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SUMMARY

Introduction: Gene expression is a significant process which bridges the gap between information en-
coded within a gene and the final functional product of a gene. Therefore, evaluating gene expression
is a vital process in terms of developing treatment and monitoring of disease, as diseases can result in
unforeseen consequences. Objectives: Various studies have incorporated the Deep Learning (DL) con-
cept with gene datasets for prediction of disease. However, prevailing DL methods are considered to be
extremely ineffective in terms of accuracy and other aspects of disease prediction. Therefore, DL with
transformers are applied for predicting the disease with gene dataset. As transformers are self-attention
mechanisms, this permits the use of contextual information for any location in the input sequence and
aids in capturing long range dependencies, which aids in delivering better accuracy and effective model
for predicting disease. Methods: This paper focuses on the applications of gene expression with differ-
ent DL algorithms along with transformers for prediction of diseases. Some of the applications of trans-
formers with gene expression dataset include prediction of cancer such as lung cancer, stomach cancer
and drug discovery, a focus of this paper. Results: Crucial analysis is undertaken by considering certain
aspects such as architecture, dataset, process. This analysis helps in finding the aspects of the DL algo-
rithms with and without transformers. Finally, gaps are identified through the analysis of transitional
researchers and could be considered as future recommendations by overcoming the gaps that are in-
tended to create promising work in this area. Conclusion: Despite having several advantages, there
have been limited studies in terms of prediction of disease. Different applications such as cancer pre-
diction, drug discovery are looked at in the present study. It has been observed that incorporation of
transformers in DL algorithms were implemented more beginning from the year 2021; still there are a
few complications which needs to be overcome for prediction of diseases. DL using transformers along-
side gene datasets will be helpful in disease prediction. This study would aid researchers in their inno-
vations in this area for enhancing the effectiveness and efficiency in prediction of disease.

Keywords: Gene expression; transformers; deep learning; gene datasets; applications.

RESUMEN

Prediccidon de enfermedades mediante transformadores para conjuntos de datos de expresidon génica

591


mailto:immaculatemercy@pmu.edusss
https://doi.org/10.15446/rcciquifa.v54n3.118814

I. Mercy & M. Chidambaram

Introduccion: La expresion génica es un proceso importante que conecta la informacion codificada en
un gen con su producto funcional final. Por lo tanto, evaluar la expresion génica es vital para el desa-
rrollo de tratamientos y el seguimiento de enfermedades, ya que estas pueden tener consecuencias im-
previstas. Objetivos: Diversos estudios han incorporado el concepto de aprendizaje profundo (ADP)
con conjuntos de datos genéticos para la prediccion de enfermedades. Sin embargo, los métodos de ADP
predominantes se consideran extremadamente ineficaces en términos de precisioén y otros aspectos de
la prediccién de enfermedades. Por lo tanto, se aplica el ADP con transformadores para la prediccion
de enfermedades con conjuntos de datos genéticos. Dado que los transformadores son mecanismos de
autoatencion, esto permite el uso de informacion contextual para cualquier ubicacion en la secuencia de
entrada y ayuda a capturar dependencias de largo alcance, lo que contribuye a obtener una mayor pre-
cision y un modelo eficaz para la prediccion de enfermedades. Métodos: Este articulo se centra en las
aplicaciones de la expresion génica con diferentes algoritmos de ADP junto con transformadores para
la prediccion de enfermedades. Algunas de las aplicaciones de los transformadores con conjuntos de
datos de expresion génica incluyen la prediccion de canceres como el de pulmoén y el de estomago, y el
descubrimiento de farmacos, temas centrales de este articulo. Resultados: Se realiza un analisis crucial
considerando aspectos como la arquitectura, el conjunto de datos y el proceso. Este andlisis ayuda a
identificar los aspectos de los algoritmos de aprendizaje automatico con y sin transformadores. Final-
mente, se identifican lagunas mediante el analisis de investigadores en transicion, las cuales podrian
considerarse como recomendaciones futuras para superarlas y generar trabajos prometedores en esta
area. Conclusion: A pesar de sus numerosas ventajas, los estudios sobre prediccion de enfermedades
son limitados. En el presente estudio se analizan diferentes aplicaciones, como la prediccion del cancer
y el descubrimiento de farmacos. Se ha observado que la incorporacion de transformadores en los algo-
ritmos de aprendizaje automatico se ha implementado con mayor frecuencia a partir de 2021; sin em-
bargo, existen algunas complicaciones que deben superarse para la predicciéon de enfermedades. El
aprendizaje automatico que utiliza transformadores junto con conjuntos de datos genéticos sera ttil en
la prediccion de enfermedades. Este estudio ayudara a los investigadores en sus innovaciones en esta
area para mejorar la eficacia y la eficiencia en la prediccién de enfermedades.

Palabras clave: expresion génica; transformadores; aprendizaje profundo; conjuntos de datos genéticos;
aplicaciones.

RESUMO
Predicdo de doencas usando transformadores para conjunto de dados de expressao génica

Introducdo: A expressado génica é um processo significativo que preenche a lacuna entre a informagao
codificada em um gene e o produto funcional final de um gene. Portanto, avaliar a expressao génica é
um processo vital em termos de desenvolvimento de tratamento e monitoramento de doengas, visto que
doengas podem resultar em consequéncias imprevistas. Objetivos: Diversos estudos incorporaram o
conceito de Aprendizado Profundo (APL) com conjuntos de dados genéticos para a predicao de doen-
¢as. No entanto, os métodos de APL predominantes sdo considerados extremamente ineficazes em ter-
mos de precisao e outros aspectos da predigao de doengas. Portanto, APL com transformadores é apli-
cada para a predicao de doencas com conjuntos de dados genéticos. Como os transformadores sdo me-
canismos de autoatengao, isso permite o uso de informagdes contextuais para qualquer local na sequén-
cia de entrada e auxilia na captura de dependéncias de longo alcance, o que contribui para fornecer
maior precisdo e um modelo eficaz para a predigao de doengas. Métodos: Este artigo foca nas aplicagdes
da expressao génica com diferentes algoritmos de APL, juntamente com transformadores, para a predi-
¢ao de doengas. Algumas das aplicacdes de transformadores com conjunto de dados de expressao gé-
nica incluem a previsao de canceres como cancer de pulmao, cancer de estdmago e a descoberta de
medicamentos, foco deste artigo. Resultados: Uma analise crucial é realizada considerando certos as-

592



Prediction of diseases using transformers for gene expression dataset

pectos como arquitetura, conjunto de dados e processos. Essa analise auxilia na identificagdo dos aspec-
tos dos algoritmos de DL com e sem transformadores. Por fim, lacunas sao identificadas por meio da
analise de pesquisadores em transi¢cdo e podem ser consideradas recomendacgoes futuras, superando-
as, visando gerar trabalhos promissores nessa area. Conclusao: Apesar de apresentar diversas vanta-
gens, estudos em termos de previsao de doengas sao limitados. Diferentes aplicagdes, como previsao de
cancer e descoberta de medicamentos, sao analisadas no presente estudo. Observou-se que a incorpo-
ragao de transformadores em algoritmos de DL foi implementada com mais frequéncia a partir de 2021;
ainda existem algumas complica¢des que precisam ser superadas para a previsdo de doencgas. DL utili-
zando transformadores juntamente com conjuntos de dados de genes sera util na previsao de doengas.
Este estudo auxiliard pesquisadores em suas inovagdes nessa drea para aumentar a eficacia e a eficiéncia
na previsao de doencgas.

Palavras-chave: expressao génica; transformadores; aprendizado profundo; conjuntos de dados gené-
ticos; aplicagdes.

1. INTRODUCTION

Gene expression (GE) is a significant idea in molecular biology as it is frequently characterized
by cell specificity and timing and regulation. The significance to control of gene expression for
the progressive biologist is made noticeable by just seeing the nature of the field. Development
refers to is utilized to define the coordination in space and time of various cellular undertak-
ings, which includes migration, apoptosis, mitosis and differentiation [1].

