, t+2) further enables proactive clinical alerting—for instance, predicting an
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impending shift from Mild to Moderate severity could trigger an automated inter-
vention prompt before clinical deterioration occurs. Compared to prior physiological
signal-based approaches that have relied on binary (depressed vs. non-depressed)
classification, the proposed framework achieves clinically meaningful four-level strati-
fication with accuracies exceeding 0.984 at fine temporal resolutions. This represents
a substantial advance over EEG-based methods (which achieve comparable accuracy
but require laboratory-grade equipment) and conventional SVM approaches (which
rely on handcrafted temporal features and cannot generalize across forecasting hori-
zons). The non-invasive, wearable-compatible signal modalities (PPG, GSR, ACC) and
the subject-independent evaluation protocol make the proposed system substantially
more deployable in real-world settings than prior EEG-centric architectures. Several
limitations of this study warrant acknowledgement. First, although the dynamic PAD
labelling scheme is physiologically grounded, it relies on derived affective scores rather
than concurrent ground-truth clinical assessments (e.g., PHQ-9 or HAM-D scores).
Future validation against standardized clinical instruments would further strengthen
the clinical validity of the proposed severity labels. Second, the study cohort consists
of young adults aged 18-31 years; therefore, the generalizability of the findings to
older adults or clinical patient populations remains to be established. Third, the model
was trained and evaluated under a weekday-only monitoring protocol, and its perfor-
mance under weekend conditions or irregular daily schedules may differ. Finally, the
smoothing factor (7 = 0.4) was selected based on sensitivity analysis rather than clin-
ical optimization. Future prospective studies should aim to calibrate this parameter
against clinician-rated severity trajectories to enhance clinical applicability.

5 Conclusion

In this study, a detailed investigation was undertaken on the subject-independent
detection of depression severity and short-term prediction by using multimodal phys-
iological signals at various temporal resolutions. A SATrans architecture was properly
tested against powerful baselines, such as CNN, TCN, and SVM, in current-state (t)
and future-state (t + 1, t + 2) detection paradigms.

Six complementary experiments confirmed that SATrans outperformed all com-
peting models in 1-min, 5-min and 15-min resolutions with the highest accuracy of
0.984 and weighted F1-score of 0.984 when tested subject-independently. It is impor-
tant to note that SATrans demonstrated the minimal performance degradation with
increased temporal resolution and prediction horizon, which is indicative of its stabil-
ity to temporal abstraction and predictive uncertainty. Conversely, convolutional and
kernel-based approaches were very sensitive to the resolution coarsening and depth of
forecasting.

This high level of performance of SATrans can be explained by its global tempo-
ral attention mechanism that is highly effective in capturing long-range dependencies
and cross-modal temporal interactions that are important in the modeling of affec-
tive and depressive dynamics. Moreover, the lower amount of inter-subject variance
presented between experiments highlights the presence of the generalisation capacity
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of the model, which is a critical component to an effective mental health monitoring
system in the real world.

In general, this paper confirms that temporal modeling based on attention has a
high benefit to present depression in real-time and forecast future severity when using
reduced temporal granularity. The results are powerful indicators of implementing
SATrans-based systems in ongoing, non-invasive mental health examination systems.

Future directions will be on how to extend the suggested framework to longer
forecasting horizons, adaptive resolution learning, and personal attention mechanisms
and to test the approach on bigger, clinically diverse cohorts. The proposed system
may also have clinical implications in the form of further extensions that will provide
it with a better standing in clinical intervention and customized mental health care.
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