Deep Learning Analysis and Detection of Functional Genomics in Druggable Human Genes across the Genome

1

13

[bookmark: _Hlk170464917][bookmark: _Hlk170464944][bookmark: _Hlk170464831]1st A.Manimaran
Department of ECE Karpaga Vinayaga 
College of Engineering and Technology Chengalpattu, Tami
Nadu, India. 



4th Fatima Hashim
Medical Laboratories Techniques Department
Al-Mustaqbal University
Hillah, Iraq
fatimahashim109@gmail.com 
2nd K S Balamurugan Professor
Department of ECE Karpaga Vinayaga
College of Engineering and Technology Chengalpattu, Tamil
Nadu, India. 
[bookmark: _Hlk170464877][bookmark: _Hlk170467245]

5th Hussein Ali Rasool
Department of Computer Science 
Altoosi University College 
Najaf, Iraq
hussein_al-luhiby@altoosi.edu.iq 
3rd Mohammed I. Hashim
Department of Computer Technical Engineering
College of Technical Engineering
The Islamic University
Najaf, Iraq
moh.mtech89@gmail.com


6th Dulfikar jawad hashim
Department of Computer Techniques Engineering 
Mazaya University College
DhiQar, Iraq;
dulfikarjawadhashim@mpu.edu.iq. 
ABSTRACT

The innovations in functional genomics have provided a pathway for the identification and prediction of potential druggable human genes that help in the innovation of drug discovery and development. This is obtained through hybrid optimization techniques that involve decision trees and random forest algorithms. This helps to identify the genome-wide druggable human genes using functional genomics data. This is achieved through multiple stages of its analysis. The first stage involves the collection of genomic and proteomic data with numerous disease classifications and tissue structures. The data quality and normalization are achieved through data preprocessing techniques through the integration of various parameters. The hybrid optimization process functions with the aid of a decision tree. These are the primary classifiers that help to determine the individual features within the datasets. This helps to obtain the fundamental selection of potential druggable gene candidates. This helps to provide both the numerical and categorical data. This is suitable for the multifaceted nature of functional genomics data structures. Then the random forest algorithm connects the strength of multiple decision trees to improve the predictive accuracy and overfitting process. Feature importance score is obtained from the random forest model that provides the functional information of the genes with disease mechanisms. The predictive capabilities of the proposed approach are achieved through a cross-validation process. Comparative analysis is done with the proposed system with the existing model through analyzing various performance matrices involving AUC-ROC curves. This helps to obtain the complex relationships between genomic features and druggability. The proposed model provides various innovations in the drug discovery process.
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Introduction 

Human genes are referred to as the fundamental units of hereditary and biological information that are encoded within the deoxyribonucleic acid (DNA) molecules. These molecules help in the formulation of the human genome. The human genome is a combination of approximately 20,000 to 25,000 genes [1]. The number of genes may vary from one individual to another. The functioning and growth of the human body are based on the combination of gene structures. They formulated the synthesis of protein. The proteins are the building blocks of the human body and help to perform various functions [2]. They help in the conversion of chemical proteins into structural compounds. 

Genes are the composition of specific sequences of nucleotide bases such as adenine (A), thymine (T), cytosine (C), and guanine (G). They are arranged in a unique format to perform diverse functions [3]. These sequences are often referred to as genetic codes which help in the determination of amino acid sequence structures. The expression of genes is influenced by various diverse factors such as environmental impacts, hormones and various developmental stages [4]. The classification of the gene is based on the functional properties.  The various classifications of genes are referred to as structural genes, regulatory genes and non-coding genes [5]. The functioning of structural genes involves protein synthesis, the control functions are monitored using the regulatory genes and the non-coding gene helps in regulating the gene expression with various cellular functions. Genes are inherited from one generation to the next generation through the process of reproduction [6]. The offspring inherit the amalgamation of genes from both the parent which leads to genetic diversity among the populations of similar communities. Another factor involves mutations which are the changes in the DNA sequence of the genes [7]. The genetic variations are caused due to various environmental factors and the natural selection process. 
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Fig 1: Human gene