Assessing the expression of gene is a fundamental process for developing treatments and
monitoring of human diseases. Therefore, in order to increase the accessibility and approach-
ability of the process, different DL methods can be used in this task [2]. The analysis of gene
expression data is gaining attention due to its applications in prognosis, diagnosis of cancer
and various other domains [3]. Gene functions, comprehending the regulation of gene, homol-
ogy detection, subtypes of cells can be understood by employing gene expression data. There-
fore, various clustering methods are employed for the analysis of gene expression data, how-
ever, the performance of the traditional techniques were considered to be poor and abridged
as a result of high dimensionality of gene expression data. Hence, suggested study incorpo-
rates auto-encoder network, which aids in transforming high dimensions to low dimensions.
Unsupervised feature selection methods were also employed in the suggested study for ana-
lyzing the gene expression data [4]. The researchers have employed various mathematical as
well as statistical approaches in order to examine the gene expression data for various tenaci-
ties, including detection of informative pathways, enhanced classification of disease, and pre-
diction of disease, drug discovery and personalized therapy. Therefore, different approaches
have been developed with the aim to encounter these areas. Intricacy and high dimensionality
of the GE data present significant challenges. Furthermore, the tools implemented for as-
sessing the gene expression genowide was continuing to progress, which ultimately leads to
enhanced accuracy in values of GE. Gene expression patterns are detected using RNA-seq in-
stead of employing DNA-micro arrays [5]. Consequently, technology development required
new mathematical and statistical approach with the aim to examine the heterogeneous data.
Further difficulty includes, the interacting factors such as dietroit factors, asbestos can inter-
acted and influence the genes associated with the specific cancer [6]. While various ML tech-
niques exist for application of gene expression, DL is more effective and aids in delivering
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precise prediction based on gene expression data. In DL, different ways of networks are em-
ployed for prediction however, transformers are utilized in minimum studies. Therefore, the
present study focuses on projecting DL and DL with transformers for predicting the disease
with gene datasets.

Transformer entirely relies on self-attention to handle long-range dependencies of se-
quence data. It was first proposed for NLP tasks [7, 8]. In order to apply transformers on image
data, Dosovitskiy et al. [9] split an image into patches and treated them as tokens. Hence, a
pure transformer can be adopted. Further it has been identified that, the transformer has high
computational efficiency and scalability to train models of large sizes with more than 100 B
parameters [10], which makes it even more compatible and vital for various fields. The gener-
ative model designed to improve disease outcome prediction from longitudinal electronic
health records (EHRs). The objective is to utilize a transformer architecture that pertains on
extensive HER data to predict future disease outcomes based on patients data, enhancing the
model’s ability to capture complex temporal relationships. The data enhancing employs an
encoder-decoder framework, where the encoder processes input embedding and the decoder
generates predictions for future clinical visits, effectively leveraging the self-attention mecha-
nism to capture long range dependencies in the data [11].

Transformers are described as network architectures which are depended on multi head
self-attention mechanism (SAM) that permits capturing the lengthy-range dependencies be-
tween items a sequence [12]. Transformer data are used for processing the sequential data,
which includes genomic sequence, NL data, time series data or acoustic signals. Transformer
Neural network (TNN) is considered as appealing choice of network for analysis of gene ex-
pression, owing to its capability to conjointly appear the information from several demonstra-
tion subspaces at various places in genomic data. Gene transformer is [13] uses multi-head
self-attention modules with the aim to encounter the difficulty of the high dimensional GE by
identifying the appropriate biomarkers across multiple subtypes of cancer. Similarly, sug-
gested study has employed multi-omic transformer so as to distinguish complex phenotype
depending on the 4 omic data types [14]. Correspondingly, recommended study implemented
transformer based fusion network (T-FN) [15] or analysis of cancer survival by incorporating
genomic data and pathological images. TFN module permitted the researchers to leverage the
intramodality relations between the patches in various domains for multiple pathological
slides. Similarly by leveraging a multi head self-attention mechanism, the model effectively
captures complex gene interaction and long range dependencies, enhancing the identifications
of relevant biomarkers. The outcome demonstrates the DeepGene outperforms traditional
classification algorithm across various metrics, achieving higher accuracy and fewer misclas-
sification errors. This approach underscores the potential of transformer architectures in ad-
vancing precision [16].

It has been revealed that, transformer models have demonstrated increased robustness
and sturdiness more than just CNN and RNN models which delivered competitive perfor-
mance on standards with different formats of data. One of the advantages of employing Trans-
formers is that, the self-attention mechanism permits to use contextual information for any
position in the input sequence and aids in capturing long range dependencies when compared
to other models and further, it allows higher parallelization when compared to RNN model
[17]. However, there are few drawbacks of Transformers which needs to be considered, that
includes, need of huge amount of data, therefore the performance of the model can be sub-
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standard when compared to other NN models for genetic data with minimum number of input
samples [18].

Therefore the objectives of the paper include reviewing the research works related to pre-
dictive DL classifiers for gene expression dataset, analyzing the existing DL algorithm using
transformers for the prediction of diseases, discussing the application of gene expression in
different aspects, addressing challenges in current methodologies, and identifying research
gap. Additionally, this review aims to bridge the gap between emerging transformer based
model and their practical application in bioinformatics, summarizing the current state of re-
search while providing actionable insights for future studies, such as integrating transformers
with data and high throughput techniques in genomics.

1.1. Paper organization

The paper is organized in the following way. Section 2, describes the survey methodology of
the paper, overall vision about gene expression is focused on section 3. Evolution and appli-
cations of DL classifiers for gene expressions is elucidated in section 4, different DL based
algorithms for gene expression datasets is explained in section 5, comparative analysis is de-
picted in section 7, critical analysis is illustrated in section 7, research gaps are depicted in
section 8, future recommendations in section 9 and conclusion is depicted in section 10.

2. SURVEY METHODOLOGY

The survey methodology is divided into 5 stages/steps for reviewing the paper which includes
review plan, research questions identification, data sources, search criteria and finally inclu-
sion/exclusion criteria. In-depth description of the above mentioned steps are described as fol-
lows.

Initially, the proposed survey was done systematically by reviewing the papers such as
identification of possible research questions, identification of data sources, effective search
strings/criteria, and inclusion and exclusion criteria for articles. To perform this study there is
a need for some pre-planning. The identification of relevant publications in DL with trans-
formers has been considered for this survey that proved helpful for the proposed survey.

After the process of preplanning, research questions were framed accordingly. Table-1
shows the possible research questions the authors have identified in carrying out the proposed
survey along with their objectives.

Table 1. Research Questions and Objectives

Q.No | Research Questions Objectives

RQ1 | Why to choose transformers for predict- | To get an overview of Transformers and its ad-
ing disease over other models vantages for predicting the disease.

RQ2 | What are the solutions that were benefi- | Through this question, more related literature
cial in the past could be identified related to that area.

RQ 3 | What do past survey paper have con- It aimed in comparing the proposed survey
cluded? with existing papers

After framing research questions with objectives, appropriate sources should for the paper
were selected. Therefore, Broad number of reputed and trusted literature have been consid-
ered for writing a detailed survey on DL using transformers. Standard digital libraries and
databases like IEEEXplore, Springer, Frontier, Science Direct (Elsevier), Bioinformatics, IET,
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Wiley online library, Research gate etc. Electronic data sources are also recommended for the
literature survey such as articles.

Further, the search criteria was carried out by considering specific keywords like”’Gene
Expression”, “Transformers”, “Deep Learning using transformers”, “Gene Expression Da-
taset”, “Applications of gene expression using DL with transformers”, “Hybrid transformers”,
and other related keywords. Majorly considered the papers that provide a survey on DL model
as well as the centralized model in Transformers.

Eventually, after fetching many papers, the papers that were relevant to the topic (by an-
alyzing title, abstract, introduction, and conclusion) were only considered. The papers that
included an introduction to DL and a centralized system and which have the same topic were
taken into consideration. To make the survey interactive and effective, we preferred to include
recent papers of the year 2019, 2020, 2021, 2022, 2023 and early access articles. The filtering of
papers and articles are based on the parameters mentioned above. Finally, we identified and
focused on some papers having good citations. The procedures followed in studying these
approaches has been shown in the Figure 1.

