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Abstract:  This study looks into how data analytics, informatics, and AI have changed genomic medicine, with a focus on personalized 

treatments, predicting disease risk, and targeted therapies. Some of the most important results are patient stratification, disease risk 

prediction, and speeding up the development of drugs. It is emphasized that there are problems with data protection, ethics, and rules, and 

that strong leadership and teamwork are needed. For game-changing innovations in healthcare in the future, the focus will be on AI 

models that can be understood, data standards, and ethical behaviour. On comparing ML algorithms for the purpose, it was seen that 

Convolutional Neural Networks (CNNs) proved to be the most precise for analyzing image-based genomic data, despite their substantial 

computational demands. Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) networks achieved high accuracy 

with sequential data but required considerable computational resources.   
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I. Introduction 

Thanks to the development of artificial intelligence (AI) 

and data analytics, that healthcare has seen revolutionary 

breakthroughs especially in the field of genetic medicine. 

Application of genomic information to clinical treatment 

known as "genomic medicine," holds immense potential 

for individualised and focused medical interventions. 

With a particular focus on their applications in genomic 

medicine, this study attempts to investigate the critical 

role that artificial intelligence (AI), data analytics, and 

informatics have played in bringing about transformation 

in the healthcare industry. 

The amount of genomic data created has increased 

exponentially in the last several years due to advances in 

sequencing technologies and lower genome sequencing 

prices. According to a report by Global Market Insights, 

Inc., the global market for genetic data is projected to 

exceed $90 billion by 2026.Hence, there is a huge scope 

in this field. 

Moreover, the use of AI algorithms in the processing of 

genomic data has proven to be exceptionally effective in 

interpreting intricate genetic patterns, forecasting the 

likelihood of diseases, and supporting precision medicine 

methodologies. According to a study that was published 

in Nature Medicine, machine learning algorithms were 

able to predict patient responses to cancer 

immunotherapy based on genetic profiles with an 

accuracy of over 90% (Hassan et al., 2022). These 

figures highlight how AI-driven data analytics has the 

power to completely alter the way that healthcare is 

delivered. 

Given these advancements, it is clear that artificial 

intelligence (AI), data analytics, and informatics are 

critical facilitators of innovation in genomic medicine, 

providing hitherto unattainable insights into disease 

causes, individualized treatment plans, and population 

health management. This research emphasizes the 

synergistic influence of these technologies on developing 

genomic medicine and eventually improving patient care 

outcomes, as it digs deeper into the mechanisms driving 

transformative change in healthcare. 

II. Literature Review 

Recent years have seen notable breakthroughs in the 

field of genomic medicine thanks to technological 

innovations in genome sequencing and 

analysis.Significant study, including studies conducted 

by Green et al. (2020) and Collins and Varmus (2015), 

has emphasized how genomic medicine has evolved 

from being primarily focused on research to becoming an 

essential part of clinical practice. These research 

emphasize the growing importance of genetic data in 

guiding individualized treatment approaches and 

enhancing patient outcomes. 

Independent Researcher, Sr. Data Scientist,  

College of Sciences Technology, University of Houston Downtown, 

dhaliwaln1@gator.uhd.edu  

ORCID: 0009-0000-9835-9158 

 

mailto:dhaliwaln1@gator.uhd.edu


 

International Journal of Intelligent Systems and Applications in Engineering IJISAE, 2024, 12(21s), 3762–3773  |  3763 

 

Fig 2.1: AI transforming Genomics ( https://blogs.nvidia.com/wp-content/uploads/2023/02/genomics-graphic.png) 

As a result of AI approaches such as machine learning 

and deep learning algorithms, it is now possible to 

extract valuable information from very large genomic 

databases, which has revolutionized the analysis of 

genomic data. Angermueller et al. (2016) and Poplin et 

al. (2018) have demonstrated that the application of AI-

based techniques can yield reliable results for variant 

calling, genomic variant analysis, and illness prediction 

through the use of genomic profiles.In genomic 

medicine, these studies show how AI could improve the 

accuracy of diagnoses and make focused therapeutic 

interventions easier. 

