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Abstract
The increasing prevalence of depressive disorders in adoles-
cents is becoming a major public health concern. Prompt diag-
nosis is crucial to mitigate the effects of depression; however,
current diagnostic approaches are often burdensome and lack
objective biomarkers, which hinders early detection and inter-
vention.This paper introduces a novel multi-tasking framework
that integrates attention and resting task EEG signals using
Biosignal Learning and Agent Transformer (BLAT) for ado-
lescent depression detection. Our approach involves segment,
channel, and positional encoding of EEG data to process sig-
nals related to attention and resting tasks. These signals are
then analyzed using the Agent Transformer for feature ex-
traction and subsequent depression classification.Our experi-
ments involve 50 adolescents diagnosed with depression and
50 matched controls. By applying BLAT to classify combined
attention and resting task EEG signals, we achieved an 85.00%
accuracy rate in detecting depression in an independent test set.
This outcome underscores the value of our method in provid-
ing a viable method for early depression screening in adoles-
cents.
Keywords: Depression detection, EEG, multi-task, attention
task, resting task.

Introduction
Depression is a significant global health issue, identified by
the World Health Organization as a leading cause of disabil-
ity, with a profound impact on adolescents due to various
pressures (Chen et al., 2024). Adolescents face unique chal-
lenges that contribute to the rising prevalence of depression,
including family expectations, academic demands, and so-
cial interactions (Qi et al., 2025). Addressing these requires
comprehensive strategies for early diagnosis and intervention,
emphasizing the role of public policies in educational and
community settings.

Despite the availability of psychological counseling ser-
vices, stigma and trust issues prevent many students from
seeking help (Yong, Ren, Wang, Yang, & et al., 2024), indi-
cating a need to alter public perceptions of mental health sup-
port. Innovative technologies, such as EEG signals and deep
learning algorithms, are emerging as effective tools for diag-
nosing depression (Hao et al., 2021). These methods offer
objective data that complement traditional diagnostic frame-
works, which often rely on subjective evaluations (Malhi,
Mann, & et al., 2018).

Recent advancements in neuroimaging, like fMRI and
EEG, have identified biomarkers linked to depression, reveal-
ing physiological changes in the brain that enhance diagnos-
tic precision (Hamilton et al., 2012; Olbrich & Arns, 2013).

Additionally, attention-based tasks and multimodal networks
integrating various physiological data are improving the accu-
racy of depression recognition (Liu & et al., 2021).Attention
performance differs significantly between individuals with
depression and non-depressed controls, highlighting key dis-
parities in several dimensions of attentional functioning. De-
pressed individuals exhibit slower attention allocation, par-
ticularly when processing positive information, which may
hinder their overall perception and response to such stimuli.
They also require greater attentional load during information
processing, reflecting increased cognitive effort and reduced
processing efficiency. Furthermore, attentional flexibility is
impaired in individuals with depression, making it more chal-
lenging for them to shift focus between different types of
information, especially in scenarios requiring rapid adjust-
ments. Their attention is also less sustained over prolonged
tasks, leading to lapses in focus and reduced processing effi-
ciency during extended periods of concentration. In contrast,
non-depressed individuals exhibit faster attention allocation,
reduced attentional load, greater flexibility, stronger sustained
attention, and deeper focus, enabling them to process and
comprehend information more efficiently. These differences
underscore the unique challenges faced by individuals with
depression in attentional performance, suggesting that inter-
ventions should prioritize enhancing attention-related capaci-
ties to improve cognitive and emotional functioning(Kohei et
al., 2022).These developments suggest promising directions
for personalized treatment strategies, particularly for adoles-
cents at risk.

This paper seeks to explore these advancements, illumi-
nating current methodologies and identifying future research
directions to improve understanding and treatment of depres-
sion among vulnerable adolescent populations.