Searching in Google scholar ] Perforating based on DL using
transformers
Prediction of disease
Reading the content and then filtering the Penetrating through abstracts and
content filtering the Extraneous papers

Reference perusing

Examination of Literature survey

Figure 1. Survey methodology

3. OVERALL VISION ABOUT GENE EXPRESSION

Gene expression (GE) is the practice by which the information comprised in DNA is trans-
muted into instructions for creating the proteins or additional molecules [19]. This process
encompasses, transcription of DNA into mRAN (messenger RNA), then subsequently trans-
lated into proteins. The GE Analysis (GEA) is utilized to evaluate the directive of genetic mod-
ifications that occurs under specific circumstances, in tissue or a single cells [20]. A component
of GE quantification is a contrast of the reads that are subsequent, associated with the amount
of base pairs sequenced from a fragment of DNA to a familiar transcriptome or genomic
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source. Therefore, predominant techniques for assessing GE include NGS methods (Next Gen-
eration Sequencing) and DNA microarray. The DNA microarray technique uses a 2D array
with infinitesimal spots, whereas the NGS technique delivers high speed, scalability and
throughput analysis [21, 22]. RNA-seq is considered as NGS technique which involves the
transformation of molecules of RNA to cDNA (complementary DNA). However, when com-
pared to DNA microarrays, RAN-seq delivered various advantages which includes greater
resolution, higher dynamic range, increased sensitivity and greater specificity. Transcriptome
for any species can be examined by employing RNA-seq with the aim to control the sum of
RNA at a precise time [23, 24].

GEA needs different computational approaches in order to comprehend the regulation of
genes and the part in functioning of tissues and cells. Therefore, various ML and DL methods
have been employed to attain the perceptions on how disparities in regulatory regions and
genes results in phenotypic variations namely, health, wellness and traits [25]. Further, early
computational methods for GEA has been depended on different ML and DL approaches for
predicting the function and structure of genomic components [26]. Moreover, feature engi-
neering is considered as one of the methods, which is used for handling the difficulty of high
dimensionality and moderately smaller number of samples in GE data.

3.1. Gene Expression Data
GEA is the practice of detecting the amount of transcripts exist in specific tissue or cells in
order to assess the level of expressed genes [27]. Some of the gene GED are demonstrated.

3.1.1. Microarray data

Microarray data are attained via a lab procedure, in which a sequence of DNA is comprised in
a tool which comprises of 2D array with hundreds and thousands of microscopic spots [28].
The Microarray data are employed with the aim to find the DNA or RNA [29]. Microarray data
permits for understanding of cellular process for genome-wide expression profile, which are
based on particular conditions or diseases such as cancer.one of the advantages of employing
DNA microarray is that, they permit the evaluate the expressional level of 1000 genes, how-
ever, there are few drawbacks, which includes poor accuracy and specificity.

Training transformer model for gene expression analysis present presents several analysis
present various implementation challenges, particularly in computational requirements.
These model are memory-intensive and requires significant GPU resources to manage high-
dimensional datasets effectively. Strategies such as gradient check pointing can help optimize
memory usage. Effective data pre-processing is also critical for improving model performance,
with key steps including normalization techniques like quintile normalization and log trans-
formation to stabilize variance, as well as feature selection methods such as variance thresh-
olding and statistical tests to identify relevant genes. Handling missing data through imputa-
tion and applying dimensionality reduction techniques like PCA can further enhance dataset
robustness. Addressing these challenges and pre-processing steps will provide valuable in-
sights into the practical application of transformer models in bioinformatics. This version is
more concise while preserving the original meaning and key details.

3.1.2. RNA-Seq Data

RNA-Seq method fit into NGS techniques as they possess the ability for rapid profiling [30].
RNA-Seq is utilized for measuring the expressions of gene ad aids in scrutinizing the varia-
tions in GE. The applications of RNA-Seq is according to the capacity and examine all mole-
cules of RNA in tissues and cells, which includes mRNA, miRNA, siRNA or rRNA [30]. One
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of the significant qualities of RNA seq- includes huge dynamic range and high resolution,
which resulted in huge volume of attained data and contributed to significant improvements
in transcriptomics research [29].

4. SIGNIFICANT EVOLUTION AND APPLICATIONS OF DEEP LEARNING (DL) CLAS-
SIFIERS FOR GENE EXPRESSION

Different methods have been used in the past decades for gene expression, which includes
both ML and DL methods, however, in most studies, DL techniques are employed as DL pos-
sess unbelievable potential for backing medical and paramedical specialists by minimizing the
human error rate, by aiding in diagnosing cancer and assist in analyzing the difficult data.
Further, different applications are employed for gene expressions which includes classification
of cancer. Therefore, suggested paper has employed DL methods for classification of cancer
by employing CNN, as CNN is appropriate for analyzing the variety of unstructured data, in
addition GE data consist of large number of genes and numerous researchers analyzed and
evaluated the classification of cancer by utilizing different DM, ML and statistical approaches
[31, 32]. Though, ML methods have attained decent accuracy in terms of classification, there
are some of the issue like inability of the ML algorithms to employ unstructured data has re-
stricted the utility of ML algorithms for classification tasks. Therefore, DL algorithms are used
for classification as they possess the ability to comprehend complex data. Hyper parameters
are essential setting that govern the learning process and significantly influence model perfor-
mance, with learning rate, this parameters controls how much to change the model in response
to the estimated error each tm eth model weights are updated. The capability of the DL algo-
rithms aids in identifying the cancer. Further, hybrid DL model is employed in the suggested
study and the hybrid model includes LS-CNN (Laplacian score-CNN), which aided in classi-
fication of cancer data [33]. The paper investigates the impact of activation function on trans-
former based models by utilizing rational activation functions (RAFs), which can adaptively
learn optimal activation functions from data. The influences model performance and can re-
duce the topological complexity of input data. Their experimental demonstration that the
RAF-based Transformer model (RAFT) outperforms traditional fixe activation functional
models, achieving better result on GLUE and SQuAD [34]. Well the epochs of 0.001 and 2000
by achieving 99.4% accuracy, refers to the number of complete passes through the training
dataset. Selecting an appropriate number of epochs is crucial since too few may lead to under
fitting, while too many can result in over fitting.

Similarly, search results indicates that DL based methods have generally outperformed
conventional ML methods, with many approaches employing MLP or CNN networks achiev-
ing test accuracies upwards of 90%. However the performance of current methods is sensitive
to various parameters, necessitating future improvements for generalization and robustness.
Other limitations includes a lack of interpretability and limited integration with other data
types. Table-2 shows different NN which can be used.
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Table 2. Different Neural networks
Network | Features Pros Cons
CNN No manual extraction was The model learns rapidly and Label is needed for classifi-
needed as CNN learn features | steadily cation
themselves image image/data | Performance of the model is The time required for train-
and perform the extraction di- | good ing is long
rectly from images [35] Possess strong ability to extract
the features
RNN Possess the ability to learn se- | It learns sequential events Issues to vanishing gradi-
quences and the weights are It performs significantly better ent is possible
shared across all steps and performance
neurons [36]
AE It is significantly employed re- | Labeled data is not required. Training may be disap-
duction of dimensionality and peared
extraction of features, the It require a pre-training
number of the inputs will be step
equal to number of output.
DBN This is considered to be a uni- | Over-fitting can be minimized Process can be computa-
directional connection and itis | It is effective in terms of usage tionally expensive due to
performed for both supervised | of hidden layers [38] initialization process [39]
and unsupervised [37]
TNN Transformers are NN which Possess the capability to pass Sometimes, Transformers
(Trans- learns context and understand- | various words via NN concur- can be difficult to interpret
formers ing via sequential data analy- | rently. and comprehend, since
Neural sis [40] they are trained end to end
Network) [41]

