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Abstract: The new COVID-19 variants of concern are causing more infections and spreading much
faster than their predecessors. Recent cases show that even vaccinated people are highly affected
by these new variants. The proactive nucleotide sequence prediction of possible new variants of
COVID-19 and developing better healthcare plans to address their spread require a unified framework
for variant classification and early prediction. This paper attempts to answer the following research
questions: can a convolutional neural network with self-attention by extracting discriminative features
from nucleotide sequences be used to classify COVID-19 variants? Second, is it possible to employ
uncertainty calculation in the predicted probability distribution to predict new variants? Finally, can
synthetic approaches such as variational autoencoder-decoder networks be employed to generate a
synthetic new variant from random noise? Experimental results show that the generated sequence
is significantly similar to the original coronavirus and its variants, proving that our neural network
can learn the mutation patterns from the old variants. Moreover, to our knowledge, we are the first
to collect data for all COVID-19 variants for computational analysis. The proposed framework is
extensively evaluated for classification, new variant prediction, and new variant generation tasks
and achieves better performance for all tasks. Our code, data, and trained models are available on
GitHub (https://github.com/Aminullah6264/COVID19, accessed on 16 September 2022).

Keywords: artificial intelligence; deep learning; RNA analysis; SARS-CoV-2; self-attention; uncer-
tainty analysis; variational autoencoders

MSC: 68T07

1. Introduction

The first human SARS-coronavirus-2 case was reported in Wuhan, China, in December
2019, and this disease later became known as COVID-19 [1]. In a short interval of time,
it spread all over the world, with statistical studies showing that the number of cases
increased exponentially. As of December 2021, more than 267 million confirmed cases and
5.27 million deaths had been recorded worldwide [2]. In its early spread, the World Health
Organization (WHO) set the COVID-19 risk assessment at the regional and global levels to
“Very High”. Due to the absence of effective COVID-19 treatments and its self-evolution,
while spreading in different regions and races, the early detection of this life-threatening
infectious disease is crucial. Since the start of this pandemic, several approaches have
become available to diagnose COVID-19, including nucleic acid-based techniques called

Mathematics 2022, 10, 4267. https:/ /doi.org/10.3390/math10224267

https://www.mdpi.com/journal /mathematics


https://doi.org/10.3390/math10224267
https://doi.org/10.3390/math10224267
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com
https://orcid.org/0000-0001-7538-2689
https://orcid.org/0000-0002-7927-3436
https://orcid.org/0000-0003-4205-3621
https://orcid.org/0000-0002-4628-3240
https://orcid.org/0000-0001-7948-6266
https://orcid.org/0000-0001-5646-0338
https://github.com/Aminullah6264/COVID19
https://doi.org/10.3390/math10224267
https://www.mdpi.com/journal/mathematics
https://www.mdpi.com/article/10.3390/math10224267?type=check_update&version=1

Mathematics 2022, 10, 4267

20f16

polymerase chain reaction (PCR) [3-5], where patients need to undergo a clinical test, a
computed tomography (CT) scan [6], and a chest X-ray [7]. PCR-based methods with a
backbone of deoxyribonucleic acid (DNA) or ribonucleic acid (RNA) sequences for analysis
utilize basic local alignment search tools (BLASTs) and fast-all (FASTA)-like alignment
methods to detect the virus in the sequence. These methods aim to find common patterns
in two given sequences, which are very effective in finding similarities. When a patient
becomes infected with the virus, the samples and genomes taken from the patient are
sequenced. The sequenced genomes were compared in GenBank (NCBI) to identify the
virus. The four building blocks of the genome sequences are adenine (A), cytosine (C),
guanine (G), and thymine (T). GenBank maintained a BLAST server to check genomic
sequence similarity and find the patterns in the nucleotides. GenBank has 106 billion
nucleoid bases of 108 million distinct sequences, with 11 million new ones added in the past
year [8]. The BLAST- and FASTA-based methods rely on the alignment score between the
query of the reference sequences in the dataset. The main disadvantages of alignment-based
methods are that the classification prediction entirely depends on selecting one of the few
initial alignments and hyperparameters. Furthermore, these techniques are not effective
and efficient for matching complete genome sequences in millions of DNA databases, such
as NCBI GenBank.

