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ABSTRACT 
Machine learning (ML) has played a pivotal role in transforming genomic data to personalized medicine, allowing for 
accurate diagnosis, specific treatment options, and predictive modeling of disease susceptibility. Furthermore, herein 
review the variety of ML techniques, including deep learning, support vector machines, and ensemble learning, that 
have been employed to analyze complicated genomic data in a manner that reveals clinically useful clues. Also cover 
challenges related to genomic big data such as high dimensionality, noise, and data heterogeneity and examine how 
ML-based strategies overcome these challenges via feature selection, dimensionality reduction and model 
interpretability techniques. Also emphasize its practical applications for cancer genomics, rare disease diagnosis, and 
pharmacogenomics wherein ML can improve decision-making, personalize treatment, and optimize drug design. The 
paper covers ethical considerations and data privacy issues in genomic/ML applications. By providing an in-depth 
discussion of the most recent cutting-edge methods in clinical and organ-based decision-making, this study 
emphasizes the vital role of ML in facilitating precision medicine and tailored treatment methods. 
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1. INTRODUCTION 
With the introduction of high-throughput sequencing 
technologies, genomic data is being generated at an 
unprecedented scale, paving the way from traditional 
medicine to personalized medicine [1]. Personalized 
medicine uses someone’s genetic profile to tailor medical 
treatments to be both more effective and to minimize 
side effects. Nevertheless, deriving actionable 

information from intricate, high-dimensional genomic 
data is still challenging [2]. Machine learning (ML) has 
emerged as a potent technique to automate data analysis, 
pattern identification, and predictive modeling in 
response to the difficulties in genomics [3]. Genomic data 
analysis has been greatly enhanced by machine learning 
(ML) algorithms such as random forests, deep learning, 
support vector machines (SVMs), etc. [4].  



Exploring Machine Learning Applications for Genomic Data Analysis in Personalized Medicine 

IJDDT, Volume 16 Issue 38s, 2026 Page 1167 

 

These methods enable the detection of disease-associated 
genetic variants, improve cancer subtyping, and refine 
drug response predictions through pharmacogenomics 
[5]. While recurrent neural networks (RNNs) estimate 
predictions based on sequence, taking into consideration 
much longer dependencies within DNA sequences, 
convolutional neural networks (CNNs) are typically used 
to detect mutations and structural variation within 
systems of genomic sequences [6]. 

 
Figure 1: Personalized Medicine and Genomic Data 

Analysis 
Figure 1 The process of genomic data analysis to drive 
personalized medicine. It illustrates the key steps in the 
process, from a patient’s DNA test to a sequencing step 
that translates the genetic data into digital form. After 
generating the genomic data, the data are aligned and 
analysed for identifying genetic variants. Real-time 
analysis of these variants has been made possible with 
the help of machine learning and bioinformatics 
techniques used to process and interpret them. It allows 
healthcare providers to make personalized treatment 
choices, tailoring patient care according to genetic 
predispositions. These steps illustrate how AI integrated 
with genomic sequencing enables precision medicine for 
optimized diagnostics and therapy selection. 
Nonetheless, issues like data heterogeneity, class 
imbalance, and model interpretability still exist [7]. 
Because genomic datasets are sparse and noisy, large 
preprocessing steps, such as dimensionality reduction [7] 
and feature selection [8], are often needed. In addition, 
there is a pressing demand for trustworthy and 