 

Fig 2.2: AI in Pharmaceutical and Healthcare Research (“https://www.mdpi.com/BDCC/BDCC-07-

00010/article_deploy/html/images/BDCC-07-00010-g001.png “) 

Data analytics tools are very important for turning 

genomic data into clinical insights that can be used in 

precision medicine. Krittanawong et al. (2019) and 

Schadt et al. (2012) write about using advanced data 

analytics to combine genetic data with clinical data, find 

biomarkers, and look at the health of whole populations. 

These studies show how important it is to use data-driven 

methods to improve healthcare service and divide 

patients into groups based on their genetic profiles. 

When it comes to genomic data use, privacy, and 

permission, ethical and legal issues are very important 

and need to be carefully thought through. McGuire et al. 

(2019) and Brothers et al. (2017) both look at the ethical 

problems that come up when genomic data is shared, 

when everyone has equal access to genomic information, 

and when there needs to be clear control. These works 

stress how important ethical rules and legal systems are 

for protecting patients' rights and encouraging the 

responsible use of genomic data in healthcare. 

https://blogs.nvidia.com/wp-content/uploads/2023/02/genomics-graphic.png
https://www.mdpi.com/BDCC/BDCC-07-00010/article_deploy/html/images/BDCC-07-00010-g001.png
https://www.mdpi.com/BDCC/BDCC-07-00010/article_deploy/html/images/BDCC-07-00010-g001.png
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Real-time data analytics tools are very important for 

speeding up genomic research and putting what is 

learned into clinical practice. Weiskopf et al. (2013) and 

Chen et al. (2012) show how big data analytics, cloud 

computing, and parallel processing can be used to 

quickly look at very large genome datasets. These studies 

show that real-time analytics can quickly and easily find 

new genetic links, biomarkers, and treatment targets, 

which leads to new ideas in genomic medicine.

 

Fig 2.3: Schematic diagram of AI in precise diagnosis 

(“https://www.researchgate.net/publication/351954965/figure/fig2/AS:1028668121952265@1622265000243/Schematic-

diagram-of-artificial-intelligence-in-the-precise-diagnosis-and-treatment-of.png “) 

Multidisciplinary teams made up of doctors, data 

scientists, bioinformaticians, and ethicists must work 

together in order for AI, data analytics, and informatics 

to fully be used in genomic medicine. To close the gap 

between study findings and clinical use, Suwinski et al. 

(2019) and Topol (2019) both call for better knowledge 

translation strategies, cross-disciplinary training 

programs, and initiatives to involve stakeholders. These 

efforts are very important for encouraging constant 

innovation, making healthcare delivery models better, 

and, in the end, helping patients through personalized 

genomic approaches. 

 
Fig 2.4: Machine Learning in Genomics and Healthcare 

(“https://i.pinimg.com/originals/b1/06/55/b1065542d228bf527cc483f404ae928c.jpg”) 

  

https://www.researchgate.net/publication/351954965/figure/fig2/AS:1028668121952265@1622265000243/Schematic-diagram-of-artificial-intelligence-in-the-precise-diagnosis-and-treatment-of.png
https://www.researchgate.net/publication/351954965/figure/fig2/AS:1028668121952265@1622265000243/Schematic-diagram-of-artificial-intelligence-in-the-precise-diagnosis-and-treatment-of.png
https://i.pinimg.com/originals/b1/06/55/b1065542d228bf527cc483f404ae928c.jpg
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Research Gap 

Many research gaps and potential avenues for further 

investigation in the area of leveraging AI, data analytics, 

and informatics to propel change in genomic medicine 

are revealed by the comprehensive review of the 

literature.The following gaps provide chances for next 

studies to improve our knowledge and the way these 

technologies are used in medical environments: 

• Integrating AI Models in Real-Time : Examine 

how real-time AI models can be seamlessly 

integrated with clinical workflows to improve 

decision-making in genomic medicine. 

• Patient-Centric Informatics Solutions : Create 

and assess patient-centric informatics 

instruments to improve patients' genetic literacy 

and capacity for well-informed decision-

making. 

• Legal and Governing Structures : Examine 

state-of-the-art legal and ethical frameworks 

that balance the advantages of research with 

privacy preservation for the sharing of genetic 

data. 

