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Abstract 

  Personalized medicine aims to provide healthcare based on the biological and clinical 

characteristics of individual patients. Advancement in genomics has made it possible to identify 
genetic modifications related to disease risk, drug response, and treatment outcomes, but interpreting 

large and complex datasets remains challenging. Artificial intelligence (AI) is useful in analyzing 

genomic, clinical, and treatment-related information and connecting these data with clinical 

decisions. This review examines the role of AI in personalized medicine, with a focus on genomic 
analysis, clinical decision support, and precision therapeutics. AI applications in genomic medicine 

include variant interpretation, disease-risk prediction, pharmacogenomics, and multi-omics analysis. 

AI-based clinical decision support system can assist in risk assessment, diagnosis, treatment 

selection, and patient monitoring. In precision therapeutics, AI facilitates support in drug selection, 
dose optimization, treatment-response prediction, and treatment monitoring. The review also 

discusses applications in cancer, cardiovascular diseases, diabetes, neurological disorders, and rare 

diseases. Important challenges include data quality, privacy, algorithmic bias, explainability, clinical 

validation, cost, and unequal access to advanced technologies. Future progress will depend on 
reliable data integration, responsible AI development, clinical oversight, and appropriate regulation. 

The integration of genomics, AI-based decision support, and precision therapeutics could contribute 

to more personalized, responsive, and patient-centered healthcare. 
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1. Introduction 

Personalized medicine has greatly impacted 

the healthcare system. It focuses on the 

characteristics of individual patients. 

Traditional treatment regimens generally 

depend on common clinical guidelines and 

population-level evidence. Personalized 

medicine has integrated information on 

genetic variations, clinical history, disease 

characteristics, lifestyle, and treatment 

response to support decisions that are more 

specific to each patient. Genomic medicine 

has become an important part of this 

approach because genetic information can 

help explain differences in disease risk, drug 

response, and treatment outcomes [1,2]. 

Precision medicine aims to provide 

treatment based on each patient's unique 

biological and clinical features instead of 

relying on population averages [3]. 

The growing amount of genomic and 

clinical data has created a need for better 

methods to collect, analyze, and interpret 

complex information. Modern sequencing 

methods can generate enormous amounts of 

genetic data, while electronic health records, 

medical imaging, laboratory investigations, 

medication histories, and patient-generated 

data provide additional information about an 

individual's health. Bringing these diverse 

sources together can provide a more 

complete picture of disease and treatment 
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response. At the same time, the volume and 

complexity of these datasets can make 

conventional methods of analysis difficult to 

apply on their own. 

Artificial intelligence (AI) is a promising 

tool in examining large datasets and 

identifying patterns that may be difficult to 

recognize through conventional analysis. 

Machine learning and deep learning 

methods are being studied for genomic 

variant interpretation, disease prediction, 

patient classification, and treatment response 

assessment [3]. different areas of healthcare, 

such as medical imaging, electronic health 

records, clinical prediction, and drug 

development are increasingly relying on AI 

in modern times [5]. These applications 

have increased interest in using AI to 

connect biological information with clinical 

decision-making. 

 

Clinical decision support is an important 

link between patient data and treatment 

planning. AI-based systems can help 

clinicians estimate disease risk, identify 

relevant clinical findings, compare treatment 

options, and recognize patients who may 

need closer monitoring. When genomic 

information is considered together with 

clinical findings, these systems may provide 

a more complete basis for individualized 

decisions. The usefulness of such systems 

depends on the quality of the underlying 

data, proper clinical validation, and clear 

communication of the results to healthcare 

professionals [4]. AI should support clinical 

judgment and patient care, with clinicians 

remaining responsible for final decisions. 

Precision therapeutics takes this process 

ahead by using patient-specific information 

to guide treatment selection and dosing. 