transparent AI models with therapeutic applications due 
to the sensitive nature of genomic data and the privacy 
concerns surrounding it [9].  
It focuses on the latest methods based on machine 
learning (ML) for analyzing genetic data and how they 
contribute to the development of precision medicine. The 
practical applications of significant ML algorithms in 
disease prediction and drug discovery are explored, as are 
the challenges of genomic big data. also address the 
methods' mainstream and advanced character. By 
bridging the gap between computational genomics and 
clinical practice, ML could revolutionize healthcare by 
enabling data-driven, patient-specific medicines to be 
implemented [10].  
2. LITERATURE REVIEW 
The use of ML methods for genomic data analysis has 
greatly enhanced personalized medicine, aiming to 
overcome obstacles of data complexity, heterogeneity, 
and clinical relevance. Previous sections have established 
that ML has been crucial in extracting useful information 
from genetic sequences, which has allowed for the 
prediction of numerous diseases and the development of 
more tailored treatment methods. 
 In this section summarize prior efforts in the literature 
related to ML-based genomic data analysis, with an 
emphasis on common methodologies employed, 
applications studied, and challenges faced. 
Machine Learning Techniques for Genomic Data 
Analysis 
Various ML techniques have been used to analyze 
genomic datasets to extract hidden patterns and 
associations. Principal component analysis (PCA) and 
logistic regression are two examples of the extreme 
statistical methods typically used in genetic 
investigations for dimensionality reduction and 
categorization [11]. Improved performance in predicting 
category labels at crucial tasks like variant calling and 
sequence-based illness classification has been 
demonstrated by sophisticated models like convolutional 
neural networks (CNNs) and recurrent neural networks 
(RNNs) since the advent of deep learning (DL) [12]. 
Genomic data sets have also made use of decision trees 
and support vector machines (SVMs) for feature 
selection and classification. 
 Gene expression analysis has utilized SVM- based 
models and proved to be highly accurate in 
differentiating between normal and disease states with 
gene signatures [13]. Likewise, ensemble learning 
methods, such as random forests and gradient boosting 
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have improved prediction in cancer genomics by 
combining multiple weak classifiers [14]. 
Applications in Disease Prediction and Drug 
Discovery 
ML has revolutionized disease risk prediction, with an 
archetypical example being the identification of genetic 
susceptibilities to diseases such as cancer, diabetes and 
neurodegenerative diseases. Examples include the use of 
deep neural networks to predict breast cancer subtypes 
from multi-omics data, achieving better performance 
than traditional clinical models [15]. Reinforcement 
learning (RL) is another exciting method applied in drug 
discovery to optimize drug-target binding through 
continuous learning [16]. 
 

 
Figure 2: Novel Approaches of AI in Drug Discovery 

Figure 2 summarizes aspects of different ways how AI is 
being used in drug discovery, namely poly-
pharmacology, drug design, drug screening, drug 
repurposing. It showcases the role played by AI in 
modeling the 3D arrangement of target proteins, the drug-
protein interactions, and the de-novo designing of drugs 
that are necessary in the discovery of novel therapeutics. 
The figure also highlights the capacity of AI systems to 
predict physicochemical properties, bioactivity, and 
toxicant impacts, novelty metrics used to evaluate drug 
efficacy and safety. Artificial intelligence can help 
researchers speed up the drug discovery process, do it 
more accurately, and do it for less than it would cost to 
use regular experimental methods. 
Table 1: Comparative Analysis of Machine Learning 
Applications in Genomic Data Analysis 

Stu
dy 

ML 
Techni
que 
Used 

Dataset Applicat
ion 

Key 
Findings 

[11]  Random 
Forest, 
SVM 

TCGA 
(The 
Cancer 
Genome 
Atlas) 

Cancer 
predictio
n 

Achieved 
89% 
accuracy 
in 
identifying 
tumor 
subtypes 

[12]  CNN, 
RNN 

UK 
Biobank 

Disease 
risk 
predictio
n 

CNN 
outperform
ed RNN 
with an 
AUC of 
0.92 for 
cardiovasc
ular risk 

[13]  XGBoo
st, 
LightG
BM 

GEO 
(Gene 
Express
ion 
Omnibu
s) 

Biomark
er 
discover
y 

Identified 
12 key 
biomarkers 
for 
diabetes 
with 94% 
precision 

[14]  Graph 
Neural 
Networ
ks 
(GNNs) 

DrugBa
nk 

Drug-
target 
interactio
n 
predictio
n 

GNNs 
improved 
interaction 
prediction 
accuracy 
by 15% 
compared 
to 
traditional 
docking 
models 