Machine learning and deep learning techniques were initially applied to analyze
DNA sequences and overcome alignment-based methods’ challenges. For instance, the
researchers in [9,10] utilized CpG island features and machine learning methods to clas-
sify different families of SARS, including AlphaCoV, BetaCoV-1, MERS-CoV, HKU1-CoV,
NL63-CoV, and 229E-CoV. However, the current works are limited to the prediction of only
COVID-19. To the best of our knowledge, no study has been presented which predicts the
evolving deadly variants of COVID-19 that are currently causing breakthrough connec-
tions and threatening the economy. Likewise, there is also no approach to predicting the
possible sequences of non-existing variants. To address these research challenges, the main
contributions of this paper are as follows:

e  We proposed a convolutional neural network (CNN) to classify the COVID-19 variants.
The proposed model utilizes 1D convolutions, batch normalization, and self-attention
layers to extract discriminative features from the nucleotide sequences. Self-attention
is employed to cope with the relationship and mutation of adenine (A), cytosine (C),
guanine (G), and thymine (T) in the sequence.

e  The detection of new variants of COVID-19 is an important task for the scientific
community to develop better healthcare and economic plans to deal with its spread.
To the best of our knowledge, our proposed framework is the first attempt to detect
new variants. Our framework employs uncertainty calculation via entropy followed
by an optimum threshold to detect unknown variants of COVID-19.

e  We introduce a novel COVID-19 new variant generation technique, which is used
to evaluate the proposed variant detection technique. Our variational autoencoder-
decoder (VAE) network is able to predict new sequences with significant similarity
with the original coronavirus and its variants using the BLAST method. We also
believe that the proactive nucleotide sequence prediction of possible new variants of
COVID-19 could assist vaccine providers in increasing the efficacy of vaccines.

The remainder of this paper is organized as follows: Section 2 discusses the state-of-the-
art literature related to COVID-19 diagnosis using artificial intelligence techniques, Section 3
describes the proposed framework, Section 4 explains the data collection, experimental
setup, and results, and Section 5 concludes the paper with a summary of the proposed
work and future directions in COVID-19 research.

2. Related Works

The precise detection and diagnosis of the rapidly spreading coronavirus have become
challenging due to excessive mutations in its structure [11]. For this purpose, researchers
have proposed many techniques using machine learning and deep learning technology for
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different data modalities, such as chest X-ray images, genomic sequences, and cough audio
signals [12], to detect COVID-19-infected persons. For instance, Asraf et al. [13] presented
a short survey in which they explored the importance of deep learning approaches by
applying different modalities of data to control the novel COVID-19 pandemic. Using
genomic data, Arsalan [9] used a support vector machine, naive Bayes, k-nearest neighbor
(KNN), and random forest for COVID-19 classification, where his method achieved 93%
accuracy using a decision tree. In a similar approach [10], CpG island features and a
KNN-based technique were proposed for human genome classification using a dataset
recorded in 2019 for novel coronavirus and other SARS virus families. In another method,
He et al. [14] proposed a nucleic transformer for COVID-19 classification, showcased the
extraction of promoter motifs from learned attention and discussed how direct visualization
of self-attention maps assists in informed decision-making using deep learning models.
Dasari et al. [15] proposed an explainable deep learning model using CNN, and long short-
term memory (LSTM)-based features called EDeep VPP and EDeep VPP-hybrid. Their
framework performs model interpretability, which allows them to automatically extract im-
portant features that have a primary role in predicting COVID-19 from genome sequences.
They obtained 0.992 mean AUC-ROC and 0.990 AUC-PR on 19 human metagenomic contig
experimental datasets using 10-fold cross-validation. Currently, a very limited number of
methods have been proposed using genomic data, and the state-of-the-art method has very
limited accuracy and a high false prediction rate.

