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ABSTRACT

Alcohol consumption can alter electrical activity in the brain, and these
changes can be captured through electroencephalogram recordings.
Automatically recognizing such patterns may help support early
identification and reduce the reliance on subjective screening methods. In
this work, a three-dimensional Short-Time Fourier Transform (3D STFT)
representation is developed to encode temporal, spectral, and spatial
characteristics contained in multichannel EEG data. Each electrode receives
the STFT in order to produce a unique time-frequency map, which are
then combined into a 3D tensor that preserves how the signal evolves across
channels. Unlike 2D spectrogram, the 3D representation preserves spatial
interactions across electrodes within the time-frequency domain. This

multidimensional structure allows the model to interpret the EEG not as
separate slices but as a unified volume. The 3D tensor is subsequently used
as a 3D CNN's input for classifying EEG trials into alcoholic and non-
alcoholic categories. Evaluation is performed using publicly available UCI
Alcoholic EEG dataset. The proposed approach yields strong performance,
producing accuracy, precision, and recall reaching 98.96%, 98.76%, and
99.17%, respectively, alongside an F1-score of 98.96 and AUC of 99.50%..
These results indicate that combining temporal, spectral, and spatial
information within a single representation allows the network to extract
deeper and more informative neural patterns compared to conventional 1D
features or 2D spectrogram-based inputs. While STFT’s fixed window
length limits its ability to represent rapid or highly irregular non-stationary
changes, the overall results show that the 3D representation provides a
comprehensive view of EEG dynamics and enables effective classification of
alcoholic versus non-alcoholic subjects.

Short-time fourier transform
3D representation
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1. Introduction

Alcohol use continues to be a significant worldwide health concern. The World Health Organization
has released figures indicating that alcohol use is responsible for around 2.6 million fatalities per year, or
4.7% of all deaths worldwide [1]. The WHO also highlights that even low levels of alcohol intake carry
health risks, which escalate with higher and more prolonged consumption. These points illustrate that
the consequences of alcohol misuse are not limited to physical harm but also extend to neurological and
psychological domains [1]-[3].

Long-term alcohol use can cause noticeable changes in how the brain works. Alcohol interferes with
key neurotransmitters that help regulate communication between brain cells, especially those involved
in balancing excitation and inhibition. When this balance is repeatedly disturbed, areas of the brain that
manage thinking, memory, emotional control, and decision-making start to function less effectively [2],
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[4]. Research shows that regions the limbic system and the prefrontal cortex, for example can become
less active or even shrink after prolonged exposure to alcohol [5]. These changes often lead to difficulties
with attention, slower information processing, poorer memory, and reduced self-control. Over time,
these effects participate to the development of Alcohol Use Disorder (AUD) and make it harder for
individuals to manage everyday tasks and emotions [2], [6].

Changes in brain electrical activity can also demonstrate the Alcohol's effects on the anatomy and
physiology of the brain [7]. From a neuroscience perspective, these electrical patterns reflect how large
groups of neurons communicate in real time. Electroencephalography (EEG) provides a simple and non-
invasive way to capture this activity, making it widely used to study cognitive and behavioral changes
related to alcohol use [8], [9]. Studies has reported that those who sufter from AUD exhibit increased
beta activity., particularly in frontal and central areas, a pattern often linked to increased cortical
excitability and reduced inhibition [10]. Some findings also show elevated theta power, which can
indicate slower information processing, along with reductions in alpha activity that reflect weaker
inhibitory control [11]. Besides frequency patterns, alcohol-related changes are frequently seen in the
frontal cortex, where both general activity and connectivity tend to drop. Since this region supports
attention, decision-making, and self-regulation, reduced frontal engagement helps explain many of the
cognitive and behavioral difficulties observed in long-term alcohol users [12].