Similarly, recommended study focused on classification of cancer using gene expression data.
Different datasets employed in the suggested paper includes prostate tumor, colon tumor,
DLBCL and leukemia. Classification of gene expression data divides the cancer samples from
health samples. However, the ML techniques were not capable enough to perform cancer clas-
sification due to the small number of samples with huge number of samples in GE data. Hence
DL algorithm has been employed by the existing paper for classification of cancer. Different
DL algorithms such as DNN, RNN, CNN and I-DNN were employed, in which I-DNN deliv-
ered better outcome than the rest of the algorithms [42]. The choice optimization algorithm
affects how quickly and effectively a model learns. Different optimizers have unique strengths
and weakness depending on the specific characteristics of the datasets achieved 90% in test
accuracy. Correspondingly, a scalable and robust DL method is used in the existing study. The
model is defined as GNE model which has been aided to perform a gene network embedding.
Further, gene interactions can be predicted precisely by incorporating ML classifiers [43]. Like-
wise, a regression based MLP- SAE model was incorporated for predicting the gene expression
from SNP genotypes [44]. A semi-supervised DL method was employed for target gene ex-
pression inference. Therefore, GAN model has been employed. Existing model incorporated
the profiles with only landmark genes into the training process. The datasets incorporated in
the recommended paper were GEO dataset, GTEx dataset [45]. Though existing methods de-
livered better outcome for prediction of diseases, it still lagged in delivering effective outcome
for prediction and classification of diseases.
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4.1. Transformers

The transformer model represents a watershed moment in the evolution of deep learning mod-
els. Distinct from conventional sequence transduction models, which typically involve recur-
rent or convolutional layers, the transformer model solely harnesses attention mechanisms,
setting a new precedent in tasks such as machine translation and natural language processing
(NLP). The principal component of a transformer model is the attention mechanism, and it
comes in two forms: self-attention (also referred to as intra-attention) and multi-head atten-
tion. The attention mechanism’s core function is to model interactions between different ele-
ments in a sequence, thereby capturing the dependencies among them without regard to their
positions in the sequence. In essence, it determines the extent to which to pay attention to
various parts of the input when producing a particular output.

Self-attention mechanisms operate by creating a representation of each element in a se-
quence that captures the impact of all other elements in the sequence. This is achieved by com-
puting a score for each pair of elements, applying a Softmax function to obtain weights, and
then using these weights to form a weighted sum of the original element representations. Con-
sequently, it allows each element in the sequence to interact with all other elements, providing
a more holistic picture of the entire sequence. The multi-head attention mechanism, on the
other hand, is essentially multiple self-attention mechanisms, or heads, operating in parallel.
Each head independently computes a different learned linear transformation of the input, and
their outputs are concatenated and linearly transformed to result in the final output. This en-
ables the model to capture various types of relationships and dependencies in the data. The
self-attention mechanism in transformers significantly improves performance in handling
gene expression data by enabling the model to capture long range dependencies and relation-
ships between genes. Unlike, the traditional methods that process sequences in a sequential
manner, self-attention allows for parallel processing, which enhances computational efficiency
and scalability. This capability ensures that relevant interactions among gene are effectively
modelled, leading to more accurate predictions and insights in gene expression, by advancing
the field of genomics and personalized medicine by the self-mechanism. The capability en-
sures that relevant interactions among genes are effectively modelled, leading to more accu-
rate prediction and insights in gene expression. Various existing studies have focused on em-
ploying transformers for attaining results. The training process for transformer model can be
source intensive, often requiring substantial GPU memory and time. For example, the model
with millions of parameters can demand upward of 40 GB of GPU memory due to their com-
plex architecture and high dimensional data processing requirements. As sequence length in-
creases, memory usage grown quadratically, necessitating careful management of batch size
and input dimensions to optimize GPU utilizations. Hence, various existing studies have fo-
cused on employing transformers for attaining effective results.

Hence, the suggested paper has used a transformer-based neural network framework for
prokaryotic genome annotation, primarily focusing on Escherichia coli. The study emphasized
that a substantial part of the model’s subunits or attention heads were attuned to identify tran-
scription factors and characterize their binding sites and consensus sequences. With the spe-
cialization of the attention heads occurring automatically, it has been believed that transformer
models to be of high interest towards the creation of explainable neural networks in this field.
Further, this method opened the door to understanding well-known and possibly novel ele-
ments involved in transcription initiation [46].
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Cell type identification by analyzing scRNA-seq data is mostly limited by time-consuming
and irreproducible manual annotation. As scRNA-seq technology scales to thousands of cells
per experiment, the exponential increase in the number of cell samples makes manual annota-
tion more difficult. Therefore, suggested paper focused on Cell type identification by analyz-
ing scRNA-seq data is mostly limited by time-consuming and irreproducible manual annota-
tion. As scRNA-seq technology scales to thousands of cells per experiment, the exponential
increase in the number of cell samples makes manual annotation more difficult. Hence, a
scTransSort, a cell-type annotation method pre-trained with single-cell transcriptomics data
has been used. The scTransSort incorporates a method of representing genes as gene expres-
sion embedding blocks to reduce the sparsity of data used for cell type identification and re-
duce the computational complexity. The feature of scTransSort is that its implementation of
intelligent information extraction for unordered data, automatically extracting valid features
of cell types without the need for manually labelled features and additional references. Exper-
iments were conducted using a large number of scRNA-seq datasets from different species,
different tissues, and different platforms. All scRNA sequence datasets used in this paper are
published and publicly available datasets from multiple high-quality reports and the Gene
Expression Omnibus (GEO) [47].

Similarly, a Transformer-based deep learning method, GPTransformer, that uses geno-
typic and phenotypic data to predict FHB (Fusarium head blight) severity and DON (Deox-
ynivalenol) levels in a two-row barley population, in addition, effect of feature selection on
genomic prediction using mutual information was investigated and examine the biological
relevance of the top markers identified by the mutual information method. Further, the Trans-
former network is trained using a graphical processing unit (GPU). As the internal mechanism
of the Transformer creates a four dimensional matrix of size (batch size, number of heads,
number of markers, number of markers) at certain point, which requires a large amount of
GPU memory, the feature selection process also helps us to solve the GPU memory issue of
the Transformer. This study suggests the potential of the Transformer based method as an
alternative to the popular BLUP model for genomic prediction of complex traits such as FHB
or DON, having performed equally or better than existing machine learning and statistical
methods [48].

The suggested study has incorporated Hierarchical Multi Head Self Attention (H-MHSA)
to make self-attention computation in transformer flexible and efficient. Specifically, we first
split an image into patches, each of which is treated in the same way as a token. Instead of
computing attention across all patches, we further group patches into small grids and compute
attention within each grid. This step captures local relationships and yields more discrimina-
tive local representations. Then, merge these small grids into larger ones and compute atten-
tion within each new grid by viewing small grids at the preceding step as tokens. In this way,
we essentially capture feature relationships in the larger region. This process is iterated to re-
duce the number of tokens gradually. Throughout this procedure, our H-MHSA computes
self-attention in the increasing region sizes step by step and naturally models the global rela-
tionship in a hierarchical manner. Since each grid at each step only has a small number of
tokens, we can reduce the computational/space complexity of vision transformer dramatically.
We empirically observe that this strategy brings us better generalization results [49].

Though, there are various DL algorithms which is used for gene expression, DL with
transformer provides additional advantages which makes the prediction accurately and the
model effectively. Some of the reasons of implementing TNN over other approaches includes,
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they can be more precise as they can comprehend the relationship between the sequential ele-
ments which are far from each other and they are quick at handling a sequence since lot of
attention is paid for its most vital parts.

The study found that while Vision Transformers (ViTs) achieved a high accuracy of 95.3%
for lung cancer classification, CNN like ResNet50 performed comparably at 94.5%, suggesting
that both architectures can be effective but may excel under different conditions, particularly
with varying dataset sizes. However, the inherent complexity of transformers complicates per-
formance assessment; their ability to capture long range dependencies offers advantages in
understanding intricate patterns, yet this benefit is not clearly delineated against the strength
of CNN and RNNs in handling local features. Thus, while transformers shows the efficiency,
the transition from the traditional models raises questions about the clinical significance of the
performance improvements [50].

