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Abstract 

Machine learning has emerged as an important technological approach for developing personalized 

healthcare solutions by enabling healthcare systems to analyze patient-specific information and generate 

individualized predictions, recommendations, and interventions. The increasing availability of electronic 

health records, medical imaging, genomic information, wearable-device measurements, laboratory 

results, and patient-generated data provides opportunities to move healthcare from generalized treatment 

strategies toward more individualized approaches. This study examines machine learning approaches for 

personalized healthcare solutions, focusing on predictive modeling, patient stratification, risk 

assessment, treatment optimization, clinical decision support, and continuous health monitoring. A 

qualitative descriptive and conceptual research design was adopted using secondary academic literature. 

The analysis considers supervised learning, unsupervised learning, ensemble learning, deep learning, 

and reinforcement learning as important approaches for personalized healthcare.  

Machine learning can support individualized disease-risk prediction, treatment response 

estimation, patient segmentation, clinical outcome prediction, and personalized monitoring. However, 

implementation is affected by challenges involving data quality, privacy, interoperability, algorithmic 

bias, interpretability, model generalizability, clinical validation, and regulatory requirements. The study 

indicates that personalized healthcare can benefit from machine learning when patient-specific data are 

analyzed through clinically relevant, transparent, secure, and validated models. Future research should 

emphasize multimodal data integration, explainable machine learning, federated learning, personalized 

treatment optimization, real-time health monitoring, fairness-aware algorithms, and human-centered 

clinical decision support. 
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1. Introduction 

Personalized healthcare represents an important development in modern medicine because it seeks to 

account for individual differences in disease risk, clinical characteristics, treatment response, and health 

behavior. Conventional healthcare approaches frequently rely on generalized clinical guidelines and 

population-level evidence. Although these approaches remain essential, patients with similar diagnoses 

may experience different disease trajectories and treatment outcomes. Personalized healthcare seeks to 
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address this variation by incorporating patient-specific information into healthcare assessment and 

decision-making. The growth of digital healthcare has created substantial opportunities for personalized 

approaches. Electronic health records contain information concerning diagnoses, medications, laboratory 

results, procedures, and clinical histories. Medical imaging provides detailed information about 

anatomical and pathological characteristics, while genomic data can provide information concerning 

biological variation. Wearable devices can generate continuous measurements of physiological and 

behavioral conditions. Machine learning can analyze these diverse datasets and identify patterns that 

may support individualized healthcare decisions. 

Machine learning provides computational methods for discovering relationships within complex 

healthcare data. Supervised learning models can learn associations between patient characteristics and 

known clinical outcomes. Unsupervised learning can identify groups of patients with similar 

characteristics without predefined classifications. Ensemble learning can combine multiple predictive 

models, while deep-learning approaches can process complex and high-dimensional datasets. These 

techniques provide different capabilities for personalized healthcare applications. Patient risk prediction 

is one of the major applications of machine learning in personalized healthcare. Models can estimate an 

individual's probability of developing a disease, experiencing complications, being readmitted to a 

hospital, or experiencing an adverse clinical outcome. Personalized risk assessment can support 

preventive interventions and enable healthcare professionals to prioritize patients who may require 

additional monitoring or evaluation. 

Patient stratification is another important application. Machine learning can identify groups of 

patients according to clinical characteristics, treatment responses, disease progression, or other variables. 

Such stratification can provide a more detailed understanding of patient heterogeneity. In oncology and 

other complex clinical areas, identifying patient subgroups can support treatment selection and 

personalized care planning. Treatment personalization is also increasingly associated with machine 

learning. Patients can respond differently to medications or clinical interventions because of biological, 

genetic, behavioral, and environmental factors. Machine-learning models can analyze historical patient 

information and treatment outcomes to estimate the potential response of an individual patient. Such 

approaches may contribute to more informed treatment decisions when appropriately validated. 