Figure 1 demonstrates the structure of human genes. The human genes are the decisive factors in biology and medicine fields. The genes are the reason for the occurrence of various inherited genes [8]. This helps in understanding human evolution. The DNA sequencing and analysis of the genetic basis of individual traits helps in obtaining personalized medicine recommendations. Thus human genes are the heart of the body that resembles various parameters such as characters, traits, and various complexity among individuals [9]. The Genome-wide druggable human genes are defined as the particular genes present in the human genome that have a higher perspective and are targeted by drugs for various therapeutic resolutions. These genes encode proteins and various molecules for diverse cellular processes and pathways [10]. 

The identification and understanding of the druggable human genes is an important factor for drug discovery and its development process. This helps in the development of novel drugs for a wide range of medical circumstances. The genome-wide druggable human genes rely on various factors [11]. The essential cellular functions and the signaling pathways with structural components are the important parameters in the druggable human genes. Targeting the proteins with drugs helps in medications treat various diseases at their initial stages. Example of various druggable pathways involves kinases, G-protein-coupled receptors (GPCRs), ion channels, and numerous nuclear receptors [12]. The genes become druggable when combined with minute molecules, antibodies, and various RNA-dependent therapies. The pharmaceutical industry always relies on these technologies to integrate genes into various compounds. Another important aspect of genome-wide druggable human genes involves evaluation and preclinical study analysis [13]. In-depth validation and observation are necessary to convert the gene into a druggable compound. The validation of these targets is achieved through various experimental analyses. The various experimental techniques involve RNA interference and gene editing [14]. 

The identification of these druggable genes is possible through the advancement in genomics and high-throughput screening technologies. The potential drug candidates are identified based on the screening of chemical libraries against the particular targets [15]. Druggable genes are associated with particular diseases. These druggable genes also serve as biomarkers for various disease diagnoses and prognoses. Due to the development of advanced technologies, there are various challenges associated with drug development. The important factors such as drug resistance and toxicity must be keenly addressed during the drug development process [16]. Another field of biology includes bioinformatics which helps in the identification of potential druggable genes with small intervals of time. Numerous computational approaches play a substantial importance in forecasting and arranging the druggable targets. The advancement in the field of druggable human genes is achieved through artificial intelligence [17]. Artificial intelligence is the replica of human intelligence which is performed through the aid of machines with optimization algorithms. 
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Fig 2: Role of Artificial Intelligence

Figure 2 demonstrates the role of artificial intelligence. The integration of artificial intelligence and genomics plays a vital role in the field of the pharmaceutical industry. The genetic information and gene expression are keenly understood and observed from large amounts of data through the aid of machine learning and deep learning algorithms [18]. These algorithms help to identify the hidden patterns and the interrelationships and tend to overcome the challenges in the existing system. Artificial intelligence has the capacity to discover and analyze the drug discovery and development process [19]. These techniques help in identifying the effective druggable human genes more accurately and help the researchers and pharmacists to save computational time and cost parameters. They are highly important for diseases with rare conditions or various genetic disorders. The optimization algorithm have the capacity to understand the molecular mechanism of diseases. 

Existing system                         

The existing system is implemented through a machine-learning algorithm with single optimization techniques which results in various challenges and complications. These constraints are listed below:

TABLE I: Drawbacks of the existing system

	Parameters
	Case studies

	Data Quality and Quantity
	In a case study to forecast drug-gene interactions, the researchers and pharmacists faced various challenges due to limited high-quality data on gene-drug interfaces.  They are dependent on data from varied sources and finally lead to reduced reliability and efficiency in the overall process [20].

	Data Bias
	In the drug discovery and development process, the machine learning model is biased in nature [21]. These biased data lead to mismatch in the diversity of drug discovery process. 