Therefore, transformers are considered as a type of ANN which is utilized to unravel the
concerns of transformation or transduction of input sequences into output sequences in DL
applications. One of the significant merits of employing the transformer architecture over
other NN is that, transformers are efficient and unlike RNN, the input data do not have the
need to be processed sequentially which permit the parallelization [51]. The attention mecha-
nism is defined mathematically as:

4.1.1. Scaled Dot Product Attention:

. QK*

Attention (Q,K,V) = softmax(ﬁ)v
o

Where Q the matrix of queries, K is is the matrix of Keys, V is the matrix of values, and dj, is
the dimension of the key. The attention mechanism computes a score for each query against
all keys, normalized these scores using Softmax, and then uses these probabilities to weigh the
corresponding values. This allows the model to focus on relevant parts of the input sequence
when generating outputs.

4.1.2. Multi-Head Attention:
The multi-head attention function allows the model to jointly attend to information from dif-
ferent representation subspaces at different positions:

MultiHead(Q,K,V) = Concat(heady, ...., head,)W?°
Where each head is computed as:
head; = Attewntion(QWiQ, KWk, vwY)

Multi head attention allows the model to attend to different parts of the input sequence sim-
ultaneously. By having multiple heads, the model can capture various relationships and de-
pendencies within the data more effectively than a single attention mechanism.

4.1.3. Feed forward Neural Network:
Each position is processed independently through a feed forward neural network:

FFN(X) = ReLU(.le + bl)WZ + bz

The feedback network processes each position independently after the attention mechanism
has been applied.
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4.1.4. Layer Normalization:
Layer normalization is applied as follows:

(z—w
g

LayerNorm(z;y,B) =y +p

Where u and o are the mean and standard deviation of the layer inputs. The layer normaliza-
tion helps stabilized training by normalizing inputs across features rather than across batches.
This ensures consistent performance across different layers and helps mitigate issues related
to internal covariate shift.

4.1.5. Positional Encoding:
The position encoding used to inject information about the position of tokens in the sequence
is defined as:
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Since, transformers do not have a built in notion of sequence order, positional encoding injects
information about token position into their embedding. This helps the model understanding
the relative positions of tokens in sequences, which is crucial for task like language modelling
or sequence prediction. The transformer outperforms traditional model by providing a global
contextual understanding, enhancing predictive power, ad offering improved interpretability
for disease prediction, so transformer model is efficient than traditional disease prediction
model.

Self-attention mechanism is considered as the core of transformer, which learnt the de-
pendencies of global features. Limitations of the self-attention addresses the existing DL tech-
niques with the aim to model the genomics of the data. Unlike CNN, self-attention possess the
capability to unordered the input which includes genes in gene expression data [23]. Table 3
depicts the utilization of transformers in existing studies.

Table 3. Utilization of Transformers in Existing Studies

ral network framework subunits or attention heads were attuned to identify transcrip-

Sl. | Purpose Findings Reference
No
1. A transformer-based neu- | The study emphasized that a substantial part of the model’s

for prokaryotic genome
annotation, primarily fo-
cusing on Escherichia coli

tion factors and characterize their binding sites and consensus
sequences.

With the specialization of the attention heads occurring auto-
matically, it has been believed that transformer models to be of
high interest towards the creation of explainable neural net-
works in this field

To incorporate
scTransSort method for
representing genes as
gene expression embed-
ding blocks to reduce the
sparsity of data used for
cell type identification
and reduce the computa-
tional complexity

A scTransSort, a cell-type annotation method pretrained with
single-cell transcriptomics data has been used. The
scTransSort incorporates a method of representing genes as
gene expression embedding blocks to reduce the sparsity of
data used for cell type identification and reduce the computa-
tional complexity.

The feature of scTransSort is that its implementation of intelli-
gent information extraction for unordered data, automatically

[47]
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extracting valid features of cell types without the need for
manually labeled features and additional references.

tention computation in
transformer flexible and
efficient by employing Hi-
erarchical Multi Head Self
Attention (H-MHSA)

is treated in the same way as a token. Instead of computing at-
tention across all patches, we further group patches into small
grids and compute attention within each grid. This step cap-
tures local relationships and yields more discriminative local
representations. Then, merge these small grids into larger ones
and compute attention within each new grid by viewing small
grids at the preceding step as tokens.

In this way, features can be captured in larger region. Further,
this process is iterated to reduce the number of tokens gradu-
ally. Throughout this procedure, the H-MHSA computes self-
attention in the increasing region sizes step by step and natu-
rally models the global relationship in a hierarchical manner.
Since each grid at each step only has a small number of tokens,
we can reduce the computational/space complexity of vision
transformer dramatically.

3. To predict FHB severity The effect of feature selection on genomic prediction using [48]
and DON levels in a two- | mutual information was investigated and examine the biologi-
row barley population, in | cal relevance of the top markers identified by the mutual infor-
addition, effect of feature | mation method. Further, the Transformer network is trained
selection on genomic pre- | using a graphical processing unit (GPU).
diction using GPTrans- As the internal mechanism of the Transformer creates a four
former dimensional matrix of size (batch size, number of heads, num-
ber of markers, number of markers) at certain point, which re-
quires a large amount of GPU memory, the feature selection
process also helps us to solve the GPU memory issue of the
Transformer
4. | In order to make self-at- Specifically, we first split an image into patches, each of which [49]

Usually, a transformer is a NN architecture which exploits the idea of attention as well self-
attention in a stack of decoders and encoders. Author, in the suggested paper has employed
an architecture which has 6 encoders and 6 decoders. Initially, the input vectors are taken by
the encoder and practice them with self-attention layer afore passing it to the forward NN. In
standard architecture, each encoder will be comprised of 2 segments which includes Self-at-
tention layer (SAL) and feed forward NN. Correspondingly, the every encoder is comprised
of 3 segments which includes SAL Decoder Attention layer (DAL) and feed forward NN. Once
the network of the first encoder has been done, then the outcome is passed to the next encoder
and son on, until the final encoder sends the information to the decoders and a similar process

supervenes [51].
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Figure 2. Transformer architecture [51].

Figure 2 shows the architecture of transformer employed in the recommended paper. Trans-
formers 19, 23 and 24 received lot of consideration for biological sequence data pre-processing.
These transformed are considered as a prevailing learners of data which are sequential. Mod-
erately attributable to the employment of the SAM, which take cares the pairwise interdepend-
encies among the elements, which in turn, are sequence in nature. Lately, the transformers are
also assessed as the prevalent selections for self-supervised learning on biological sequences
[52]. Transformers are DN (deep networks) with consist of self-attention mechanism in each
layer, which permits attaining numerous enhancements pertaining to RNN and CNN models
[53]. Like transformer, suggested paper has employed R-Transformer, which utilizes the ad-
vantages of both RNNs and the multi-head attention mechanism. This model aids in capture
both local structures and global long term dependencies in sequences without any use of po-
sition embedding [54].

5. DIFFERENT DL BASED ALGORITHMS FOR GENE EXPRESSION DATASETS

5.1. Prediction of Disease

Author, have identified the genes demonstrated cancer tissues or 32 normal tissues, which was
employed to examine the functional differences between the genes widely and complete out-
come of the gene expression was exemplified rarely. The recommended outcome was aided in
detecting the landscape of gene expression and comprehending the influence of gene expres-
sion and the microenvironment of cancer [55].
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Identifying disease-related miRNA is essential for disease diagnosis and treatment. How-
ever, traditional biological experiments are highly uncertain and time-consuming. Hence, ad-
vanced intelligent computational models are needed to address this problem. Therefore, a
dual-channel transformer graph model, named DCTGM, to learn multi-scale representations
for miRNA-disease association prediction. Specifically, DCTGM includes a transformer en-
coder (TE) and GraphSAGE encoder (GE). The TE intensely captures the important interaction
information between miRNA-disease pairs, and the GE aggregates multi-hop neighbor infor-
mation of miRNA-disease association heterography to enrich node features. Then, an attention
module is proposed to aggregate the dual-channel interactive representations, and we adopt
a multi-layer perceptron (MLP) to predict the miRNA-disease association scores. For gene ex-
pression dataset, statistical analysis is crucial in identifying differentially expressed genes. Pre-
processing steps, typically involves normalization to remove systematic biases while preserv-
ing biologically relevant variations. Techniques such as log transformation and quantile nor-
malization are often employed to ensure comparability across samples. Additionally, methods
like the Two-stage Poisson model can be utilized to account for over-dispersion in RNA-seq
data, enhancing the accuracy of differential expression analyses [56].