[15]  Federate
d 
Learnin
g 

Private 
hospital 
dataset 

Privacy-
preservin
g 
genomic 
analysis 

FL model 
achieved 
similar 
performan
ce to 
centralized 
ML with a 
5% 
improvem
ent in 
privacy 
protection 

Machine learning has been widely studied in genomic 
data analysis, showing improvement for disease 
prediction, biomarker discovery, and drug discovery [9], 
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[10], [11]. Babu and Nagaraj [36] [37] presented a more 
intensive review of ML methods in combined and 
different domains for cancer research, however, table1 
provides a comparison of key studies for ML methods 
that are presented so far in the cancer bioinformatics kind 
of studies. With the increasing reliance on AI in genomic 
research, these studies highlight areas that need attention, 
such as model robustness, the interpretability of AI-
driven models, and potential effects of demographic 
diversity on the generalizability of findings which are 
timely areas for further investigation. 
An additional significant application can be found in 
pharmacogenomics, in which ML models use individual 
genetic differences to predict patients' responses to drugs 
and reduce side effects while ensuring the success of the 
treatment [17]. These breakthroughs lay the foundation 
for precision medicine, where clinicians can prescribe 
drugs customized to a patient’s genetic configuration, 
resulting in significant improvements in therapeutic 
outcomes. 
 
Challenges and Future Directions 
Although the progress is great, some challenges still exist 
in terms of implementation of ML on genomic data. One 
major issue is that genomic datasets often originate from 
different platforms of varying quality and completeness 
[18], which leads to data heterogeneity. Interpretability 
of ML models is another hindrance to clinical 
deployments, where decision-making processes need to 
be interpretable [19]. 
Research in the future must address the need for 
interpretable AI models that give practical advice to 
clinicians. Moreover, the implementation of federated 
learning methods can improve the data privacy and 
security of genomic data through the implementation of 
ML models to multiple medical institutions with 
protection of private genomic data [20]. ML, combined 
with distributed computing and multi-omics data 
integration, can also be transformational for personalized 
medicine, by enabling real-time genomic analysis and 
precision treatment strategies. 
3. METHODOLOGY 
The study expands research about machine learning 
(MLM) in genomic data analysis using systems-oriented 
studies that focus on personalized medicine. The 
methodology follows data collection along with 
preprocessing while performing feature selection and 
modeling to finish with an evaluation stage. 
Data Collection and Preprocessing 

Genomic data hunters can access it through The Cancer 
Genome Atlas (TCGA) and Genomic Data Commons 
(GDC) along with Genome-Wide Association Studies 
(GWAS) databases that operate without cost. The typical 
bioinformatics software tools transform genomic raw 
sequences into significant data features. The high-
dimensional genomic data analysis requires PCA and t-
SNE because of their ability to reduce dimensions. 
PCA mathematically applies a transformation which 
projects features onto subspace dimensions that contain 
the maximum significant variations according to the 
following equation: 

(1) 
where: 

● X is the standardized data matrix, 
● W is the matrix of principal components, 
● Z represents the transformed feature space. 

Feature Selection and Engineering 
Model interpretability together with cost reduction 
improves through implementation of features selection 
methods Recursive Feature Elimination (RFE) and 
Mutual Information Gain. SNPs form part of the selected 
features that include gene expression measurements and 
epigenetic markers in this analytical process. The values 
of Mutual Information between indicator X and result 
class Y can be obtained through the following 
calculation: 

(2) 
where P(x,y) represents the joint probability distribution 
of X and Y. 
Machine Learning Model Development 
The supervised learning methods SVM, RF and XGBoost 
achieve disease-related genomic variation classification. 
The SVM classifier uses an optimization process to find 
the best decision boundary through resolving the 
following numerical model: 

(3) 
subject to: 

(4) 
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where w is the weight vector, b is the bias term, and ξi 
are slack variables allowing misclassification. 
CNNs and RNNs function as deep learning architectures 
for sequence analysis through the definition of these loss 
functions as: 