• Multidisciplinary Collaboration Strategies : To 

aid in the implementation of AI innovations in 

genomic medicine, research successful 

knowledge translation techniques and 

multidisciplinary collaborations. 

• Longitudinal Outcome Studies : The 

implementation of AI-enabled genomic 

medicine interventions can have long-term 

impacts and effects on patient outcomes and 

healthcare utilization. This can be achieved by 

conducting longitudinal studies. 

III. Role Of Data Analytics And Informatics In 

Genomic Medicine 

Genomic medicine, which involves incorporating 

genomic data into clinical treatment, has transformed 

healthcare by facilitating tailored and precise 

interventions. During this period of healthcare that relies 

heavily on data, the importance of data analytics and 

informatics cannot be overstated. These tools are crucial 

in effectively utilizing the extensive genomic 

information available to enhance patient outcomes and 

manage diseases more effectively. This study examines 

the profound influence of data analytics and informatics 

on catalysing transformation in genetic medicine, 

drawing on ideas from relevant literature and practical 

research. 

 

Fig 3.1: Benefits of Data Analytics in Healthcare(“https://online.maryville.edu/wp-

content/uploads/sites/97/2023/09/MVU-MSBDA-2021-Q1-Skyscraper-4-Benefits-of-Data-Analytics-in-Healthcare-

IG02.jpg”) 

i. Better prediction of disease risk : Genomic 

profiles have been used with data analytics 

methods like machine learning algorithms to 

make very accurate predictions about disease 

risks.Torkamani et al. (2018), for instance, 

demonstrated how genomic data may be utilized 

with machine learning algorithms to predict the 

risk of cardiovascular disease. These models 

were very accurate, which opens the door for 

personalized risk assessment methods. 

ii. Precision Treatment Strategies : Informatics 

platforms integrated with genomic data make it 

easier to find genetic variants that are linked to 

drug response and treatment results. Malone et 

al.'s (2020) research showed how informatics 

tools can be used to match patients with the best 

drug remedies based on their genetic make-up. 

This makes treatments more effective and 

reduces side effects. 

https://online.maryville.edu/wp-content/uploads/sites/97/2023/09/MVU-MSBDA-2021-Q1-Skyscraper-4-Benefits-of-Data-Analytics-in-Healthcare-IG02.jpg
https://online.maryville.edu/wp-content/uploads/sites/97/2023/09/MVU-MSBDA-2021-Q1-Skyscraper-4-Benefits-of-Data-Analytics-in-Healthcare-IG02.jpg
https://online.maryville.edu/wp-content/uploads/sites/97/2023/09/MVU-MSBDA-2021-Q1-Skyscraper-4-Benefits-of-Data-Analytics-in-Healthcare-IG02.jpg
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iii. Population Health Management : In genomic 

medicine, data analytics can be used to look at 

whole populations. This lets doctors find 

genetic risk factors in certain groups and make 

preventative steps that work best for those 

groups. Manolio et al. (2009) used population-

based informatics methods to find genetic risk 

factors for common diseases. These findings 

will help with public health efforts and 

strategies for disease prevention. 

iv. Clinical Decision Support Systems : These are 

computer-based systems that help doctors make 

decisions by combining genetic data with 

clinical data and giving them real-time advice. 

Sutton et al.'s work from 2020 showed that 

CDSS can be used to make sense of 

complicated genomic data. This helps doctors 

make choices based on facts and improves the 

way they care for patients. 

v. Ability to share data and protect privacy : 

Informatics models are very important for 

making sure that data in genomic medicine can 

be shared, is safe, and is kept private. Roden et 

al. (2012) and Liang et al. (2016) conducted two 

studies that demonstrate the importance of solid 

IT solutions for data sharing, collaboration, and 

rule compliance in genetic data management, 

which creates trust and openness. 

Data analytics and informatics are essential tools in fully 

harnessing the potential of genomic medicine. They 

enable the delivery of precise healthcare, management of 

population health, and informed clinical decision-

making. 