Classification of cancer using gene expression is considered as one of the tremendously
stimulating aspects, as the dimensionality and complexity of the data is high. Existing classi-
fication models were typically depend on samples which was gathered from a distinct tissue
type and aided in performing a pre-requisite of gene feature selection, in order to prevent the
processing the full set of genes. However, these technologies lacked in captivating benefits of
genome-wise subsequent generation sequencing technologies, which delivered an image of
the entire transcriptomics. Therefore, the recommended model aided DL structure for diagno-
sis of cancer by evolving a multi-class cancer classifier which was according to entire transcrip-
tome GE that was gathered from numerous types of tumor which covered the multiple organ
sites. Hence, suggested study employed a CNN architecture, termed as Gene Xpression Net-
work (GeneXNet). This model was specifically designed for addressing the complicated nature
of gene expressions. The recommended GeneXNet model provided abilities of identifying the
alterations in genetics, driving the progression of cancer by learning genomic similarities
across various kinds of tissues without craving any precondition of gene feature selection. Due
to these reasons, GeneXNet model was capable of classifying the multi-tissues of cancer. From,
the experimental outcome it was identified that recommended model delivered accuracy rate
of 98.9% on human samples which represented 33 various type of cancer tumor across 26 or-
gan sites [57].

A neuro-fuzzy approach was employed for examining the expression of gene data from
microarray experiments. Analyzing the expression of gene led to detection and classification
of cancer, which facilitated appropriate treatment selection and improvement of drug. The
existing technique was tested on 3 benchmark cancer gene expression datasets. From the ex-
perimental outcome, it was identified that, neuro-fuzzy technique could be employed as an
effective tool for computation of microarray data examination. The neuro classification system
was according to the built-clustering algorithm, which got acknowledgement rate than the
other classifiers. GE dataset for liver cancer was used in the existing study. The quality of the
images were trained and tested for each dataset in order to enhance the quality of the genes
[58].

Molecular subtyping of cancer is considered as a crucial stage towards more individual-
ized therapy and delivers more significant biological understandings into cancer assortment.
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Though in last decade, gene expression signature was widely demonstrated as one of the ef-
fective approaches for classification, pervasive implementation has been inadequate by batch
effects, metamorphoses in platform and the trouble to classify the individual patients” samples.
Therefore, a supervised method for classification of cancer was used. The model incorporated
was DeepCC model (deep cancer subtype classification). DeepCC was based on DL. DeepCC
classifiers were used for achieving higher specificity, sensitivity, accuracy when compared to
the existing models like RF, SVM, XGBoost, GBM and multinomial LR algorithms. Robustness
of the DeepCC model was demonstrated on simulation analysis. Moreover, DF (Deep Fea-
tures) learnt by DeepCC apprehended the biological features, which was based on biological
characteristics that was related to different molecular subtypes, which enabled more com-
pressed distribution of subtypes. Hence, recommended paper aided in reducing the amount
of unclassifiable samples earlier. Therefore, it was identified that, DeepCC model was benefi-
cial for classification, which was platform independent, robust of omitted data and can be em-
ployed for single sample calculation which enabled clinical application of molecular subtyping
of cancer [59].

5.1.1. Lung cancer

A different method for attaining tailored biomarker scores explained the prominence of every
gene in detecting the subtype of the cancer for every sample by utilizing an AM. This modified
significance score was employed for PCA (post classification analysis). NMF and PCA were
both performed with the aim to identify the developing patterns within the scores of bi-
omarkers. Nevertheless, the NMF and PCA were independent of task which are associated to
classification, as there was no necessity for an end to end technique which could be imple-
mented openly for countless real time applications. Further PET images contained information
which were metabolic as they have been utilized for sub-classification of lung cancer. Never-
theless, it was challenging to mine massive PET images of carcinoma patients for DL associ-
ated applications [60].

Likewise, different type of cancer was classified according to the RNA sequence GE data
by implementing DL technique which was based on BPSO-DT (Binary Particle with Decision
Tree) and CNN. Different types of cancers, which could be identified were BRCA (Breast In-
vasive Carcinoma), LUAD (lung adenocarcinoma), UCEC (Uterine Corpus Endometrial Car-
cinoma), and LUSC (Lung Squamous Cell Carcinoma). The recommended model comprised
of 3 stages. The first phase includes pre-processing. This step aided in optimizing the high
dimensional RNA-seq and picked the only the ideal features by utilizing BPSO-DT. Further
enhanced RNA-seq was transformed to 2D images. Stage 2 dealt with augmentation, which
increased the dataset of 2086 samples to 5 times greater. Augmentation methods were picked
according to achieving the least impact on deploying the features of the images. Augmentation
phase, helped in overcoming the over-fitting issue and trained the model with the aim to ac-
complish better accuracy. Eventually, stage 3 dealt with Deep CNN architecture. 2 CL for fea-
ture extraction and 2 FCL was employed for classifying five different types of cancer. From
the outcome, accuracy obtained was 96% [61].

Though, traditional DL based methods deliver decent performance, accuracy in terms of
prediction of disease is lacking. Therefore, transformer based DL methods were employed for
prediction the disease more accurately and effectively.

Transformer based architecture leveraged SAM which encoded high throughput GE and
learnt demonstration which were computationally complicated and affluent. Nevertheless,
when compared to different datasets for applications of NLP, GE comprised of several 100 of
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1000s gene from the restricted amount of interpretations, which made it hard to proficiently
train the transformers for different applications of bioinformatics. Therefore, end to end DL
method utilized. A gene transformer (GT) was used, as it addressed the difficulty of high di-
mensional GE with a multi-head SA component by detecting the appropriate biomarkers
across the various multiple cancer subtypes without needing feature selection as a condition
for the existing algorithms. The recommended paper enhanced the overall performance of the
model. The outcome of the classification aided that gene transformer could be considered as
an effective method for classifying the subtypes of the cancer, which indicated that any en-
hancement in DL model in computational biology could be reflected. GT architecture was mo-
tivated from transformer encoder architecture which used the idea of multi-head SAM with
1D CL as a hybrid architecture with the aim to evaluate the HD GE datasets and explored
whether the demonstration leant from the AM which achieved better than the many prevailing
methods. Gene transformer was considered as an end-to-end method which prioritized fea-
tures during the testing phase and outperformed the prevailing techniques for both binary
and multiclass issues. Gene transformer technique, was considered as a preliminary challenge
in order to investigate the attention mechanism which was employed to predict the subtypes
of lung cancer. In gene expression dataset, the sample of patients were oriented in 1D array.
Hence, conventional CNN model was not considered as a viable technique for classification of
tumor. Hence, suggested paper employed improvised version of 2D CNN model, which was
termed as 1D-CNN model [16].
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Figure 3. Graphical representations of the end to end DL for lung cancer subtype classification [16].

Recommended paper, employed miRe2e, which was the end — end DL technique for pre-
miRNA prediction. miR2e approach was based on transformers, which is a neural architecture
that employed AM (Attention Mechanism) with the aim to deduce the global dependencies
between various inputs and outputs. It possessed the ability of getting the raw genome-wide
data as input without any need of feature engineering or pre-processing process. This model
aided in delivering more enhanced outcome [62].

CNN + Transformer hybrid architecture for GE level as well as epigenetic feature predic-
tion was employed in enformer46, as enformer 46 was considered to be the first to do so. Thus,
the model possess the potential to capture improved biological phenomenon, which includes
enhancers that aided in controlling the promoters regardless of distance between the huge
sequences of DNA. Therefore, it led to upsurge of significant performance in cell-type specific
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gene expression prediction correlations [63]. Similarly, a DL technique has been employed for
single cell category prediction by amalgamation of CNN with transformer with the aim to
extract the powerful features. I-TM is used for extraction of features of the gene expression
matric. Further, features were extracted using CNN model [64].