The majority of the work on COVID-19 using machine learning and deep learning
is based on chest X-ray data. For instance, Wang et al. [16] collected COVID-19 patients’
CT images and used a transfer learning mechanism to train the inception CNN model to
detect COVID-19. They achieved 82.9% accuracy, and the model was tested on external
samples and achieved 73% precision. Similarly, Barstugan et al. [17] classified CT images
of COVID-19 into three major classes: COVID-19, influenza, and viral pneumonia cases.
The dataset was obtained from a hospital in Zhejiang city in China, which contained a
total of 618 pictures, 214 from 110 infected people with COVID-19, 224 photos with viral
pneumonia and influenza A, and 175 photos of normal people. They built a 3-dimensional
significant learning model and achieved 87.6% classification accuracy. In another method,
Gozes et al. [18] developed robust 2D-3D deep learning models and combined them with
clinical understanding for the classification of COVID-19 CT images, where they achieved
96.4% sensitivity, 98% specificity, and 0.996 AUC. Similarly, Ozkaya et al. [19] proposed
deep feature fusion and ranking techniques for COVID-19 analysis. They achieved a
display matrix with 95.60% accuracy, 93.3% specificity, 95.60% sensitivity, 97.87% precision,
91.29% MCC and 97.77% F1-score matric execution gained. Mucahid et al. [17] gathered
150 CT pictures of COVID-19. They used five feature extraction techniques, which were
improved by applying them on small patches to obtain many features, resulting in high
precision. Muhammad et al. [20] proposed a coordinated model for the acknowledgment
of COVID-19 in Mexico and used five classification algorithms, DT, LR, NB, SVM, and
ANN. Among these estimations, the decision tree classifier achieved an incredible accuracy
of 94.99%. Comparable to this, Muhammad et al. [21] proposed four predictive data
mining models for novel COVID-19-infected patients’ recovery; among these algorithms,
decision trees achieved the highest accuracy of 99.85%. In another study, Ali et al. [21]
presented a comparative study of five deep convolution neural network models, including
InceptionV3, Inception-ResNetV2, ResNet50, ResNet101, and ResNet152, for the detection
of COVID-19 disease using X-ray images. Song et al. [22] assembled chest CT scans of 88
patients diagnosed with COVID-19 and 86 healthy individuals and 101 patients infected
with bacterial pneumonia for comparison from different clinical centers in China, which
was then used to diagnose novel coronavirus.

State-of-the-art COVID-19 machine learning classification and detection methods have
performed significantly well on different data modalities. However, they are limited to
binary classes such as COVID-19 and non-COVID-19 or very few classes such as COVID-19,
viral pneumonia, and influenza data analysis. In contrast, the proposed framework classi-
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fies and detects new variants of COVID-19, which are crucial for the proactive management
of new waves of the pandemic.

3. COVID-19 Nucleotide Sequences Analysis Framework

This section discusses the proposed framework for COVID-19 nucleotide sequence
classification and the prediction of new variants. The proposed framework consists of
three phases, as shown in Figure 1 and mathematically explained in Algorithm 1. First,
the classification network determines the prediction of a COVID-19 variant for a given
nucleotide sequence. Second, an uncertainty check is performed to check whether this
prediction is from the existing or new variants. The third phase of this framework aims at
generating possible sequences of new variants based on the evolutions of existing variants
by using random noise with VAE. The details of the proposed framework are explained in
subsequent sections.
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Figure 1. The proposed framework for COVID-19 variant classification and new variant prediction
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and generation for the evaluation of the proposed method.

3.1. Nucleotides Data Preprocessing

DNA analysis for any application requires text data processing, utilizing either nu-
cleotides or protein sequences. Machine learning and deep learning techniques have been
widely applied in various test data analysis tasks, such as spam detection, text sentiment
analysis, and topic categorization. In the proposed framework, we employ CNN for feature
extraction and classification, which takes numerical tensors as the input, i.e., 2D image
pixel data. On the other hand, nucleotide sequences are consecutive alphabetical letters in
the form of 1D text data. For that reason, the alphabetical letters need to be transformed
into numerical representations so that they can be processed via CNN.

In the text analysis literature, researchers have used different techniques to transform
alphabetical sequences into numerical representations, such as lookup tables, which find
each word’s corresponding vector in the given vocabulary, also known as word vectors.
The vocabulary length is fixed in the lookup table-based representation. Word2vec is its
updated form, where the vocabulary is learned via a neural network to produce word
embeddings based on its position in the sentence. These two representations are compelling
in data analysis, have a large-scale vocabulary, and each word has a different meaning
in different appearances. However, in the nucleotide sequence, we have only four char-
acters. Therefore, we employed a one-hot encoding [23] scheme for the transformation
of nucleotide sequences to numerical values. In one-hot encoding, binary variables are
introduced for the given words. For instance, in nucleotide sequences formed from four
characters, we will have four binary variables in the one-hot sequence, where one variable
is 1 and the other is 0, representing one character. For the sequence “AGCT”, one-hot
encoding can be calculated as given in Equation (1).
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3.2. COVID-19 Variants Classification Network

Convolutional neural networks (CNNs) are fundamentally designed for 2D image
data analytics, including object classification, detection, localization, etc. [24]. The success
of CNNss is due to learned filters designed during the training process of the network to
extract discriminative features for a given task. Due to this property, researchers have
utilized CNNSs in the form of 1D-CNNss for various modalities in data analytics, including
natural language processing, electricity energy consumption prediction, and RNA sequence
analysis. Inspired by these techniques, we also utilized 1D-CNN for COVID-19 variant
classification tasks. CNN is one of the best deep learning techniques to extract features
from raw data because it can select features automatically by tuning the applied filters
in the stacked layers. In the genome nucleotide dataset, the length of sequences is very
long, and capturing long-term dependencies between the sequences is very challenging.
Therefore, CNN is the best choice to classify this type of data.