Precision medicine provides a broader framework for using individual characteristics in 

healthcare decision-making. Genomic information, molecular profiles, clinical records, imaging, and 

lifestyle factors can be integrated to support individualized risk assessment and treatment. Machine 

learning can identify relationships among these variables that may not be easily recognized using 

conventional statistical approaches. Electronic health records are particularly valuable for personalized 

healthcare because they provide longitudinal patient information. Machine-learning models can analyze 

historical records to identify patterns associated with future outcomes. However, EHR data can contain 

missing values, inconsistent documentation, coding variations, and temporal irregularities. These 

characteristics create methodological challenges that must be addressed during model development. 

Wearable technologies provide additional opportunities for personalized healthcare. Devices can 

continuously collect information such as physical activity, heart rate, sleep patterns, and other 

physiological measurements. Machine-learning algorithms can analyze these data to identify deviations 

from individual patterns and potentially support early detection of health changes. Continuous 
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monitoring can therefore contribute to personalized health management. Remote patient monitoring 

further expands these possibilities. Patients can transmit health information from home to healthcare 

systems, enabling clinicians to observe changes over time. Machine-learning models can identify 

patterns that may indicate deterioration or increased risk. Such systems may support proactive 

interventions and reduce dependence on occasional clinical measurements. 

 

2. Objectives of the Study 

Primary Objective 

The primary objective of this study is to examine machine learning approaches for personalized 

healthcare solutions by analyzing predictive modeling, patient stratification, individualized risk 

assessment, treatment optimization, continuous monitoring, and clinical decision support. The study 

seeks to understand how machine learning can use patient-specific information to support individualized 

healthcare decisions while maintaining accuracy, fairness, interpretability, privacy, security, clinical 

validity, and appropriate professional oversight. 

2.1 Examination of Machine Learning Approaches 

The first objective is to examine major machine-learning approaches applicable to personalized 

healthcare, including supervised learning, unsupervised learning, ensemble learning, deep learning, and 

reinforcement learning. The study considers their capabilities for analyzing patient-specific clinical, 

imaging, genomic, laboratory, and behavioral information and evaluates their suitability for 

individualized prediction, patient segmentation, disease-risk assessment, and treatment-related 

applications. 

 

2.2 Assessment of Personalized Healthcare Applications 

The second objective is to assess machine-learning applications in personalized healthcare, including 

disease-risk prediction, patient stratification, treatment-response estimation, personalized monitoring, 

prognosis, and clinical decision support. The study examines how predictive information can contribute 

to individualized care planning and proactive health management while considering clinical workflow 

requirements and the continuing importance of professional healthcare judgment. 

 

2.3 Identification of Implementation Requirements 

The third objective is to identify the major requirements affecting personalized machine-learning 

systems, including data quality, privacy, interoperability, algorithmic fairness, interpretability, 

validation, generalizability, cybersecurity, and regulatory compliance. The study evaluates how these 

factors influence reliable implementation and emphasizes the importance of secure, transparent, 

clinically validated, equitable, and human-centered personalized healthcare technologies. 

 

3. Review of Literature 

3.1 Machine Learning in Personalized Healthcare 

Machine learning has become an important approach for healthcare prediction because it can identify 

complex relationships within large clinical datasets. Rajkomar et al. (2019) described machine learning 

as an important tool for healthcare applications involving prediction and clinical decision support. 
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Personalized models can analyze patient characteristics and historical outcomes to estimate individual 

risks and support more targeted healthcare interventions. 

Different machine-learning approaches provide different capabilities. Supervised learning can 

predict predefined clinical outcomes, while unsupervised learning can identify patient groups according 

to shared characteristics. Ensemble methods can improve predictive robustness by combining multiple 

models, and deep learning can process high-dimensional information. Appropriate model selection 

depends on clinical objectives, data structure, interpretability requirements, and implementation context. 

 

3.2 Patient Stratification and Individualized Treatment 

Patient stratification enables healthcare professionals to distinguish individuals according to disease 

characteristics, risk profiles, or expected treatment responses. Machine learning can analyze multiple 

variables simultaneously to identify clinically meaningful patient subgroups. Such approaches can 

contribute to precision medicine by recognizing heterogeneity that may not be evident through 

conventional population-level analysis. 