The unique characteristics of the gene expression aids the interpretable DL models which
was personalized for transcriptomics study using different DL models. However, there are
few encounters in evolving the DL techniques for modelling the expression of genes, hence
suggested study employed T-GEM model for modelling the interactions of gene-gene and con-
firmed the usefulness for GE based prediction of the cancer associated phenotypes which in-
cluded prediction of types of cancer and immune cell type classification. Hence, the mecha-
nism of T-GEM was examined carefully and demonstrated that higher layer focused on phe-
notype related genes, whereas the first layer focused on broader attention. Therefore, the abil-
ity of T-GEM on the prediction of cancer type was demonstrated by utilizing TGCA data and
the immune cell type of identified using scRNA-seq data [13].

The objective of the study was to classify the subtypes of the tumor and determining the
significant gene in each subtype. This aided in evolving an amalgamated technique with the
aim to detect the early-stage of cancer or distinguish the subtypes of the tumor. Over the past
decade, both DL and ML techniques have been employed for classifying the subtypes of cancer
from the GE dataset. However, these techniques were theoretically biased toward the detec-
tion of biomarkers of cancer. Therefore, DeepGene transformer, which was considered as an
end- to-end DL method, addressed the complications of high dimensional gene expression
with the multi-head self-attention module (MHSA). This module aided by detecting the rele-
vant biomarkers across multiple-subtypes of cancer without any need of feature selection as a
precondition for the classification of the algorithm [65].

In the last few years, different traditional ML and DL algorithms were used for disease
classification using gene expressions. However, in recent days, VIN (Vision Transformer Net-
works) have delivered favorable performance in countless fields owing to prevailing AM (At-
tention Mechanism) which provided restored perception into data features. Still the network
models have not been reconnoitered for analysis of gene expression. Therefore, suggested pa-
per performed dimensionality reduction using a stacked auto-encoder which was followed by
using an improved deep insight (I-DI) algorithm which converted the data into image format.
The recommended study performed three techniques which comprised of 3 stages, which in-
cludes pre-processing, conversion of the data to image and classification. Further, classifica-
tion model was built by feeding the data to the vision transformer. I-DI worked on principle
of t-SNE (t-distributed Stochastic Neighbor Embedding). Further, all relevant genes, which
was picked by the stacked auto-encoder were preserved by employing channel expansion al-
gorithm, with the aim to serve the vision of the transformer in image format. Hence, the exist-
ing algorithm outperformed the prevailing algorithms in terms of selection of gene and cancer
classification approaches. The dataset which was incorporated was GeneViT dataset, which
was available for both binary and multiclass classification [66].

5.1.2. Stomach cancer

Stomach cancer which was associated of genes are associated for treatment of cancer and aided
in serving as significant biological markers in order to evaluate diagnosis or prognosis, but
also helped in giving reaction for the treatment. Consequently, it is significant to identify the
candidate genes (CG) and examine the data for stomach cancer. Hence, suggested study amal-
gamated RNA-Seq gene expression data for stomach cancer which was acquired from TCGA
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(An Open DB with Clinical Data), which examined for CG and examined these genes using a
DL algorithm. In specific, candidate genes were chosen, as they could be distinguished be-
tween the patients between the cancer and healthy patients by PCA. A classification was at-
tained by PCA method and the accuracy of the value was predicted, however, the accuracy
was predicted to be lower than the other methods [67].

Auto-encoder was used for reducing the count of features. Further, recommended paper
focused on feature reconstruction and aided in eliminating the noise within the data and the
features with 0 variance across samples. This model facilitated in feature extraction with high-
est variances, which influenced the probabilities of survival, moreover, it estimated the prob-
ability of the survival for each patient by applying cox regression and random survival forest.
Then, GPU (Graphical processing unit) was applied for speeding up the process. Eventually,
the model was assessed and compared with various prevailing models on 3 different datasets
on the basis of calibration curve, concordance index and run time. Eventually, GO molecular
functions and biological pathways were evaluated for important genes [68].

Author has stated that, cancer have been diagnosed depending on the expression of genes
through DNA microarray technology. The critical tactic for detecting the tumor are delivered
by clustering the genes expression data. Nonetheless, the expression of gene data is accus-
tomed as high-proportionate and substantial scale. Nearly, a tiny quantity of genes are re-
quired for diagnosis of cancer, even though the search space could be high. In the course of
the process of classification, repetition and proportion of the gene expression data was mini-
mized by feature selection. Hence, an organized and dominant feature selection algorithm
was employed for fastening the learning function of the classifiers and aided in regulating the
classification correctness [69]. Similarly, Experts aided in discovering the likelihood of the dis-
eases, with the help of large amount of gene expression data, which has been identified via
DNA microarray technique. This technique aided in providing optimistic outcome during the
last few years. Though, there are few challenges which needs to be addressed. The dataset
employed in the study was gene dataset and the model which was implemented in the recom-
mended paper was DNN algorithm. From, the experimental outcome, it was identified that
DNN algorithm delivered accuracy rate of 72.5%, when compared to the prevailing algorithms

[1].

5.2. Drug discovery

The detection and enlargement of drug is a long, expensive, daunting and ineffective proce-
dure. Regardless of advancements in technology in last 2 years, there has been some issues
related to discovery of drugs with gene expression. Therefore, in the past data, it has been
identified that, advancements in the information technology and growth of automation has
led to production and collection of huge quantity of compound activity and biomedical data.
Therefore, improvement in the realm of DL has should be employed for discovery of drug.
Hence, recommended paper utilized a deep neural model termed DTSyn (Dual Transformer
model for drug pair Synergy prediction) based on multi-head attention mechanism to identify
different drug combinations. Hence, the paper focused on designing a fine-granularity trans-
former for capturing chemical substructure-gene and gene-gene associations and a coarse-
granularity transformer for extracting chemical-chemical and chemical-cell line interactions.
DTSyn can extract interactions among chemicals and cell lines, which may represent the mech-
anisms of drug action. Different existing methods only consider extracting chemical-cell line
associations from one granularity, neglecting other dimensional interactions. To address the
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aforementioned problems, recommended paper implemented a dual-transformer based deep
neural network named DTSyn (Dual-Transformer neural network predicting Synergistic
pairs) for predicting potential drug synergies. From the experimental outcome, it was identi-
fied that DTSyn utilizing dual-transformers has the great potential in identifying novel syner-
gistic drug pairs and also providing possible interpretability in mechanisms of drug actions
[70].

Likewise, DeepCE utilized transformer, which can learn about biological relations be-
tween chemical substructures and genes, to predict drug-induced expression profiles. Moreo-
ver, DeepCE utilizes a graph neural network and multihead attention mechanism to model
chemical substructure—gene and gene—gene associations—for predicting the differential gene
expression profile perturbed by de novo chemicals. Furthermore, data augmentation method
that extracts useful information from unreliable experiments in the dataset has been used in
the suggested paper [71].

Correspondingly, suggested study has employed 2 discrete datasets, which is induced for
gene expression profiles by from open TG-GATEs and existence of information from FAERS
DB, which could be applied for various ADRs. It incorporated data cleaning and data filtering
along with hyper parameter tuning and feature selection. By employing DNN, 14 predictive
approaches were built with a validation accuracy of 89.4%, which displayed the predicted
ADRs reliably and steadily. From the findings it was assumed that recommended model was
beneficial for detection of drug discovery [72].

The prediction of sensitivity and selection of drug responsive biomarker was considered
as one of the key steps in discovery of drug. Different computational approaches have been
established to assist the purpose, comprising various DNN techniques. Nevertheless, the mod-
ular relations among the genomic features was hugely unnoticed in the models. Therefore,
with the aim to overcome the limitations, the role of the gene co-expression network on pre-
diction of drug sensitivity was explored in the suggested study. Therefore, network based ap-
proach was first detected for representative feature for prediction of drug response by em-
ploying the gene co-expression network. Further, 2 Graph based NN techniques were em-
ployed and both these models were integrated for gene network information straight into NN
for prediction of outcome. Further, the model was compared with other existing techniques
such as SVR, RF, Elastic Net, and Partial Least Square Regression and other DNN approaches
for prediction of the drug sensitivity. The relation between the genomic features are consid-
ered to be robust and steady when compared to correlation between each individual genomic
features and drug response in more dimension and low size of sample in genomic datasets
[73].