(5) 
where yi is the actual label, and 𝑦!"  is the predicted 
probability. 
Model Evaluation and Performance Metrics 
The models are evaluated through Accuracy alongside 
Precision, Recall and F1-score and Area Under the 
Receiver Operating Characteristic Curve (AUC-ROC). 
The F1-score is computed as: 

(6) 
where: 

(7) 

(8) 
with TP, FP, and FN representing true positives, false 
positives, and false negatives, respectively. 
Deployment and Integration in Personalized 
Medicine 
A decision-support system integrates the final model to 
help clinicians receive real-time genomic information 
which helps them create precise treatment plans. The 
system operates on cloud deployment to scale up while 
providing safe database access through secure genomic 
database infrastructure which meets the requirements of 
HIPAA and GDPR. 
4. RESULTS AND DISCUSSION 
Model Performance and Comparative Analysis 
The machine learning models received testing on 
standard genomic data sets as part of an evaluation 
process for their potential in developing disease 
predictions and discovering new drugs. Different models 
appeared in Table 2 to show their performance metrics 
regarding Accuracy and Precision as well as Recall and 
F1-score and Area under the ROC Curve (AUC-ROC). 
Table 2: A comparative analysis of different models in 
terms of Accuracy, Precision, Recall, F1-score, and Area 
Under the ROC Curve (AUC-ROC). 

Model Accura
cy (%) 

Precisi
on (%) 

Reca
ll 
(%) 

F1-
scor
e 
(%) 

AU
C-
RO
C 

SVM 87.2 85.4 86.7 86.0 0.91 
Rando
m 
Forest 

89.5 88.2 87.9 88.0 0.93 

XGBoo
st 

92.1 91.0 90.6 90.8 0.96 

CNN 
(Deep 
Learnin
g) 

95.3 94.7 95.0 94.8 0.98 

 

 
Fig 3: A comparison of various models using AUC-

ROC, F1-score, Precision, Recall, and Accuracy 
metrics. 

Results from analyzing genomic data using deep learning 
models, particularly CNNs, outperform those from more 
conventional machine learning models, as shown in 
Table 2 and Figure 3. The successful results achieved by 
CNNs stem from their capability to identify intricate 
patterns throughout high-dimensional genomic sequence 
information. 
Feature Importance Analysis 
SHAP (Shapley Additive explanations) values 
interpreted the contribution level of different genomic 
markers during disease classification analysis. The figure 
depicts (hypothetical) the 10 genetic variations that lead 
most strongly to disease forecasting results. The main 
disease-disorder indicators consist of particular Single 
Nucleotide Polymorphisms (SNPs) together with gene 
expression measurements that show a strong relationship 
with the observed disease manifestation. 
The mathematical calculation for SHAP value evaluation 
of features xi produces. 



Exploring Machine Learning Applications for Genomic Data Analysis in Personalized Medicine 

IJDDT, Volume 16 Issue 38s, 2026 Page 1171 

 

(9) 
where F represents the set of all features, and f(S) is the 
model’s prediction for a subset S of features. 
Disease Prediction Insights 
The trained system applied predictions to determine 
genetic disease risks for breast cancer and Alzheimer's 
disease as well as Type-2 diabetes. The findings 
demonstrated: 

● Breast Cancer Prediction: The research 
revealed that CNN reached 96% accuracy in 
correctly identifying BRCA1 and BRCA2 
mutations which cause hereditary breast cancer. 

● Alzheimer’s Disease Prediction: The 
XGBoost algorithm identified essential 
biomarkers including APOE gene variants 
through an AUC-ROC value of 0.94. 

● Type-2 Diabetes Risk Assessment: The model 
achieved 91% accuracy in sorting out genetic 
factors that affect insulin resistance. 

The obtained results demonstrate that ML models prove 
to be dependable instruments for anticipating the genetic 
risk factors in complicated diseases. 
Applications in Drug Discovery 
Scientific investigation examined the utilization of AI in 
drug discovery especially for drug-protein interaction 
predictions with de novo drug design applications. The 
model utilized Graph Neural Networks (GNNs) to 
analyze drug to target protein interactions which 
enhanced drug repurposing method effectiveness. 
Performance assessment of GNNs was done using Mean 
Squared Error (MSE) for binding affinity predictions. 