Personalized treatment represents another important application. Machine-learning models can 

examine relationships between patient characteristics and historical treatment outcomes to estimate 

potential responses. Topol (2019) emphasized the potential of AI to support individualized and high-

performance healthcare. However, treatment-related predictions require rigorous clinical validation 

because inaccurate recommendations may directly influence patient care. 

 

3.3 Data Integration, Explainability, and Privacy 

Personalized healthcare can benefit from combining information from electronic health records, medical 

imaging, genomics, laboratory measurements, and wearable devices. Miotto et al. (2018) highlighted the 

potential of deep learning for extracting information from complex healthcare datasets. Multimodal 

integration can provide richer patient representations, although interoperability and data-quality 

challenges remain significant. 

Explainability and privacy are essential when machine-learning models process sensitive patient 

information. Amann et al. (2020) emphasized the importance of explainability for responsible healthcare 

AI. Privacy-preserving techniques can support secure data analysis, while explainable approaches can 

provide information about factors contributing to predictions. Together, these capabilities can strengthen 

transparency and responsible personalized healthcare implementation. 

 

4. Research Methodology 

4.1 Research Design 

This study adopted a qualitative descriptive and conceptual research design to examine machine-learning 

approaches for personalized healthcare solutions. Secondary academic literature concerning machine 

learning, precision medicine, predictive healthcare analytics, patient stratification, personalized 

treatment, clinical decision support, digital health, and healthcare informatics was reviewed. 

The conceptual framework considered patient data collection, data preprocessing, feature 

development, machine-learning modeling, personalized prediction, clinical interpretation, and healthcare 

decision support as interconnected components. These components were examined according to 
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predictive performance, clinical relevance, interpretability, fairness, privacy, security, generalizability, 

and usability. 

 

4.2 Data Collection 

Secondary information was collected from peer-reviewed journal articles, scholarly books, and 

established academic publications addressing machine learning and personalized healthcare. Literature 

concerning electronic health records, genomic information, medical imaging, wearable technologies, 

predictive modeling, patient stratification, treatment optimization, and clinical decision support was 

considered. 

The literature was organized according to machine-learning methodology and healthcare 

application. Methodological categories included supervised learning, unsupervised learning, ensemble 

learning, deep learning, and reinforcement learning. Application categories included disease prediction, 

risk assessment, patient segmentation, treatment response, monitoring, prognosis, and personalized 

decision support. 

 

4.3 Data Analysis 

The collected literature was analyzed through thematic analysis. Major themes included personalized 

prediction, patient stratification, treatment optimization, multimodal data integration, clinical decision 

support, explainability, fairness, privacy, interoperability, and validation. Each theme was examined 

according to its contribution to individualized healthcare. 

A conceptual synthesis was used to describe how machine learning can transform patient-specific 

information into personalized healthcare insights. Data are collected and prepared, relevant features are 

identified, machine-learning models generate predictions, outputs are validated and interpreted, and 

appropriate information is provided to healthcare professionals. Professional judgment remains 

important throughout this process. 

 

5. Analysis 

5.1 Machine Learning Approaches for Personalized Healthcare 

Different machine-learning approaches provide distinct capabilities for personalized healthcare 

applications. 

 

Table 1: Machine Learning Approaches and Personalized Healthcare Applications 

Machine Learning 

Approach 
Primary Capability 

Personalized Healthcare 

Application 

Supervised Learning Outcome prediction Individual risk prediction 

Unsupervised Learning Pattern discovery Patient segmentation 

Random Forest Ensemble prediction Clinical risk assessment 

Gradient Boosting Nonlinear prediction Treatment-outcome prediction 
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Machine Learning 

Approach 
Primary Capability 

Personalized Healthcare 

Application 

Deep Learning Complex feature extraction Multimodal patient analysis 

Reinforcement Learning 
Sequential decision 

optimization 
Personalized treatment strategies 

Clustering Patient grouping Disease subgroup identification 

Neural Networks Pattern recognition Personalized clinical prediction 

 

The analysis indicates that no single machine-learning approach is appropriate for every personalized 

healthcare application. Supervised methods are useful when defined outcomes are available, whereas 

unsupervised methods can reveal previously unidentified patient groups. Deep learning can process 

complex information, while reinforcement learning has potential for sequential decision problems. 

