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Abstract

Accurate and scalable classification of SARS-CoV-2 variants based on their genomics sequences is
critical for efficient surveillance and public health management. However, conventional deep learning
models suffer from issues such as modeling the complexity of high-dimensional genomics sequences,
learning long-range dependencies, and ensuring generalization capabilities for newly emerging variants.
In this study, a new deep learning model called Three-Level Hierarchical Deep Learning with SA-LSTM
is presented for COVID-19 variants classification. Genome sequences are represented in the form of
overlapping K-mers with different levels of granularity and then embedded through Continuous Bag ot
Words (CBOW). The designed three-level feature extraction framework utilizing convolutional and
recurrent layers at low-, mid-, and high-level representations allows for the discrimination of
discriminatory genomic patterns through multi-scale learning. Self-attention is then applied to refine the
extracted features in order to highlight the relevant biological motifs and long-term dependencies.
Extensive experimental results on SARS-CoV-2 publicly available genome data reveal that our proposed
system outperforms all existing deep learning approaches, obtaining an accuracy of 99.56%, a high F1-
Score, MCC, and lower inference time. These findings underscore the importance of hierarchical
representation learning along with attention-guided temporal modeling for genomic sequence
classification, thus providing a scalable and understandable solution for COVID-19 variant surveillance
and other future applications of genomic epidemiology.

1. INTRODUCTION

Despite the extensive use of vaccines, the
continued emergence of SARS-CoV-2
strains poses risks as regards the global
health status since the strain might
influence transmission, pathogenicity, and
vaccine effectiveness [1]. There have been

data-driven models for epidemiology as

well as hybrid methods that play an
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important role in virus propagation analysis
and evolution during the pandemic [2,3].
Sequencing and classification help detect
novel strains, whereas light-weight
diagnostic and surveillance systems play an
important role in the monitoring process
and hybrid detection process [4,5].

Nevertheless, there are issues concerning


http://www.thebioscan.com/
https://portal.issn.org/resource/ISSN/0973-7049
mailto:rajkumarpandiarajan9@gmail.com
https://doi.org/10.63001/tbs.2026.v21.i02.S.I(2).pp21305-21335

the identification of novel strains as vision-
based systems are influenced by different
parameters [6].

Genetic pipeline models and association
studies encounter issues due to lack of
diversity and  complicated  genetic
interaction, making predictions less reliable
[8,9]. Whole Genome Sequencing (WGS),
although very precise, is time-consuming,
costly and difficult to deploy in resource-
poor areas, making it not suitable for mass
screening of COVID-19 variants [10].
Studies of COVID-19 variants employ deep
learning (DL) algorithms due to the nature
of biomedical datasets, being of high
dimensionality. CNNs automatically learn
the relevant features from images,
biological signals or genome data [11],
while LSTM and RNN learn temporal and
sequential dependencies [12]. The attention
mechanism focuses on important features
for better classification results. The
integration of CNNs and RNN/LSTM

networks with feature selection increases

accuracy, robustness, and interpretability

21(2): S.1 (2), 21305-21335, 2026

21306

(ISSN: 0973-7049(P))

www.thebioscan.com

[14] and the use of explainable methods
enables identification of important features
as well as building clinician’s trust in
variant prediction [15].

The appearance of new variants of
COVID-19 poses limitations of existing
systems in terms of accuracy, scalability,
and explainability. Several deep learning
models have problems in dealing with high
dimensional genomics data due to inability
to extract necessary sequential patterns. At
the same time, expensive methods such as
whole genome sequencing cannot be
implemented in large scale and real-time.
Therefore, there is a necessity in
development of an efficient deep learning
model that would be able to learn
hierarchical features and concentrate on
important genomic patterns. The paper's
primary contributions are as follows:

A hierarchical ~ K-mer—based
preprocessing pipeline is introduced to
transform raw genome sequences into
textual

English-like representations,
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enabling contextual feature learning using
CBOW embeddings.

. A new multi-level feature learning
framework is proposed by integrating
convolutional and recurrent networks at
low-, medium-, and high-level
representations to capture complementary
genomic patterns

o

A Self-Attention LSTM (SA-

LSTM) module 1is incorporated to
emphasize biologically significant genomic
regions as well as long-range dependencies,
improving classification robustness and
interpretability.

. The suggested framework performs
at the cutting edge of COVID-19 variant
categorization while maintaining lower
inference latency compared to conventional
CNN, ResNet, CNN-BiLSTM, and VGG-
based models.