In this study, we explore various fusion methods of rest-
ing and attention tasks for depression detection. By employ-
ing deep learning techniques, we extract effective features
from these multi-task datasets, significantly improving over-
all classification accuracy. The model’s efficacy is rigorously
validated through extensive testing on an independent test set.
The primary contributions of this work are:

• By extracting and integrating features from resting and
attention task data and utilizing Biosignal Learning and
Agent Transformer (BLAT), we have successfully pre-
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served the rich information present in EEG signals.

• Our self-collected dataset includes data from 100 adoles-
cent participants, providing a large sample that encom-
passes both resting and attention task data.

• Through the use of a comprehensive EEG dataset for model
training and subsequent validation on an independent test
set with different participants, we ensure a thorough eval-
uation of the model’s performance under real-world condi-
tions.

Proposed Model
Physiological signals provide critical insights into health con-
ditions, but their complexity poses challenges for analysis.
Compared to images (RGB or grayscale), audio, or natural
language, physiological electrical signals are more complex,
primarily due to their multiple channels. Converting these
diverse physiological signals into a unified ’sentence’ struc-
ture is not a straightforward task. This paper employs the
Biosignal Learning and Agent Transformer (BLAT) to ad-
dress this challenge. BLAT utilizes a novel biosignal tok-
enization module (Yang, Westover, & Sun, 2023) that individ-
ually segments and flattens each channel into tokens to form
a consistent biosignal ’sentence’. Through innovative parsing
techniques, BLAT effectively extracts information and identi-
fies multi-channel EEG signals from both depressive subjects
and healthy controls.

Biosignal Tokenization
Tokenization To accommodate varying lengths, we tok-
enize each channel’s record into t-second tokens, with ad-
jacent tokens overlapping by p seconds (where p < t, e.g.,
t = 1 and p = 0.5). Consequently, the k-th token in the i-th
channel (k = 1, 2, 3, ...) can be represented using slice no-
tation as S[i,(t − p)(k− 1) : (t − p)(k− 1)+ t]. The number
of tokens in each channel is constrained by the inequality:
(t − p)(k − 1)+ t ≤ J (where J is the signal length). Here,
the overlap p is crucial for preserving temporal information
in shorter signals.

Flattening We flatten tokens from all channels into a con-
sistent ’sentence’.

Segment embedding We derive the segment embedding
from a spectral perspective. Initially, we extract an energy
vector for each token S[i,(t − p)(k − 1) : (t − p)(k − 1)+ t]
across all frequency bands, facilitated by the Fast Fourier
Transform (FFT). Subsequently, a fully connected network
(FCN) processes this energy vector to generate the segment
embedding.

Channel embedding (spatial) We learn an embedding ta-
ble for all different channels and add the corresponding chan-
nel embedding to the token. Each color represents one chan-
nel in Figure 1.

Positional encoding (temporal) In the context of biosig-
nals, the sequential arrangement of segments within a chan-
nel encapsulates temporal information. Consequently, we in-
corporate relative positional encoding into the ultimate token
embedding through the utilization of sinusoidal and cosine
functions, thereby obviating the necessity for trainable pa-
rameters.

We denote the final tokenized biosignal ’sentence’ as X ∈
RN×l , where N represents the number of tokens and l de-
notes the dimension of the token embedding. In Figure 1, the
highlighted orange region signifies the spatial or temporal-
relevant tokens with respect to the current token (i.e., tokens
at the same time step or within the same channel). Our to-
ken embeddings are adept at capturing both segment-specific
features and spatio-temporal characteristics.

Agent transformer
We propose the utilization of the Transformer architecture to
facilitate the learning of ’sentence’ embeddings for biosig-
nals. Recognizing the inherent quadratic complexity in both
time and space of the conventional Transformer model, we in-
tegrate the Agent attention mechanism to address the compu-
tational challenges associated with long biosignal sequences.
This adaptation ensures a more efficient processing capabil-
ity, aligning with the demands of biosignal learning applica-
tions.