In 1D-CNN:s, the filters are convolved over the one-dimensional input in a sliding
window manner. Let us consider the COVID-19 preprocessed one-hot sequence as input
x, where we have four channels in one-dimensional form, and each channel represents
adenine (A), cytosine (C), guanine (G), and thymine (T).

3.3. Self-Attention

CNN layers are very powerful for extracting features from given ordered data. How-
ever, to achieve better performance, multiple stacked layers are needed to globally accu-
mulate locally captured filter activations. Furthermore, filters are applied to identify likely
relationships and cannot relate long distances among sequences. Learning long-range
dependencies is an important aspect in natural language processing (NLP). To capture
such dependencies, transformer blocks have been introduced in NLP. Self-attention is a
typical form of transformer that utilizes pairwise entity interactions with a content-based
addressing mechanism to represent a rich hierarchy of associative features across long
sequences. Self-attention is computationally primitive compared to multiple stacked con-
volutional layers in the model. The self-attention takes X feature maps as the input and
repeats them as key, query, and value vectors [25]. Different convolutional filters convolve
these vectors to have different projections of inputs and weights, where the features from
the key and query vectors are aggregated by pairwise dot product and Softmax function.
Finally, self-attention is achieved by the dot product of the features from the value vector
and Softmax output. This setup helps the model capture the internal long-term sequential
dependencies in the given X feature maps.

The proposed classification network consists of four 1D convolutional, two pooling,
batch normalization, self-attention, dropout, fully connected, and Softmax layers, as vi-
sualized in Figure 2. The kernel sizes in the convolutional layers are kept at four due to
the number of characters—'A’, ‘C’, ‘G’, and “T'—which assists the proposed network in
learning the patterns between them. The convolutional layers consist of 128, 64, 32, and
16 learnable kernels. The max pooling layer with a kernel size of four is added to reduce the
dimensions of the feature for efficient processing. The batch normalization layer is added
to avoid overfitting and achieve better performance. These normalized features are then
passed to the self-attention layer. Furthermore, a dropout layer with value = 0.5 is added
after the self-attention layer to regularize the network and generalize it for unseen data.
Then, a fully connected layer yields logits for the number of output classes propagated
forward to the Softmax layer to obtain the final predicted probability values.
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Figure 2. The proposed self-attention 1D-CNN network for COVID-19 variant classification.

3.4. New Variant Detection

For decades, entropy has been considered an effective method to predict uncertainty
and disorder in a given probability distribution [26]. In the proposed framework, we used
it to predict uncertainty in the classification of COVID-19 variants. For instance, if the
predicted probabilities of a classification network are equally distributed among (more
or less) all variants, it means that the given input is not from any of the trained classes
in the network. Furthermore, it is obvious that the difference between these variants
is very small; however, with the generalization ability for unseen data of the proposed
classification network, we can achieve a confidence score greater than 90% for the correctly
predicted class. This helps us to differentiate between seen and unseen variants of COVID-
19. The class uncertainty U is calculated using Equation (2), where c is the class predicted
probability and i is the class index.

u(c)=- ép(ci)logP(ci) 2)

The decision to predict the new variant is predicted based on a predefined threshold
value; if U(C) is greater than that threshold, we consider it a new variant of COVID-19.

3.5. COVID-19 Variant Generation

Synthetic data generation has been an active area of research in the past decade, for
which researchers have proposed various techniques, including encoder-decoder networks,
generative adversarial networks (GANs), and VAEs. These techniques have been very
successful in computer vision and natural language processing domains, such as human
face generation, cartoon characters, text-to-image translation, and human pose generation.
However, they have not been explored well in sensitive data such as DNA sequence
generations. For instance, Nathan et al. [27] proposed a GAN network for synthetic DNA
sequence generation that can be tuned to have the desired properties for protein binding
microarrays. This method achieved outstanding results for this task; however, the length
of the synthetic sequence was concise, containing only fifty nucleotides, and the creation
was straightforward for any generative model’s family to outperform in the results. On
the other hand, such methods are ineffective for sequence generation, where the long-
term dependencies are important to cope with the desired patterns for analysis, such as
COVID-19 nucleotide sequences. This is observed in experiments using different lengths of
sequences for COVID-19 new variant generation using GANs.

