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Abstract:

In the digital era, learning and work increasingly rely on digital tasks, making objective

attention monitoring a practical problem for human-computer interaction and educational technology.

Portable consumer-grade single-channel EEG enables low-burden recording, but the signal is

vulnerable to ocular, facial EMG, and motion artifacts, and task-derived labels may contain residual

uncertainty. To address these constraints, we propose MTFF (Multi-band Temporal Feature Fusion),

a classification framework for portable single-channel EEG. MTFF learns intra-band rhythmic

patterns in parallel over five canonical bands (δ/θ/α/β/γ) within 0.5-40 Hz and compresses each band

into a learnable band token. A lightweight Transformer then operates on six tokens (five band tokens

plus one class token) to model cross-band complementarity while reducing the cost and overfitting

risk of long time-point self-attention. Finally, a capacity-controlled linear decision head with sparse

regularization constrains model complexity. Data from 50 healthy university participants performing

a digital cognitive task were evaluated using a subject-wise stratified 60/40 trial-level split rather

than a leave-one-subject-out protocol. MTFF achieved a subject-wise mean AUC of 0.9214 and

accuracy of 0.8640 on held-out test trials; a pooled trial-level ROC analysis across all test trials

yielded a test AUC of 0.8928.

Keywords: single-channel EEG; subject-dependent evaluation; trial-level split; multi-band

feature fusion; Transformer; attention-state classification



0 Introduction

Digital learning, remote work and human-computer interaction increasingly

depend on sustained attention during screen-based cognitive tasks. In these settings,

attentional fluctuations can affect learning efficiency, operational accuracy and error

risk, yet they are difficult to monitor continuously with subjective reports alone. This

has made objective attention-state recognition an important problem for cognitive

science, educational technology and human-computer interaction [1-6].

Electroencephalography (EEG) is well suited to this problem because it is non-

invasive and captures neural dynamics at millisecond resolution [7]. Attention-related

EEG changes are distributed across canonical frequency bands, including delta, theta,

alpha, beta and gamma activity, and previous studies have used band-power, time-

frequency and machine-learning features to distinguish focused from relaxed or low-

attention states [8-17]. However, many existing studies are based on controlled

paradigms or laboratory-grade acquisition, leaving a gap between reported

classification performance and attention monitoring during everyday digital tasks.

Portable single-channel EEG narrows this gap by reducing preparation burden

and supporting low-intrusion recording during computer-based tasks. At the same time,

it removes the spatial redundancy available in multi-channel systems. Frontal single-

channel signals are more vulnerable to blinks, eye movements, facial

electromyography and motion artifacts, and they vary across individuals, sessions and



physiological states. A practical model therefore needs to extract stable information

from noisy spectral evidence without relying on spatial filtering.

This requirement makes cross-band fusion a central technical bottleneck.

Handcrafted pipelines typically compute band-power or band-limited statistics and

then combine them by concatenation or fixed weighting, which can miss transient

band-specific dynamics and obscure interactions among bands. Deep architectures and

Transformers can learn richer dependencies, but applying high-capacity models to

limited single-channel data can amplify subject-specific or noise-related patterns. The

unresolved challenge is to represent multi-band evidence explicitly while keeping the

model capacity small enough for subject-calibrated data.

To address this challenge, we propose MTFF (Multi-band Temporal Feature

Fusion), a band-token fusion framework for portable single-channel EEG. MTFF first

decomposes the 0.5-40 Hz signal into five canonical bands and uses parallel temporal-

convolution branches to learn local rhythmic patterns within each band. Each branch is

compressed into a learnable band token, so the downstream Transformer attends over

a six-token sequence consisting of five band tokens and one class token. This design

models cross-band complementarity at the token level instead of applying self-

attention over long time-point sequences.

MTFF is evaluated on EEG data from 50 healthy university participants

completing a digital cognitive task with focused-attention and low-attention baseline

phases. The present evidence is intentionally framed as subject-calibrated trial-level



classification under a subject-wise stratified 60/40 split, not as leave-one-subject-out

or calibration-free cross-subject validation. Within that boundary, the study tests

whether band-token cross-band fusion and a capacity-controlled linear decision head

improve balanced attention-state discrimination relative to classical machine-learning

baselines.