	Overfitting
	The druggability of the genes are allowed to pretect by machine learning and its optimization techniques by researchers. The model functioned well on the trained data and lack in the process of generating newer gene structures [22]. Thus overfitting is a major issue due to its complexity in data structures and ML algorithms are unable to function efficiently [23].

	Interpretability
	The machine learning fails to prioritize the potential drug targets effectively [24]. 

	Scalability
	When machine learning is applied to a genome wide scale, the computational resources are substantial. The computational process is highly unstable for large-scale drug analysis and development processes. This is due to the machine learning is unable to analyze a large number of data in a particular interval of time [25].  

	Ethical and Privacy Concerns
	The genomic data is highly sensitive in nature. This leads the ethical considerations to become much more critical. In one case, a research project tried to use machine learning to recognize druggable genes from publicly available genomic data [26]. This leads to various concerns regarding patient privacy and data security. These issues gave way to ethical dilemmas [27].



Table I demonstrates the drawbacks of the existing system. Thus to overcome the following drawbacks in the existing system, the proposed system is implemented through the aid of deep learning techniques. 

Proposed system

The analysis and detection of functional genomics in genome-wide druggable human genes is implemented through the aid of deep learning with hybrid optimization techniques. This includes the integration of random forest and decision tree algorithms.   


Fig 3: Stages in the proposed system

Figure 3 demonstrates the stages in the proposed system. The fundamental technique in functional genomics is gene profiling. This includes the process of determining the levels of mRNA (transcriptome) or protein (proteome) in cellular structures. The expression of millions of genes is assessed through high-throughput techniques such as microarrays and RNA sequencing technology [28]. The development of potential drug targets is based on the gene that is associated with appropriate tissues with relevant conditions. The RNA interference (RNAi) screens are used to analyze the individual genes in cellular structures which helps in the understanding of phenotypic changes. Researchers also use various small interfering RNA (siRNA) or short hairpin RNA (shRNA) libraries for the process of development of drugs [29]. Precise genome editing is done through the CRISPR-Cas9 system. The potential of the drug targets is identified through the aid of Protein-Protein Interaction (PPI) Networks [30]. The PPI data is generated using numerous techniques such as yeast two-hybrid assays and mass spectrometry-based proteomics. The changes in the phenotype are determined using high-content phenotypic screening. The accumulation of large-scale data is obtained through the following process which is processed and validated using optimization techniques. Thus the integration of the decision tree with the random forest algorithm helps in the identification of accurate druggable human genes.          

Implementation of the proposed system

The proposed system is implemented through the following steps as listed below.

Stage 1: Identification and Recognition of Druggable Genes

	The druggable genes are the amalgamation of proteins or gene yields that are initialized for the development of drugs for various therapeutic purposes. Common druggable gene structures are referred to as receptors, enzymes, ion channels, and transporters [31]. Various databases and resources are implemented such as DrugBank and the Therapeutic Target Database (TTD). These databases are designed to provide information regarding the druggable human genes [32].

TABLE II: Sample data

	Gene name
	Expression name
	Protein Function
	Druggability

	BRCA1
	High
	DNA Repair
	Druggable

	TP53
	Low
	Tumor Suppressor
	Druggable

	EGFR
	High
	Kinase Activity
	Druggable

	KRAS
	Low
	Signaling
	Non-Druggable

	PTEN
	High
	Phosphatase
	Druggable

	NOTCH1
	High
	Signaling
	Non-Druggable

	CDK4
	Moderate
	Kinase Activity
	Druggable



Table II demonstrates the sample data.

Stage 2: Functional Annotation

	The process of functional annotation involves the stages of illustrating the biological functions of gene structures. These are implemented through the aid of bioinformatics tools and databases namely Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG). They tend to deliver data about gene function, pathways, and mutual interactions among the protein structures [33].