EEG provides detailed information about brain activity because it captures electrical signals from
many scalp locations at once, allowing to observe how neural patterns shift over time, across frequency
bands, and between different brain regions [7]. A wide range of analytical approaches has been explored
in studies of alcohol-related EEG abnormalities. Tlotleng et al. [13] used Power Spectral Density (PSD)
to examine shifts in theta, alpha, and beta power across different levels of AUD severity. Using
quantitative electroencephalography (QEEG), Bauer et al. [14] discovered that those with foetal alcohol
spectrum disorders (FASD) have an elevated theta/beta ratio and predominant alpha over beta activity.
Other works have emphasized spatial aspects, analyzing channel-wise differences or functional
connectivity to assess how alcohol disrupts communication between brain regions. Nazri et al. [15] found
reduced connectivity in AUD subjects, particularly in central and parietal areas, using Partial Directed
Coherence (PDC). Similarly, Masroor et al. [16] observed decreased frontal-parietal connectivity in AUD
when examining the default mode network. Long-term alcohol exposure has also been defined by time-
domain characteristics including entropy, kurtosis, skewness, mean, and standard deviation, as
demonstrated by Manivannan et al. [17].

Although these approaches have provided valuable insights, most existing studies rely on 1D or 2D
EEG representations that examine spatial, time-frequency, frequency-domain, and time-domain aspects.
either separately or in a sequential manner. Time-domain and frequency-domain features often compress
dynamic neural activity into summary statistics, while conventional 2D time-frequency representations
depict spectral evolution over time but do not explicitly encode spatial interactions across EEG channels.
In addition, image-based EEG representations have been investigated, which show better discrimination
than traditional time-domain analysis by organizing Fourier-transformed multichannel EEG data into
spectral image [18]. However, EEG signals are inherently dynamic and non-stationary, with frequency
content that evolves over time and varies across different scalp regions [19]. As a result, analyzing
temporal, spectral, and spatial dimensions in isolation may fail to capture their interdependencies,
potentially overlooking complex multichannel neural patterns associated with long-term alcohol use.
These limitations highlight the need for an analytical framework capable of jointly modeling temporal
evolution, spectral characteristics, and spatial distribution within a unified representation. Preserving
these dimensions simultaneously allows for a more comprehensive characterization of alcohol-induced
brain activity and facilitates the discovery of interaction patterns that may remain hidden when each
aspect is examined independently [20]. This study addresses this gap by introducing a 3D STFT
representation that jointly preserves temporal, spectral, and spatial information from multichannel EEG
signals.
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Time-frequency analysis is widely used to study EEG because the signal constantly changes over time
and its frequency content does not stay the same. Instead of looking only at the time domain or only at
the frequency domain, time-frequency methods show how difterent rhythms appear, disappear, or shift
as the signal evolves [21]. The Short-Time Fourier Transform (STFT) is among the most often utilised
methods. The spectrum of each window is computed in STFT after the EEG data is split up into brief
overlapping windows. A time-frequency map that shows when particular frequency bands are stronger
or weaker is created by this approach [22]. Because it is easy to use, interpret, and identify changes that
occur gradually or abruptly over time, STFT is still widely used in EEG research [23].

However, the time-frequency output of STFT is usually represented in a two-dimensional form,
showing only time and frequency [22]. This means the spatial information from multiple EEG channels
is not directly included in the representation. To address this limitation, this study extends the
conventional STFT into a three-dimensional representation by incorporating EEG channels as an
additional dimension. This 3D STFT representation preserves temporal, spectral, and spatial information
simultaneously, providing a richer and more informative description of alcohol-related neural activity.
The suggested three-dimensional representation is then given to a Convolutional Neural Network
(CNN), enabling the model to learn discriminative features across time, frequency, and channel
dimensions in an integrated manner. By combining a unified EEG representation with a deep learning
framework, this study aims to enhance the ability to distinguish between EEG signals from alcoholic
and non-alcoholic sources while offering a more comprehensive approach for analyzing alcohol-induced
brain dynamics.

Using a stacking method, this study's main contribution is the establishment of a three-dimensional
STFT representation for multichannel EEG analysis. By organizing channel-wise time-frequency
spectrograms into a unified 3D tensor, the proposed representation preserves temporal, spectral, and
spatial channel information simultaneously without requiring handcrafted spatial features or complex
connectivity measures. This representation provides a more informative input structure for subsequent
learning while remaining compatible with CNN The study further demonstrates the effectiveness of this
3D stacking approach for alcoholic EEG classification using a publicly available dataset.

