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SUMMARY

Context: Bioinformatics is a combination of different fields including computer science, biology, infor-
mation technology and statistics which is used to analyze and interpret the biological data. It is used to
design and discover novel drugs through biological data analysis and potential target identification.
With increasing drug resistance among bacterial species, there is a need to develop new drugs. Aims:
However, the drug discovery procedure is laborious, expensive and time-consuming. The new drug
identification consists of various steps including target identification, target protein structure analysis,
potential drug candidate identification, detecting the safety and efficacy of drug, optimizing them and
finally validating the drug. Bioinformatics has a vital role in all these steps. Bioinformatics has emerged
as a powerful tool in the field of drug design and discovery, enabling the rapid identification of potential
drug targets, optimization of lead compounds, and prediction of drug interactions. For instance, anal-
ysis of protein sequences and genetic data enables target identification. Methods: Once the target pro-
tein is recognized, its structure can be investigated using bioinformatics tools. Identification of potential
ligand binding sites allows for screening of compound databases to find drug candidates. A review of
the relevant literature highlights that the identification of potential ligand binding sites allows for
screening of compound databases to find drug candidates. Simulations of target protein and biomole-
cule interactions aid in predicting drug safety and efficacy. Results: Bioinformatics is utilized for drug
optimization to improve safety and efficacy. Recently pharmacophore and molecular docking process
are used for screening of thousands of candidate molecules to a few promising leads. In this paper, drug
design and discovery has been done with the use of bioinformatics tool in the field of network pharma-
cology. This paper reviews the application of bioinformatics tools within the field of network pharma-
cology, focusing on methodologies for drug design and discovery. It aims to clarify existing approaches
and propose future directions in the context of drug development, rather than suggesting that original
drug design and discovery work has been conducted by the authors.

Keywords: bioinformatics; target protein; ligand binding site; biomolecule interaction; pharmacophore;
docking; pharmacology.

RESUMEN

Disefio y descubrimiento de farmacos con herramientas bioinformaticas
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Contexto: La bioinformatica es una combinacidn de diferentes campos, como la informatica, la biologia,
las tecnologias de la informacién y la estadistica, que se utiliza para analizar e interpretar datos biold-
gicos. Se utiliza para disenar y descubrir nuevos farmacos mediante el analisis de datos bioldgicos y la
identificacion de posibles dianas. Debido al aumento de la resistencia a los fdrmacos en las especies
bacterianas, surge la necesidad de desarrollar nuevos farmacos. Objetivos: Sin embargo, el proceso de
descubrimiento de farmacos es laborioso, costoso y requiere mucho tiempo. La identificaciéon de nuevos
farmacos consta de varios pasos: la identificacion de la diana, el andlisis de la estructura de la proteina
diana, la identificacion de posibles candidatos a farmacos, la deteccién de la seguridad y la eficacia de
los farmacos, su optimizacion y, finalmente, la validacion del farmaco. La bioinformatica desempefia
un papel fundamental en todos estos pasos. La bioinformatica se ha convertido en una herramienta
poderosa en el campo del disefio y descubrimiento de farmacos, permitiendo la rapida identificacion de
posibles dianas farmacoldgicas, la optimizacién de compuestos clave y la prediccion de interacciones
farmacologicas. Por ejemplo, el andlisis de secuencias de proteinas y datos genéticos permite la identi-
ficacion de la diana. Métodos: Una vez reconocida la proteina diana, se puede investigar su estructura
mediante herramientas bioinformaticas. La identificacién de posibles sitios de union de ligandos per-
mite el cribado de bases de datos de compuestos para encontrar farmacos candidatos. Una revision de
la literatura relevante destaca que la identificacion de posibles sitios de unién de ligandos permite el
cribado de bases de datos de compuestos para encontrar farmacos candidatos. Las simulaciones de pro-
teinas diana e interacciones biomoleculares ayudan a predecir la seguridad y eficacia de los farmacos.
Resultados: La bioinformatica se utiliza para la optimizacion de farmacos con el fin de mejorar la segu-
ridad y eficacia. Recientemente, el farmacoforo y el proceso de acoplamiento molecular se han utilizado
para el cribado de miles de moléculas candidatas hasta encontrar unas pocas lineas prometedoras. En
este articulo, se ha realizado el disefio y descubrimiento de farmacos mediante herramientas bioinfor-
maticas en el campo de la farmacologia de redes. Este articulo revisa la aplicacion de herramientas bio-
informaticas en el campo de la farmacologia de redes, centrandose en las metodologias para el disefio y
descubrimiento de farmacos. Su objetivo es aclarar los enfoques existentes y proponer futuras direccio-
nes en el contexto del desarrollo de fdrmacos, en lugar de sugerir que el trabajo original de disefio y
descubrimiento de farmacos haya sido realizado por los autores.

Palabras clave: bioinformatica; proteinas diana; sitio de unién de ligando; interacciéon biomolecular;
farmacoéforo; acoplamiento; farmacologia.