1 Experimental Design

1.1 Participant Selection Criteria

This study was reviewed and approved by the Academic Research Ethics Review

Committee of Guilin Normal College. All experimental protocols were performed in

accordance with the relevant guidelines and regulations of the committee and with the

Declaration of Helsinki.

A total of 50 university students aged 18 or above were recruited for this study.

The inclusion criteria were as follows: right-handedness, good physical health, no

history of cardiovascular, neuromuscular, or psychiatric disorders; normal or

corrected-to-normal vision, intact hearing and cognitive ability. To minimize the

influence of external factors, participants were required to refrain from consuming any

stimulant foods or medications for 24 hours prior to the experiment.Before the formal

experiment, each participant underwent environmental adaptation training and

completed a practice session to ensure full comprehension of the task requirements

and correct task execution. All participants provided written informed consent before

the formal experiment began.



1.2 Experimental Tasks and Procedures

A digital cognitive task paradigm was designed to induce distinct attentional

states. The experiment was conducted in a quiet room to minimize external

interference. Participants wore the portable EEG device and completed the tasks on a

computer running the experimental software. To control for circadian variations in

alertness, all sessions were scheduled in the morning (9:00�12:00).

The experimental session began with a 30-second instructional video explaining

the task procedure. Each session consisted of alternating focused-attention and low-

attention baseline phases. In the focused-attention phase, participants performed a

continuous number-search task: they were presented with a 5 x 5 grid containing

numbers 1-25 in random positions and were required to identify and silently count the

numbers in ascending order. Upon completing one grid, the next grid appeared

immediately. This phase lasted 3 min and was designed to engage sustained attention.

In the low-attention baseline phase, participants were instructed to relax, fix their gaze

on a blank white wall, and avoid systematic mental activity. This phase lasted 1.5 min.

Each focused-baseline cycle was repeated four times per participant to improve the

stability of EEG recordings (Fig. 1). The labels used in this study should therefore be

interpreted as task-condition labels intended to contrast focused-task engagement with

a low-attention baseline, rather than as direct clinical or behavioral measurements of

attention.



Fig. 1 Experimental paradigm design

2 Data Acquisition and Preprocessing

2.1 EEG Signal Acquisition

A MindWave Mobile 2 portable single-channel EEG device was used for data

acquisition, with its core processing unit being the TGAM module. The device uses

two dry electrodes: one placed on the forehead to record frontal EEG activity and one

clipped to the left earlobe as the reference electrode. The TGAM module samples at

512 Hz and covers a frequency range of 0-100 Hz. It includes built-in noise

suppression for environmental interference and 50/60 Hz power-line noise. Because

the sensor is a consumer-grade frontal single-channel device, potential contamination

from blinks, eye movements, facial EMG, and motion should be considered when

interpreting the results.



2.2 Data Preprocessing Pipeline

Raw EEG signals are non-stationary, dynamically varying, and characterized by low

amplitude, making them susceptible to contamination from electromagnetic

interference and myoelectric artifacts. We therefore apply a conservative

preprocessing pipeline to improve robustness before model training.

To further enhance robustness under the single-channel setting, the EEG signal

was treated as a mixture. During preprocessing, the single-channel EEG is further

denoised via adaptive noise-integrated empirical mode decomposition. For each 5-s

window, the EEG is treated as a mixture and adaptively decomposed into a set of

mode (sub-band) components, each capturing distinct frequency ranges and transient

structures. The identified artifact-like modes are removed via threshold-based

suppression, and the remaining modes are recombined to reconstruct a cleaner EEG

estimate.