Pharmacogenomics is one important 

example. Genetic differences can affect drug 

metabolism, efficacy, and adverse reactions, 

and pharmacogenomic information can help 

in guiding the use of selected medicines in 

clinical practice [2]. Integration of genomic 

information with clinical and treatment data 

to improve the selection of therapies and 

prediction how individual patients may 

respond, is achieved through AI. This 

methodology is specifically relevant when 

numerous biological and clinical factors 

need to be considered at the same time. 

A combination of AI, genomics, clinical 

decision support, and precision therapeutics 

has the potential to create a more connected 

model of patient care. This approach can 

move from identifying disease risk and 

interpreting genomic findings to selecting 

treatment and monitoring the patient's 

response. It also provides an opportunity to 

use new clinical information to reassess 

treatment decisions within a span of time. At 

the same time, concerns related to data 

privacy, algorithmic bias, interpretability, 

clinical validation, and equitable access need 

careful consideration. 

This review discusses the current role of AI 

in personalized medicine, with particular 

focus on genomic analysis, clinical decision 

support, and precision therapeutics. It also 

examines applications across major disease 

areas, the challenges that can affect clinical 

implementation, and future directions for 

integrating these technologies into patient 

care. The overall aim is to analyze how AI 

can help connect patient-specific biological 

information with clinical knowledge and 

treatment decisions while maintaining 

appropriate clinical oversight. 

2. Methodology 

This narrative review was conducted to 

examine the current role of artificial 

intelligence (AI) in personalized medicine, 

with particular emphasis on genomics, 

clinical decision support, and precision 

therapeutics. A comprehensive literature 

search was performed using 
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PubMed/MEDLINE, Scopus, Web of 

Science, IEEE Xplore, ScienceDirect, and 

Google Scholar to identify relevant studies 

published between January 2018 and June 

2026. Additional landmark publications and 

reference lists of selected articles were 

manually screened to ensure maximum 

coverage. 

Search terms included combinations of 

artificial intelligence, machine learning, 

deep learning, personalized medicine, 

precision medicine, genomics, 

pharmacogenomics, clinical decision 

support, precision therapeutics, multi-omics, 

electronic health records, drug discovery, 

and treatment response. 

Original research articles, systematic 

reviews, meta-analyses, clinical guidelines, 

consensus statements, and regulatory reports 

published in English were considered. 

Studies focusing on AI applications in 

genomic analysis, disease-risk prediction, 

pharmacogenomics, clinical decision 

support, treatment selection, multi-omics 

integration, and precision therapeutics were 

prioritized. Articles with little relevance to 

personalized medicine or insufficient 

methodological detail were excluded. 

The selected literature was organized into 

thematic categories including genomic 

medicine, AI-based clinical decision 

support, precision therapeutics, disease-

specific applications, implementation 

challenges, and future perspectives. As the 

studies differed in design, AI methods, 

clinical outcomes, and reporting standards, 

the findings were summarized using a 

qualitative narrative synthesis instead of a 

quantitative analysis. 

3. Overview of Personalized Medicine 

Personalized medicine focuses on healthcare 

decisions based on the individual 

characteristics of each patient. These may 

include genetic information, clinical history, 

disease status, lifestyle, environmental 

factors, and previous treatment responses. 

The goal is to provide better care which 

matches the needs of each patient [1].  

3.1 From Conventional Medicine to 

Personalized Medicine 

Conventional medical therapies rely on 

clinical guidelines developed from large 

patient populations. These guidelines are 

important, but patients with the same disease 

can respond differently to the same 

treatment. Genetic variation, age, organ 

function, disease severity, drug metabolism, 

and lifestyle can affect treatment response 

[1]. 

Genomic technologies have expanded the 

scope of personalized care. Genetic testing 

assists in identifying variants linked to 

disease risk and drug response. 

Pharmacogenomics is an important clinical 

application because genetic information can 

help guide the choice or dose of selected 

medicines [2]. 