The newly discovered COVID-19 variants are highly infectious and cause vaccine
breakthrough cases. Therefore, their detection is important for the diagnosis and proper
treatment of affected humans [28]. This encouraged us to develop a method for the early
detection of new COVID-19 variants. The proposed detection method is very effective



Mathematics 2022, 10, 4267 7 of 16

in discriminating between existing and new variants. However, the challenge is how to
evaluate the proposed method and where to obtain new variants for the evaluation of the
proposed method. For this, we followed two approaches: (1) we took a few variants from
the existing ones for the testing of the proposed method, and (2) we proposed a new variant
generation technique that provided us with a synthetic COVID-19 variant for the testing of
the proposed method.

To generate a synthetic COVID-19 sequence, we first employed a GAN network
with convolutional layers for feature representation in both generator and discriminator
networks. However, despite the varied tuning of hyperparameters in both networks’ layers,
we were not able to converge the model to generate an equivalent sequence. We observed
that GAN did not work because of the long nucleotide sequence length of at least three
thousand characters. Next, we investigated a variant of GAN known as VAE for this task
and proposed an effective network to generate a new COVID-19 variant, which is discussed
in detail in the upcoming section.

3.6. Variational Autoencoder-Decoder

The VAE is from the family of generative models, and predicts the probability density
function of the input data, where the latent space is a probability distribution, unlike
traditional autoencoders, where latent space is a high-level representation of the input
data, as given in Figure 3. The VAE makes use of Bayesian inference and the robustness of
deep neural networks to acquire a nonlinear low-dimensional latent space [29]. First, the
input data x are fed into an encoder, which learns the parameters of distributions Q(z | x).
Second, Bayesian inference is obtained by sampling the latent representation z with a prior
distribution p(z) (standard Gaussian N (0, I)), where I is the identity matrix. In VAE, the
encoder generates mean p and standard deviation o vectors, where z can be calculated as
given in Equation (3).

zi = Wi +0j¢€ 3)
where i is the index of each component in the i and o vectors, and ¢ is a Gaussian distribu-
tion (e ~ N (0, 1)). Conceptually, the decoder reconstructs the input from the given latent
space, i.e., P(x | z). However, in the proposed method, we generate COVID-19 variants xv

from the input x. Therefore, the reconstruction loss is replaced by variant construction loss
and can be represented as given in Equation (4).

Lvariant_cons =—E Q(X) [lOgP(Z)] (4)

Encoder Decoder Loss

.
R

E_FC Layer 1
E_FC Layer 2
E_FC Layer 3
E_FC Layer 4
E_FC Layer 5
Latent Vector
D_ FC Layer 1
D_FC Layer 2
yer 3
yer 4
yer 5

D_FC La

D_FCla

D_FCLa

COVID-19 One-Hot
Nucleotides
Sequence
p

One-Hot COVID-19 Variant One-Hot
Nucleotides Nucleotides
Sequence Sequence

. - 006 —— T

Variational Autoencoder-Decoder Network

Figure 3. The proposed VAE network for COVID-19 variant generation. The network takes the
original COVID-19 nucleotide sequence as the input and outputs a predicted COVID-19 variant. The
reconstruction loss is calculated between the variant of COVID-19 not with the original sequence
because we want to converge our model to generate different variants.
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Furthermore, the VAE also minimizes the loss between the generated latent space and
the specified normal distribution. To do this, Kullback-Leibler (Dkl) divergence is used
to measure the proximity between two densities Q(z | x) and Gaussian distribution p(z), as
given in Equation (5).

Lxraiv = Dxi (Q(x) || P(2)) ®)

The overall loss to converge to the proposed COVID-19 variant generation network
can be represented as given in Equation (6).