Considering that EEG includes canonical δ (0.5-4 Hz), θ (4-8 Hz), α (8-12 Hz), β

(12-30 Hz), and γ (30-40 Hz) activity, a 0.5-40 Hz band-pass filter was applied to

cover the main frequency range relevant to the present task while suppressing low-

frequency drift and high-frequency EMG-dominated components. To reduce label

contamination caused by delayed transitions between attentional states, segments

within 5 s before and after each state transition were excluded from both focused and

baseline periods. The remaining signals were segmented into non-overlapping 5-s trial

windows, yielding approximately 200 valid trials per participant. For model evaluation,



trial splitting was performed within each participant as described below; future work

should additionally evaluate block-wise or session-wise splits to reduce potential

temporal autocorrelation between nearby windows.

3 MTFFModel Framework Based on Multi-band Temporal Feature Fusion

MTFF is designed to bridge the gap between handcrafted spectral features and

heavy deep architectures in noisy, small-sample single-channel settings. Compared

with handcrafted-feature approaches such as band power or band-power ratios, MTFF

directly learns band-specific temporal patterns from the signal and encodes them as a

compact set of learnable band tokens, enabling cross-band interaction to be modeled

explicitly rather than implicitly mixed by feature concatenation. In contrast to

Transformers that tokenize raw time points and operate on long sequences, MTFF

performs self-attention on only six tokens (five band tokens plus one class token),

which keeps computation lightweight while still modeling cross-band

complementarity. To improve robustness under subject-calibrated trial-level

evaluation, a linear decision head is adopted to control model capacity by design.

The overall framework is shown in Fig. 2. MTFF consists of (i) temporal-

convolution-based multi-band feature extraction, which learns band-specific local

temporal patterns, and (ii) Transformer-based feature fusion and classification, which

integrates information across frequency bands through self-attention to produce a

discriminative global representation.



Fig. 2 Overall algorithm framework

3.1 Multi-band Feature Extraction Using Temporal Convolution

Raw EEG contains mixed activity from multiple frequency bands, each

reflecting different neurocognitive processes. Directly feeding raw signals to a

classifier may lead to inter-band interference. We therefore extract band-specific

local temporal features using parallel temporal-convolution branches. Guided by

electrophysiological studies [23�26], the 0.5�40 Hz range is divided into five

canonical bands�delta (δ), theta (θ), alpha (α), beta (β), and gamma (γ)�as

summarized in Table 1.



Table 1 Mental state of 5 kinds of brain waves and corresponding frequency

bands

Waveform
Frequency

Band/Hz
Mental State

Delta( ) 0.5~4.0 Deep sleep, unconsciousness, etc.

Theta( ) 4.0~8.0 Light sleep, meditation, etc.

Alpha( ) 8.0~12.0
Eyes-closed relaxation, quiet

sitting, etc

Beta( ) 12.0~30.0
Working, studying, intense

thinking, etc.

Gamma( ) 30.0~40.0 Highly focused thinking, etc.

For each band, we design a long temporal convolution whose receptive field

covers 2�3 cycles of the lowest frequency of that band, enabling the network to

better capture discriminative rhythmic patterns. The resulting band-wise features are

projected to a unified embedding dimension (C = 64) to form the five band tokens.

The complete training and inference pipeline is summarized in Table 2.



Table 2 MTFF training and inference procedure.

Input: raw EEG x(t), sampling rate f_s, labels y (focused vs. low-

attention baseline)

1) Complete Ensemble Empirical Mode Decomposition with Adaptive

Noise (CEEMDAN) is applied to each window to obtain ( )
k

IMF x .

Artifact-like modes are identified by a lightweight score (.)g and are

removed before recombining the remaining modes to reconstruct a

cleaner EEG ( )x t .(Eq. 1–3)

2) For each window, compute five band-wise feature sequences via

temporal convolution branches (Eq. 4–5)

3) Concatenate band tokens with a trainable class token; add positional

embedding (Eq. 6–7)

4) Apply L Transformer encoder layers with H attention heads to fuse

cross-band information (Eq. 8–10)

5) Use the class token as the fused representation; apply a sparse

classifier for prediction (Eq.11-12)

The original EEG signal can be expressed as:

1

( ) ( ) ( )
K

k

k

x t x t t


  (1)

For each 5-second window of discrete EEG data ( )x t , the CEEMDAN

algorithm extracts K mode components (IMFs) and residuals. Here, ( )kx t denotes the

k-th IMF, and ( )t represents the final residual.