RESUMO
Projeto e descoberta de farmacos com ferramentas de bioinformatica

Contexto: A bioinformatica é uma combinacdo de diferentes areas, incluindo ciéncia da computacao,
biologia, tecnologia da informacio e estatistica, utilizada para analisar e interpretar dados biolégicos. E
utilizada para projetar e descobrir novos fdrmacos por meio da andlise de dados bioldgicos e da identi-
ficacdo de potenciais alvos. Com o aumento da resisténcia a faArmacos entre espécies bacterianas, surge
a necessidade de desenvolver novos farmacos. Objetivos: No entanto, o procedimento de descoberta
de farmacos € trabalhoso, caro e demorado. A identificagdo de novos farmacos consiste em varias etapas,
incluindo a identificacdo do alvo, a andlise da estrutura da proteina alvo, a identificagao de potenciais
candidatos a farmacos, a detecgdo da seguranca e eficacia dos farmacos, a otimiza¢do dos mesmos e,
finalmente, a validacdo do farmaco. A bioinformatica desempenha um papel vital em todas essas etapas.
A bioinformatica emergiu como uma ferramenta poderosa no campo do projeto e descoberta de farma-
cos, permitindo a rapida identificagdo de potenciais alvos, a otimizagao de compostos lideres e a previ-
sao de interagdes medicamentosas. Por exemplo, a analise de sequéncias de proteinas e dados genéticos
permite a identificagao do alvo. Métodos: Uma vez reconhecida a proteina alvo, sua estrutura pode ser
investigada utilizando ferramentas de bioinformatica. A identificagao de potenciais sitios de ligacao de
ligantes permite a triagem de bancos de dados de compostos para encontrar candidatos a farmacos.
Uma revisao da literatura relevante destaca que a identificacdo de potenciais sitios de ligagao de ligantes
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permite a triagem de bancos de dados de compostos para encontrar candidatos a farmacos. Simulagoes
de interacdes entre proteinas-alvo e biomoléculas auxiliam na previsdo da seguranga e eficacia de far-
macos. Resultados: A bioinformatica é utilizada na otimizac¢ao de farmacos para melhorar a seguranga
e a eficacia. Recentemente, o farmacéforo e o processo de docking molecular tém sido utilizados para a
triagem de milhares de moléculas candidatas a algumas pistas promissoras. Neste artigo, o projeto e a
descoberta de farmacos foram realizados com o uso de ferramentas de bioinformatica na area de farma-
cologia de redes. Este artigo analisa a aplicacao de ferramentas de bioinformatica na area de farmacolo-
gia de redes, com foco em metodologias para projeto e descoberta de farmacos. O objetivo é esclarecer
as abordagens existentes e propor dire¢des futuras no contexto do desenvolvimento de farmacos, em
vez de sugerir que o trabalho original de projeto e descoberta de farmacos foi conduzido pelos autores.

Palavras-chave: bioinformatica; proteina-alvo; sitio de ligacao de ligantes; interacdo com biomoléculas;
farmacéforo; docking; farmacologia.

1. INTRODUCTION

Bioinformatics is defined as the process of computational technique to evaluate the data re-
lated to the biomolecule. It is the technique of storing, fetching, organizing and evaluating as
well as interpreting and usage of information from sequences and biomolecules [1]. The three
main reason for incorporating Bioinformatics tools are as follows [2], 1) It organizes data in the
form that the researchers can fetch information and submit the new data entries they pro-
duced. The protein data bank is the best example for storing 3D macromolecular structures. 2)
It develops resources as well as tools which helps in evaluating the data. The selected protein
is sequenced and analyzed with the existing sequences. Example such as FASTA and PSI
BLAST programs [3] will analyze the resemblance of biological data. It requires both the
knowledge of computational theory as well as biology. 3) Finally, it makes use of tools to eval-
uate the biological data and interpret the outcomes in a biologically significant manner. The
biological systems investigate an individual in broad view, and compare with the less that are
similar. In the tool of bioinformatics, the data analysis is performed globally with the existing
data and it signifies the features that are identical.

The two main principles underlying in the analysis of bioinformatics tools are as follows
[4], 1) Comparing and evaluating the data in specification with the biological similarities. 2)
Analyzing single mode of data to interpret and evaluation for another set of data.

Margaret Dayhoff referred to the “mother as well as father of bioinformatics” pioneered
the bioinformatics application in the biochemistry field. She created a new software “COSMO-
PROTEIN” working associated with Robert. S. Ledley. They analyzed the biological problems
through computational methodology. In the application, the input as well as output data are
the sequences of amino acid and is represented by three letter abbreviation. For example, Ly-
sine-Lys, and Serine-Ser. Dayhoff simplified the methodology and transformed it to one-letter
code which is used today [5].

Thr-His-Glu-Cys [Peptide]

Thr-His-Glu-Cys Glu-Cys-Ala-Thr [Peptide]
Glu-Cys-Ala-Thr Lys-Thr-His [Peptide]
Lys-Thr-His —p- | Met-Ile-Lys [Peptide]

Met-Ile-His e e e e e ey
Met-Ile-Lys-Thr-His-Glu-Cys-Ala-Thr [Protein]

Figure 1. Example of COSMOPROTEIN input and output of protein sequences.
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In Figure 1, resembles the input and output data of the protein sequence of COSMOPROTEIN
software. The input is the Edman sequence of peptide and it is abbreviated by the three letter
words. The output is nothing but the consensus sequence of protein and it is also represented
by three letter words. The software referred to as “IBM 7090 — a complete computer applica-
tion” and it is constructed to demonstrate the primary structure of protein. It is evaluated by
the utilization of Edman peptide sequencing. It is coded in FORTRAN which is called as de
novo assembler of sequences.

Life scientists are not involving directly in accessing the bioinformatics tool and require
adequate skill in understanding the significance of bioinformatics to prevent misuse and in-
terpretation error in the outcome. This leads to significant increase of availability of user
friendly application such as Galaxy and the communities such as Bio Star and SEQ answers. It
also require skilled bio-informatician to operate this application. Hence, the university adopt
bioinformatics in their curriculum of biological science departments [6].

600 000 000
— GenBank ——WGS

500 000 000

1% Genbank release

400 000 000 (Dec. 1982)
606 sequences

300 000 000

15t WGS release
(April 2002)
172,768 sequences

200 000 000

Total amount of sequences

100 000 000

0
1982 1998 2001 2004 2006 2009 2012 2015 2017

Figure 2. Databases of NCBI Gen Bank, Whole Genome Shotgun (WGS) genome sequences correlate
with the time.