Model selection should therefore be based on clinical requirements and data characteristics. 

 

5.2 Personalized Healthcare Applications 

Machine learning can contribute to several individualized healthcare applications. 

 

Table 2: Personalized Healthcare Applications of Machine Learning 

Application Patient Information Potential Contribution 

Disease-Risk Prediction Clinical and demographic data Individual risk estimation 

Patient Stratification Clinical profiles Identification of patient groups 

Treatment Response Clinical and treatment data Response estimation 

Personalized Monitoring Wearable data Continuous health assessment 

Prognosis Longitudinal records Outcome prediction 

Precision Medicine Genomic and clinical data Individualized treatment support 

Medical Imaging Analysis Imaging data Personalized disease assessment 

Clinical Decision Support Multimodal data Individualized recommendations 

 

The analysis demonstrates that machine learning can support personalized healthcare across prevention, 

diagnosis, treatment, and monitoring. Integrating different information sources can provide a more 

comprehensive representation of individual health conditions. Nevertheless, clinical validation, data 

quality, interpretability, privacy, and fairness remain essential for ensuring that personalized predictions 

are reliable and clinically appropriate. 
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6. Discussion 

Machine learning provides important opportunities for developing personalized healthcare solutions 

because it can analyze individual patient information and identify patterns associated with future 

outcomes. Instead of relying exclusively on population-level averages, predictive models can 

incorporate patient-specific characteristics to estimate individualized risks. This capability can support 

earlier intervention, targeted monitoring, and more informed clinical decision-making. 

Patient stratification is particularly valuable in complex healthcare environments. Patients with 

the same diagnosis may differ in disease severity, biological characteristics, treatment response, and 

prognosis. Machine-learning algorithms can analyze multiple variables simultaneously and identify 

groups with similar characteristics. Such stratification can support more targeted interventions and 

contribute to precision-oriented healthcare. 

Supervised learning is useful when healthcare datasets contain clearly defined outcomes. These 

models can estimate disease risk, readmission probability, treatment response, or other clinical 

outcomes. Unsupervised learning provides a different capability by identifying patterns without 

predefined categories. Together, these approaches can support both predictive assessment and discovery 

of clinically meaningful patient groups. 

Deep learning offers additional capabilities for analyzing high-dimensional healthcare data. 

Complex information from imaging, genomics, and longitudinal clinical records can be processed using 

neural architectures. However, deep-learning systems often require substantial training data and 

computational resources. Their complexity can also create challenges concerning interpretability and 

clinical trust. 

Treatment personalization represents an important area of machine-learning research. Historical 

data can be used to identify relationships between patient characteristics and treatment outcomes. 

Predictive systems may provide information concerning which patients are more likely to respond to 

particular interventions. Such approaches should be viewed as decision-support mechanisms rather than 

autonomous treatment systems because clinical outcomes depend on numerous factors that may not be 

represented in available datasets. 

 

7. Challenges 

7.1 Data Quality and Heterogeneity 

Personalized healthcare requires detailed and reliable patient information, yet healthcare datasets 

frequently contain missing values, inconsistent documentation, coding differences, measurement errors, 

and incomplete histories. These problems can reduce the reliability of machine-learning predictions. 

Combining information from different sources can further increase heterogeneity because datasets may 

differ in structure, frequency, resolution, and measurement standards. 