The following sections have already been
arranged as follows: In Section 2, the
review of research and literature will be

done, in Section 3, the recommended

framework will be introduced; in Section 4,

21(2): S.1 (2), 21305-21335, 2026

21307

(ISSN: 0973-7049(P))

www.thebioscan.com

the results and discussion will be analyzed,
and finally in Section 5, the conclusion of
the study will be made.

2. LITERATURE REVIEW

A selection of current studies about
COVID-19 variant were reviewed in this
section.

In 2024, Matson et al. [16] proposed a
method for predicting the alteration of the
neutralizing antibodies against variants
using deep learning (DL), where they found
a decrease in neutralizing antibodies against
the new generation of XBB variants (EG.5,
FL.1.5.1, XBB.1.16) because of the F456L
spike mutation. Talukder et al. [17] Utilized
DL on radiography images using a highly
customized EfficientNetB4 model to
achieve accurate classification in terms of
COVID-19  detection the

fast and

possibilities for other medical image
applications. In 2025, Fekri-Ershad &
Dehkordi [18] developed a double-channel
CNN architecture in terms of variant
detection through an adaptive LBP feature

extractor together with a spatial feature
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extractor using Adam and focal loss.
Hussain et al. [19] introduced the Multi-
Layer Ensemble Framework (C19-MLE)
for identifying COVID-19 in both early and
advanced phases through coughing sound
and X-ray chest image classification (2D
CNN, VAE, UNet, ResNet-50,
InceptionV3). Hu et al. [20] used attention
mechanism and transfer learning to enhance
RNN, LSTM, GRU, and TCN models in
city-level COVID-19 case prediction;
TLLA model outperformed other models in
detecting both flattened and jagged patterns
in COVID-19 case numbers.

In 2025, Azarfar et al. [21]
compared DL models, LSTM, and RNNs
for predicting SARS-CoV-2 vaccine
efficacy in patients with chronic conditions
12 months post-vaccination, finding that
traditional machine learning methods
(logistic regression, SVR, random forest,
gradient boosting) performed comparably,
highlighting AI’s potential to improve
vaccination strategies for high-risk patients.

Mekouar [22] adopted WHO dataset to

21(2): S.1 (2), 21305-21335, 2026
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model the transmission dynamics of
COVID-19 infection across the African
countries through an LSTM model with
attention and  data  augmentation,
performing better than GRU, LSTM, and
BiLSTM models, having lesser validation
errors. Fahim et al. [23] presented a novel
hybrid architecture CNN-GRU-TabNet that
made use of the structured data from India
to predict the COVID-19-related fatalities
with high accuracy and interpretability,
wherein CNN model was used to learn the
short-term dependencies, whereas GRU
was used to tackle missing values, and
TabNet was used to enhance the features.
Antunes et al. [24] designed CTCCovid19,
which is a DL model based on ResNet-50,
to detect the presence of COVID-19 from
the CT scan images. Dutta et al. [25]
introduced QNN, a novel architecture of
DL model, to diagnose COVID-19 through
Raman spectroscopy, performing better
than vanilla DL model like Vanilla CNN,
MobileNet, Xception, and VGG-16.

2.1. Research Gaps
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Deep learning for the discovery and

analysis of COVID-19 variant
identification has improved significantly in
recent times. However, there are certain key
challenges that persist in this regard. Most
of the existing methods have a major
limitation regarding the ability to discover
complementary low-, mid-, and high-level
biological patterns from the genomic
sequences because of the application of the
single scale approach to feature extraction.
Long-range

interactions among distant

mutations, an important factor in
discriminating between closely related
SARS-CoV-2  variants, are poorly
represented by these models. In addition,
traditional methods of encoding sequences
are insufficient in terms of their ability to
capture context-dependent and
semantically related dependencies between
subsequences of nucleotides, which leads to
poor representation learning. State-of-the-
art models tend to be costly and require
whole-genome

intensive sequencing

workflows, making them unsuitable for

21(2): S.1 (2), 21305-21335, 2026
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immediate and large-scale surveillance.
Besides, many deep learning models focus
more on the accuracy of predictions than on
attention-based interpretability, thus failing
to identify biologically significant genomic
segments. These aspects point to the
necessity of an integrated, interpretable
deep learning model that captures multi-
level patterns and stresses certain variant-
related characteristics.
3. PROPOSED METHODOLOGY