In the year 2008, Moore’s law became less accurate in determining the DNA sequencing. The
magnitude of the outcome falls rapidly in emerging technologies. Therefore, it resulted in the
drastic increase of sequences in the databases of GenBank as well as WGS-Whole-Genome
Shotgun. It has produced data beyond the level of Exabyte - 108. The computational resources
are needed for the proper storage and organization for their ease of access and usability [7].
Bioinformatics is the intertwined field that comprises of computer in the biology field. In the
Brown’s theory of hypothetical future, biology as well as bioinformatics are inter-related with
one another and commonly referred to as simply biology. There is no distinction of two fields.
The graph is the easiest method of explaining a complex system that comprises of collection
of objects and their associations. As the machine learning is succeeded in the bioinformatics
system, its outcome is represented by the Euclidean domain. Therefore for complex data anal-
ysis, graphical methodology is used to compress the graph in low-dimension which occupies
less space preserving node properties and topology.
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Figure 3. Graphical embedded and neural methods comparative analysis.
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There are two major classification in the graphical methodologies of bioinformatics pro-
cess. They are listed as follows, 1) Graphical Embedding Methods (GEM), 2) Graphical Neural
Networks (GNN)

The graphical embedding aims to observe low-dimensional significance of nodes that pre-
serve graphical topology. GNN not only observes the embedding but also completes the work
on graphs at the end process. These techniques are widely used for analysis in bioinformatics
tool. Figure 3 represents the comparison of graphical embedding methods and neural net-
works which had its significance in the field of bioinformatics. The GEM produce node repre-
sentation which can be linked together with the machine learning methodologies to operate
downstream task. GNN combines the topology as well as attributes to work on end to end
tasks [8].

The development of physiology, molecular biology and other fields leads to the awareness
of biomolecule process and their role in performing biochemical activities [9]. The modelling
and evaluating of the biological graphs to resolve the issues of complication can be classified
into three phases. They are, 1) Bipartite graph [10] and it is significant in the drug indication
process such as drug-target association graph [11]. 2) Multi relational graph [12] and it is sig-
nificant for analyzing drug discovery and its remedies. It focusses on the drug-disease, drug-
gene, and drug-drug associations. 3) Biomedical graph also referred to as knowledge graph
[13] and it is used in the database of PharmGKB, Gene Ontology and DrugBank for treatment
of diseases [14].

1.1. Drug Discovery On The Basis Of Computational Tools
In traditional method, drug design and discovery is tedious as well as time consuming tech-
nique and also an expensive process. It will take an average of ten to fifteen years for the drug
to reach market. It leads to the generation of CADD (Computer Aided Drug Design) systems
which are ligand-based, structure-based as well as system based. The process is carried out in
five stages [15].
Stage 1. Identification of target. It reveals the target protein which identify the diseases at
the first stage of process.
Stage 2. At the second stage, the screening of identical compound that inhibits the target
protein. These compounds are segregated.
Stage 3. At the third stage, the transformation of identical compounds to lead compound
will take place. The optimization of the lead compound used for the treatment of disease
will be identified.
Stage 4. Next, the evaluation of pharmacokinetic properties of the optimized drug com-
pound. It will provide the complete information regarding the drug and target association.
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Stage 5. Finally, the adverse effects of the drug can be determined by the process of AD-
MET - Adsorption, Distribution, Metabolism, Excretion and Toxicity. This process is car-
ried out in the initial stage of drug development to increase the success rate as well as
minimization of time consuming process.

Target Hit Lead Pre-clinical Clinical
Discovery Identification Optimization trials trials
Identify Screen for Hit Hit-to-Lead Evaluate Evaluate
disease compounds to conversion pharmaco- safety, dosage,
modulating inhibit target and lead kinetic efficacy and
target protein protein optimization properties adverse effects

Ligand-based + QSAR modeling

» Computational chemistry
+ Chemical space

+ Cheminformatics

* Molecular profiling

‘ Structure-based

l

‘ Systems-based |

* Molecular modeling

+ Protein structure prediction
* Molecular docking

+ Molecular dynamics

—

» Network pharmacology
+ Proteochemometric modeling
» Pathway analysis

!

Figure 4. Drug discover methodology through computational tools.

Figure 4 demonstrates the complete drug discovery process, which is categorized into five
critical stages namely the Target Discovery, Hit Identification, Lead Optimization, Pre-clinical
Trials, and Clinical Trials. In the initial stage, Target Discovery used to recognize the disease
moderating target proteins that is utilized in numerous diseases. The next phase, Lead Opti-
mization, is utilized in converting identified hits into lead compounds by rigorous refinement
to enrich their pharmacological properties. The Pre-clinical Trials, where the pharmacokinetic
properties of optimized leads are estimated, evaluating their ADME (absorption, distribution,
metabolism and excretion) features. Finally, Clinical Trials are conducted to evaluate the
safety, dosage, efficacy and adverse effects of the drug in humans. Additionally, there are three
approaches namely Ligand-based methods, which used the techniques such as QSAR (Quan-
titative Structure-Activity Relationship) modeling and molecular profiling, Structure-based
methods, which mainly involves the molecular modeling and Systems-based approaches that
incorporate network pharmacology and which is used to understand the biological associa-
tions of drug candidates. This structured framework guarantees a systematic transition from
identifying targets to the development of secure and efficient pharmaceuticals.

The implementation of CADD in the system at the stage of target identification through
experiments in wet-lab and followed by HTS-high throughput screening [16]. Due to huge
requirement of resources with the extensive cost leads to the generation of molecular docking
process [17]. It makes use of known target screened against the virtual library. This process is
a highly efficient one but it requires crystal structure of the compounds. If the crystal structure
is not available, de novo prediction technique will be used for screening process. It will deter-
mine the compound with the high degree of binding affinity (Figure 4).
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The huge number of bioactivity sets will be analyzed by QSAR- Quantitative Structure
Activity Relationship [18]. It predicts the activity of compounds through their structures.
Those predictions are used in the process of target identification, ADMET-Adsorption and
Metabolism prediction and drug repurposing process. In the available computational tools, it
is important to focus on the quality of data rather than the quantity. Many analysis has been
performed to illustrate the quality of data but the outcome is the prediction of the compounds
which provide false positive result during analysis [19]. Therefore, proper workflows as well
as pipelines are needed for ensuring the computational research to be more accurate.