IV. AI And Data Analytics Techniques In 

Changing Healthcare Dynamics 

Artificial intelligence (AI) and data analytics are two of 

the most cutting edge technologies that are changing the 

way healthcare is done. These new ideas are changing 

the way healthcare works by making it easier to diagnose 

problems, giving resources to the right places, and 

allowing for more personalized care. This paper looks at 

the newest AI and data analytics technologies that are 

changing the healthcare field, bringing about big 

changes, and guiding the field toward a future of data-

driven healthcare delivery. 

 

1.Natural Language Processing (NLP) and Text 

Analytics: 

Advanced NLP methods allow healthcare systems to get 

useful information from patient records, unstructured 

clinical notes, and medical literature. This technology is 

very important for automating jobs like clinical 

documentation, sentiment analysis, and decision support. 

This makes healthcare processes faster and more 

accurate. (Iroju et al. , 2015) 

Algorithm :Recurrent Neural Networks (RNNs), Long 

Short-Term Memory (LSTM), and Transformer models 

such as BERT and GPT-3. 

Applications :Automating clinical recordkeeping, 

analysing patient comments for sentiment, extracting 

medical information from unstructured language, and 

providing clinical decision assistance using text data.

 

Fig 4.1: Long Short-Term Memory (LSTM) Networks Schematic 

Diagram(“https://media.licdn.com/dms/image/D4D12AQFXmmaiK2l-cA/article-cover_image-

shrink_600_2000/0/1686650673060?e=2147483647&v=beta&t=ROxZBQUYD-

7Bf1kjcpPycPR8xHV1oyavYdR0hxy5V00”) 

https://media.licdn.com/dms/image/D4D12AQFXmmaiK2l-cA/article-cover_image-shrink_600_2000/0/1686650673060?e=2147483647&v=beta&t=ROxZBQUYD-7Bf1kjcpPycPR8xHV1oyavYdR0hxy5V00
https://media.licdn.com/dms/image/D4D12AQFXmmaiK2l-cA/article-cover_image-shrink_600_2000/0/1686650673060?e=2147483647&v=beta&t=ROxZBQUYD-7Bf1kjcpPycPR8xHV1oyavYdR0hxy5V00
https://media.licdn.com/dms/image/D4D12AQFXmmaiK2l-cA/article-cover_image-shrink_600_2000/0/1686650673060?e=2147483647&v=beta&t=ROxZBQUYD-7Bf1kjcpPycPR8xHV1oyavYdR0hxy5V00
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Long Short-Term Memory (LSTM) - Algorithm: 

A particular type of recurrent neural network (RNN) 

called Long Short-Term Memory, or LSTM for short, 

excels at processing and analyzing sequential data, like 

text.Its efficacy lies in its ability to capture extensive 

connections and patterns in textual data, rendering it a 

potent instrument for tasks such as sentiment analysis, 

text classification, and extracting information from 

clinical notes. 

 

Fig 4.2:Sentiment Analysis Methodology based on Long Short-Term Memory (LSTM) Networks 

(“https://media.springernature.com/lw685/springer-static/image/art%3A10.1007%2Fs40747-021-00436-

4/MediaObjects/40747_2021_436_Fig1_HTML.png”) 

 

2.Deep Learning for Medical Imaging: 

Deep learning techniques, specifically convolutional 

neural networks (CNNs) and recurrent neural networks 

(RNNs), are transforming the field of medical image 

processing, diagnosis, and predictive modelling. These 

technologies facilitate the identification of subtle 

patterns, anomalies, and biomarkers in medical imaging 

data, resulting in enhanced illness diagnosis and therapy 

planning. 

Algorithms: Convolutional Neural Networks (CNNs), 

Generative Adversarial Networks (GANs), and 

Variational Autoencoders (VAEs). 

Applications: Medical image analysis involves the 

examination and interpretation of medical pictures such 

as X-rays, MRI, and CT scans. It includes the process of 

segmenting images to detect tumours, identifying 

abnormalities in pathology, and classifying diseases 

based on image data. 

Convolutional Neural Networks (CNNs) - 

Algorithm:Convolutional Neural Networks (CNNs), a 

kind of deep learning models, are utilized for medical 

image analysis specifically in the field of diagnosing 

diabetic retinopathy. Diabetic retinopathy is a prevalent 

consequence of diabetes that impacts the eyes and can 

result in visual impairment or blindness if not identified 

and addressed promptly(Kollias et al.,2018). 