The proposed methodology will use
an Al-based deep learning model for
classification

of COVID-19 genome

sequence. The data on COVID-19
sequences collected from various sources
(public databases such as NCBI) have been
checked and labeled according to the
variant. DNA sequences (represented by A,
T, C, G) were divided into k-length
overlapping subsequences called K-mers in
order to convert genomic data into deep
learning-ready data. Continuous Bag of

Words (CBoW) will be used to encode the

semantics of K-mers, while Label Binarize


http://www.thebioscan.com/
https://portal.issn.org/resource/ISSN/0973-7049

will encode the classes of variants. The data
will be fed into a three-layer model
including convolutional layers (Convll,
Conv52, Conv152) as well as recurrent
layers for learning temporal features. The

Self-Attention Long Short Term Memory

Preprocessing
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(SA_LSTM) neural network will further
encode features. The whole methodology
was implemented in Python programming
language, and the suggested framework,
depicted in Figure 1, seems to be quite

appropriate for the classification problem.

Genomics
Data

K=6 — —
K=8 /T Projection

3L-DL
Convll = L ab.e !
Binarizer
C <4 Convs2 |e—
T— Conv152 |e—
Y
Alpha
Bet
eta
Long Short Output Delta
Term Memory Omicron

Figure 1: The general structure of the suggested approach
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3.1 Data Collection

Data  was obtained from
https://www.ncbi.nlm.nih.gov/. It consists
of genomic sequences for all four important
SARS-CoV-2 variants. In each text file
there are genomic sequences which are
unique for each individual variant,
therefore it is possible to use this data to
analyze mutations and perform
epidemiological studies. Omicron variation
is characterized by high transmissibility,
immune escape and low severity, Delta
variant has high transmissibility and
severity, Beta variant has mutations that
provide partial immune escape and Alpha
variant is  associated  with  high
transmissibility. ~ The sequences are

provided in text files, such as FASTA and

could be used for further research.

21(2): S.1 (2), 21305-21335, 2026
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3.2. Preprocessing

Preprocessing converts raw data to clean
and structured data to make feature
extraction and performance of the model
effective. The methods wused in
preprocessing include K-mers, CBOW, and
Label Binarize for representing data.
K-Mers

K-mers translate input sequences, and the
translations are made in overlapping
substrings that mimic English words in a
sequential segmentation process. Length of
K-mers has been classified into three
categories, namely medium (k=6), low
(k=3), and high (k=8), which represent
sequence characteristics at different levels

of granularity.

Example: | ATGGAGAGCCTTGTCCCTGGTTTCAACGAGAAAACACA

Low-level K-Mers (K = 3)
Low-level K-mers (K = 3) split a sequence
into overlapping substrings, each of length

three, wusing a stride-1 sequential

segmentation approach. This captures

short, local patterns in the sequence.
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Example: | ATG, GAG, AGA, GAA, AAA, AAC, ACA, CAC, and ACA

Medium Level K-Mers (K = 6)

Medium-length K-mers with K=6 divide approach. This length is effective in
the sequence into overlapping substrings capturing mid-level dependencies and
using a stride-1 sequential segmentation structural patterns within the sequence.

Example: | ATGGAG, TGGAGA, GGAGAG, GAGAGC, AGAGCC, GAGCCT,
GCCTTG, AACGAG, ACGAGA, CGAGAA, GAGAAA, AGAAAA,

GAAAAC, AAAACA, AAACAC, and AACACA

High Level K-Mers (K = 8)

Higher-order K-mers (K = 8) capture segmentation approach. These capture
eight-base substrings overlapping with a long-range dependencies and large-scale
sequence from a stride-1 sequential contextual patterns.

Example: | ATGGAGAG, TGGAGAGC, GGAGAGCC, GAGAGCCT, AGAGCCTT,

CGAGAAAA, GAGAAAAC, AGAAAAC, GAAAACAC, and AAAACACA

Continuous Bag of Words (CBOW)

In Natural Language Processing, the word using the surrounding context inside a
Continuous Bag of Words (CBOW) window. Embeddings produced by the
algorithm is based on neural networks and CBOW algorithm can be used for different
creates dense vector representations that applications like text classification. Figure
encode contextual relations among words. 2 shows the CBOW architecture.

The algorithm tries to predict the target

21312
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Figure 2: CBOW architecture

Label binarizes

Label Binarize 1is a preprocessing
application that converts class labels to a
binary (one-hot) format. It converts
category or sequential data to a numeric
format by encapsulating each unique label
as a binary vector with one bit set to 1

(indicating the presence of a given class)

and the rest set to 0. This transformation
enables machine learning algorithms to
learn from

efficiently handle and

categorical  inputs,  particularly in
classification challenges. Label Binarize is
described in Table 1, 2 and 3 demonstrates

the label binarize with k=3, k=6, and k=8.