L= Lvariant_cons =+ LKLdiv (6)

Algorithm 1: COVID-19 variant prediction

Steps:

1. M < Load Attention-CNN model

2. seq < Load nucleotide sequences

3. th< 015 # threshold for uncertainty prediction
4. one_seq <— ONE_HOT_Conversion (seq)

5. preds <— M (one_seq)

6. score <— ENTROPY (preds)

7. if (score > th):

print (‘New variant’)
else:

varinat <— MAX (preds)

print (varinat)

4. Experimental Results and Discussion

In this section, the proposed COVID-19 variant classification and new variant predic-
tion and generation framework are experimentally evaluated for COVID-19 nucleotide and
protein sequence data. The overall accuracy metric is used for the classification network,
and receiver operating characteristic (ROC) curves, area under the curve (AUC) values,
dot plot similarity between sequences, and sequence alignment are utilized to evaluate the
performance of the new variant generation network in ablation studies and comparisons
with state-of-the-art methods. The experimental environment consists of a Windows 10
operating system installed over a Corei7-1050 processor, 16 GB RAM, and aided by a dedi-
cated 8 GB RTX-2070 GPU. The code is implemented in Python-3.7 and the deep learning
framework ‘Kears = 2.4.0".

4.1. Dataset

COVID-19 data analysis is a recently emerging topic; therefore, data are not available
as a benchmark for analysis. The existing methods utilized the limited COVID-19 data
along with other known virus data from the NCBI website for the analysis. However, we
collected data for all diagnosed COVID-19 variants from NCBI for the evaluation of the
proposed framework. The data were collected by searching the scientific name of the virus
variant on the NCBI website, which retrieves the recently available data for that variant.
The Centers of Disease Control and Prevention (CDC) in the United States of America
divided these variants into different categories based on their severity level, including
Variant Being Monitored (VBM), Variant of Interest (VOI), Variant of Concern (VOC), and
Variant of High Consequence (VOHC). In this research, we analyzed collected data from all
of the categories for the effective and efficient classification and prediction of new variants
based on these variant data. The overall statistics of the collected data are given in Table 1.
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Table 1. Data collected from NCBI for the classification and new variant prediction tasks.

. s e No. of Nucleotide No. of Protein Classification .
No. Varlanctzgzlsentlﬁc Known Names Sequences Sequences Network Plxiilvivct‘i/;::a"lf::tst
Length = 30,000 Length = 3000 Training
1 B SARS-CoV-2 1500 1109 v -
2 B.1.1.7 CoV-Alpha 1500 1053 4 -
3 B.1.351 CoV-Beta 1500 1058 4 -
4 B.1.617.2 CoV-Dalta 1015 1078 v -
5 C.37 CoV-Lambda 661 1056 4 -
6 P1 CoV-Gamma 1500 1073 4 -
7 B.1.525 CoV-Eta 1500 1720 v -
8 Cl2 - 119 14 - v
9 P2 CoV-Zeta 1047 1059 - v
10 B.1.427 CoV- Epsilon 1500 1071 - v

4.2. Evaluation of the Classification Network

A detailed discussion of the network architecture is given in Section 3.2. The proposed
COVID-19 variant classification network is compared with different DNA/RNA analysis
methods, and the statistics are shown in Table 2. The training and validation loss and
accuracy recorded during training epochs are visualized in Figure 4. To our knowledge,
no existing method has been proposed for COVID-19 variant classification. Therefore, we
tried our best to run the codes of the given methods for the proposed task. We compared
the results of nucleotide sequence data with handcrafted feature-based and deep learning-
based approaches. The dinucleotide composition (DNC), trinucleotide composition (TNC),
tetranucleotide composition, and composite nucleotide features were used in [30] for
splicing site prediction. The DNC, TNC, TetraNC, and composite NC encode different
nucleotides to generate feature vectors. For instance, DNC encodes two nucleotides and
generates a 4 X 4 = 16-dimensional feature vector; each nucleotide is converted to a
4-dimensional one-hot vector.

Table 2. Comparison with state-of-the-art nucleotide sequence analysis methods for COVID-19
variant classification on the test set of the dataset.

Method Overall Accuracy
DNC [30] 64.7
TNC [30] 63.1
TetraNC [30] 64.5
Composite NC [30] 66.9
DeepBind [31] 85.6
DeeperBind [31] 89.2
MPPIF-Net [32] 85.7
Our baseline (Protein) 88.6
Our Attention-CNN (Protein) 90.6
Our baseline (Nucleotides) 93.4

Our Attention-CNN (Nucleotides) 96.1
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Figure 4. The training and validation performance recoded during training epochs: (a) accuracy for
nucleotides, (b) loss for nucleotides, (c) accuracy for protein, (d) loss for protein sequence data, and
(e) shows the new variant construction loss.