Data preprocessing is therefore essential for personalized machine-learning systems. Appropriate 

methods should address missing information, inconsistent variables, outliers, and differences between 

data sources without removing clinically meaningful information. Standardization and validation can 

improve model reliability. Longitudinal datasets also require careful temporal organization to ensure that 

models do not use information that would not have been available when a clinical prediction was made. 
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7.2 Algorithmic Bias and Fairness 

Machine-learning systems can produce biased predictions when training datasets inadequately represent 

particular patient populations. Differences in healthcare access, documentation, disease prevalence, and 

data availability can create unequal predictive performance. A model may therefore appear accurate 

overall while producing less reliable predictions for specific groups. 

Fairness should be considered throughout the machine-learning lifecycle. Researchers should 

evaluate performance across relevant patient groups and examine measures such as sensitivity, 

specificity, calibration, and predictive value. Representative datasets, subgroup testing, fairness-aware 

modeling, and continuous monitoring can help identify unequal outcomes and improve the reliability of 

personalized healthcare solutions. 

 

7.3 Interpretability and Clinical Trust 

Personalized healthcare decisions can have direct consequences for patients, making interpretability 

particularly important. Complex machine-learning models may generate accurate predictions without 

providing easily understandable explanations. Clinicians may therefore have difficulty determining 

whether a prediction is clinically plausible or whether it should influence a particular decision. 

Explainable machine-learning methods can provide information concerning influential variables 

and model behavior. However, explanations should be designed around clinical needs rather than purely 

technical requirements. Appropriate visualization, uncertainty communication, model documentation, 

and human oversight can improve trust while ensuring that machine-learning outputs remain supportive 

rather than determinative. 

 

7.4 Privacy, Security, and Interoperability 

Personalized healthcare requires the integration of highly sensitive information from multiple sources. 

Combining EHRs, genomic data, imaging, wearable measurements, and patient-generated information 

creates significant privacy and cybersecurity requirements. Unauthorized access, insecure transmission, 

or inappropriate data sharing can compromise patient confidentiality. 

Secure data infrastructures, encryption, authentication, access controls, de-identification, and 

privacy-preserving machine learning can help protect patient information. Interoperability is equally 

important because data must move between different healthcare systems and technologies. Standardized 

formats and communication protocols can improve integration while supporting secure and reliable 

personalized healthcare applications. 

 

8. Future Research 

Future research should focus on multimodal machine-learning systems capable of integrating clinical 

records, medical imaging, genomic information, laboratory results, and wearable measurements. 

Explainable and fairness-aware algorithms should be developed to improve transparency and equitable 

performance. Research should also investigate personalized treatment optimization, real-time 

monitoring, digital biomarkers, and models that can adapt to changing individual health conditions. 

Further research should prioritize multi-institutional and prospective validation of personalized 

healthcare models. Federated learning and privacy-preserving approaches may enable collaborative 
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model development without requiring extensive centralization of sensitive patient data. Future studies 

should also examine model drift, uncertainty, clinical workflow integration, patient outcomes, and 

human-AI collaboration to establish the long-term clinical value of machine-learning-based 

personalization. 

 

9. Conclusion 

Machine learning provides substantial opportunities for developing personalized healthcare solutions by 

analyzing patient-specific clinical, biological, behavioral, and technological information. Predictive 

models can support individualized disease-risk assessment, patient stratification, prognosis, treatment-

response estimation, and continuous health monitoring. These capabilities can contribute to a more 

proactive and individualized approach to healthcare delivery. 

Different machine-learning approaches offer distinct benefits. Supervised learning supports 

predefined outcome prediction, unsupervised learning can identify patient subgroups, ensemble methods 

can improve predictive robustness, and deep learning can process complex high-dimensional data. 

Reinforcement learning may additionally support sequential healthcare decisions. Appropriate 

methodological selection should depend on clinical objectives, available data, interpretability 

requirements, and potential risks. 

Personalized healthcare depends strongly on reliable and representative data. Electronic health 

records, medical imaging, genomic information, laboratory results, and wearable devices can provide 

valuable patient-specific information, but differences in data quality and structure can affect model 

performance. External validation, appropriate preprocessing, interoperability, and continuous monitoring 

are therefore essential for maintaining reliability across clinical environments. 