This paper's remainder is organized in the following manner: Section 2 outlines the techniques
employed in this study, covering the dataset, preprocessing procedure, construction of the 3D STFT
representation, and the CNN model used for classification. Section 3 reports the experimental findings
and offers an analysis of the outcomes. The key findings are outlined in Section 4, along with possible
directions for further investigation.

2. Method

The processing pipeline used in this investigation converts unprocessed EEG recordings of alcohol
into a structured representation appropriate for deep learning categorization, as shown in Fig. 1. The
STFT is used to first transform the original multichannel EEG data into two-dimensional time-
frequency spectrograms. The temporal, spectral, and spatial information is then preserved by stacking
these spectrograms from every channel to create a three-dimensional tensor. The resulting 3D
representation is used as input to a CNN which automatically learns discriminative features related to
alcoholic and non-alcoholic brain activity. Finally, the model’s performance is evaluated to assess its
effectiveness in distinguishing between the two groups.

Feature Extraction and

STFT Spectogram STFT Spectogram Classification Task

EEG Alcoholic (2D) (3D)

Dataset

Performance
Evaluation

Convolutional Neural Network
Architecture

Accuracy
0% |

Output

o000

Convolution Pooiing
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Fig. 1. Overview of the proposed EEG classification pipeline
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2.1. Dataset

The EEG records were acquired from EEG Alcoholism Dataset created by H. Begleiter [24]. The
dataset comes from a large-scale study that looked at the correlations between EEG and hereditary
susceptibility to drinking. The recordings were collected from 64 scalp electrodes following standard
electrode placement guidelines. Each signal was sampled at 256 Hz, producing 1-second EEG segments
with approximately 256 samples. The dataset includes two subject groups: alcoholic and control (non-
alcoholic). During the experiment, subjects were presented with visual stimuli as part of a recognition
task. A total of 122 subjects participated, and every participant finished 120 trials. across different
stimulus conditions. For this study, the recordings were organized into two classification categories:
alcoholic and non-alcoholic, resulting in 475 alcoholic trials and 473 non-alcoholic trials. The dataset
provided by UCI is already separated into training and testing subsets, consisting of 468 samples were
used for testing and 480 samples for training. This predefined split is based on out-of-sample EEG trials
rather than subject-wise separation. Specifically, the same subjects are present in both the training and
testing sets, but different EEG runs are used for training and testing. Therefore, the evaluation reflects
within-subject generalization across unseen trials rather than subject-independent classification.

2.2. Short-Time Fourier Transform (STFT)

STFT is frequently employed to examine signals whose frequency characteristics change over time,
such as EEG recordings [22], [23]. Unlike the conventional Fourier Transform, which provides only an
overall view of a signal’s frequency content, STFT examines the signal in short, overlapping segments.
This approach makes it possible to track when certain frequency components appear or disappear, which
is essential for studying the rapidly changing patterns often found in EEG data. STFT will localize the
analysis in time by applying a window function that selects a small portion of the signal. The Fourier
Transform is then computed for every windowed section, and the window is slid across the entire signal
to obtain a sequence of local spectra [25]. As a result, STFT produces a time-frequency representation
that describes how power across different frequency bands evolves over time [25]. The STFT can be
expressed as in Equation (1) [26]:

X(m, k) = $V=E x[nlwln — mle™ N (1)

Here, w[n — m] is the analysis window centered at time index m, k signifies the frequency bin, and
N is the FFT length. Each coefficient X (m, k) indicates how strongly a particular frequency contributes
at a specific moment. An illustration of the magnitudes of these coefficients produces a spectrogram, a
two-dimensional depiction of the frequency components of the signal that vary with time. A significant
determinant of the compromise between resolution of frequency and time is the selected length of the
window. Shorter windows allow for the detection of short-duration, fast events, but the frequency detail
is reduced. On the other hand, a longer window enhances frequency discrimination but decreases the
capacity to monitor rapid temporal changes [27].