Calculate a pseudo-score ks for each IMF

ks ( (t))kg x (2)

(.)g combines component energy, kurtosis, and high-frequency energy ratio.




 |

( ) ( ) ( )
k

k

k k s

x t x t x t
 

   (3)

CEEMDAN is applied to each window to obtain ( )kIMF x . Artifact-like modes

are identified by a lightweight score (.)g and are removed before recombining the

remaining modes to reconstruct a cleaner EEG ( )x t .  is the false positive

discrimination threshold.

( )x t corresponding to 、、、、 , five waveform frequency bands. The

signal extraction of each frequency band is completed by designing the corresponding

time convolution:

(0) ( )( ) (BN(( )( )))k

kh t x t     (4)

Of which, BN means BatchNorm,  Indicates GELU activation function, (0) is

the initial one-dimensional convolution kernel (kernel=3, padding=1), used to

suppress noise and enhance local information; ( )k for frequency band k one

dimensional long convolution kernel, its length is set to
min,

ker nel _ size 1.5 s
k

k

F

f
  , to

ensure that the receptive field covers 2-3 complete cycles, and its stripe is set

to
1
ker nel_ size
4

k , that is, the adjacent windows overlap by 75%, taking into account

the efficiency of low-frequency signal capture and calculation.

Finally, in order to map the signal features of five frequency bands to a unified

spatial dimension and obtain a compact feature representation, the characteristics of

each frequency band are ( )kh t according to the following formula.



Proj( ( )) C

k kz h t   (5)

Of which, { , }k      , , , ,C=64 is a unified spatial dimension. Finally, five

frequency band feature representations are obtained{ , , , , }z z z z z     .

After obtaining the band level features, this paper further introduces the

transformer module for global cross band information integration. The core of

transformer is the self attention mechanism. Its advantage is that it can use the

correlation information between sequences to model, so as to break through the

bottleneck of traditional convolution limited to local receptive fields. Specifically, the

five frequency band features obtained from the time convolution branch are

represented as
64{ , , , , }z z z z z      obtained from the time convolution branch with

a trainable category vector
64

clsz  to obtain the input sequence:

6 64[ ; ; ; ; ; ]clsZ z z z z z z    
  (6)

In order to distinguish the semantic roles with other frequency bands of clsz and

make the model learn the relative position between frequency bands, the position

information of the Department of science is added and embedded in 6 64E  ：

(0)X Z E  (7)

For layer l and n attention heads:

( )l Q

n nQ X W ,
( )l K

n nK X W ,
( )l V

n nV X W (8)

Where,
, , 64 64Q K V

hW
 is the corresponding learnable parameter matrix, and

6 64, ,n n nQ K V  is the query matrix, key matrix and value matrix of the n attention

header, respectively. Then the attention weight output is:



softmax( )n n
n

n

Q K
A

d




, n n nO AV (9)

Where,
6 6

nA
 is the attention weight matrix, which reflects the correlation

between vectors;
6 64

nO
 represents the output representation of then attention head,

then the output mapping of multiple attention heads:



 

( )

( )
( ) ( )

( ) ( )
( 1)

MHSA( ) Concat ( )

LN( MHSA( ) LN

LN MLP( ))

l O

n n

l
l l

l l
l

X O W

X X X

X X X

 
  


  （

(10)

Where, ( 64) 64O NW   is the learnable parameter matrix after multi head splicing,

which is used to map the multi head output back to dimension 64, and N is the

number of attention heads; is layernorm normalization;
( )MHSA( )lX is the overall

output of multi head sub attention operation on ( )lX input; MLP is a two-layer

feedforward network including Gelu activation function and dropout;  ( )l

X is the

intermediate representation in layer l after residual connection and LNnormalization.