Privacy, fairness, interpretability, and cybersecurity are critical requirements for responsible 

personalized healthcare. Machine-learning systems should protect sensitive patient information and 

demonstrate appropriate performance across relevant populations. Explainability can help clinicians 

understand predictions, while secure infrastructures and privacy-preserving techniques can support 

responsible data use. Human oversight remains essential when machine-learning outputs influence 

patient care. 

Overall, machine-learning approaches have considerable potential to support personalized 

healthcare by moving clinical decision-making toward more individualized, predictive, and data-

informed models. Their successful implementation requires more than technological sophistication; it 

requires clinical validation, representative datasets, transparent methodologies, secure infrastructure, 

appropriate governance, and human-centered design. Future developments should emphasize 

multimodal integration, privacy-preserving learning, explainability, fairness, personalized treatment 

optimization, and effective collaboration between healthcare professionals and intelligent systems. 

 

References 

1. Bennett, C. C., Doub, T. W., & Selove, R. (2012). EHRs connect research and practice: Where 

predictive modeling, artificial intelligence, and clinical decision support intersect. Journal of 

Medical Systems, 36, 105–114. https://doi.org/10.1007/s10916-010-9522-9 

http://www.aijard.com/
https://doi.org/10.1007/s10916-010-9522-9


 

American International Journal of Advanced  

Research and Development (AIJARD) 
 

E-ISSN: XXXX-XXXX   ●   Website: www.aijard.com   ●   Email: editor@aijard.com 

 

AIJARD Volume 5, Issue 2, March-April 2023 108 

 

2. Corander, J., Aittokallio, T., Ripatti, S., & Kaski, S. (2012). The rocky road to personalized 

medicine: Computational and statistical challenges. Personalized Medicine, 9(2), 109–114. 

https://doi.org/10.2217/pme.12.1 

3. Doyle, O. M., Tsaneva-Atanasova, K., Harte, J., Tiffin, P. A., Tino, P., & Díaz-Zuccarini, V. (2013). 

Bridging paradigms: Hybrid mechanistic-discriminative predictive models. IEEE Transactions on 

Biomedical Engineering, 60(3), 735–742. https://doi.org/10.1109/TBME.2013.2244598 

4. Gruber, S. (2015). Targeted learning in healthcare research. Big Data, 3(4), 211–218. 

https://doi.org/10.1089/big.2015.0025 

5. Deo, R. C. (2015). Machine learning in medicine. Circulation, 132(20), 1920–1930. 

https://doi.org/10.1161/CIRCULATIONAHA.115.001593 

6. Rost, B., Radivojac, P., & Bromberg, Y. (2016). Protein function in precision medicine: Deep 

understanding with machine learning. FEBS Letters, 590(15), 2325–2338. 

https://doi.org/10.1002/1873-3468.12307 

7. Yoon, J., Davtyan, C., & van der Schaar, M. (2017). Discovery and clinical decision support for 

personalized healthcare. IEEE Journal of Biomedical and Health Informatics, 21(4), 1133–1145. 

https://doi.org/10.1109/JBHI.2016.2574857 

8. Coronato, A., Naeem, M., De Pietro, G., & Paragliola, G. (2020). Reinforcement learning for 

intelligent healthcare applications: A survey. Artificial Intelligence in Medicine, 109, 101964. 

https://doi.org/10.1016/j.artmed.2020.101964 

9. Khare, A., Jeon, M., Sethi, I. K., & Xu, B. (2017). Machine learning theory and applications for 

healthcare. Computational and Mathematical Methods in Medicine, 2017, Article 5263570. 

https://doi.org/10.1155/2017/5263570 

10. Kruppa, J., Ziegler, A., & König, I. R. (2012). Risk estimation and risk prediction using machine-

learning methods. Human Genetics, 131, 1639–1654. https://doi.org/10.1007/s00439-012-1194-y 