Table 1 (a): Input for Label Binarize k=3

Label kmer_1 kmer 2 kmer_3
Alpha ATG TTC TGT
Alpha ATG GAG TGG

The input sequences for the Alpha
variant with k = 3 are shown in Table 1(a).
The DNA sequences have been transformed

into overlapping 3-mers. The k-mers enable

21313

the acquisition of short-range nucleotide
patterns for the purpose of encoding and

classification.
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Table 1 (b): Output for Label Binarize k=3

Label | kmer 1 ATG | kmer_ 2 TTC | kmer_ 2 GAG | kmer_3 _TGT | kmer_3 TGG
Alpha 1 1 0 1 0
Alpha 1 0 1 0 1

Table 1(b) illustrates the binarized
output for the Alpha variant with k=3,
where features for each unique k-mer have

been binarized. A value labeled 'l' means

that the corresponding k-mer is present in
the corresponding sequence and allows for

efficient input encoding for model training.

Table 2 (a): Input for Label Binarize k=6

Label kmer_1 kmer_2 kmer_3
Alpha ATGTTC TGTTCG GTTCGT
Alpha ATGGAG TGGAGA GGAGAG

In Table 2(a), DNA sequences from

the Alpha variant are divided into

overlapping k-mers of size 6. Each row is a

sequence split along three k-mers in

genomic order and with respect to the
context of that sequence when training a

model and recording labels.

Table 2 (b): Output for Label Binarize k=6

kmer_1_ kmer_1_ kmer 2 kmer 2 kmer 3 kmer 3
Label

ATGTTC | ATGGAG | TGTTCG | TGGAGA | GTTCGT | GGAGAG
Alpha 1 0 1 0 1 0
Alpha 0 1 0 1 0 1

21314
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The binary label encoding for the
k=6 k-mers of the Alpha variant (Table

2(b)) lists a unique binary column for each
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k-mer, with a presence denoted by 'l'. This
format reads the input data ready to use for

training the classification model.

Table 3 (a): Input for Label Binarize k=8

Label kmer_1 kmer_2 kmer_3

Alpha ATGTTCGT TGTTCGTG GTTCGTGT

Alpha ATGGAGAG TGGAGAGC GGAGAGCC
Table 3(a) shows the input broken down into overlapping k-mers that

sequences for Label Binarization with k=8

for the Alpha version. Each sequence is

have a size of 8, thus giving nucleotide

dependencies at a longer range.

Table 3 (b): Input for Label Binarize k=8

kmer 1 _ kmer 1 _ kmer 2 kmer 2 kmer 3 kmer 3
Lab
ATGTTC | ATGGAG | TGTTCG | TGGAGA | GTTCGT | GGAGAG
el
GT AG TG GC GT CC
Alph
1 0 1 0 1 0
a
Alph
0 1 0 1 0 1
a

Table 3(b) provides the binary-
encoded output of the k=8 k-mer sequences
for the Alpha variant via a process called

Label Binarization. Each unique k-mer gets

an allocation in the output, and values of
either zero or one determine the non-
appearance or appearance, respectively, of

each k-mer in the order of the output binary

21315
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vector. This makes multi-class

classification easy to perform.

3.3. Three-Level deep learning-based
feature learning (3L-DL)

Hierarchical patterns in COVID-19
genomic sequences are intended to be
detected by Three-Level Deep Learning-
Based Feature Learning. The model takes
the global and local

into account

21(2): S.1 (2), 21305-21335, 2026
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dependency in sequence by combining the
low, mid, and high-level convolution layers
along with RNNs at all levels. The multi-
layer structure allows the extraction of
holistic features which improves the
model’s ability to classify and detect
complex structures in the genome. The 3L-

DL with SA LSTM is presented in Figure

3.
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Figure 3: Framework of 3L_DL with SA LSTM

Low-level feature learning
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This layer uses Convll and RNN models
for modeling the short-range dependencies
between the sequences. In this, low-
dimensional CBOW is wused for
representing local k-mers, whereas, median
filtering is done to reduce the noise level. In
Convl1 layer, 11x11 (96 filters), 5x5 (256
filters), and 3x3 (384/256 filters)
convolutions are used to derive features for
local and larger sequence lengths. Stride-2
max-pooling is used for downsampling the
maps, and the derived features are given as
input to RNN.