Due to high level of data sets, the utilization of shared as well as public in the form of
cloud or HPC-High performance Computing infrastructure of computational tool is required
[20]. It added next level of complexity for the reproducibility of computational analysis. To
obtain the portability between the systems, tools such as virtual machines and also virtual
containers are utilized. High level of automation can be obtained through connection of con-
tainers with the virtual machines. It facilitates highly reliable as well as replicable services such
as deploying models acts as a services compared to networks.

1.2. Problem Statement

In drug design and discovery, merging bioinformatics tools offers a hopeful strategy to speed
up the finding of new drug targets, improving lead compounds, and forecasting drug interac-
tions. Nevertheless, even with the progress made in bioinformatics, there are still obstacles
and deficiencies that must be resolved in order to improve the efficiency and effectiveness of
drug discovery processes. The complexity of biological systems makes it difficult to accurately
model drug interactions and predict drug effectiveness. Bioinformatics tools must consider the
intricacy of biological processes in order to enhance the precision of drug design and discov-
ery. The wealth of data from genomics, proteomics, and other omics areas requires reliable
tools for data integration and analysis to uncover valuable insights for drug discovery.

Bioinformatics tools need to efficiently manage and analyze various data sets in order to
support well-informed decision-making. The designing of new drugs involves the develop-
ment of innovative medication that communicates with the target. It comprises of proteomics,
genomics and bioinformatics process resulted in the discovery of novel drugs through mech-
anism of action. The drug discovery process is crucial step and it is a time consuming process.
It depends on several factor such as detection of drug targets, 3-D structure of protein and
computational power in bioinformatics tool to detect protein and drug interactions. In modern
world, the innovation in technologies has provide the pathway for drug designing process to
be simpler in the pharmaceutical industry.

Forecasting drug-target interactions is essential in order to discover possible drug candi-
dates with accuracy. Bioinformatics tools must improve their predictive abilities to simplify
the lead optimization and drug development process. Integration of multiple omics data poses
a considerable challenge when attempting to gain a thorough understanding of disease mech-
anisms and drug responses. Bioinformatics tools must create strong methods for combining
and examining multi-omics data to support precision medicine efforts in drug discovery.
Thus, the current study targets to improve drug development processes by using bioinformat-
ics tools to tackle existing challenges and gaps in the field of drug design and discovery.

The significance of this research lies in its potential to revolutionize the drug discovery
process by providing a more efficient and effective approach to identifying new drug targets,
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optimizing lead compounds, and predicting drug interactions. By addressing the existing chal-
lenges and gaps in the field, this study hopes to contribute to the development of innovative
and effective drugs that can improve patient outcomes and enhance the overall quality of life.

1.3. Research Objectives

The main aim of the study is to investigate the process of drug designing and discovery with
the support of bioinformatics tool

The study has been instigated with the following objectives such as, 1) Analyze the challenges
faced in the designing process of novel drug compounds. 2) Discussion on the existing tech-
nologies to overcome the challenges in drug discovery process. 3) Proposing the framework
to avail the production of new drug compounds in the bioinformatics tool

1.4. Paper Organization

The paper is organized in the following manner in which Section 1 provides the brief intro-
duction about the bioinformatics tool and the process involved in the drug discovery. The
existing research works associated to the present study is presented in Section 2. Various pro-
cess involved in the drug designing and its discovery is elucidated in Section 3. Finally, in
Section 4, the paper is concluded with the suggestion to overcome the challenges faced by the
pharmaceutical industry in the drug designing process.

2. LITERATURE REVIEW

The below section enumerates the review of different existing studies, stating the various bio-
informatics tools in the analysis of drug design and development in the field of pharmacology.

In the early nineties, efforts are put on to construct the software which will evaluate the
aspects in the process of drug discovery such as protein-ligand interactions, QSAR — Quanti-
tative Structure Activity Relationship models, pharmacophore and molecular dynamics. The
existing study analyses the various computational tools involved in the process of drug dis-
covery [21]. CADD method is used for target identification, which is developed from single
thread to multiple threads to maximize the computational power. Due to the complexity of
analyzing large volume of data, the HPC — High Performance Computing infrastructure is
used for the designing purposes. It not only analyses large number of data but also requires
only less computing time. HPC helped at the time of pandemic situation in finding the solution
to the infectious diseases. It makes use of diverse field such as grid and cloud computing.
Cloud computing is considered to be more efficient and cost effective for providing solutions
to access quickly and perform research with lower economic resources. Virtual Screening (VS)
also gain its importance in the screening of large data sets and extracting smaller datasets. It is
a more efficient technique. Machine learning techniques in the VS, leads to the capability of
designing new molecules. Deep learning (DL) is also achieving impressive outcomes. Due to
inexpensive and short time duration, ML and DL proved to be more efficient when working
in cloud or clusters. Web server supports the researchers to perform experiments using data-
base and software more economically.

The generation of new drug requires several number of compounds to be produced and
it is time consuming process. It also needed biological evaluations. Therefore, the pharmaceu-
tical industry implemented CADD for drug designing purposes. QSAR is a popular method
used in CADD, which can be used for virtual screening of lead drugs and its optimization. It
analyses large quantity of compounds, minimizing the time duration and labor cost for the
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synthesis of chemical. It improves the efficiency of drug discovery. To cope up the requirement
of researchers to handle the technology, several QSAR associated servers such as web-4D-
QSAR as well as DPubChem have been established. QSAR modeling cannot be performed
appropriately in the existing servers. Hence, the existing study generated a new model of
Cloud 3D QSAR [22]. It combines the tasks of generation of molecular structures, configura-
tion and MIF-Molecular Interaction Field analysis and outcome will be evaluated to provide a
solution in one step. Since non-expert user find difficult in using QSAR for the drug designing
process. This gives the motivation to construct the model as it automates all the existing pro-
cess and generates prediction function. It facilitates the generation of appropriate QSAR model
in the drug designing process.