Personalized medicine also uses information 

beyond genetics. Electronic health records, 

laboratory results, medical images, wearable 

devices, and patient-reported data provide 

additional information about an individual's 

health [3,4]. 

3.2 Role of Genomics in Individualized 

Care 

Genomics provides information about 

biological factors that may influence disease 

development and treatment response. It has 

applications in treatment of cancer, inherited 

disorders, cardiovascular diseases, and other 

conditions. In cancer care, molecular 

features can help identify therapeutic targets. 

In inherited diseases, genomic analysis can 

support diagnosis, while pharmacogenomic 

testing can provide information about drug 

metabolism and response [2]. 
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AI assisted support system is becoming 

useful for interpreting large genomic 

datasets. Machine learning methods aid in 

variant classification, genomic pattern 

recognition, disease-risk prediction, and 

analysis of relationships between genetic 

features and clinical outcomes [3]. 

3.3 Need for AI in Personalized Medicine 

The increasing volume of genomic and 

clinical data makes analysis more complex. 

AI can process distinct types of patient 

information and identify relationships within 

genomic data, clinical history, laboratory 

findings, imaging, medications, and 

treatment outcomes. 

AI-based systems can support disease-risk 

assessment, genomic interpretation, 

treatment-response prediction, therapeutic 

selection, and patient monitoring [3,4]. The 

usefulness of these systems depends on 

reliable data, proper clinical validation, and 

careful integration into clinical practice. 

The integration of these technologies creates 

a connected pathway from genomic analysis 

and clinical decision support to precision 

treatment and patient monitoring. Fig 1 

summarizes this integrated pathway and 

shows how patient-specific information can 

move through AI-based analysis toward 

individualized treatment and continuous 

monitoring. 

 

              Fig 1. Integrated framework of AI-enabled personalized medicine. 

4. AI in Genomic Medicine 

Genomic medicine produces detailed 

information about a patient's genetic 

makeup, but interpreting this information 

can be difficult because of the considerable 

number of genetic variants and their 

complex relationships with disease. AI can 

help analyze these data and connect genomic 

findings with clinical information. This 

makes AI an important part of the move 

toward more individualized healthcare [6]. 
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4.1 Genomic Data Analysis 

Modern sequencing technologies generate 

large volumes of genomic data. AI and 

machine learning can help process these 

data, identify meaningful genetic patterns, 

and classify variants according to their 

possible clinical relevance. These methods 

can also combine genomic information with 

clinical records to improve the interpretation 

of genetic findings [6,7]. 

Deep learning has gained attention in 

genomic analysis because it can detect 

complex patterns within DNA sequences 

and other biological data. AI-based 

approaches have been studied for sequence 

analysis, variant prediction, gene expression 

analysis, and disease-risk assessment. These 

applications can reduce the amount of 

manual analysis required and help 

researchers to focus on findings with greater 

clinical importance [7]. 

4.2 Variant Interpretation and Disease-

Risk Prediction 

A major challenge in genomic medicine is 

determining whether a genetic variant has 

clinical significance. Many variants 

identified through sequencing do not have a 

clear relationship with disease. AI models 

can compare genetic variants with existing 

genomic databases, functional data, and 

clinical information to estimate their 

potential significance [6,8]. 

AI can also be used to estimate disease risk 

by combining genetic factors with other 

patient characteristics. for example, 

Polygenic risk scores, uses information from 

multiple genetic variants to estimate an 

individual's susceptibility to certain diseases. 

Additionally, Machine learning approaches 

can combine these genetic scores with 

clinical and environmental factors to 

produce more comprehensive risk 

assessments [8]. 

4.3 Pharmacogenomics and Drug-

Response Prediction 

People can respond differently to the same 

medicine because of genetic differences. 

Variations in genes involved in drug 

metabolism, transport, and drug targets can 

affect treatment response and the risk of 

adverse reactions. Pharmacogenomics uses 

this information to support medication 

selection and dosing [2]. 