2.3. Construction of the STFT 3D Representation

The STFT representation in this study was produced by applying the transform independently to
each EEG channel. The Short-Time Fourier Transform was calculated for each channel with an FFT
length of 128 and a 64-sample Hamming window with 50% overlap. At the 256 Hz sampling rate, these
characteristics were chosen to provide a workable balance between time and frequency resolution. With
this configuration, the STFT can record both broad oscillatory patterns that frequently show up in EEG
data and quick temporal variations [28]. The 64-sample window length provides sufficient temporal
resolution to capture short-term EEG dynamics, while the 50% overlap reduces spectral discontinuities
and improves temporal continuity between adjacent windows. An FFT length of 128 was chosen to
ensure adequate frequency resolution within the conventional EEG bands while maintaining
computational efficiency [29].

The magnitude of the STFT output forms a two-dimensional time-frequency spectrogram that
shows how energy in various frequency bands changes throughout the 1-second recording. This
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representation highlights the local spectral characteristics of each channel. As shown in Fig. 2, lower-
frequency components tend to dominate the spectrogram, and variations in color intensity indicate
fluctuations in signal power over time. Because each spectrogram corresponds to a single electrode, it
serves as the foundational element for constructing the final 3D representation and provides a clear
visualization of the time-frequency patterns extracted from one channel.

Channel N R

.
Channel Ind

Channel 1 \«’

Stacking along
the channel axis 3D Representation

Time (s) 1 Frequency (Hz)

2D Representation

Fig. 2.Tllustration of the 2D to 3D STFT construction process

Once a spectrogram had been generated for every channel, the individual 2D matrices were stacked
along a new axis representing the electrode index. This stacking procedure produces a three-dimensional
tensor with dimensions time x frequency x channel. For each 1-second EEG segment sampled at 256
Hz, the resulting 3D STFT tensor has dimensions 7 x 65 x 64, corresponding to time frames, frequency
bins, and EEG channels, respectively. Each slice of the tensor captures the time-frequency structure of
one electrode, while the overall cube integrates information from the entire scalp. The resulting 3D
representation preserves temporal dynamics, spectral features, and spatial relationships simultaneously,
allowing the CNN to learn richer and more discriminative patterns across all three dimensions. The 3D
STFT tensor was formed using linear magnitude values. No log-scaling or additional normalization was
applied to the STFT magnitudes prior to model input.

In general, increasing the dimensionality of a signal representation leads to higher computational and
memory demands [30], [31]. In this work, the 3D STFT representation introduces manageable overhead
given the short signal duration and number of EEG channels, and provides richer temporal-spectral-
spatial information.

2.4. Convolutional Neural Network (CNN)

The 3D STFT tensors generated in the earlier step serve as the input for 3D-CNN designed to
classify EEG trials into alcoholic and non-alcoholic categories. Each tensor represents the signal in three
dimensions which are time, frequency, and channel, allowing the network to process it as a volumetric
data block. The model begins with two convolutional stages that extract relevant features from this 3D
structure. In the first stage, a 3D convolution layer with a 3 x 3 x 3 kernel and 16 filters is applied, then
a 3D max-pooling layer with a 2 x 2 x 2 pooling size and stride of 2, and a RelU activation. This pattern
is repeated in the second convolutional block, which increases the number of filters to 32. This enables
learning in the network more intricate and complicated patterns across the time-frequency-channel
dimensions. Together, these layers progressively reduce the depth of the feature maps while maintaining
the most meaningful activations that distinguish alcoholic EEG characteristics [32]. The use of two
convolutional stages with increasing filter depth was chosen to progressively capture low-level and
higher-level patterns across the time-frequency-channel dimensions while avoiding excessive model
complexity and overfitting, given the dataset size [33].

Following the convolutional procedures, the generated feature maps are transferred to a fully
connected layer of 128 neurones after being flattened. In order to reduce overfitting during training and
enhance generalisation, a ReLU activation and a dropout rate of 0.5 are employed. A softmax layer
processes the output units for the alcoholic and non-alcoholic classes produced by the last dense layer
to provide likelihood scores. In training, the loss is calculated using a classification layer [34], [35]. The
entire model design is illustrated in Fig. 3, with a detailed summary of the 3D-CNN architecture,
including layer types, kernel sizes, and output dimensions, is provided in Table 1. The model's
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classification capacity was thoroughly assessed using a set of standard performance criteria that are
frequently employed in classification tasks.