The development and discovery of the drug requires the combination of various scientific
as well as technological fields such as biology, chemistry and information technology. The
existing study demonstrate the utilization of various technologies in the drug designing pro-
cess. CADD techniques is used with numerous work process [23]. VS is one of the most fre-
quent methods of CADD and is used in the drug designing process. It processes the initial
stage of drug development. Several requirements of VS can meet up with the improvement of
cloud based platforms. Those platforms support the researchers with the applications to make
and monitor the process of drug discovery and their development pipeline. It enhances the
performance of VS and helps to detect the commercially available drugs and compounds for
testing purposes. The process will be classified into various stages such as constructing the
chemical data sets, analyzing the libraries and the ligand-based or structure-based can be con-
ducted in the cloud technologies. These type of platforms are best at its utilization in the phar-
maceutical industry and R&D process in the generation of re-purposing of drugs with several
computational options.

The Big data is defined as a large volume of data comprising both unstructured as well as
structured huge data to be resolved by the conventional application software. The outburst of
data is due to three main reasons. There are several progressive information collected from
wide applications such as mobile sensors, social media and other associated devices. Availa-
bility of storage space at the cheaper prices and acquisition of knowledge strategies have been
developed with the effective retrieval process. Due to drastic increasing of data in the bioin-
formatics, there is a demand in the data storage for the vast information. The conventional
study suggests that the cloud computing will resolve the problem of big data issue in bioin-
formatics and other challenges in the bioinformatics sector [24]. It is a cost effective technique
to develop and collect the large quantity of data with the support from parallel processing
tools. The framework so called “Hadoop parallel” programming is frequently used. This pave
the way to incorporation of the economical Bioinformatics clouds for the Big data [25]. The
existing paper suggest the perspective of cloud computing services in supplementation with
the Bioinformatics tools. Fog server will compare the trust values of various cloud providers.
For future improvements, efforts are being made to build an effective cloud data storage sys-
tem to ensure security in the bioinformatics system so that various pharmaceutical industries
are benefited by this methodology.

Structure oriented design as well as computational chemistry has accelerated the process
of drug discovery. It does not act as driving force of the discovery of small molecule. The ex-
isting study suggests the improvement of computational tool in the drug discovery process
from the last decades [26]. The development of technology in the accurate prediction of drug
from the initial process of potency to final stage of dissolving characteristics. Next, in terms of
enhancement in the artificial intelligence as well as deep learning methods and finally sudden
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increase of computational tool with the emergence of GPU and also cloud computing. It leads
to the capability to identify and predict accurately the chemical compound similar to drugs in
silico. Due to the generation of cryogenic electron microscopy as well as prediction of protein
structure through the computational tool in the field of structural biology, leads to the access
of several three dimensional structures of the de novo complexes of drug and receptors. The
continual advancement in the sector of computational chemistry structural biology and also
machine learning with the accelerated computational power leads to the safe, novel and effec-
tive medicine generation for the patients.

The traditional research has attempted to explore the recent applications of computational
drug discovery methods specifically, virtual screening (VS) [27]. It employs deep learning and
machine learning approaches to forecast drug-target communication for detecting new drugs.
The research has been described the main elements of VS techniques incorporating compound
and protein descriptors/features, libraries and toolkits for VS. Further, bioactivity databases
and gold standard datasets are also used for benchmarking and training. The results have been
detected that deep learning approaches especially DNN have expressed higher performance
in forecasting drug-target interactions related to other techniques. DNNs are perfect fit for
investigating the association among compounds and targets. DL is applied to other drug-dis-
covery based tasks like aqueous solubility prediction, therapeutic effect prediction and com-
pound toxicity prediction. Finally, it has been detected that DL has significant potential to
develop the field of computational drug discovery.

The conventional study has aimed to offer a summary of how bioinformatics tools can
speed up the process of identifying drug targets, analyzing and adjusting drug candidates,
and categorizing potential side effects and drug resistance during drug discovery [28]. It has
investigated the present scenario of utilizing bioinformatics in the field of drug design and
discovery. They investigated how different high-throughput data types such as genomics, ep-
igenetics, transcriptomics, proteomics, etc. can be utilized for drug repurposing and mecha-
nism-based drug development. The research also examined how improvements in modeling
protein and RNA structures, databases of small molecules, and computational methods such
as protein-ligand docking and virtual screening are facilitating the process of drug discovery
through computer simulations.

Further, the outcomes have been identified that bioinformatics tools play a key role in
speeding up drug discovery via facilitating target identification, lead optimization, and pre-
dicting side effects. Data from multiple omic disciplines offers valuable data for identifying
novel drug targets and reusing current medications. Additionally, the outcomes have been
detected that, progress in predicting protein structures and utilizing small molecule databases,
along with methods like docking and virtual screening, are improving the efficacy of virtual
screening for potential drug candidates. Nevertheless, existing computational techniques still
have constraints and need cycles of designing, producing, and examining to identify the best
drug compounds.

Deep learning has its advantages of image classification and speech recognition over ma-
chine learning. As the DL theory focused on the Euclidean data and had its better outcomes.
The existing study concentrates on the non-Euclidean data such as graphical representation of
data [29]. More researchers are performed in processing the graphical data to determine com-
plex relationship among objects. GEM can be performed for mapping the graphical data to
simple depictions. Although, this method loses topological characteristics in the initial stage
thereby affecting the final outcomes. GNN a sub division of DL in non-Euclidean data perform
well in various operation which process data in graphical form. GNN plays a vital role in the
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field of bioinformatics. GNN are classified into three main models such as classification of
nodes, link identification and generation of graphs. It has its wide application in the process
of identification of diseases, drug discovery and finally biomedical imaging. GNN has attained
excellent outcomes in many biological process yet still faces issues regarding poor quality of
data processing, procedure and interpretability. Despite of many challenges, GNN proves to
be highly efficient in solving numerous problems in the research of bioinformatics.