11. Weiss, J. C., Natarajan, S., Peissig, P. L., McCarty, C. A., & Page, D. (2012). Machine learning for 

personalized medicine: Predicting primary myocardial infarction from electronic health records. AI 

Magazine, 33(4), 33–45. https://doi.org/10.1609/aimag.v33i4.2438 

12. Wu, P., Zeng, D., & Wang, Y. (2019). Matched learning for optimizing individualized treatment 

strategies using electronic health records. Journal of the American Statistical Association, 115(529), 

380–392. https://doi.org/10.1080/01621459.2018.1549050 

13. Rajkomar, A., Dean, J., & Kohane, I. (2019). Machine learning in medicine. New England Journal 

of Medicine, 380(14), 1347–1358. https://doi.org/10.1056/NEJMra1814259 

14. Adam, G. A., Rampášek, L., Safikhani, Z., Smirnov, P., Haibe-Kains, B., & Goldenberg, A. (2020). 

Machine learning approaches to drug response prediction: Challenges and recent progress. npj 

Precision Oncology, 4, Article 19. https://doi.org/10.1038/s41698-020-0122-1 

15. Ghassemi, M., Naumann, T., Schulam, P., Beam, A. L., Chen, I. Y., & Ranganath, R. (2020). A 

review of challenges and opportunities in machine learning for health. AMIA Summits on 

Translational Science Proceedings, 2020, 191–200. 

16. Piccialli, F., Di Somma, V., Giampaolo, F., Cuomo, S., & Fortino, G. (2021). A survey on deep 

learning in medicine: Why, how and when? Information Fusion, 66, 111–137. 

https://doi.org/10.1016/j.inffus.2020.09.006 

http://www.aijard.com/
https://doi.org/10.2217/pme.12.1
https://doi.org/10.1109/TBME.2013.2244598
https://doi.org/10.1089/big.2015.0025
https://doi.org/10.1161/CIRCULATIONAHA.115.001593
https://doi.org/10.1002/1873-3468.12307
https://doi.org/10.1109/JBHI.2016.2574857
https://doi.org/10.1016/j.artmed.2020.101964
https://doi.org/10.1155/2017/5263570
https://doi.org/10.1007/s00439-012-1194-y
https://doi.org/10.1609/aimag.v33i4.2438
https://doi.org/10.1080/01621459.2018.1549050
https://doi.org/10.1056/NEJMra1814259
https://doi.org/10.1038/s41698-020-0122-1
https://doi.org/10.1016/j.inffus.2020.09.006


 

American International Journal of Advanced  

Research and Development (AIJARD) 
 

E-ISSN: XXXX-XXXX   ●   Website: www.aijard.com   ●   Email: editor@aijard.com 

 

AIJARD Volume 5, Issue 2, March-April 2023 109 

 

17. Martínez-García, M., & Hernández-Lemus, E. (2022). Data integration challenges for machine 

learning in precision medicine. Frontiers in Medicine, 8, 784455. 

https://doi.org/10.3389/fmed.2021.784455 

18. Sebastiani, M., Vacchi, C., Manfredi, A., Cassone, G., & colleagues. (2022). Personalized medicine 

and machine learning: A roadmap for the future. Journal of Clinical Medicine, 11(14), 4110. 

https://doi.org/10.3390/jcm11144110 

19. Krishnan, R., Rajpurkar, P., & Topol, E. J. (2022). Self-supervised learning in medicine and 

healthcare. Nature Biomedical Engineering, 6(12), 1346–1352. https://doi.org/10.1038/s41551-022-

00914-1 

20. Li, X., Zhang, Y., Wang, Y., & colleagues. (2022). Producing personalized statin treatment plans to 

optimize clinical outcomes using big data and machine learning. Artificial Intelligence in Medicine, 

129, 102312. 

http://www.aijard.com/
https://doi.org/10.3389/fmed.2021.784455
https://doi.org/10.3390/jcm11144110
https://doi.org/10.1038/s41551-022-00914-1
https://doi.org/10.1038/s41551-022-00914-1