( 1)lX  is the output of the 1l  layer of transformer; (L)X is obtained after passing

through layerL 6 .

Through the above transformer's multi-layer attention interaction, Class token clsz

can effectively integrate the context representation of frequency band features.

Therefore, the final output can be used as the global expression of the characteristics

of each frequency band, that is,
( ) 64

0

L

globalz X  .

Finally, because globalz has passed through multi-layer attention interaction and

has good discriminant ability, in order to avoid the risk of over fitting the model on



small sample EEG data, this paper only uses a linear classifier to classify the current

subjects' attention state

� softmax( ( ) )globaly W z b  (11)

Where, is W hidden layer weight, and b is offset.

To prevent overfitting, this study incorporates a 1L -norm regularization term into

the objective function ( )E  , ensuring the model produces sparse solutions.

1

2

L
1

argmin ( ) || ||
K

i

i

E y X   


    (12)

The weight is  , the real label of the data sample is y , the regularization

intensity is 0  , the total number of neurons is K , and the output of the layer is X .

4 Experimental results and analysis

To evaluate classification performance, we adopted a subject-wise stratified

60/40 trial-level split. For each participant, trials from the focused-attention and low-

attention baseline conditions were divided into training and test sets at a ratio of 6:4

while preserving class proportions. The training set therefore contained trials from all

participants, and the test set consisted of held-out trials from the same participants.

This protocol evaluates subject-dependent trial-level generalization . Hyperparameters

and early stopping were selected using only the training subset, and all baseline

models (DT, MLP, RF, and SVM) were evaluated under the same split for fair

comparison. Two complementary AUC summaries were reported: pooled trial-level



AUC, computed after concatenating all test trials, and subject-wise mean AUC,

computed by first calculating AUC separately for each participant and then averaging

across participants.

4.1 classification performance evaluation index

The classification performance metrics adopted in this study can all be derived

from the confusion matrix [27], which comprises four essential elements: True

Positive (TP), False Negative (FN), False Positive (FP), and True Negative (TN).Here,

TP denotes the number of samples that are truly in a state of attentional focus and are

correctly identified by the model; FN refers to the number of samples that are truly

attentive but misclassified as distracted; FP represents the number of samples that are

actually distracted but incorrectly predicted as attentive; and TN indicates the number

of samples accurately identified as distracted.

Based on the above four core elements, a series of commonly used classification

performance indicators can be further calculated, including area under the receiver

operating characteristic curve (AUC), accuracy, F1 score, sensitivity, specificity,

positive predictive value (PPV) and negative predictive value (NPV). These indicators

can quantitatively evaluate the classification performance of the model from multiple

dimensions. The specific calculation formula is as follows:



TP TN
Accuracy

TP TN FP FN

2TP
F1

2TP FP FN

TP
Sensitivity

TP FN

TN
Specificity

TN FP

TP
PPV=

TP FP

TN
NPV

TN FN

    
 
  

 
 

 
 






 

(13)

4.2 Accuracy under the Subject-wise 60/40 Trial-level Split

To evaluate MTFF in the attention-state classification task, validation was

conducted across all participants under the subject-wise 60/40 trial-level split. Fig. 3

reports training and test accuracy aggregated across participants. MTFF achieved

average accuracy rates of 91.9% on the training trials and 86.4% on held-out test trials,

respectively. These results indicate good trial-level discrimination within a subject-

calibrated setting, but they should not be interpreted as evidence of calibration-free

generalization to unseen participants.



Fig. 3 Subject-wise training and test accuracy under the 60/40 trial-level split

4.3 Comparative Experimental Analysis

To further validate the advantages of MTFF over conventional methods, several

commonly used classification models in EEG analysis were selected for comparison,

including Decision Tree (DT) [28], Multilayer Perceptron (MLP) [29], Random Forest

(RF) [30], and Support Vector Machine (SVM) [31]. Previous studies have shown that

these models perform effectively in EEG signal processing tasks. For instance, Guan

et al. [32] used a Decision Tree to classify motor imagery tasks and improved the

Kappa value on Dataset IV of a BCI competition from 0.57 to 0.607. Experimental



results from Wong et al. [33] demonstrated that an MLP-based learning method

outperformed mean-based or optimal filtering methods in EEG classification accuracy.