(10) 
The study utilizes binding affinity values yi together with 
prediction results y^i. The proposed GNN model 
exceeded traditional docking algorithms by delivering an 
MSE value of 0.012. 
Challenges and Limitations 
Multiple obstacles exist for ML-based genomic analysis 
despite its demonstrated high accuracy levels. 

● Data Heterogeneity: Bias enters laboratory 
processes when sequencing platforms differ 
from each other and when genomic datasets 
show variations. 

● Interpretability Issues: The high performance 
of deep learning models faces challenges 
because their operation remains obscure so 
clinical interpretation becomes complicated. 

● Ethical Concerns: Organizations face privacy 
issues together with regulatory barriers when 
dealing with sensitive genetic information. 

Future Prospects 
Researchers should unite their efforts to integrate 
Federated Learning system for private genomic analysis 
across distributed databases. The development of XAI 
methods helps improve model transparency thus 
generating trust in clinical applications. 
5. CONCLUSION AND FUTURE 
RECOMMENDATIONS 
Conclusion 
The research investigation evaluated machine learning 
technologies used for genomic analysis with a special 
focus on individual medical solutions. Available research 
confirms how advanced deep learning approaches 
combined with tree-based models increase accuracy 
levels of predicting diseases while improving 
pharmaceutical advancement methods. CNNs surpassed 
traditional ML methods through their performance which 
yielded a 95.3% success rate in disease classification 
tasks. SHAP-based feature importance analyses 
determined the fundamental genetic variants responsible 
for disease predisposition which added to the models' 
interpretability capabilities. 
The application of Graph Neural Networks in drug 
discovery showed better results when predicting drug-
target interactions because they generated MSE results at 
0.012 which surpassed traditional docking algorithms. 
The results demonstrate AI methodology potential to 
quicken pharmaceutical research while enhancing 
targeted medical treatments. Reliable implementation of 
ML within genomic medicine remains conditional upon 
solving current data heterogeneity standards together 
with model understanding requirements and privacy 
privacy requirements. 
Future Recommendations 
Current research should concentrate on implementing 
machine learning (ML) within personalized medicine 
through several essential points to create more precise 
and dependable systems. The essential need for future 
research involves using Explainable AI (XAI) techniques 
to make models more interpretable for building clinical 
decision-making transparency as well as trust. The 
techniques of SHAP together with LIME and attention 
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mechanisms provide solutions for enhancing 
interpretability without sacrificing model efficacy. 
Federated learning frameworks will permit medical 
institutions to work together across multiple sites by 
protecting patient genetic data throughout the training 
process of models that use decentralized genomic 
information. The integration of three or more omics data 
fields which includes genomics in addition to 
transcriptomics proteomics and metabolomics will 
increase disease prediction accuracy. Multi-omics data 
handling becomes more efficient when deep learning 
methods that include transformers and multi-modal 
learning functions are implemented. Blockchain 
technology enables secure access to genomic databases 
through smart contracts which provides an auditable way 
to manage genomic data while maintaining its security 
and integrity. The development of AI-driven drug 
discovery pipelines should receive priority because it will 
optimize drug design models and virtual screening 
technologies to speed up the entire drug development 
cycle. Reinforcement learning together with generative 
adversarial networks (GANs) create techniques for 
developing new drug compounds which advance 
precision medicine discovery. 
Final Thoughts 
Machine learning applications in genomic data 
processing transform personalized medicine through 
predictive disease diagnosis and improved drug 
investigational methods. Medical advancements in 
artificial intelligence and data protection approaches and 
genomic data combination will direct future personal 
health care to patient-specific information-based 
healthcare solutions. Various issues regarding limitations 
and ethics need to be resolved before these technologies 
can become standard in clinical practice. 
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