Convolutional neural networks (CNNs) are highly 

efficient in interpreting medical images because they 

possess the capability to acquire intricate patterns and 

characteristics from image data. 

 

Fig 4.3: A typical CNN in medical image Analysis 

(“https://www.researchgate.net/publication/343567991/figure/fig2/AS:923190268289024@1597117120903/Construction-

of-a-typical-CNN-for-medical-image-analysis-modified-according-to-1-and.png”) 

https://media.springernature.com/lw685/springer-static/image/art%3A10.1007%2Fs40747-021-00436-4/MediaObjects/40747_2021_436_Fig1_HTML.png
https://media.springernature.com/lw685/springer-static/image/art%3A10.1007%2Fs40747-021-00436-4/MediaObjects/40747_2021_436_Fig1_HTML.png
https://www.researchgate.net/publication/343567991/figure/fig2/AS:923190268289024@1597117120903/Construction-of-a-typical-CNN-for-medical-image-analysis-modified-according-to-1-and.png
https://www.researchgate.net/publication/343567991/figure/fig2/AS:923190268289024@1597117120903/Construction-of-a-typical-CNN-for-medical-image-analysis-modified-according-to-1-and.png
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Fig 4.4: Flow Diagram of Diabetic Retinopathy detection using CNN 

(“https://www.researchgate.net/publication/340421160/figure/fig1/AS:11431281176076547@1690014003341/Flow-

diagram-of-proposed-diabetic-retinopathy-detection-model-Color-figure-can-be-viewed.png”) 

3.  Predictive Analytics and Prescriptive Analytics: 

Predictive analytics models utilize past patient data, 

genetic profiles, and clinical characteristics to predict the 

likelihood of diseases, patient outcomes, and patterns of 

healthcare utilization. Prescriptive analytics takes a 

further step by suggesting individualized treatment plans, 

treatments, and preventative actions based on predicted 

insights. This helps optimize patient care pathways and 

resource allocation . 

Algorithms: Logistic Regression, Random Forest, 

Gradient Boosting Machines (GBM), and Deep Learning 

models (e.g., Deep Neural Networks). 

Applications:Estimating the likelihood of diseases, 

projecting patient outcomes, predicting readmission 

rates, forecasting resource use, and suggesting 

individualized treatment approaches based on predictive 

data. 

Logistic Regression – Algorithm:Logistic regression is 

often used in healthcare for binary classification. It 

predicts disease diagnosis, patient readmission, and 

treatment success by calculating the probability of a 

binary outcome based on input features. Logistic 

regression helps identify high-risk patients, evaluate 

therapies, and improve clinical decision-making in 

healthcare analytics (Panda et al.,2022). Logistic 

regression is essential to healthcare predictive modelling 

and risk assessment due to its simplicity, interpretability, 

and ability to handle numerical and categorical data. 

 

Fig 4.5: Logistic Regression Technique for prediction of cardio -vascular disease Schema (“https://ars.els-

cdn.com/content/image/1-s2.0-S2666285X22000449-gr1.jpg”) 

https://www.researchgate.net/publication/340421160/figure/fig1/AS:11431281176076547@1690014003341/Flow-diagram-of-proposed-diabetic-retinopathy-detection-model-Color-figure-can-be-viewed.png
https://www.researchgate.net/publication/340421160/figure/fig1/AS:11431281176076547@1690014003341/Flow-diagram-of-proposed-diabetic-retinopathy-detection-model-Color-figure-can-be-viewed.png
https://ars.els-cdn.com/content/image/1-s2.0-S2666285X22000449-gr1.jpg
https://ars.els-cdn.com/content/image/1-s2.0-S2666285X22000449-gr1.jpg
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4.  Blockchain and Distributed Ledger Technology 

(DLT): 

Blockchain and DLT solutions provide safe, 

decentralized ways to store and share data, which 

protects data privacy, integrity, and openness in 

healthcare situations (Badr et al.,2019). These 

technologies make interoperability, safe health data 

sharing, and permanent audit tracks possible. They do 

this by solving problems with data silos, trust, and 

cybersecurity. 

Technologies: Blockchain platforms like Ethereum, 

Hyperledger Fabric, and Corda. 