To simplify, we abbreviate Softmax and linear attention as:

OS = σ
(
QKT )V ≜ AttnS(Q,K,V ), (1)

Oφ = φ(Q)φ(K)TV ≜ Attnφ(Q,K,V ). (2)

Where Q,K,V ∈ RN×C denote query, key and value matri-
ces, and σ(·) represents the Softmax function. Then our agent
attention can be written as:

OA = AttnS(Q,A,AttnS(A,K,V )︸ ︷︷ ︸
Agent Aggregation

).

︸ ︷︷ ︸
Agent Broadcast

(3)

Experiment
Dataset
A cohort of 100 middle school students was enrolled in the
present study, stratified into two groups: the Depression
(DEP) group and the Healthy Control (HC) group, with each
group consisting of 50 participants, using HAMD scores to
distinguish between healthy and depressed subjects.As de-
picted in Figure 2,each subject underwent both attention and
resting task assessments. For the non-attention condition,
participants engaged in a one-minute period of tranquil im-
agery (stimulus-free). The EEG acquisition apparatus used in
this study featured 30 channels with a sampling rate of 250
Hz. Each participant will have four tasks at the end: eyes-
open resting task(EO), eyes-closed resting task(EC), atten-
tion task(ATT), and non-attention task(Non-ATT). Approval
for this research was obtained from the Ethics Committee of
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Figure 1: Biosignal Learning and Agent Transformer(BLAT). Upon acquisition of a novel data sample, an initial phase of data
preprocessing is conducted, encompassing (Filtering, data cleaning, Notch filtering, re-referencing, removal of empty channels,
normalization, and flattening), culminating in the formulation of a biosignal ’sentence’ via the biosignal tokenization module.
Subsequently, the intricate interrelations within the ’sentence’ are elucidated through the application of the Agent transformer
module.

the Affiliated Brain Hospital of Guangzhou Medical Univer-
sity, and all participants and their guardians signed informed
consent forms.

Figure 2: The experimental design consists of three distinct
segments: two 2-minute resting EEG segments and one 1-
minute attention task segment. The first segment involves a
resting task with eyes open, followed by a resting task with
eyes closed. The graphical user interface (GUI) for the at-
tention task is shown on the right side of the image. During
the attention task, participants perform mental arithmetic sub-
traction.

Pre-process
The preprocessing of raw EEG signals was performed using
the EEGLAB toolbox. The specific steps are as follows:

• Signal Filtering and Cleaning: Firstly, a band-pass filter
with a range of 1 to 50 Hz was applied to the raw EEG sig-
nals. Subsequently, the filtered data was cleaned by filling
in any missing values. To further remove power line noise,
a notch filter at 50 Hz was employed.

• Signal Re-referencing: The filtered EEG signals were
then re-referenced to the common average reference. This
step helps to reduce the influence of the reference electrode
and improve the stability and reliability of the signals.

• Data Normalization: Finally, Z-score normalization was
applied to the preprocessed EEG data. This step helps
to eliminate the effects of magnitude differences between
channels, improving the comparability and accuracy of the
data for subsequent analysis. Due to varying experimen-
tal durations, the resting task was maintained for 2 min-
utes, while both the attention and non-attention tasks were
each sustained for 1 minute. The sampling frequency for
all tasks was consistently set at 250 Hz. Consequently, the
experimental data yielded a total of 120 seconds * 250 Hz
sampling points for the resting task, whereas the attention
and non-attention tasks each generated 60 seconds * 250
Hz sampling points.

Through this preprocessing pipeline, the quality of the EEG
data was significantly enhanced, providing a solid foundation
for further analysis and application.

Baseline
We consider the following representative models:

• SPaRCNet (Jing et al., 2023): This model is based on 1D-
CNN with dense residual connections, offering more ad-
vanced performance compared to well-known models such
as ConvNet(Hartmann, Schirrmeister, & Ball, 2017) and
CSCM(Sakhavi, Guan, Yan, & et al., 2018).