AI can improve pharmacogenomic analysis 

by combining genetic data with medication 

history, clinical characteristics, laboratory 

results, and previous treatment responses. 

This may help predict which patients are 

more likely to benefit from a particular drug 

or experience an adverse reaction. Such 

approaches are especially relevant in areas 

such as oncology, where treatment selection 

can depend on specific molecular 

characteristics [9]. 

4.4 AI-Based Multi-Omics Integration 

Genomic information represents only one 

part of a patient's biological profile. Other 

forms of omics data, such as 

transcriptomics, proteomics, metabolomics, 

and epigenomics, provide additional 

information about disease mechanisms and 

treatment response. Combining these 

datasets can provide a broader view of 

individual disease biology [10]. 

Integration of multi-omics datasets and 

identification of relationships that may not 

be evident when each dataset is studied 

separately, can be performed accurately by 

AI. These approaches are being explored for 

disease classification, biomarker discovery, 

prognosis, and treatment selection. Multi-

omics analysis may therefore provide a 

stronger biological basis for personalized 

treatment decisions [10,11]. 

Overall, AI is helping move genomic 

medicine from the simple identification of 
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genetic variants toward deeper interpretation 

of their clinical meaning. The next step is to 

connect these genomic findings with patient 

records and clinical decisions, which forms 

the basis of AI-based clinical decision 

support. The major applications of AI in 

genomic medicine and their roles in 

personalized care are summarized in Table 

1. 

                     Table 1. Major applications of artificial intelligence in genomic medicine 

AI Application Main Data Used Clinical/Research Use 

Variant interpretation DNA sequencing data Classification of clinically 

relevant variants 

Disease-risk prediction Genetic and clinical data Estimation of disease 

susceptibility 

Pharmacogenomics Genetic and medication data Drug selection and dose guidance 

Drug-response prediction Genomic and clinical data Prediction of treatment response 

Multi-omics integration Genomic, transcriptomic, 

proteomic and metabolomic 

data 

Disease profiling and biomarker 

discovery 

 

 

5. AI-Based Clinical Decision Support 

Clinical decision support (CDS) systems 

help healthcare professionals use patient 

information when making diagnostic and 

treatment decisions. Traditional CDS tools 

mainly depend on predefined rules. AI-based 

systems can learn from large clinical 

datasets and recognize patterns across 

distinct types of patient information. This 

makes them useful for risk assessment, 

diagnosis, treatment planning, and patient 

monitoring [12,13]. 

5.1 Integration of Patient Data 

Electronic health records (EHRs) contain 

information such as diagnoses, laboratory 

results, medications, clinical notes, and 

previous treatment outcomes. AI enables the 

analysis of these data together and identify 

patterns that may support individualized 

care. Natural language processing can also 

extract useful information from clinical 

notes and other unstructured records [12]. 

When genomic data are combined with EHR 

information, clinicians can obtain a broader 

picture of a patient's disease and treatment 

needs. This integration can support more 

informed decisions and connect genomic 

findings with real-world clinical information 

[14]. 

5.2 Risk Prediction and Early Diagnosis 

AI-based prediction models can estimate the 

risk of disease progression, complications, 

hospital admission, or other clinical 

outcomes. These models may use 

demographic characteristics, laboratory 

findings, medical history, medications, and 

genomic information. Early risk 

identification can help clinicians decide 

which patients need further assessment or 

closer monitoring [13,15]. 

AI has also been studied for disease 

detection using medical images, pathology 

data, and clinical records. Combining these 

findings with patient-specific information 

may improve diagnostic assessment and 

support earlier intervention [16]. 

5.3 Treatment Selection and Clinical 

Recommendations 

AI-based CDS can compare patient 

characteristics with information from 

previous patients, clinical studies, and 
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treatment records. This can help identify 

treatment options that may be suitable for a 

particular patient. for example, in oncology, 

AI systems can combine molecular features 

with clinical data to support treatment 

selection [14,16]. 