Middle Level Feature Learning

In this layer, Conv52 and RNN have been
used to detect mid-level intermediate-range
patterns in genome sequences. The medium
resolution CBOW embeddings are used to
understand the motifs and conservation of
the sequence of nucleotides in the multiple
k-mers. In this Conv52 network, the
inspiration is taken from ResNet-50. This
network starts from 7 X% 7 convolution

followed by max-pooling. The next part

involves four stages of residual block

21(2): S.1 (2), 21305-21335, 2026
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having filters (1 x 1,3 x 3,1 x 1) in the
numbers of filters 64 to 2048. Average
pooling is used to reduce the size of feature
map, and skip connections keep
computations efficient.

High-Level Feature Learning

In this layer, Conv152 and an RNN are used
to extract long-range and high-level
patterns from the genomic sequences. The
high resolution CBOW representations will
help the model to learn about broader k-mer
contexts which include complex structure
dependencies. In terms of Convl152, the
ResNet-152 architecture is applied to begin
with a max pooling and 7x7 convolution
(64 filters, stride 2), followed by 4 residual
blocks stages (3,8,36,3), having
1x1,3%3,1x1 convolutions, and increasing
the number of feature maps to 2048 filters.
The extracted features will be passed
through an RNN to maintain the time
dependency and learn about long-range
dependencies within the sequence.

The outputs of all the three layers that

extract the low-level, medium, and high-
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level features respectively are merged to
form a single feature vector. This way the
model will learn different spatial and
context features of the genome sequence.
3.4.  Self-Attention Long Short-Term
Memory (SA_LSTM)

The sequential nature of genomic data is
captured using an LSTM network as it is
important that the order of the biological
sequences (A, T, C, G) must be maintained.

The feature maps obtained from the

Convll, Conv52, and Conv152 layers are

21(2): S.1 (2), 21305-21335, 2026
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concatenated together to make a time series
dataset, through which the long-term
dependencies of the genome are learned by
the LSTM. This helps in capturing the
variant specific signatures such as mutation
and insertion of genetic data, which might
be in a non-linear fashion. In order to boost
the representation, we use self-attention
using parallel average and max pooling and

then shared MLP to create attention-based

features.

Rr = o(w=z * [hidr-1, inpr]) (D)
Ur = o(wu * [hidr-1, inpr]) )
Chidr = tanh(whia * [Rr,* hidr-1, inpr]) )
hidr = (1 — Ur)hidr—1 + UrChidr @)

The weight matrices are hidr, wu ,
and whid. The reset gate (Rr) in Eq. (1), the
update gate (Ur) in Eq. (2), the candidate
hidden state (Chidr) in Eq. (3), and the
hidden state (4). The previous hidden state

is represented by hidr-1, and the current

21319

concealed state is represented by hidr,
inpr is the input vector at time step T, o is
the sigmoid activation function, tanh is the
hyperbolic tangent activation function, * is
and

element-wise  multiplication,

[]

denotes vector concatenation.
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Figure 4: Framework of SA LSTM

Figure 4 shows the SA LSTM framework.
After attention refinement, the final fully
connected layer maps the learned,
attention-weighted features to output
neurons, with SoftMax converting scores

into probabilities for COVID-19 variant

21320

classification. The SA LSTM model
captures the dependencies and hierarchical
feature representation, while the attention
mechanism  highlights the biological
significance in the genome. This step-wise

method guarantees high classification
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accuracy in analyzing the high dimensional

genome of the COVID-19 virus.

Algorithm 1: Pseudocode for our proposed work

BEGIN
Step 1: Data Collection
Load genomic sequences for COVID-19 variants from NCBI
Step 2: Preprocessing - K-mer Segmentation
FOR each sequence IN genomic_data:

low level kmers «— extract kmers (sequence, k=3, stride=1)

mid level kmers «— extract kmers (sequence, k=6, stride=1)

high level kmers «— extract kmers (sequence, k=8, stride=1)

combined kmers «— concatenate (low level kmers, mid level kmers, high level kmers)
Step 3: CBoW Embedding
embedded kmers «— CBOW (combined kmers)
Step 4: Label Binarization
encoded labels «— LabelBinarizer(variant labels)

Step 5: Feature Extraction using Three-Level Deep Learning
conv_low «— ConvLayerl1(embedded kmers)
conv_mid « ConvLayer52 (embedded kmers)
conv_high < ConvLayer152 (embedded kmers)