Deep neural network is the general and successful methodology of machine learning pro-
cess. Graph comprises of edges and nodes. Entities is represented by the nodes and interaction
as well as relationship among entities is represented by the edges. The essential part of the
graph is edges. GCN - graph convolutional networks and GAT- graph attention networks are
some of the neural models which make use of utilized features of edges. It also includes edges
of multi dimension. The proposed framework in the conventional study comprises of both the
models of neural network such as GCN as well as GAT [30]. This proposed framework has the
following innovative criteria such as 1. It use particularly stochastic graph edge as an alterna-
tive to the generally used normalization methodology in GNN. 2. It builds new formulas for
the process in each layer to handle the edge of multi-dimensional characteristics. 3. In the lay-
ers of network, there is adaptability of edge features. 4. It encode the directions in multi-di-
mensional features of edges. The outcome will be the exploitation of the sources of information
regarding the graph edges. The new model can be applied to the classification of graphical
nodes and whole graphs and finally regression on datasets. The proposed model provide en-
hanced performance when comparing with the traditional model to exploit the edge features
in GNN. It eradicates the limitation of GAT as it handle only one binary edge and also GCN
which can capable to handle one dimensional edge. The model is effective in learning directed
graphs.

3. DESIGNING AND DEVELOPMENT OF DRUGS

3.1. Graphical representation of learning in the field of pharmaceuticals

In the modern pharmaceutical sector, finding and creating new medications is a difficult and
intricate procedure. The procedure requires substantial financial commitments, repetitive
stages, and considerable chances of not succeeding. In order to tackle these obstacles, scientists
have resorted to using visual representation as an effective method to speed up the process of
finding and repurposing drugs. Using visual aids like graphs, charts, and diagrams is a way
to represent complicated data clearly and succinctly. Graphical representation can be utilized
in pharmaceutical research to merge chemical information of compounds with their interac-
tions with targets. This enables researchers to visualize the connections between various com-
pounds and their possible therapeutic benefits. Using visuals in pharmaceutical research has
multiple advantages. First and foremost, it allows scientists to rapidly pinpoint patterns and
trends in vast datasets, which can speed up the process of finding new drugs. Additionally, it
enables to observe how compounds interact with targets, aiding in the detection of possible
side effects and improving the development of new drugs.

Graphical representation can be utilized not only to speed up drug discovery and reposi-
tioning, but also to evaluate side effects of current drugs. By visualizing how different com-
pounds are related and their possible side effects, it can pinpoint potential dangers and en-
hance the development of new drugs to reduce these risks. In general, the utilization of visual
aids in pharmaceutical research could greatly transform the process of finding and creating
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new medications. The use of visual aids in representing intricate data can speed up the iden-
tification of new medications, improve the development of new drugs, and reduce the dangers
linked to adverse reactions [31].

3.1.1. Prediction of drug-target interaction

The connection between medications and targets is a vital element of the process of discover-
ing and developing drugs. Scientists have come up with a new method to forecast these inter-
actions by using tripartite graphs that illustrate the connections between drugs, targets, and
diseases [32]. This method entails examining the correlations among drug-target connections
and drug-protein pairs by utilizing Graph Convolutional Networks (GCN) to outline the char-
acteristics of drug and protein pairs [33].

The GCN method is employed for assessing the relationship between drugs and targets,
utilizing end-to-end learning approach to forecast the binding affinity of drugs and targets
[34]. This method uses visual nodes to study drugs and targets, assessing the resemblances
between target-target, drug—-drug, and drug-target pairs [35]. Graph DTA is a new approach
that represents drugs graphically and utilizes GNN to assess the binding affinity between
drugs and targets. This method utilizes graph neural networks to understand the intricate
connections between drugs and targets, allowing for the anticipation of drug-target interac-
tions [36].

Tripartite graphs and graph neural networks can aid in making precise forecasts about
the relationships between drugs and targets. It can enhance the identification of new drugs
and the improvement of current ones. This method could completely transform drug discov-
ery by allowing the creation of better and more precise treatments for different illnesses.

3.1.2. Prediction of drug—disease association

The identification of novel applications for current drugs, known as drug repositioning, has
become a more significant approach in the field of drug development. Successful drug reposi-
tioning relies on precise identification of drug-disease associations [37]. Graphical techniques
have become a strong tool for recognizing these connections.
Methods like Deepwalk, SDNE, LINE, and HOPE are employed for the purpose of depicting
drugs and diseases in a graph by using graph embedding techniques. The graph that is pro-
duced assists in grasping the complex relationships between diseases and drugs, aiding in
understanding their embedding. Heterogeneous graphs are built to depict similarities be-
tween pairs of drugs and diseases [38].

Graph Convolutional Networks (GCNs) are used to understand the characteristics of dis-
eases and drugs, enabling the discovery of potential connections between them. The GCN
layer considers the graph's structural information, enabling better detection of drug-disease
connections [39]. Through the use of graph embedding and GCNs, scientists are able to quickly
discover fresh uses for current medications, speeding up the process of drug repositioning
[40]. This method could greatly lessen the time and expenses linked to conventional drug dis-
covery techniques, ultimately resulting in the creation of better treatments for different dis-
eases [41].

3.1.3. Prediction of drug—drug interaction

Identifying drug-drug associations is crucial in preventing harm and minimizing costs by
avoiding potential adverse effects caused by the interaction of different medications [42]. By
utilizing a knowledge graph approach, data is extracted from databases such as Drugbank,
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KEGG, and PharmGKB to improve the comprehension of drug interactions and possible neg-
ative effects [43]. Precise forecasting of drug interactions helps to prevent negative reactions
and also supports the creation of novel medications for treating different illnesses [44].

Visualization of learning acts as a connection between biomedical information and ad-
vanced machine learning methods, enabling investigation from molecular level interactions to
healthcare systems [45].

This method is crucial in the field of bioinformatics as it provides understanding of intri-
cate connections in biological systems. The main types of Graph Embedding Models (GEM) -
homogeneous and heterogeneous - facilitate network embedding to enhance understanding
of drug interactions and disease mechanisms [46]. The use of visual learning tools extends to
molecules, pharmaceuticals, genomics, and healthcare systems, providing a detailed under-
standing of intricate biological processes [47]. The existence of open resource platforms and
libraries for graph representation learning boosts its usefulness, encouraging progress in this
field and supporting creativity in biomedical research. This comprehensive method not only
boosts our comprehension of drug interactions but also drives biomedical research towards
better treatments and healthcare results [48].