These systems should function as decision-

support tools. Clinicians need to consider 

the patient's condition, preferences, 

available evidence, and clinical context 

before making the final decision. 

5.4 Explainable AI and Clinician Trust 

A major concern with AI-based CDS is the 

difficulty of understanding how some 

models reach their predictions. Explainable 

AI methods can provide information about 

the factors that contribute to a prediction or 

recommendation. Clear explanations can 

help clinicians assess whether an AI-

generated result is clinically reasonable [17]. 

Clinical validation is also essential. A model 

that performs well in one dataset may 

produce different results when used with 

patients from another hospital or population. 

External validation, continuous monitoring, 

and careful assessment of model 

performance are therefore important before 

extensive clinical use [13,18]. 

AI-based clinical decision support can 

connect complex patient information with 

practical clinical decisions. Table 2 

summarizes the major applications of AI-

based CDS, and the types of patient 

information used for each application. 

                        Table 2. Major applications of AI-based clinical decision support 

Application Patient Data Clinical Role 

Risk prediction EHR, laboratory and clinical data Identify patients at increased 

risk 

Diagnostic support Clinical records, imaging, pathology 
 

Support disease detection 

Treatment selection Clinical, genomic and treatment data Compare suitable therapeutic 

options 

Outcome prediction EHR and time-series health data Estimate treatment or disease 

outcomes 

Patient monitoring Clinical and wearable data Track changes in health status 

 

6. AI in Precision Therapeutics 

Precision therapeutics uses patient-specific 

information to guide drug selection, dosing, 

and treatment monitoring. Genomic data can 

provide important clues about drug 

response, while clinical history, laboratory 

findings, and previous treatment outcomes 

add further context. Combining these data 

sources to support more individualized 

treatment decisions is facilitated by AI 

[18,19]. 

6.1 Drug Selection and Dose Optimization 

Patients may respond differently to the same 

medicine because of genetic variation, age, 

organ function, disease characteristics, and 

other factors. AI models are capable of 

analyzing these variables to estimate 

treatment response and help identify suitable 

medicines or doses. Pharmacogenomic 

information is particularly useful when 

genetic variants affect drug metabolism or 

drug targets [18]. 

6.2 Precision Oncology 

Cancer treatment is a major area for AI-

supported precision medicine. Tumor 
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sequencing can identify mutations and 

molecular features that may guide treatment 

selection. AI acts as a promising means in 

analyzing genomic, pathological, imaging, 

and clinical data to classify tumors, identify 

potential therapeutic targets, and predict 

treatment response [19,20]. 

6.3 AI-Assisted Drug Discovery and 

Repurposing 

AI is also being used earlier in the 

therapeutic process. Machine learning can 

analyze molecular structures, biological 

targets, and drug-related datasets to identify 

potential drug candidates. These methods 

can support target identification, prediction 

of drug properties, and drug repurposing. 

This approach may help researchers 

prioritize promising compounds for further 

laboratory and clinical investigation [18,20]. 

clinical trial designs are also being 

supported by AI in helping researchers 

improve trial planning, identifying suitable 

participants, and making better use of 

available clinical data [21]. 

6.4 Treatment-Response Monitoring 

Precision therapeutics does not end when 

treatment begins. Continuous assessment of 

treatment response can provide information 

for adjusting therapy. By reviewing 

laboratory results, imaging findings, clinical 

records, and patient-generated data, AI spots 

shift in a patient's illness and treatment 

response. [22]. 

The integration of these applications creates 

a treatment pathway in which AI assists in 

drug selection, dose planning, response 

prediction, and treatment monitoring. The 

major applications are summarized in Fig 2. 