Step 6: Feature Fusion
fused_features «— concatenate (conv_low, conv_mid, conv_high)

Step 7: Temporal Sequence Learning with SA_LSTM

Istm_output «— SA LSTM (fused features)
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Step 8: Classification Output
final output «— Softmax (Dense(sa_Istm_output))
Step 9: Variant Prediction
predicted variant «— argmax (final output)

RETURN predicted variant

END

4. RESULTS AND DISCUSSIONS

The performance of the suggested model
was evaluated through the application of
several metrics, including Matthews
Correlation Coefficient (MCC), Sensitivity,
False Negative Rate (FNR), Accuracy, F1
score, Mean Absolute Error (MAE) and
Mean Square Error (MSE), False Positive
Rate (FPR), Specificity and so on. In order
to assess the efficiency of the recommended
architecture, the performance of the
suggested model was compared with that of
the other architectures, including DT,
XGBoost, KNN, and RF.

4.1. System Configurations

4.1.1. Hardware Requirements

The ideal hardware for deep learning and

security studies will include either the

AMD Ryzen 5 or the Intel Core i5 (10th
Gen). In case one wishes to use deep
learning technology, then an NVIDIA GTX
1650 graphics card which has 4 GB of
VRAM is essential in enhancing processing
and training of the models. The computer
ought to have at least 16 GB of RAM so as
to facilitate easy handling of large data and
complex calculations. The ideal storage
space will be 256 GB SSD.

4.1.2. Software Requirements

The suggested software architecture uses
Windows 10 (64-bit), which can work with
most of the development environments.
The wversion 3.11 of the Python
programming language must be used

together with Anaconda that will make it
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easier to manage dependencies and
packages. The Anaconda tool will help to
easily manage packages and dependencies,
and that is why it can be used effectively in
such areas as deep Ilearning and
cybersecurity.  Additionally,  Jupyter
Notebook must be installed to have an
environment where it is easy to test and
visualize the code. This configuration
provides a productive and adaptable
workspace for data analysis and model
development.
4.2. Performance Evaluation
Performance evaluation uses a variety of
metrics, such as sensitivity, MAE, FPR,
accuracy, MSE, Specificity, FNR, MCC,
and F1 Score.

. Accuracy: 1t refers to how closely a

quantity's measurements match its actual

value.
TP+TN
Accuracy = g rpeinetn
(5)
. Precision: 1t describes the total

number of actual samples that were

21(2): S.1 (2), 21305-21335, 2026
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appropriately taken into account during the

classification process.

.. TP
Precision =
FP+TP
(6)
] F-Measure: The demand that each

definition defines a specific type of
information item is carefully balanced with
the need to fully identify every piece of

data.

Presision.Recall
F —Measure = 2 X

Presision+ Recall

(7)

= Specificity: The number of
negatively expected outcomes among all

correctly predicted bad occurrences is a

reliable indicator of specificity.

Specificity = w
FP+TN

(8)

. Sensitivity: 1t is computed by

dividing the percentage of accurate positive
forecasts by the total number of positive

forecasts.

Sensitivity =
TP+FN

)
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. MCC: Since it considers FN, TP, FP,
and TN, it is a valid statistic for assessing

the performance of binary classifiers.

(TP+TN)—(FP+FN)

MCC =
V(TP+FP)(TP+FN)(FP+TN)(TN+FN)
(10)
. NPV: 1t is a statistic used to evaluate

the performance of a binary classification
model. Negative projected values indicate
the proportion of negative projections that

materialize.

TN

NPV =
TN+FN

(11)
. FNR: 1t is defined as the percentage
of cases that are incorrectly classified and
inadvertently assigned a negative label
relative to the total number of cases that are
classified positively.

FNR = _™

FN+TP

(12)

21(2): S.1 (2), 21305-21335, 2026
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. FPR: 1t can be expressed by
dividing total amount of negative data by

percentage of correctly classified positive

data.
FPR= _"
TN+FP
(13)
o G-Mean: The geometric mean (G-

Mean), as indicated in Eq. (14), is used
when both TP and TN performance
indicators are significant. It acts as a

barometer for the classifier's performance
in both classes.
G — mean = ' m
(14)
Here, False Positive FP, False Negative FN,
True Negative TN, and True Positive TP.