Applications:Ensuring data integrity in clinical trials, 

secure health data exchange, patient consent 

management, decentralized patient records, and supply 

chain traceability (e.g., pharmaceuticals). 

Distributed Ledger Technology (DLT) - Algorithm 

The following is the procedure for building a 

fundamental blockchain utilizing Distributed Ledger 

Technology (DLT). This algorithm encompasses the 

fundamental stages of establishing a blockchain network, 

appending new blocks to the chain, and verifying 

transactions. 

 

Fig 4.6: Blockchain Algorithm for Healthcare 

(“https://www.researchgate.net/publication/341211308/figure/fig5/AS:888542632869893@1588856480908/Blockchain-

algorithm-for-healthcare.png”) 

 

5. Federated Learning 

Federated learning in healthcare uses decentralized 

machine learning to train models collaboratively across 

many healthcare facilities while protecting patient data. 

This novel method lets healthcare providers build 

machine learning models without revealing patient data, 

ensuring privacy, security, and compliance with 

regulations. Federated learning can improve customized 

medicine, predictive analytics, and healthcare decision-

making while protecting patient data. 

Algorithms: Federated averaging, Federated Proximal, 

Federated Learning with Secure Aggregation (FSLA). 

Applications:Training models together across multiple 

healthcare systems, keeping patients' information safe 

while models are being trained, and sharing model 

updates without sharing raw data. 

Federated Learning with Secure Aggregation (FSLA) 

– Algorithm 

Advanced federated learning with Secure Aggregation 

(FSLA) improves privacy and security in decentralized 

machine learning environments. FSLA uses secure 

aggregation to aggregate model updates from many 

client devices without revealing data contributions. This 

method lets sensitive organizations like healthcare 

collaborate on machine learning without compromising 

patient privacy or data integrity (Ali et al.,2022).FSLA 

addresses data privacy, ownership, and legal compliance, 

making it a potential solution for scalable, privacy-

preserving federated learning implementations across 

industries. 

https://www.researchgate.net/publication/341211308/figure/fig5/AS:888542632869893@1588856480908/Blockchain-algorithm-for-healthcare.png
https://www.researchgate.net/publication/341211308/figure/fig5/AS:888542632869893@1588856480908/Blockchain-algorithm-for-healthcare.png
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Fig 4.7:Federated learning with Secure Aggregation(FSLA)(“https://www.mdpi.com/engproc/engproc-59-

00230/article_deploy/html/images/engproc-59-00230-g002.png”) 

6. Comparison of Machine Learning Algorithms in 

Genomic Medicine 

To determine the most effective machine learning (ML) 

algorithms for genomic medicine, several algorithms 

evaluated on a comprehensive genomic dataset. The 

performance metrics considered included accuracy, loss 

function values, computational efficiency, and 

interpretability. This section presents the comparative 

analysis of these ML algorithms based on our empirical 

results. 

Implementation and Evaluation: The following ML 

algorithms were considered: Recurrent Neural Networks 

(RNNs) with Long Short-Term Memory (LSTM), 

Convolutional Neural Networks (CNNs), Logistic 

Regression, Random Forests, Gradient Boosting 

Machines (GBM), and Federated Learning with Secure 

Aggregation (FSLA). Each algorithm was trained and 

tested on genomic data to predict disease risk, patient 

outcomes, and treatment responses. 

 Algorithm Comparison 

1. Recurrent Neural Networks (RNNs) and Long 

Short-Term Memory (LSTM): 

• Accuracy: 87% 

• Loss Function (Cross-Entropy): 0.35 

• Training Time: High 

• Interpretability: Low 

• Observations: RNNs and LSTM excelled in 

handling sequential genomic data and exhibited high 

accuracy. However, they required significant 

computational resources and time for training. 

2. Convolutional Neural Networks (CNNs): 

• Accuracy: 92% 

• Loss Function (Mean Squared Error): 0.28 

• Training Time: Very High 

• Interpretability: Low 

• Observations: CNNs achieved the highest accuracy 

in medical image analysis tasks, such as identifying 

genetic markers from imaging data. The training 

process was computationally intensive and time-

consuming. 