TABLE III: Associated genes

	Gene name
	Expression name
	Known Function
	Associated genes

	BRCA1
	High
	Transporter, ABC family
	Cystic Fibrosis

	TP53
	Low
	Kinase, Protein phosphorylation
	Breast Cancer

	EGFR
	High
	Transcription Factor
	Diabetes

	KRAS
	Low
	G-Protein Coupled Receptor
	Hypertension

	PTEN
	High
	Enzyme, Metabolism
	Metabolic Syndrome



Table III represents the associated genes for the gene structure.

Stage 3: Profiling stages

	The profiling stages help to analyze the gene expression patterns across various tissues and cell structures. The gene expression is measured through various stages such as RNA sequencing (RNA-seq) and microarray analysis techniques [34]. They also help in determining the active druggable genes. 

TABLE IV: Protein interaction and pathway

	Gene name
	Expres-sion 
	Protein Interaction
	Druggability
score
	Pathway

	BRCA1
	High
	20
	0.8
	Yes

	TP53
	Low
	10
	0.5
	No

	EGFR
	High
	30
	0.8
	Yes

	KRAS
	Low
	15
	0.7
	Yes

	PTEN
	High
	20
	0.6
	Yes

	NOTCH1
	High
	10
	0.6
	Yes

	CDK4
	Moderate
	20
	0.8
	No



 Table IV determines the protein interaction and pathway with druggability score.

Stage 4: Protein-Protein Interaction (PPI) Networks

	The Protein-Protein Interaction (PPI) Networks are constructed through the aid of various tools which include STRING and BioGRID tools. The potential targets within the network are detected through the functional modules [35].

Table V: Protein interaction score

	Protein A
	Protein B
	Interaction score

	Gene1
	Gene2
	0.7

	Gene3
	Gene3
	0.8

	Gene4
	Gene6
	0.6

	Gene5
	Gene8
	0.8

	Gene7
	Gene3
	0.5



Table V represents the protein interaction score.

Stage 5: Pathway Investigation

	Pathway analysis tools such as Enrichr, Reactome, and IPA (Ingenuity Pathway Analysis) are utilized to identify the pathway of druggable genes [36].

TABLE VI: Genomic features

	Gene name
	Expression name
	Genomic feature 1
	Genomic feature 2

	BRCA1
	High
	0.1
	0.7

	TP53
	Low
	0.3
	0.9

	EGFR
	High
	0.6
	0.6

	KRAS
	Low
	0.4
	0.6

	PTEN
	High
	0.5
	0.4

	NOTCH1
	High
	0.7
	0.8

	CDK4
	Moderate
	0.5
	0.5



 Table VI represents the Genomic features.

Stage 6: Disease Association Breakdown

	The implications of gene perturbation on cellular phenotypes are retrieved through the CRISPR-Cas9 knockout screens or RNA interference (RNAi) screens. These screens can help recognize genes essential for particular cellular functions or appropriate diseases [37].

TABLE VII: Clinical data

	Patient ID
	Age
	Gene expression
	Gene mutation

	001
	42
	0.75
	Mt1

	002
	44
	0.56
	Mt2

	003
	37
	0.71
	Mt3

	004
	47
	0.47
	Mt4

	005
	30
	0.66
	Mt5



Table VII represents the clinical data.

Stage 7: Pharmacogenomics

	This stage helps in understanding the genetic characteristics of the individual. This is the integration of pharmacology and genomics [38]. The important standard of pharmacogenomics is defined as the genetic variations that result in diverse characteristics of a person's metabolism and responses to various medications. This leads to the development of drugs based on personalized structures without causing any side effects. This helps in reducing the trial and error methods which saves computational time [39]-[42].  