Figure 5 shows Confusion matrix.
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Figure 5: Confusion matrix

4.3. Performance analysis

The suggested approach is contrasted with shown in the Table 3. The proposed method
CNN, ResNet, CNN BiLSTM, and outperformed all classifiers regarding
VGGNet with a variety of performance accuracy, sensitivity, specificity, precision,
metrics. The performance comparison is F-measure, and other measures.

Table 3: A comparison between the suggested and current works

Metrices CNN RESNET | CNN _BIiLSTM | VGGNET | Proposed
Accuracy 0.9212 0.9323 0.9433 0.9543 0.99569
Precision 0.9143 0.9212 0.9321 0.94212 0.98765
Sensitivity 0.9143 0.9433 0.9343 0.9417 0.98776
Specificity 0.9221 0.9421 0.9234 0.9432 0.99567
F-Measure 0.9132 0.9344 0.9321 0.94213 0.98546
MCC 0.9345 0.9311 0.9345 0.9443 0.98212
NPV 0.9321 0.9245 0.9433 0.9432 0.99213
FPR 0.095 0.11 0.124 0.153 0.0253
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FNR 0.091 0.134 0.183 0.193 0.0343
Inference time(ms) 26 32 21 34 12
GMean 0.8921 0.9067 0.9212 0.9323 0.9721

Table 3 provides a detailed A
comparison of the proposed COVID-19
variant classification model relative to
several existing deep learning architectures
(CNN, ResNet, CNN_BiLSTM, VGGNet)

based on a variety of performance metrics.

The proposed model outperforms all
baseline models on all performance
measures. For example, Regarding

accuracy, the suggested model's accuracy is
0.99569, which exceeds VGGNet (0.9543),
CNN_BiLSTM (0.9433), ResNet (0.9323),
and CNN (0.9212). Precision is equal to
0.98765 and sensitivity 0.98776 for the
proposed model shows a dominant number
of true positive predictions. The specificity
is also quite high at 0.99567 and indicates
the strength of the model in classifying
negatives correctly. F-Measure and MCC
are also highest with respect to the proposed

model and are 0.98546 and 0.98212,

21326

respectively, and reiterate its high overall
performance and balanced classification
strength. In addition, the suggested model
achieves the largest NPV of 0.99213, and
the smallest FPR and FNR of 0.0253 and
0.0343, respectively, which highlights its
accuracy in reducing misclassifications.
Importantly, the inference time of the
suggested model is the shortest at only 12
milliseconds, whereas other models take
21-34 milliseconds, which indicates its
efficiency. Finally, the GMean of 0.9721
also confirms how well the model handles
data that is unbalanced. In conclusion, these
findings show that, in contrast with the
most advanced models, the suggested
method not only achieves superior
classification performance but also enables

a quicker and more accurate COVID-19

variant detection.
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Figure 6 (a-1): Visual representation of Accuracy, Computation time, F-Measure, FNR, FPR,

G-Mean, Inference time (ms), Specificity

MCC, NPV, Precision, Sensitivity, and The performance measures that have been
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used for comparison include Accuracy,
Computation time, F-Measure, FNR, FPR,
G-Mean, Inference time (ms), MCC, NPV,
Precision, Sensitivity, and Specificity. They
have been shown through graphs as Figures
6 (a) to (I) with various methods, such as
CNN, ResNet, and CNN_BiLSTM

4.4. Performance of Ablation Study
A study on ablation was performed to

measure the contribution of the main

21(2): S.1 (2), 21305-21335, 2026
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architectural elements by removing the
attention layers and LSTM units from the
proposed model. This enables a clearer
assessment of the impact of each module on
classification performance. The results
demonstrate the contribution of each
module to overall model performance and
robustness. Table 4 shown the performance

of the ablation study

Table 4: Performance analysis for the ablation study

Metrices without Attention layers without LSTM Proposed
Accuracy 0.91 0.92 0.99569
Precision 0.9 0.9 0.98765
Sensitivity 0.89 0.91 0.98776
Specificity 0.88 0.92 0.99567
F-Measure 0.91 0.91 0.98546
MCC 0.91 0.92 0.98212
NPV 0.9 0.91 0.99213
FPR 0.09 0.08 0.0253
FNR 0.1 0.09 0.0343
Inference time(ms) 18 14 12
GMean 0.9 0.91 0.9721
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The ablation study results in summary in
Table 4 highlight the impact of the critical
components in the model proposed in the
previous sections. Without the attention
layers and without the LSTM, the full
proposed model performs much worse
across all metrics when compared with the
full proposed framework. The
recommended model exhibits the greatest
amounts  of

specificity  (0.99567),
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sensitivity (0.98776), accuracy (0.99569),
and precision (0.98765), as both attention
mechanisms and LSTM layers play a
significant role in the model. Additionally,
it achieves the worst FPR (0.0253) and
FNR (0.0343) along with best GMean
(0.9721) and best inference time (12 ms),
demonstrating that the full architecture

demonstrates efficacy and efficiency.