3.2. Concept of digital twin

A digital twin is referred to a virtual demonstration of an object or else the system that spans
its lifecycle. It is upgraded from real time data. It uses simulation, machine learning, deep
learning and reasoning to support decision making process [49]. It gains more interest for its
capability and impact in the fields of manufacturing, medicine and health cares. The concept
of DT has been established in the year 2002 for the presentation of PLM-Product Lifecycle
Management by Michael Grieves. The model has been referred to as “Grieves’ DT model” [50].
It comprises of three elements. They are, 1) Physical object in the real place, 2) Virtual object in
the virtual place, and 3) Link connecting the (a) data flow in the real space and virtual space,
(b) information flow from virtual and real space. It is considered to be the enabler for the data
transformation and allows the synchronization and convergence of both physical and virtual
systems [51]. Digital twins (DT) are intelligent systems but are not autonomous totally. Both
the DT and Al related application requires several human intervention regarding the valida-
tion of new characteristics and alteration of physical assets. It also exploited to provide detec-
tion and treatment of diseases [52]. In the medicinal field, the combination of both DT and Al
or DL will be more efficient and DL boost up the analyses, identification and suggestion of DT.
For this reason, the combination of DT and DL is incorporated in the various medicinal re-
searches and added its advantageous properties in the process of drug discovery [53]. DT is
varied from the CADD model in obtaining the simulations [54].

The digital and physical twins are equipped with the devices to provide a seamless con-
nection as well as progressive data exchange through physical communication or indirectly
by means of cloud computing. DT progressively receive twin data that describe twin status of
physical space and varied with respect to time and also its lifecycle. The environmental data
refers to the status of the environment. It continuously go back to its physical twin, to the
expert of the domain, and to the other DT for the optimization [49].

Three main types of communication process involved in the system are as follows [55], 1)
Interconnecting physical and virtual twin, 2) Interrelating DT and several DT in the environ-
ment, and 3) Among the DT and expert domain which will interact and work with the DT
through the interfaces.
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It has the capability to handle high-dimensional data and includes efficient decoding and
analysis process for the high dimensional data. It comprises of data fusion process for combin-
ing the several data sources and generate accurate, consistent and useful information com-
pared to individual data provided. DT technology comprises of progressive improvement in
Al which includes learning algorithms of either supervised or unsupervised [56]. It has high
predicting capability which obtain sensed data from the physical twin and environment.

The parameters of digital twin technology are described as follows, Digital twins combine
information from different sources such as electronic health records, wearable devices, and
imaging technologies to develop a complete virtual model of a drug, process, or system. Dig-
ital twin has the capacity to monitor the physical component in real-time, allowing researchers
to observe how a drug behaves in the body and forecast its effectiveness and safety. Simulation
and Digital twins have the ability to imitate how a drug acts in the body, predict its effective-
ness and safety, and enhance drug formulations and dosages before clinical trials. Digital
twins enable the development of individualized patient models, leading to customized treat-
ment and better patient results. Quality of data is crucial for accurate performance of digital
twins. Low-quality data may result in incorrect forecasts and modeling.

Digital twins have the potential to cut down the expenses and time linked with conven-
tional drug development methods through the use of in silico testing and simulation. Flexibil-
ity in digital twins enables modeling and simulation of diverse scenarios in biological systems
and processes. Digital twins require precise data and simulations to offer trustworthy forecasts
and understandings, making sure the virtual replica faithfully mirrors the real-world equiva-
lent.

DIGITAL SPACE
Digital Twins
Clinical decision support
Mechanism model
Personalized Clinical pathway
Medical research

Real time monitoring
Figure 5. Digital twin technology in the pharmaceutical field.

In the pharmaceutical field, the DT has its wide applications. It had its exploration with the
diverse technologies of big data, DL, IoT (Internet of Things). All the nation has spending bil-
lions of dollars in the Iot in the field of research in pharmaceutical industry [57]. DT is the only
solution for generating the precision drugs and requires integrating as well as processing huge
volume of data. IoT acts as a technical support for the data collection process through 2D
codes, cards and sensors [58]. It collect the real-time data and feedback the processed data and
controls the operation through IT (Information Technology). By integrating the DT of equip-
ment of the industry and auxiliary equipment will provide a new platform for the health care
management and services. By incorporating DT as well as big data processing, simulation can
be fetched with the help of high resolution systems of patients for the accurate determination
of target and their appropriate drugs. It also illustrate the proper treatment methods for the
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patients at the aim of attaining precision medical procedures. Thus, the implementation of DT
in the pharmaceutical industry, will pave the way of accurate designing of drugs with the
limited usage of medical resources [59]. As a field make new evolutions, a more understanding
of ability and limitations of DT has been vital for the developed incorporation in the pharma-
cological workflows.

3.3. Deep learning in the bioinformatics

DL has gain its exponential growth in the application of bioinformatics and became a promis-
ing power in determining the complex relationship of huge scale biomedical and biological
data [60]. Due to arise of several issues in the Machine Learning (ML) pave the way to emer-
gence of DL in the bioinformatics sector [61]. It is the time to develop the architecture of DL in
the scope of drug discovery in the bioinformatics tool [62].

ML is the main contributor of Al. The modernized ML technology lead to the emergence
of DL. It is founded of ANN - Artificial Neural Network. It has the capability of operating on
any nonlinear function with any level of accuracy. Though, it has solve the issues in the com-
putational task, it is termed as “black boxes” due to lack of interpretability. The performance
level also reduced when compared to other ML methods [63].

The improvements in the technology of ANN via DL leads to minimize the issues in the
computational task [64]. The complex information derived from the data of modern life has
been well handled by ANN compared to the other methods [65]. The computational power
has also increased with the reasonable cost and these devices are appropriate for ideal models
[66]. Optimized algorithm has proposed to the introduction of deep ANN for the ideal tech-
nique of analyzing big data [67].