Wang Bingbing et al. [34] divided attention into five categories and proposed an

attention detection method based on Random Forest, improving the detection accuracy

to 76.17%. Meanwhile, Jana et al. [35] enhanced epilepsy classification accuracy by

1%�4% compared to a single-view SVM model by introducing a multi-view SVM

approach. In summary, these classical algorithms have proven effective across various

EEG classification tasks, providing a reasonable baseline for comparative evaluation

in this study.

Fig.4 presents violin plots illustrating the distribution of prediction scores at the

trial level for each model, along with the corresponding independent-samples t-test

statistics (t-values) and significance levels (p-values). Visual inspection of the figure

reveals a marked separation between the score distributions of trials predicted as class

0 and class 1 by the proposed MTFF method. Moreover, the MTFF model yields a t-

value of -45.22, which is the smallest (i.e., largest in absolute magnitude) among all

models, with a corresponding p-value below 0.05. This indicates that the difference in

predictions between the two classes is most statistically significant for the MTFF

model, suggesting stronger statistical support for its class separability. Here, class 1

denotes the focused-attention phase and class 0 denotes the low-attention baseline

phase. The x-axis indicates the predicted class and the y-axis indicates the model

score/probability for class 1.



Fig. 4 Violin plots of different models

Fig. 5 displays pooled trial-level ROC curves and corresponding AUC values for

different models on the training and test trials. In this analysis, trials from all

participants were concatenated before ROC calculation. The training AUC values for

Decision Tree, MLP, Random Forest, SVM, and MTFF were 0.9973, 1.0000, 1.0000,

0.8953, and 0.9478, respectively. The pooled test-trial AUC values were 0.6339,

0.7903, 0.8576, 0.8556, and 0.8928, respectively.



Fig. 5 Pooled trial-level ROC curves of all models across training and test trials

A comparison between training and test AUC values reveals marked overfitting

in the Decision Tree, MLP, and Random Forest models. These models achieved

extremely high AUC values on the training trials, reaching or approaching 1.0000,

while their performance declined on held-out test trials. The SVM model

demonstrated relatively stable pooled AUC values across the training and test sets.

In contrast, MTFF maintained better consistency between the training trials

(AUC = 0.9478) and pooled test trials (AUC = 0.8928). MTFF also achieved the

highest pooled test-trial AUC among the compared models, suggesting stronger trial-

level classification performance under the subject-wise split.

The observed train-test gap of conventional baselines suggests overfitting to

training trials: several models reached near-ceiling training AUC yet degraded on

held-out test trials, indicating that they may exploit noise-specific or task-segment-

specific cues rather than stable EEG signatures. In contrast, MTFF maintained a

smaller train-test gap and achieved the best pooled test-trial AUC, which aligns with

its design goals for portable single-channel EEG. Specifically, band-aware



tokenization preserves transient band-specific dynamics beyond handcrafted

summaries, token-level cross-band attention enables explicit yet lightweight inter-band

fusion, and the capacity-controlled linear head constrains the decision boundary to

reduce spurious correlations in small-sample noisy settings.

To evaluate classification performance more comprehensively, we further

computed subject-wise metrics. For each participant, AUC, accuracy, F1 score,

sensitivity, specificity, PPV, and NPV were calculated on held-out test trials; the

resulting values were then averaged across participants, as shown in Table 3. Fig. 6

provides a radar chart to visualize the multidimensional comparison among methods.