f COVID-19 Variant Classifier with K-mers

1. Upload File

[2] Extracted Sequence Names:
- 1cl|LC823745.1 cds BFOO01484.1 1

Sample 3-mers:

[1] Loaded file: C:/Users/Ondezx/Downloads/Raj kumar/Sourcecode/TEST Dataset/test segquence.fasta

2. Preprocess K-mers

3. Label Encode

4 Proposed Model

5. Predict Vanant

]

ATG TGT GIT TTC ICG CGT GIG TGT GIT TTT TIC TCT CTG TGG GGT GIG TGC GCT CIG TGC GCT CIG TGC GCC CCT CIC TICT CIG TGG GGT GIG TGT
GTC TCC CCh CAG AGA GAG AGT GTG TGC GCA CAG AGC GCC CCT CTA TAC ACA CAG

Sample 6-mers:

ATGTIC TGTICG GITCGT TTCGTG TCGIGT CGTGIT GIGITT TGITIC GITTCT TTICTG TTCIGG TCTGGT CIGGIG TGGTGC GGTGCT GIGCIG TGCIGC GCTGCT
CTGCTG TGCTGC GCTGCC CTGCCT TGCCTC GCCTCT CCICTG CTCIGG TCTGGT CTGGTG TGGIGT GGTGIC GIGICC TGTCCA GTCCAG TCCAGA CCAGAG CAGAGT
BAGAGTG GAGIGC AGIGCR GTGCAG TGCAGC GCAGCC CAGCCT AGCCTA GCCTAC CCTACA CTACAG TACAGR ACAGAG CAGAGT

Sample 8-mers:

ATGTTCGT TGITCGIG GITCGIGT TICGIGIT TCGIGITT CGIGITIC GTGITTCT TGITTCTG GITTCIGG TTITCIGGT TTCIGGTG TCTGGTGC CTGGTGCT TGGTGCIG
GGIGCTGC GIGCTGCT TGCTGCTG GCTGCTGC CTGCIGCC TGCTGCCT GCTGCCTC CTGCCICT TGCCTICTG GCCICTGG CCTCTGGT CTCIGGTG TCTIGGIGT CIGGTGIC
TGGTGTCC GGIGTCCA GIGTCCAG TGTCCAGA GTCCAGAG TCCAGAGT CCAGAGIG CAGAGTGC AGAGIGCA GAGIGCAG AGTGCAGC GTGCAGCC TGCAGCCT GCAGCCTA
CAGCCTAC AGCCTACA GCCTACAG CCTACAGA CTACAGAG TACAGAGT ACAGAGTC CAGAGICT

[2] Combined k-mers processed into sequence of shape: (1, 500)

[4] Model built successfully.

[5] Predicted Variant: Beta

The

Figure 7: Visual representation of the Predicted image

predicted image that is sequential extraction. This process enables

illustrated in Figure 7 was the final output
from the processes performed and these

include: inputting, opening the file and

21330
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and to generate its output in the form of a

valid classification.
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5. CONCLUSION

A new three-layer hierarchical deep
learning framework along with self-
attention-based LSTM was designed to
classify variants of SARS-CoV-2 based on
their genomes. The model uses multi-level
K-mer encoding of raw genome data, and
the representation is

embedded using

CBOW, to identify local nucleotide
patterns as well as contextual information
from longer sequences of the genome. In
addition,  hierarchical  convolutional-
recurrent architecture is used to perform
multi-scale feature extraction and self-
attention-based mechanism is employed to
highlight biological patterns of the genome.
Experimental studies show that the
proposed method outperforms the existing
in inference

deep learning models

efficiency and performance metrics
including accuracy, F1-Score, and MCC.
The results clearly demonstrate the efficacy
of hierarchical learning of representations

and attention-based temporal modeling in

dealing with genomic data. The proposed

21(2): S.1 (2), 21305-21335, 2026
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model is a promising approach that is
scalable and interpretable for COVID-19
variants’ monitoring in real time and can
easily be adapted for other virus genomics
studies and emerging infectious diseases

monitoring.
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