• CNN-Transformer (Peh, Yao, & Dauwels, 2022): This
model outperforms the CNN-LSTM models (Zhang, Zong,
Dou, Zhao, & et al., 2019) by integrating convolutional
neural networks with transformer architectures.
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Table 1: Classification Performance for Different Task Combinations

Task Combinations F1-Score±SD(%) AUROC±SD(%) Acc±SD(%) TPR±SD(%) TNR±SD(%)
Non-ATT 61.38±5.36 62.80±6.13 62.00±6.78 68.33±7.78 57.27±13.97
EC 69.11±6.45 66.78±7.87 67.00±7.48 71.62±10.95 61.93±9.91
ATT 62.22±15.32 66.77±9.13 68.00±10.30 59.59±21.95 73.95±16.07
EO 67.63±15.40 69.00±11.78 69.00±11.14 62.37±14.19 75.63±12.85
Non-ATT,ATT 70.35±9.40 68.84±8.64 69.00±8.00 67.18±9.19 70.51±13.49
EO,ATT 71.15±4.46 71.50±4.24 71.00±3.74 72.22±5.62 70.77±9.50
Non-ATT,EO 70.54±13.24 72.00±10.58 72.00±10.77 71.79±8.23 72.21±13.39
EC,EO 72.89±9.91 73.51±6.31 72.00±7.48 85.11±12.29 61.91±12.93
EC,ATT 73.37±1.81 75.78±4.01 74.00±2.00 75.88±12.21 75.69±8.81
Non-ATT,EC 76.79±10.91 73.66±9.75 74.00±10.68 85.90±10.72 61.41±11.81
Non-ATT,EC,EO 68.89±6.18 71.81±5.65 72.00±6.00 70.28±6.31 73.33±11.08
Non-ATT,EO,ATT 74.69±5.29 75.41±3.55 75.00±3.16 70.26±6.18 80.56±6.81
Non-ATT,EC,ATT 76.41±11.02 76.23±7.42 76.00±8.60 81.13±6.28 71.32±9.36
EC,EO,ATT 77.28±6.35 79.49±3.49 79.00±3.74 79.28±15.05 79.70±11.67
Non-ATT,EC,EO,ATT 87.27±2.77 84.16±3.49 85.00±3.16 88.25±6.82 80.06±6.24

Table 2: Classification Performance for Different Models

Model Acc±SD(%) AUROC±SD(%) TPR±SD(%) TNR±SD(%)
STTransformer 65.00±8.20 66.78±9.45 67.34±8.52 62.89±8.12
FFCL 72.00±5.92 74.56±6.78 71.24±6.65 73.12±5.89
CNNTransformer 77.00±5.64 79.34±6.25 76.89±5.94 76.45±5.67
SPaRCNet 81.00±3.72 85.78±3.91 87.12±4.24 79.56±3.64
BLAT 85.00±3.16 84.16±3.49 88.25±6.82 80.06±6.24

• FFCL (Li, Ding, Zhang, Xiu, & et al., 2022): This ap-
proach combines embeddings from both CNN and LSTM
encoders to achieve feature fusion, enhancing the overall
model capability.

• ST-Transformer (Song, Jia, Yang, Xie, & et al., 2021):
This model introduces a multi-level EEG transformer de-
signed to simultaneously learn spatial and temporal fea-
tures, demonstrating empirical superiority over EEGNet.

Implement Details
In the configuration of the BLAT model, we employ 8 at-
tention heads and 4 Transformer layers, with the temperature
parameter set to T = 2. The Adam optimizer is utilized, fea-
turing a learning rate of 1× 10−3 and an L2 regularization
term of 1×10−5. The training, validation, and testing work-
flows are orchestrated using the PyTorch Lightning frame-
work, with a maximum of 100 epochs while monitoring the
AUROC metric for binary classification performance. The
GPU model employed is 3660, and the PyTorch version is
1.12.1. The dataset, comprising 100 subjects, is divided into
training, validation, and test sets in a 60:20:20 ratio. An in-
dependent test set is reserved for the final autonomous evalu-
ation of the model’s predictive performance.The dataset par-
titioning is performed using a random seed to ensure consis-
tency across five experiments, thereby eliminating any risk of
data leakage. The time series features are directly constructed

by concatenating the time series from four tasks. Experimen-
tal results suggest that the order of concatenation has minimal
impact on the direct identification of depressed subjects from
raw data.