 

                       Fig 2. AI applications across the precision therapeutics pathway. 
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7. Integration of Genomics, Clinical 

Decision Support and Precision 

Therapeutics 

The real value of AI-enabled personalized 

medicine comes from connecting genomic 

information with clinical data and treatment 

decisions. Genomic testing can identify 

disease-related variants or factors that may 

affect drug response. Clinical decision 

support can then combine these findings 

with medical history, laboratory results, and 

disease characteristics to guide treatment 

planning [23,24]. 

This integrated approach can create a 

continuous patient-care pathway. Genomics 

provides biological information, AI 

interprets complex data, clinical decision 

support connects the findings to medical 

decisions, and precision therapeutics uses 

them to guide treatment. Patient responses 

can then be added to the system for further 

assessment and treatment adjustment. 

7.1 From Genomic Data to Clinical 

Decisions 

Genomic findings have limited clinical 

value when they are considered separately 

from the patient's overall health status. AI 

can combine genomic information with 

clinical records and other patient data to 

identify patterns that may have direct 

clinical relevance. This can support disease-

risk assessment, diagnosis, treatment 

selection, and prognosis [23]. 

7.2 From Clinical Decisions to 

Individualized Treatment 

Clinical decision support provides a 

practical link between patient information 

and treatment planning. AI models can 

assess multiple variables at the same time 

and provide clinicians with patient-specific 

predictions or recommendations. In 

precision therapeutics, these predictions can 

support drug selection, dose planning, and 

treatment monitoring [24,25]. 

7.3 Continuous Treatment Optimization 

Personalized medicine should not end with 

the initial treatment decision. Treatment 

response can change over time, and new 

clinical or genomic information may 

become available. AI can use these updates 

to reassess the patient's condition and 

support further treatment adjustments. This 

creates a cycle of data collection → AI 

analysis → clinical decision → treatment → 

response monitoring → updated decision. 

This integrated model brings together the 

major components of personalized medicine 

and provides a foundation for its use across 

different disease areas. Fig 3 summarizes 

how these components interact throughout 

the patient-care pathway. 
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Fig 3. Integration of genomics, AI-based clinical decision support, and precision therapeutics in 

personalized patient care. 

8. Clinical Applications of AI-Enabled 

Personalized Medicine 

AI-enabled personalized medicine is being 

studied across different disease areas. Its 

main value comes from combining patient-

specific information with clinical and 

molecular data to support diagnosis, 

treatment selection, and follow-up. The 

strongest applications are currently seen in 

cancer, cardiovascular disease, metabolic 

disorders, neurological conditions, and rare 

diseases [26,27]. 

8.1 Cancer 

Cancer is one of the leading areas for 

precision medicine. Genomic profiling can 

identify mutations and molecular changes 

that influence treatment selection. AI 

enables the analysis of genomic, pathology, 

imaging, and clinical data to classify tumors, 

predict treatment response, and identify 

patients who may benefit from targeted 

therapies [26,28]. 

8.2 Cardiovascular Diseases 

AI can combine clinical history, laboratory 

results, imaging, and genetic information to 

estimate cardiovascular risk and predict 

disease outcomes. These models may help 
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identify high-risk patients and support 

individualized prevention and treatment 

plans [25]. 

8.3 Diabetes and Metabolic Disorders 

Personalized diabetes care can use 

information such as glucose patterns, 

medication history, lifestyle, and patient 

characteristics. AI models can assist in 

predicting glucose changes, treatment 

response, and the risk of complications. 

Combining this data with genetic 

information may further improve individual 

treatment planning [26]. 

8.4 Neurological Disorders 

Neurological diseases often show 

considerable variation between patients. AI 

accurately processes the imaging, clinical 

records, genetic information, and other 

biological data to support diagnosis, disease 

progression assessment, and treatment 

selection. These methods are being explored 

in conditions such as Alzheimer's disease, 

Parkinson's disease, and epilepsy [34]. 