== F==n
g E g E A\ . Alcoholic
% % % % . Non Alcoholic
= z
Input 8 8 Output
(Tx FxC) =] Q
Feature Extraction Classification
Fig. 3.Proposed 3D-CNN Architecture
Table 1. Summary of the proposed 3D-CNN architecture
Layer Kernel/Units Stride Output Size
Input - - 7 x 65 x 64
Conv3D 3x3x3,16 1 7 x 65 x 64 x 16
MaxPool3D 2x2x2 2 3x32x32x16
Conv3D 3x3x3,32 1 3x32x32x32
MaxPool3D 2x2x2 2 1x16x16x32
Fully Connected 128 - 128
Dropout 0.5 - 128
Fully Connected 2 - 2

2.5. Performance Evaluation

The classifier's performance was assessed according to a number of criteria, such as accuracy,
precision, recall, and the F1-score. Equation (2) illustrates accuracy, which is the frequency with which
the model generates accurate predictions for every test sample [36]. Equation (3) defines precision as the
model's ability to detect alcoholic EEG trials without producing a high number of false positives [37].
Equation (4)'s recall shows how well the model can identify alcoholic samples that need to be categorised
as positive [37]. When both accuracy and recall are significant, the Fl-score in Equation (5) is useful
since it aggregates the two into a single number [36].

TP+TN

Accuracy = —————— (2)
TP+TN+FP+FN
.. TP
Precision = —— 3)
TP+FP
TP
Recall = —— 4
TP+FN
2XPrecisionxRecall
F1Score = ————— )

Precision+Recall

These evaluation metrics rely on four fundamental classification outcomes: true positives (TP), true
negatives (TN), false positives (FP), and false negatives (FN). The model's response when deciding
whether an EEG trial falls into the alcoholic or non-alcoholic class is demonstrated by these values taken
together. Also used to supplement these numerical measurements is a confusion matrix. It gives a clear
visual overview of the model's predictions by presenting the proportion of samples from each class that
were properly or mistakenly recognised. This illustration provides more information about the model's
performance traits and aids in identifying any recurrent misclassification trends [38].
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In addition to the commonly used performance metrics, this study also provides the classifier's Area
Under the ROC Curve (AUC) for evaluation without relying on a fixed decision threshold. As the
classification threshold is changed, the ROC curve shows how the true positive rate (TPR) changes in
proportion to the false positive rate (FPR). The integral of the ROC curve across the interval [0, 1] is
used to get the AUC value, as expressed in Equation (6) [39]. This measure indicates how effectively the
model can distinguish between the two classes regardless of the threshold applied, oftering a broader
understanding of its overall discriminative strength [39], [40].

AUC = [ ROC(wWdu = [, TPR(FPR)d(FPR) (6)

The experiments were conducted using a single fixed training-testing split provided by the dataset,
and cross-validation was not applied. Consequently, statistical variability across folds was not evaluated,;
however, all experiments were performed using the same data split, network architecture, training
settings, and evaluation protocol to ensure consistent evaluation conditions.

3. Results and Discussion

The performance evaluation focuses on assessing how well the proposed 3D STFT representation,
combined with a 3D CNN architecture, can distinguish between the two classes in the dataset. The
overall accuracy of the model reached 98.96%, indicating that nearly all samples in the test set were
classified correctly. This high value suggests that the combination of 3D STFT features and 3D
convolutional layers was able to extract meaningful patterns from the EEG data. Because EEG signals
are often noisy and contain overlapping information across channels and frequencies [41], [42], achieving
a high accuracy shows that the model captured key structures in the time-frequency-space
representation. It also implies that the preprocessing steps, such as computing STFT per channel and
stacking them into a 3D tensor, were effective for representing the signal in a way that the CNN could
interpret clearly.

A closer examination of the confusion matrix in Fig. 4 provides additional insight into how the
model handled each class. For the alcoholic class, the model correctly identified 238 out of 240 samples,
misclassifying only 2. For the control group, the model correctly predicted 237 samples and made 3
errors. These small misclassification counts indicate consistent performance across both classes, with no
strong class imbalance or directional bias. The strong diagonal dominance in the confusion matrix
reflects that the learned features align well with the differences required to discriminate the two EEG
categories.