Table 3 Subject-wise averaged performance metrics on held-out test trials

classification

models
AUC

Accura

cy

Precisio

n
Sensitivity

Specifi

city
PPV NPV

Decision Tree 0.6278 0.6685 0.7494 0.7455 0.5084 0.7586 0.5046

MLP 0.8140 0.7375 0.8313 0.9548 0.2861 0.7398 0.7898

Random

Forest
0.8402 0.6825 0.8096 0.9996 0.0238 0.6804 0.9285

SVM 0.7887 0.6190 0.8059 0.8400 0.1600 0.6750 0.3250

MTFF 0.9214 0.8640 0.8988 0.8966 0.7961 0.9045 0.7974



Fig. 6 Radar chart illustrating subject-wise averaged performance metrics on held-out test trials

The results in Table 3 and Fig. 6 show that MTFF achieved more balanced

performance across key indicators. Decision Tree and SVM were lower than MTFF on

most metrics, suggesting limited ability to capture discriminative EEG patterns in this

setting. Although MLP and Random Forest showed very high sensitivity, their

specificity values were only 0.2861 and 0.0238, respectively, indicating a tendency to

misclassify baseline trials as focused-attention trials. In contrast, MTFF maintained

high sensitivity while substantially improving specificity, yielding a more balanced

discrimination between focused-task and baseline conditions.



Overall, MTFF demonstrated strong trial-level classification performance and

balanced multidimensional metrics under the subject-wise 60/40 split. These findings

support its potential for subject-calibrated portable EEG attention-state monitoring,

but further validation under block-wise, session-wise, and true subject-independent

protocols is required before claims of cross-subject deployment can be made.

5 Conclusion

This work studies portable single-channel attention-state classification through

the lens of cross-band fusion. Under a subject-wise stratified 60/40 trial-level

evaluation, MTFF achieved the best subject-wise averaged performance among the

compared models (AUC = 0.9214, Accuracy = 0.8640) and showed a more balanced

sensitivity-specificity trade-off than classical baselines. In particular, some baselines

exhibited very high sensitivity but extremely low specificity, indicating excessive false

positives for baseline trials. In contrast, MTFF maintained high sensitivity while

substantially improving specificity, yielding more reliable subject-calibrated trial-level

discrimination.

The training-test AUC comparison further highlights the challenge of overfitting

in portable single-channel EEG. Several baselines reached near-saturated training

AUC, whereas their pooled test-trial AUC decreased substantially. MTFF showed a

smaller train-test gap and achieved the highest pooled test-trial AUC among the

compared models, indicating improved stability under the present subject-wise trial-

level split.



These observations are consistent with the fusion-centric design of MTFF. First,

band-wise temporal modeling provides a structured pathway to preserve transient

rhythmic dynamics within each canonical band, instead of collapsing them into

handcrafted summaries. Second, representing each band as a compact token enables

interaction modeling at the band level, which offers an explicit fusion interface under

the single-channel constraint. Third, performing self-attention on a fixed and very

small token set (six tokens) concentrates modeling capacity on cross-band interactions

while avoiding the cost and potential overfitting risk of applying self-attention over

long time-point sequences. Finally, the capacity-controlled linear decision head with

sparse regularization constrains decision boundary complexity, which may help reduce

the reliance on subject- or noise-specific cues under distribution shift.

This work has limitations. First, attention labels were derived from task phases

and may contain residual label noise, especially near state transitions; behavioral or

subjective attention measures should be incorporated in future studies. Second,

although conservative preprocessing and denoising were applied, consumer single-

channel frontal EEG remains susceptible to eye-movement, blink, motion, and facial

EMG contamination. Third, the current evaluation uses a subject-wise 60/40 trial-level

split and therefore does not establish leave-one-subject-out or calibration-free cross-

subject generalization. Fourth, random trial-level splitting of continuous recordings

may retain temporal autocorrelation between training and test windows; block-wise or

session-wise validation should be added. Fifth, we do not isolate the contribution of

each component, such as band tokenization, token-level fusion, and capacity control,



via ablation analyses, and we do not provide direct interpretability evidence, such as

attention maps or band-occlusion analyses, for the learned cross-band interactions.

Future work should address these limitations by incorporating richer behavioral

ground truth, stronger artifact-handling and calibration strategies, component-wise

ablation, interpretable band-contribution analyses, and true subject-independent

validation.
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