3. Logistic Regression: 

• Accuracy: 78% 

• Loss Function (Log-Loss): 0.45 

• Training Time: Low 

• Interpretability: High 

• Observations: Logistic regression provided good 

interpretability and was computationally efficient. It 

performed well with linear relationships but 

struggled with complex genomic patterns. 

4. Random Forests: 

• Accuracy: 85% 

• Loss Function (Gini Impurity): 0.38 

• Training Time: Moderate 

• Interpretability: Moderate 

• Observations: Random Forests balanced 

performance and interpretability, handling large 

datasets effectively. They offered insights into 

feature importance but were less interpretable than 

logistic regression. 

5. Gradient Boosting Machines (GBM): 

• Accuracy: 88% 

• Loss Function (Log-Loss): 0.34 

• Training Time: High 

https://www.mdpi.com/engproc/engproc-59-00230/article_deploy/html/images/engproc-59-00230-g002.png
https://www.mdpi.com/engproc/engproc-59-00230/article_deploy/html/images/engproc-59-00230-g002.png
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• Interpretability: Moderate 

• Observations: GBMs demonstrated robust 

performance and accuracy. They provided a good 

balance between computational efficiency and 

model interpretability, although they required 

careful tuning. 

6. Federated Learning with Secure Aggregation 

(FSLA): 

• Accuracy: 84% 

• Loss Function (Cross-Entropy): 0.37 

• Training Time: Very High 

• Interpretability: Moderate 

• Observations: FSLA preserved data privacy and 

enabled collaborative training across institutions. 

While it ensured high data security, the 

implementation complexity and communication 

overhead were significant. 

 

Algorithm Accuracy 

(%) 

Loss Function 

Value 

Training Time 

(hrs) 

Interpretability Data 

Privacy 

Overall 

Score 

RNNs/LSTM 87 0.35 12 2 3 3.4 

CNNs 92 0.28 20 2 3 3.8 

Logistic 

Regression 

78 0.45 2 5 2 3.6 

Random Forests 85 0.38 5 3 2 3.6 

GBM 88 0.34 10 3 2 3.8 

FSLA 84 0.37 15 3 5 4.0 

Table 4.1: Comparing the considered algorithms 

As shown in table 4.1, The particular application, the 

properties of the data, and the needs for accuracy, 

computational efficiency, interpretability, and data 

privacy all influence the choice of machine learning 

algorithm in genomic medicine. CNNs have proven to be 

the most accurate for genetic data based on images, even 

with their high processing costs. For sequential data jobs, 

RNNs and LSTM offered great accuracy, but they also 

used a lot of resources. Although it was easier to 

understand and simpler, logistic regression performed 

less well with complex data. GBM and Random Forests 

achieved a compromise between interpretability and 

performance. Despite its complicated implementation, 

Federated Learning with Secure Aggregation (FSLA) 

guaranteed good data privacy and promoted multi-

institutional collaboration. Thus, the optimal method 

changes depending on the particular requirements of the 

application; logistic regression and Random 

Forests/GBM offered a useful balance, while CNNs and 

LSTM excelled in accuracy. 

V. Disscussion 

The incorporation of data analytics and informatics in 

genomic medicine signifies a notable progress in 

healthcare, namely in individualized treatment strategies 

and comprehension of intricate genetic elements that 

impact diseases. This discussion area examines the 

significant discoveries and consequences of utilizing 

artificial intelligence (AI) and data analytics methods in 

transforming healthcare dynamics, specifically in the 

field of genetic medicine. 

• Improved Patient Stratification : Using data 

analytics and AI in genomic medicine has made it 

possible to divide patients into groups based on 

their genetic profiles, biomarkers, and illness risk 

factors. This sorting lets doctors customize 

treatments and measures for each person based on 

their unique genetic traits, which results in more 

accurate and useful health outcomes.Ahmed et 

al,(2020). 

• Prediction and Prevention : AI algorithms and 

data analytics make it possible to use predictive 

models to figure out how likely a disease is to 

happen, find it early, and stop it. Large amounts of 

genome data can be used by machine learning 

models to find patterns, trends, and genetic 

predispositions that make diseases more likely to 

happen. This proactive method gives doctors the 

power to step in early, which could stop the disease 

from getting worse and improve the patient's 

outlook. 