Alcoholic

True Label

Control

Alcoholic Control
Predicted Label

Fig. 4. Confusion Matrix Result

The model also achieved a precision score of 98.76%, demonstrating its ability to minimize false
positives. When the classifier assigns a sample to the alcoholic category, this prediction is correct in

Safitri et al. (A three-dimensional STFT representation for EEG alcobolism classification using 3D convolutional networks)



944 International Journal of Advances in Intelligent Informatics ISSN 2442-6571

Vol. 12, No. 3, August 2026, pp. 937-949
B

almost every case. At the same time, the model correctly detected almost all of the alcoholic samples in
the dataset, as seen by the recall value of 99.17%. The classifier consistently performs well across all
dimensions, as seen by its F1-score of 98.96, which reflects the harmonic balance between accuracy and
recall. A high Fl-score indicates the capacity of the model to manage false negatives and false positives.
This reinforces the effectiveness of combining 3D feature encoding with 3D convolutional learning,
enabling the network to utilize the full richness of the multi-dimensional EEG structure. The ROC
curves shown in Fig. 5 offer another perspective on classifier performance. In this plot, Class 1
corresponds to the alcoholic group, while Class 2 represents the control group. Both classes produce
curves that rise sharply toward the upper-left corner, with an AUC of 99.50%. An AUC value close to
1.0 indicates excellent discriminative power across a wide range of probability thresholds. This suggests
that even if the decision boundary were adjusted, the model would still be able to separate alcoholic and
non-alcoholic EEG signals with very few ambiguous or overlapping cases.

1

Class 1
= Class 2
0.9

0.8

0.7

True Positive Rate
o o ° o o
o o Y o >

o

°

. . | . . . . . )
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
False Positive Rate

Fig. 5.ROC curve for proposed model

To further evaluate the benefit of the proposed 3D representation, baseline experiments were
conducted under the same fixed train-test split using 1D and 2D CNN models as presented in Table 2.
The 1D time-domain CNN achieved an accuracy of 64.79%, with precision and recall values of 64.79%
and an AUC of 0.7491, indicating limited discriminative capability when multichannel EEG signals are
processed only in the temporal domain. This result suggests that compressing EEG recordings into a
purely one-dimensional representation leads to substantial information loss, particularly in terms of
spectral and spatial characteristics. When a 2D STFT representation was employed, performance
improved to 79.79% accuracy, with precision and recall 0of 79.79% and an AUC of 0.9187, demonstrating
the clear benefit of incorporating time-frequency information.

In contrast, the proposed 3D STFT combined with a 3D CNN achieved substantially higher
performance, reaching 98.96% accuracy, 98.76% precision, 99.17% recall, and an AUC of 0.9950. These
results indicate not only improved overall accuracy but also a more balanced handling of false positives
and negatives. The strong recall value shows that the model successfully identifies nearly all alcoholic
EEG samples, while the high precision confirms reliable discrimination from control signals. This
improvement highlights the importance of explicitly preserving spatial information across EEG channels,
enabling the network to capture inter-channel relationships and coordinated neural activity patterns that
are not accessible in 1D or 2D representations.

The strong performance of the proposed method can be partly explained by the inclusion of spatial
information across EEG channels in the 3D STFT representation. By stacking time-frequency
spectrograms from all channels, the model can capture relationships between different electrodes that
are not explicitly represented in 1D or 2D features. This spatial arrangement allows the network to
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observe how activity in different brain regions evolves together over time and frequency. Such joint
information is particularly important for EEG signals, where meaningful patterns often arise from
interactions across multiple channels rather than isolated electrodes. Consequently, the preservation of
spatial context in the 3D STFT representation contributes to more robust and reliable classification
performance.