TABLE VIII: Clinical data representation

	Patient ID
	Age
	Genetic variant 1
	Genetic variant 2
	Drug dosage and response

	001
	42
	AA
	TT
	150 mg – Responsive

	002
	44
	GG
	TT
	100 mg- Nonresponse

	003
	37
	CC
	CC
	90 mg – Responsive

	004
	47
	AA
	TT
	80 mg – Responsive

	005
	30
	AA
	CC
	100 mg – Responsive



Table VIII demonstrates the clinical data representation which involves the following parameters.

Genetic Variant_X: These columns characterize specific genetic variants or single nucleotide polymorphisms (SNPs) in the patient's genome. The variant is coded as AA, GG, TT, CC, etc.

Drug Dosage: The dosage of the drug prescribed to the patient.

Response: This indicates how the patient retorted to the drug. It can be represented as responsive and nonresponsive. 

Stage 8: In Silico Drug Target Forecast

	In Silico Drug Target Forecast is also referred to as computational target prediction. This is an innovative stage in the drug discovery and development process [43]. These stages are used to recognize the structure and function of proteins to classify the binding sites for lesser minute molecules. The identification of potential molecular targets is achieved through the integration of computational techniques with bioinformatics [44]-[49]. This helps the pharmacist to discover the most appropriate drugs with limited computational time which enhances productivity.   

TABLE IX: Potential drug targets

	Gene name
	Diseases
	Protein function
	Potential drug targets

	BRCA1
	Breast Cancer
	DNA Repair   
	PARP Inhibitors, DNA-PK Inhibitors

	TP53
	Lung Cancer
	Tumor Suppressor
	MDM2 Inhibitors,
Checkpoint Kinase

	EGFR
	Colorectal cancer
	Receptor Tyrosine Kinase  
	EGFR Inhibitors,
Monoclonal Antibodies  

	STAT3
	Leukemia
	Transcription factor
	STAT3 Inhibitors

	PTEN
	Prostate Cancer
	Phosphatase
	PI3K Inhibitors, 
AKT Inhibitors



Table IX demonstrates the protein drug targets.

Simulation results

The performance analysis using a deep learning model with a hybrid optimization technique is implemented in Matlab to analyze various metrics as demonstrated in Figure 4.
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Fig 4: Matlab implementation

Simulation Results: 

Validation accuracy – 98.9%
Test accuracy -99.2%

Conclusion

The investigation and recognition of functional genomics in genome-wide druggable human genes using deep learning characterize a transformative attitude in the field of biomedical research and development. Drug discovery and innovations are developed due to the integration of deep learning with genomics. The use of hybrid optimization techniques helps in obtaining outstanding results in the identification and categorization of novel druggable human genes. Deep learning helps to obtain exceptional capabilities in analyzing vast amounts of genomic data to uncover genes accompanied with therapeutic potential. The understanding of these genomic data helps to obtain optimum results with therapeutic potential. The obtained system characterizes a major leap forward in the development of precision medicine strategies. This eventually leads to more effective treatments and improved patient consequences. They help to obtain various progressive computational tools for genomics analysis for further development. Thus the obtained system has the potential to significantly accelerate the drug discovery process which helps in the reduction of the time and cost that are interrelated with obtaining new drugs to encosystem.
.
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options = trainingOptions( adam’,
“MaxEpochs”, 20,
‘MiniBatchsize', 64,
‘ValidstionData', {X_val, Y_val}, .
‘Plots’, 'training-progress’,
“Verbose', true);

% Create and train the neural network
net = trainlietuork(X_train’, categorical(Y_train), layers, options);
% Train the model

net = trainlietuork(X_train’, categorical(Y_train), layers, options);
% Predict on validation and test data

Y_val_pred = classify(net, X_val');

Y_test_pred = classify(net, X_test');

% Evaluate the model
accuracy_val = sun(Y_val_pred
accuracy_test = sum(Y_test_pred

categorical(Y_val)) / numel(v_val);
= categorical (Y_test)) / numel(Y_test);

fprintf('Validation Accuracy: %.2f¥¥\n’, accuracy_val * 100);