Similarly, TNC encodes three relative nucleotides, TetraNC encodes four nucleotides,
and composite NC is the fusion of all of these features. We tuned that work for COVID-
19 variant classification, where we achieved overall accuracies of 64.7%, 63.1%, 64.5%,
and 66.9% for DNC, TNC, TetraNC, and composite NC, respectively. The DeepBind and
DeeperBind [31] networks were used to predict the sequence specificities of DNA-binding
proteins. DeepBind only used CNN features, while DeeperBind utilized CNN and LSTM
for sequence representation. For the underlying task, these techniques achieved 85.6%
and 89.2% accuracy. MPPIF-Net [32] utilized CNN with multilayer bidirectional LSTM
for the identification of plasmodium falciparum parasite mitochondrial proteins, where
it achieved state-of-the-art accuracy; however, for the proposed problem, it attained only
85.7% accuracy.

The proposed baseline network consists of only 1D convolutional layers that achieved
88.6% and 93.4% accuracy for protein and nucleotide sequences, respectively. Our attention-
CNN for protein and nucleotide sequences achieved 90.6% and 96.1% overall accuracy,
respectively, on the test dataset. The confusion matrix created for nucleotide data is given in
Figure 5a, while for protein sequences, the confusion matrix is shown in Figure 5b. Overall,
our network performs better on nucleotide sequences because it has only four characters,
“AGCT”, and the network is able to learn the relationship between the characters effectively
using attention mechanism. On the other hand, the protein sequences consist of 26 charac-
ters that are very hard to encode, and the sequence length is only 3000 characters, due to
which the network lacks the ability to discriminate between similar patterns. Therefore,
COV-B.1.67.2 is confused with the original COVID-19 samples.
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Figure 5. The confusion matrix attained using the proposed attention-CNN for the test set of
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(a) nucleotide sequences and (b) protein sequences.

4.3. Evaluation of the New Variant Generation Network

The proposed new variant generation technique is evaluated using dot plot similar-
ity [33] and Needleman-Wunsch [34] sequence alignment methods. The dot plot finds
similarity between two sequences by arranging one sequence on the horizontal axis and
the second sequence on the vertical axis of the plot. When the residues of both sequences
match at the same location on the plot, a dot is drawn at the corresponding position. Note
that the sequences can be written backwards or forwards; however, the sequences on both
axes must be written in the same direction. The closeness of the sequences in similarity will
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determine how close the diagonal line of the sequences is. The dot plots for COVID-19 and
its different variants are given in Figure 6a—e, while the dot plot between COVID-19 and the
generated sequence from random noise using the proposed method is given in Figure 6f.
The reason for drawing dot plots between other COVID-19 variants is to show the matching
patterns between the variants and the generated syntactic variant. As mentioned earlier,
the diagonal line indicates that there is probably a good alignment between sequences, and
the other positions show different kinds of mutations in the original sequence.

B.1.351 (Beta) C1.2(-)
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COVID-19
COVID-19

(b) (©)

P.2 (Zelta) Generated using Proposed Model

(]
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(e) O]

Figure 6. Dot plot similarities between nucleotide sequences of COVID-19 and its variants: (a) CoV-
Epsilon, (b) CoV-Beta, (c) CoV-C.1.2, (d) CoV-Gamma, (e) CoV-Zeta, and (f) the new variant generated
using the proposed technique. The number on the axis represents sequence length.

Therefore, we claim that our model can learn the COVID-19 sequential patterns and
mutations from its variants to generate any possible new variants based on the trained data.

The dot plot similarity proved that our generated sequence is very similar to the
original COVID-19 sequence from its diagonal outputs in the plot. Now, we can look at the
global alignment of the generated sequence with the original COVID-19 sequence to check
for mutation. The sequence alignment between the original COVID-19 and the generated
nucleotide sequence is given in Figure 7. The length of the generated sequence is 3000, and
we selected a few portions of the sequence from different positions for visualization in the
figure. In Figure 7, ‘Sequence 1’ is the original COVID-19 for reference, and ‘Sequence 2’
is the query-generated sequence. The consensus sequence is the estimated order of most
frequent residues in the nucleotides found at each position in a sequence alignment. Figure 7
shows that the generated sequence mostly agrees with the consensus sequence of the
COVID-19 variants, and few places have mutations. Based on these evaluations, we claim
that our network can learn to generate new COVID-19 variants from random noise, which
can be very beneficial for the detection and prediction of new variants. Finally, this study
does not claim that the predicted variants generated using the proposed method exist;
rather, it predicts a potential new variant that shares some characteristics with existing
variants in terms of mutations from the original COVID-19. We used the dot plot and
sequence alignment approaches to demonstrate comparable trends in our investigations.
We believe that COVID-19 researchers can use the generated sequences to advance their
investigation and develop a diagnosis and vaccine.
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Consensus AGATCTGTTCTCTAAACGAACTTTAAAATCTGTGTGGCTGTCACTCGGCTGCATGCTTAGTGCACTCACG-C
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Consensus GGAGAGCCTTGTCCCTGGTTTCAACGAGAAAACACACGTCCAACTCAGCTTGCCTGTTTTCCAGGTT-CGCG
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Sequence 1
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Consensus AAGAAATTTGACACCTTCAATGGGGAATGGCCAAATTTTGTAATACCCTTAAAATCCATAA-TCAAGACTAT