Table 2. Performance comparison of the suggested approach with baseline models

A Precisi Recall
Representation Classifier c(c(;:’)acy riz/l:)l on (E/C:; F1-Score AUC
1D time-domain 1D CNN 64.79 64.79 64.79 0.6396 0.7491
2D STFT 2D CNN 79.79 79.79 79.79 0.7948 0.9187
3D STFT 3D CNN 98.96 98.76 99.17 0.9896 0.9950
(Proposed)

A comparison with previous research, as presented in Table 3, demonstrates that a wide range of
approaches have achieved strong performance in detecting alcoholic EEG patterns, each emphasizing
different aspects of the signal. The suggested approach demonstrates competitive performance, achieving
98.96% accuracy, 98.76% precision, 99.17% recall, a 98.96 F1-score, and a 99.50% AUC. Although the
compared studies are based on the same EEG Alcoholism dataset, they differ in preprocessing strategies,
feature representations, and classification models, which can influence the reported performance. Unlike
most previous studies that rely on 1D statistical descriptors or 2D time-frequency representations, the
3D STFT approach preserves temporal, spectral, and spatial channel information simultaneously.
Because of its richer representation, the 3D CNN can learn multi-dimensional EEG patterns that
previous feature extraction algorithms might not have been able to completely capture. As seen by the
consistently high metrics found in this work, adding spatial channel structure to the time-frequency
domain offers an alternative viewpoint to current methods and may help provide more reliable
classification.

Table 3. Comparison with previous studies

Reference Methods Result
Accuracy: 95.6%,
Manekar et al. [45] DWT + statistical features Sensitivity: 91.3%,
F1:95.5%

Relative Wavelet Bi
Purnamasari et al. [46] clative Wavelet Bispectrum + Accuracy: 90%

Bispectrum-Gaussian

CWT + Mutual Information Accuracy: 96.25%,
Shen etal. [47] connectivity Fl:CZS.O6%
Mohd Nazri et al. [15] Partial Directed Coherence Accuracy: 96.37%
Accuracy: 97.5%,
Sadiq et al. Fractional Fourier Transform (FrFT) Sensitivity: 96.7%,

Specificity: 98.3%
Accuracy: 98.96%,
Precision: 98.76%,
Proposed Method 3D STFT Recall: 99.17%,
F1-Score: 98.96,
AUC: 99.50%

Although the suggested approach achieves an accuracy of 98.96%, it is important to note that the
use of STFT comes with inherent limitations. Because STFT employs a fixed window size throughout
the entire signal, it is less flexible for analyzing non-stationary EEG patterns whose temporal
characteristics vary in duration [43]. This fixed-window design introduces a resolution trade-oft, where
improving temporal resolution leads to reduced frequency resolution and vice versa. As a result, rapid
transient events or subtle oscillatory changes may not be captured optimally, potentially limiting the
richness of the time-frequency representation [43], [44]. Despite these constraints, the constructed 3D
STFT tensor still preserves the key temporal, spectral, and spatial information needed for effective
"
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classification. In future work, adaptive or multi-resolution time-frequency methods, such as wavelet-
based transforms, could address this limitation by adjusting time-frequency resolution across different
frequency bands, allowing both short-duration transients and longer oscillatory components to be
represented more effectively.

4, Conclusion

This study introduced a three-dimensional STFT representation that integrates temporal, spectral,
and spatial information from multichannel EEG recordings, and demonstrated its effectiveness for
classifying alcoholic and non-alcoholic brain signals using a 3D-CNN framework. Main contribution of
this work lies in explicitly preserving channel-wise spatial information within the time-frequency
representation, enabling joint learning across time, frequency, and EEG channels. With an F1-score of
98.96, an accuracy of 98.96%, precision of 98.76%, recall of 99.17%, and an AUC of 99.50%, the
suggested approach produced excellent results. These findings demonstrate that deep learning combined
with a richer 3D representation allows the model to identify brain patterns that conventional 1D or 2D
feature extraction methods would miss. The results also suggest that keeping the spatial arrangement of
EEG channels helps improve classification because the model can observe how patterns appear across
different parts of the scalp. Treating the STFT output as a 3D input makes the learned features richer
compared to using only 1D or 2D representations. Although the 3D STFT representation demonstrates
strong classification capability, the fixed window size in STFT presents certain limitations for analyzing
highly non-stationary EEG dynamics. Adaptive or multi-resolution methods, such as wavelet-based
approaches, may help capture transient or rapidly evolving patterns more effectively. Future research may
also explore larger datasets, subject-independent evaluation, and the incorporation of explainable
artificial intelligence (XAI) methods to provide deeper insight into the neural features that drive the
model’s decisions.
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