Suggested study has employed DeepTTA model which utilized transformer for represen-
tation of drug and learning and MNN for transcriptomic data prediction of anti-cancer drug
responses. DeepTTA model transcriptomic GE data and substructures of drugs for the predic-
tion of drug response [74]. From the experimental outcome, it was identified that, DeepTTA
model achieved better performance in terms of all RMSE, PCCE (Pearson correlation co-effi-
cient) and SRCC (Spearman’s Rank Correlation Co-Efficient). Therefore, it was identified that,
DeepTTA model was considered as an effective method for cancer drug design.

Similarly, response of drug was identified by integrating the DL graph regularized matrix
factorization (Deep GRMF) along with graph models, NN, matrix factorization method with
the aim to apply the diverse information from chemical structure of drug. Control of cellular
signaling system and cancer cell states to forecast the response to drug. DeepGRMF learnt the
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embedding’s of the drugs so that the sharing of drug edifices as well as the mechanism of the
actions which are correspondingly related in the embedding the space. Prediction perfor-
mance of the model was enhanced by evaluating the DeepGRME model. Further, the model
was effective for predicting the chemotherapy for lung cancer patients. The dataset imple-
mented was TCGA dataset. Moreover, CCLE and GDSC dataset was retained as these datasets
contained GE data of 2,758 genes in 954 and 477 cell lines distinctly. The DeepGRMF approach
only utilized gene expression profiling data and additionally incorporating the genomic vari-
ations and epigenetic information, which will possibly enhance the performance of the model.
The drug sensitivity forecasting was considered to be not as good as cell line prediction [75].
Table-4 shows the drug discovery employed using different architecture.

Table 4. Drug discovery using DL with Transformers

Year | Model Architecture | Find-

ings
2019 | Multi Head Attention Molecular Transformer (BioNavi-NP ) [76] | Transformer | 89%
2021 | DNN [72] N/A 89.4%
2020 | Molecular transformer [77] Transformer | N/A
2022 | SCROP [78] Transformer | N/A
2022 | DeepTTA [74] Transformer | N/A
N/A - Not Available

6. COMPARATIVE ANALYSIS

Various DL using transformers are used for prediction diseases based on their type, dataset,
process are tabulated in the Table 5.

Table 5. Comparative analysis

Refer-
ences

Year

Model

Type

Dataset

Process

(16]

2021

Gene Trans-
former

Transformer

The Cancer
Genomic
Atlas
(TCGA)

A gene transformer was used, as it addressed
the difficulty of high dimensional gene ex-
pression with a multi-head SA module by de-
tecting the appropriate biomarkers across the
various several subtypes of cancer without
needing feature selection as a pre-requisite
for the existing classification algorithms.

The outcome of the classification aided that
gene transformer could be considered as an
effective method for classifying the subtypes
of the cancer, which indicated that any en-
hancement in DL model

[62]

2022

miRe2e

Transformer

Gene ex-
pression

miRe2e, which was the end — end DL tech-
nique for pre-miRNA prediction. miR2e ap-
proach was based on transformers, which is a
neural architecture that employed AM (At-
tention Mechanism) with the aim to deduce
the global dependencies between various in-
puts and outputs
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(25]

2022

DeepTTA

Transformer

Gene ex-
pression

DeepTTA model utilized transformer for rep-
resentation of drug and learning and MNN
for transcriptomic data prediction of anti-can-
cer drug responses. DeepTTA model tran-
scriptomic GE data and substructures of
drugs for the prediction of drug response.
From the experimental outcome, it was iden-
tified that, DeepTTA model achieved better
performance in terms of all RMSE, PCCE
(Pearson correlation co-efficient) and SRCC
(Spearman’s Rank Correlation Co-Efficient).

[66]

2023

Improved
deep insight
(I-DI)

Transformer

10 Bench-
mark Da-
tasets

I-DI worked on principle of t-SNE (t-distrib-
uted stochastic neighbor embedding).
Model performed three techniques which
comprised of 3 stages, which includes pre-
processing, conversion of the data to image
and classification.

[65]

2023

DeepGene

Transformer

Gene Ex-
pression
Dataset

DeepGene transformer, which was consid-
ered as an end- to-end DL method, addressed
the complications of high dimensional gene
expression with the multi-head self-attention
module (MHSA).

This module aided by detecting the relevant
biomarkers across multiple-subtypes of can-
cer without any need of feature selection as a
precondition for the classification of the algo-
rithm

From the table, it can be interpreted that, transformers are used more from the year 2021. Dif-
ferent existing studies from 2021 has started using transformers in their model along with dif-
ferent datasets. Various models such as gene transformer, miRe2e, DeepTTA, Improved deep

insight (I-DI), DeepGene models are implemented by various existing studies.

7. CRITICAL ANALYSIS

An analysis is carried out with respect to various aspects used by different traditional works

prediction of diseases. 13 paper are considered for analysis. Applications of transformers for
gene expression dataset have been mentioned in the Fig. 4. The obtained results are graphically
presented in Fig. 4 have been considered.
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Transformers in different applications

GA
16%0
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Figure 4. Transformers in different application.

Figure 4 shows the classification of different papers employed based on the topic. 46% shows
the paper which dealt with prediction of lung cancer, 15% of papers dealt with stomach cancer
and rest of the 8% papers dealt with prediction of other diseases and finally, rest of the, 31%
of the papers dealt with drug discovery. Figure 5 shows the analysis of papers which involves
DL models with transformers and without transformers.

Critical Analysis

EGA mWOA ERGADP

Figure 5. DL methods with transformers and without transformers.

8. FUTURE RECOMMENDATIONS

Various gaps identified through analysis of the existing works are listed below.

e Future work of the recommended paper focused on employing CNN for cancer multi-class
classification [79].

e Future work of the suggested study focused on analyzing the function of the candidate
genes and correlations in the expression depending on DL and incorporation of big data
has the possibility to assist the detection of stomach cancer in early stage along with the
development of treatment techniques and approaches with the aim to predict the prognosis
[67].
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e Though, ML has the potential to deliver satisfactory accuracy there are some of the issues
like inability of the ML algorithms to employ unstructured data has restricted the utility of
ML algorithms for classification tasks. Therefore, DL algorithms are preferred over ML, as
they possess the ability to comprehend complex data.

Though there are various NN in DL, Transformers is utilized very less, therefore as a part of
future work, disease can be predicted by employing various DL algorithm along with trans-
formers, with the aim to predict accurate value for disease prediction, as Transformers models
have demonstrated increased robustness and sturdiness more than models which delivered
competitive performance on standards with different formats of data. One of the advantages
of employing Transformer is that, the self-attention mechanism permits to use contextual in-
formation for any location in the input sequence and aids in capturing long range dependen-
cies when compared to existing models and further, it allows higher parallelization when com-
pared to RNN model.

9. CONCLUSION

The present study reviewed different experimenters work using DL for prediction of disease.
Different DL algorithms and DL algorithms using transformers were examined in the present
study. The corresponding features of related methods based on DL algorithms using trans-
formers along with related datasets were presented. Based on DL algorithms and DL with
transformers, prediction of diseases were found effectively. These transformers aids in deliv-
ering great accuracy and are efficient in terms of prediction of diseases. Since transformers
possess different advantages such as increased capacity of the model, which allows to capture
the complex relationships in sequential data, its ability to process the sequences in parallel,
which makes it efficient and faster than conventional models. However, despite having several
advantages, there have been limited studies in terms of using it prediction of diseases. Further,
different applications like cancer prediction, drug discovery are mentioned in the present
study. In addition, it has been observed that, incorporation of transformers in DL algorithms
were implemented more from the year 2021, still there are few complications which needs to
be overcome for prediction of diseases. Therefore, DL using transformers along with gene da-
tasets will be helps in predicting the diseases. Additionally, this study would aids the research-
ers for their innovations in this area for enhancing the effectiveness and efficiency in prediction
of disease.
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