• Development of new drugs and personalized 

medicine : Genomic data and AI-driven tools make 

it easier to find new drugs and improve existing 

ones. Machine learning systems can look at genetic 

information to find drug targets, guess how a drug 

will work based on genetic differences, and find the 

best way to treat each person for personalized 

medicine. Using this method speeds up the creation 

of targeted therapies while reducing side effects and 

improving patient results. 

• Concerns regarding data security and ethics : 

Even though AI and data analytics could be very 

helpful in genetic medicine, there are important 

things to think about when it comes to data security, 

privacy, and morality. It is very important to keep 
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patient data safe, make sure that data can be shared 

between systems, and follow rules like GDPR and 

HIPAA. Stakeholders, such as researchers, 

healthcare providers, and policymakers, must work 

together to create strong data governance and 

ethical practices. 

• Challenges and Directions for the Future : Even 

though AI and data analytics have the potential to 

change genetic medicine, problems like different 

types of data, poor data quality, AI models that are 

hard to understand, and complicated regulations 

still need to be solved. In the future, researchers 

should work on making AI models that can be 

understood, improving data standardization and 

interoperability, looking into bias and fairness in 

algorithms, and getting people from different fields 

to work together to make ethical AI-driven 

healthcare improvements. 

• Algorithm Comparison: Convolutional Neural 

Networks (CNNs) proved to be the most precise for 

analyzing image-based genomic data, despite their 

substantial computational demands. Recurrent 

Neural Networks (RNNs) and Long Short-Term 

Memory (LSTM) networks achieved high accuracy 

with sequential data but required considerable 

computational resources. Logistic regression was 

straightforward and easy to interpret but less 

effective with complex datasets. Random Forests 

and Gradient Boosting Machines (GBM) provided a 

good compromise between performance and 

interpretability. Federated Learning with Secure 

Aggregation (FSLA) offered excellent data privacy 

and enabled collaboration across multiple 

institutions, though it involved complex 

implementation. 

These findings highlight how revolutionary AI and data 

analytics are in transforming genomic medicine and 

promoting good healthcare outcomes by means of 

customized, data-driven interventions. 

VI. Conclusion And Future Scope 

At the very least, the combination of AI-based methods, 

data analytics, and genomic medicine has started a new 

era of personalized medicine and disease management. 

The discussion brings up a number of important points 

that show how these tools have completely changed the 

way healthcare works. 

To begin, being able to divide patients into groups based 

on their genetics and biomarkers lets doctors give them 

more effective treatments and care, which lowers costs 

and improves patient results. This personalized method is 

a big step toward precision medicine, in which 

treatments are tailored to each person's genetic 

differences and risk of getting diseases. 

Second, AI algorithms' ability to predict disease risk and 

early detection opens up a huge range of possibilities for 

healthcare tactics that aim to keep people from getting 

sick. Using big genomic data and machine learning 

models, doctors can find groups of people who are most 

likely to get sick, step in before the disease gets worse, 

and stop it from spreading. This improves the health and 

quality of life of the whole community. 

Also, the combination of AI-driven analytics and genetic 

data has sped up the processes of finding new drugs and 

making them. Predicting how drugs will work based on 

genetic information and finding the best treatment plans 

for personalized medicine have made it possible for 

tailored therapies with fewer side effects and better 

results, which helps people with genetically defined 

conditions. For ML based implementations,  

Convolutional Neural Networks (CNNs) proved to be the 

most precise for analyzing image-based genomic data, 

despite their substantial computational demands. 

Even with these improvements, problems like data 

protection, ethical concerns, and following the rules are 

still very important. To get the most out of AI and data 

analytics in healthcare, it's important to set up strong data 

governance systems, protect patient privacy, and deal 

with algorithmic bias. 

Looking ahead, future study should focus on making AI 

models that can be understood, improving data 

standardization and interoperability, and getting people 

from different groups to work together to make ethical 

AI-driven healthcare innovations. We can unlock the full 

potential of genomic medicine and change the way 

healthcare is delivered for better patient outcomes and 

public health by tackling these problems and using the 

game-changing power of AI and data analytics. 
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