Results and Discussion
The Table 1 demonstrates that the task combination Non-
ATT, EC, EO, and ATT achieves the best performance across
all metrics: the F1-Score reaches 87.27%, significantly higher
than other combinations; AUROC is 84.16%, reflecting
strong capability in distinguishing positive and negative sam-
ples; accuracy is 85.00%, the highest value in the table; TPR
is 88.25%, indicating the model’s effectiveness in identifying
positive cases; meanwhile, TNR is 80.06%, which, despite
not being the highest, remains at a high level. This indicates
that integrating all task features (Non-ATT, EC, EO, ATT) can
significantly enhance the overall performance of the model.
In comparison, mid-level combinations such as EC, EO, ATT
perform relatively well with an F1-Score of 77.28% and AU-
ROC of 79.49%, suggesting balanced performance even with
reduced features. However, single-task features (e.g., Non-
ATT or EC) show poor performance, particularly Non-ATT
with an F1-Score of only 61.38%. These findings highlight
the complementary nature of task features, where integrating
multiple features significantly improves classification perfor-
mance, offering insights for future optimization. Future re-
search can focus on understanding the individual contribu-
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(a) OD (b) EO (c) N-AT (d) EC

(e) AT (f) N-AT,AT (g) N-AT,EC (h) N-AT,EO

(i) EC,EO (j) EC,AT (k) EO,AT (l) N-AT,EC,AT

(m) N-AT,EC,EO (n) N-AT,EO,AT (o) EC,EO,AT (p) All Tasks

Figure 3: The t-SNE method was employed to conduct scatter plot analysis on the dimensionality-reduced features of subjects
in the dataset. After training on the training set division across all task combinations, t-SNE was applied to all subjects. Subplots
are represented as follows: OD = Original Data, EO = Eyes-open, N-AT = Non-ATT, EC = Eyes-closd, AT = ATT.

tions of each task and exploring additional combinations to
further optimize the model.

Table 2 presents the classification performance of various
models. Notably, the BLAT model outperforms other models
across several key performance metrics. Specifically, BLAT
achieves a test accuracy (Acc) of 85.00%, which is signifi-
cantly higher than that of SPaRCNet (81.00%), CNNTrans-
former (77.00%), and FFCL (72.00%). This substantial per-
formance improvement indicates that the BLAT model pos-
sesses a stronger classification capability for specific tasks.
Furthermore, the area under the receiver operating character-
istic curve (AUROC) is 84.16%, highlighting its exceptional
performance in distinguishing between positive and negative
class samples. The BLAT model also excels in true posi-
tive rate (TPR), reaching 88.25%, indicating its effectiveness
in capturing positive class samples. The true negative rate
(TNR) is 80.06%, further enhancing the model’s overall ca-
pability in multi-class classification tasks. In conclusion, the
BLAT model demonstrates superior performance across mul-
tiple metrics, particularly in accuracy, showcasing its unique

advantages and stronger predictive capability. These results
suggest that the BLAT model holds significant promise for
tasks related to electroencephalogram (EEG) signal analysis,
warranting further exploration in future research.