The challenges faced by the bioinformatics in the drug discovery process are addressed as
follows, 1) The model interpretability is essential in the designing process and it support the
researcher to aware of the model that solve the biological problems. For Example, DNA-pro-
tein binding. 2) The accuracy of the computational model should be in the range of 98-99% and
it is much difficult to attain the high level of accuracy

The two major classification of ANN are convolution neural network (CNN) which pro-
cess imaging data and recurrent neural network (RNN) which process language data. Image
is highly approached by DL [68]. CNN are commonly used in the bioinformatics when com-
pared to RNN [69]. As CNN can easily detect local features and solving the basic issues such
as identification and sequencing of motifs.

Attention mechanism was first proposed to minimize the issues faced by RNN in the ap-
plication of bioinformatics [70]. It has capability to handle issues of bio sequence analysis [71],
such as RNA sequence evaluation and prediction, protein structure from the sequence of
amino acid and detection of EPI- Enhancer-Promoter Interactions [72]. EPI reveals the gene
expression thereby identifying the disease occurrences. Though experimental methods of de-
termining EPI is tedious process, time consuming and expensive. EPIVAN has been con-
structed to identify long-range EPI through DL methods as well as attention mechanism [73].

Reinforcement learning (RL) is the method of successive action to happen while providing
the present state of the partial solution to obtain the cumulative reward. The state will be
change as the action changes. It will become the guiding action of future paradigms. This type
of RL is executed in the DL process referred as Deep reinforcement learning [74]. It has the
advantageous of less computational complications and does not require external supervision
when compares with supervised approach and genetic algorithm [75].
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Numerous data are available in the field of bioinformatics. There exist a case of data scar-
city in the sector of biology and also biomedicine. There might be possibility of single data
availability in the categories. Standard DL algorithm cannot be used in such cases. Hence, pro-
posed few shot learning model for DL to handle such cases effectively [76]. As the name sug-
gest it make use of few number of data. If there is training of one data, then the process is
termed to be on-shot learning. In case of zero shot learning, there will be no sample [77]. This
type of process used in the prediction of protein function and process of drug discovery. Due
to availability of small biological data it is difficult to predict the novel drug compounds.
Therefore the use of few shot learning process in the limited data and accurately determine
the precise drug compounds.

The emergence of long short term memory model (LSTM) has attained its excellence in
various task and specifically sequential issues. RNN has the limitation of working in the long
term dependencies [78]. The LSTM is nothing but the extension of RNN. It can minimize the
problem of internal memory and gate networks. It is used in the field of language processing
in terms of classification of sentence and language modeling. It helps to construct more com-
plicated neural network for the problems of answering task and translational task [79].

The integration of LSTM and graphical CNN will enhance the learning process of reason-
able distance metrics when compared with the small molecules. The continuous refinement of
LSTM results in the generation of new related assays which is not similar to those assays in
the training collection sets [80]. GNN are effectively used in the conversion of small molecules
into vectorial representation [81]. The outcomes of the process shows stronger performance
when compared with other methodology such as CNN and random forest process. It has the
potential to transfer information among related but the unique learning task [82].

From the analysis of the above discussion, it gave the suggestion of the new framework
in the field of bioinformatics. The proposed framework involves the integration of DT with the
incorporation of LSTM related DL methods in the drug designing process. The model make
use of attention mechanism with the LSTM model. It has the advantageous properties of de-
termining the long distance correlation with the provided input sequences. DT helps in isolat-
ing the similarities of the compounds in the tool and with the support of DL will help in con-
structing the novel drug. The proposed model of DT-Att-LSTM-DL has been integrated with
LSTM for more effective than the conventional approach and has better prediction accuracy.
Moreover, the empirical evidence examinations has been included to compare the overall per-
formance of the DT-Att-LSTM-DL model with the conventional methodologies. The examina-
tion has been effectively provide the required information mainly to validate and enhance the
models efficiency. The LSTM will model the text accurately hence it pave the way to determine
the novel drugs in the bioinformatics tool.

4. DISCUSSION

The above review deliberates the incorporation of bioinformatics which considerably trans-
forms the drug design procedure by permitting more effective and operative identification of
drug targets, optimization of lead compounds and prediction of drug interactions. Bioinfor-
matics tools support to encounter the issue in conventional drug discovery by using the com-
putational methods for examining biological data, protein structures and ligand binding sites
utilizing the techniques namely molecular docking, QSAR modeling and virtual screening.
The above review highlights the role of advanced computational frameworks, comprising of
DL and GNN, to manage and understand complex biological information and predict drug
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target attractions, drug disease relations and drug-drug connections. The combination of DT
technology further complements bioinformatics, providing virtual models that simulate drug
behavior in real-time, aiding tailored medicine and exactness in the drug development. De-
spite these developments, the discussion recognizes prevailing issues namely data quality, bi-
ological system difficulty and model interpretability, which bioinformatics tools must address
to optimize drug discovery outcomes. The proposed integration of DT with attention-based
LSTM DL techniques replicates a promising approach to develop accuracy and effectiveness
in novel drug design, possibly streamlining pharmaceutical research with the reduction in the
time and cost.

5. CONCLUSION

The drug designing process is time-consuming and affluent in the pharmacological industry.
Scientists are in examination of novel drug compounds for disease treatment. The estimation
of diseases, operational drug treatment and identification of genetic codes gives an effective
approach for the generation of novel drugs. The above review focuses on bioinformatics tools
and expands on the current trends in the DL process. The digital twin also advances the sig-
nificance in the drug discovery process as it diminishes the issues faced by the pharmacologi-
cal industry. The proposed model establishes major efficiency by streamlining drug discovery,
enhancing predictive accuracy, using digital twins, enabling tailored medicine, elevating re-
sources, incorporating multi-omics information, permitting real-time information handling,
aiding collaboration among researchers, guaranteeing regulatory compliance and stimulating
sustainability in research practices. Future the proposed model is essential for the application
of applicable technologies in the bioinformatics field to save time and resources in the drug
discovery process.
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