1010 1015 1020 1025 1030 1035 1040 1055 1060 1065 1070 1075
Sequence 1
Sequence 2

1010 1015 1020 1025 1030 1035 1040 1055 1070 1075

Consensus TTGAC-TAGAGAAGGTGCCACTACTTGTGGTTGCATACCCCAAAATGCTGTTGTTAAAATTTATTGTCCAGC
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Sequence 1
Sequence 2
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Consensus ACATCTGATTTGGCTACTAACAATCTAGTTGGAATGGCCTACATTACAGGTGGTGTTGTTC-AGTTGACTTC

2000 2005 2010 2015 2020 2025 2030 2035 2040 2055 2065
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Consensus| AGAAACTGGCCTACTCATGCCTCTAAAAGCCCCAAAAGAAATTATCTTCTTAGAGGGAGAAACAC-TTCCCA
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Sequence 1
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Consensus| GCATTGATTTAGATGAGTGGAGTATGGCTACATACTACATAATTG-TG-G6G-C-G6TG-G----AA--GGC-T
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Sequence 2

2935 2940 2945 2950 2955 2960 2965 2970 2975 2980 2985 2990 2995 3000

Figure 7. Snapshots of different positions from sequence alignment between the original COVID-19
and generated nucleotide sequence. Sequence 1 is the original COVID-19 sequence, and sequence 2 is
the generated COVID-19 variant using the proposed technique. Consensus sequence is defined in
Section 3.3.
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4.4. New Variant Prediction Evaluation

One of the contributions of our paper is the detection of new variants of COVID-19.
The question is, how can we evaluate the new variant prediction mechanism? For this, we
followed a strategy where we used seven variants for training the classification network
and three variants for evaluating new variant prediction, including C.1.2, P2, and B.1.427.
The train and test splits are given in Table 1. The ability of the new variant to predict the
proposed technique was assessed using the ROC curve and AUC values. The ROC curve
calculates the contrast between the true positive rate (TPR) and the false positive rate (FPR)
at different threshold values for classification decisions. In this problem, the TPR reflects
the new variant samples detected as new variants, while the FPR reflects the old variant
samples detected as new variants. Figure 8 shows that the proposed technique achieved
a 0.72 AUC value. The current achieved accuracy is very reasonable to begin a detailed
analysis of such sequences from genomic experts for the early treatment of new variants.

1.0 o = (AUC=0.72) j_/

0.8

0.6 -

0.4

True positive rate

0.2 A

0.0 A

0.0 0.2 0.4 0.6 0.8 1.0
False positive rate

Figure 8. ROC curve and AUC value achieved for new variant prediction using the proposed technique.

5. Conclusions

To date, the classification of COVID-19 variants and the generation of synthetic COVID-
19 sequences are unexplored research directions. In this paper, we presented a unified
framework for the classification of COVID-19 variants using the CNN and self-attention
model, a new variant prediction using uncertainty calculations, and a new variant gen-
eration network using VAE. Furthermore, we collected the most recent data for all the
COVID-19 variants and ran different baseline techniques for its classification, where our
proposed classification network achieved the best performance. Furthermore, the new
variant prediction and generation techniques are also extensively evaluated, which proves
to be very effective for the underlying tasks.

There are some shortcomings in this study that can be fixed in follow-up investigations.
We construct the entropy score based on a single model’s prediction, and the uncertainty
AUC is quite low. This can be improved by introducing efficient ensemble or Bayesian
methods for robust uncertainty prediction. Furthermore, we do not know which patterns
of the nucleotide sequences are part of the decision. In the future, we aim to introduce
explainable artificial intelligence (XAI) for these COVID-19 analysis tasks so that we can
know how the neural networks learn the mutation and how they classify a given sequence.
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