In the ablation study detailed in Table 3, the significance
of each component in the performance of the BLAT model
is evident. The complete model, integrating position encod-
ing, channel embedding, and the Transformer, achieves opti-
mal results with a test accuracy of 85.00% and an AUROC
of 84.16%. Removing position encoding causes a decline in
performance, reducing test accuracy to 81.00% and AUROC
to 81.50%, underscoring its essential role in providing rela-
tive positional information necessary for capturing temporal
dependencies crucial for EEG signal analysis. Further degra-
dation is noted with the exclusion of the Transformer, where
test accuracy diminishes to 79.00% and AUROC to 78.03%,
highlighting its importance in modeling complex patterns and
long-range dependencies. Additionally, the absence of chan-
nel embedding results in a test accuracy drop to 78.00% and
AUROC to 77.66%, indicating its role in preserving feature
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Table 3: Results of Ablation Study

Position Encoding Channel Embedding Transformer Acc±SD(%) AUROC±SD(%) TPR±SD(%) TNR±SD(%)

✓ ✓ 78.00±11.66 77.66±12.33 79.90±11.27 75.43±14.88
✓ ✓ 79.00±8.60 78.03±9.06 81.81±12.33 74.25±14.31

✓ ✓ 81.00±8.00 81.50±7.75 81.64±9.50 81.37±10.89
✓ ✓ ✓ 85.00±3.16 84.16±3.49 88.25±6.82 80.06±6.24

channel information critical for maintaining model accuracy
and robustness. Collectively, position encoding, the Trans-
former, and channel embedding are vital for the model’s opti-
mal performance, each contributing uniquely to capturing and
leveraging the diverse features and dependencies inherent in
EEG signals.

Figure 3 presents the results of t-SNE dimensionality re-
duction and scatter plot analysis for the all subjects. The visu-
alization results of the t-SNE scatter plot are highly consistent
with the model’s classification accuracy, further validating the
importance of integrating multi-task features. Individual task-
specific features, such as Non-ATT or EC, demonstrate lim-
itations in effectively distinguishing between the depression
group and the healthy control group, which aligns with their
relatively low classification accuracy. Notably, when all task
features are combined, the model achieves its highest clas-
sification performance at 85.00%, highlighting the comple-
mentary nature of features derived from different tasks and
their ability to provide a more comprehensive representation
of participants’ conditions. Therefore, the t-SNE scatter plot
not only offers an intuitive visualization of feature distribu-
tions but also provides strong evidence to support the reasons
behind the model’s improved performance.

Conclusion
This study presents a novel multi-task framework for detect-
ing adolescent depression by integrating attention and resting
task EEG signals through the Biosignal Learning and Agent
Transformer (BLAT). Our method segments, channels, and
encodes EEG data, effectively processing both attention and
resting task signals. By applying BLAT to classify these com-
bined signals, we achieved an 85% accuracy rate in an inde-
pendent test set, highlighting the approach’s promise for early
depression screening and the potential of multi-task EEG data
fusion to enhance classification performance. The integration
of features from multiple tasks, supported by t-SNE analy-
sis, significantly enhances the model’s ability to differenti-
ate between depressed and healthy subjects. This suggests
that tasks provide complementary information, leading to a
more comprehensive depression assessment. Our method’s
high classification accuracy with a sample of 100 adolescents
underscores its robustness and generalizability.

The current study presents promising results and outlines
key future research directions to improve EEG-based depres-
sion detection. Firstly, a deeper examination of task contri-
butions could refine feature extraction and integration. Sec-

ondly, exploring new task combinations and EEG tasks, such
as emotion induction or cognitive load, may enhance feature
diversity and performance. Thirdly, fine-tuning the BLAT
model through hyperparameter optimization or advanced ar-
chitectures could increase accuracy. Fourthly, cross-dataset
validation is essential to assess generalizability across diverse
populations. Lastly, translating research into clinical prac-
tice through large-scale trials and collaboration with health-
care professionals is crucial for real-world implementation.In
conclusion, integrating multi-task EEG data with the BLAT
model offers a promising method for early adolescent depres-
sion screening. This study aids in developing objective, effi-
cient diagnostic tools vital for addressing adolescent depres-
sion. Future research will refine these findings to increase the
clinical applicability of EEG-based detection methods.
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