8.5 Rare and Inherited Diseases 

Rare diseases can be difficult to diagnose 

because their clinical features may overlap 

with other disorders. AI-assisted genomic 

analysis examines disease-associated 

variants and connect genetic findings with 

clinical features. This can shorten the 

diagnostic process and support more 

appropriate treatment planning [35]. 

These applications show how AI can 

connect genomic and clinical information 

with disease-specific treatment decisions. 

Table 3 summarizes the major clinical 

applications of AI-enabled personalized 

medicine across different disease areas. 

                         Table 3. Clinical applications of AI-enabled personalized medicine 

Disease Area Main Data Used AI Application Potential Clinical 

Value 

Cancer Genomics, pathology, 

imaging, clinical data 

Tumor classification and 

treatment-response 

prediction 

Targeted treatment 

selection 

Cardiovascular 

disease 

EHR, imaging, 

laboratory, and genetic 

data 

Risk prediction and 

outcome assessment 

Individualized 

prevention and 

treatment 

Diabetes Glucose, clinical, 

lifestyle, and 

medication data 

Glucose and treatment-

response prediction 

Better treatment 

planning 

Neurological 

disorders 

imaging, clinical, and 

genetic data 

Diagnosis and disease 

progression prediction 

Earlier diagnosis and 

individualized care 

Rare diseases Genomic and clinical 

data 

Variant interpretation and 

diagnosis 

Faster diagnosis and 

treatment planning 

 

9. Challenges and Limitations 

AI-enabled personalized medicine has 

strong clinical potential, but several barriers 

must be focused before it can become part of 

routine care. These challenges involve data 

quality, privacy, bias, model interpretation, 

clinical validation, cost, and access [27,28]. 

Successful implementation will also depend 

on compliance with evolving regulatory 

frameworks, including guidance from the 

FDA, European Medicines Agency (EMA), 

World Health Organization (WHO), and the 

European Union Artificial Intelligence Act, 
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which highlight safety, transparency, and 

validation of AI-enabled medical 

technologies. 

9.1 Data Quality and Interoperability 

AI models depend on accurate and well-

organized data. Missing records, 

inconsistent formats, and differences 

between healthcare systems can affect 

model performance. Genomic and clinical 

datasets also come from dissimilar sources. 

This makes data integration difficult [27]. 

9.2 Privacy and Data Security 

Genomic and health records contain 

sensitive patient information. Their use in AI 

systems raises concerns about privacy, 

unauthorized access, and data sharing. 

Strong security measures and responsible 

data governance are needed to protect 

patient privacy [29]. 

9.3 Bias and Health Inequality 

AI models can produce less reliable results 

when training datasets do not represent the 

populations in which they are later used. 

Genetic diversity, socioeconomic factors, 

and differences in access to healthcare can 

contribute to unequal performance. Varied 

datasets and regular evaluation across 

patient groups are important [30]. 

9.4 Explainability and Clinical Trust 

Some AI models provide predictions without 

making the reasoning easy to understand. 

Clinicians need sufficient information to 

judge whether an AI-generated 

recommendation is appropriate for a 

particular patient. Explainable AI is essential 

to improve transparency and support 

responsible clinical use [15]. 

9.5 Clinical Validation and Regulation 

Superior performance in a research dataset 

does not guarantee reliable performance in 

routine clinical practice. AI systems need 

external validation, prospective evaluation, 

and continuous monitoring. Regulatory 

frameworks must also keep pace with 

rapidly changing AI technologies [16,31]. 

9.6 Cost and Accessibility 

Genomic testing, advanced computing 

systems, and AI-supported healthcare can be 

expensive. Differences in infrastructure and 

technical expertise may reduce access, 

especially in resource-limited settings. 

Future implementation should consider 

affordability and equitable access along with 

clinical performance. The major challenges 

associated with AI-enabled personalized 

medicine and possible strategies for 

addressing them are summarized in Table 4. 

Table 4. Major challenges and possible strategies for implementing AI-enabled personalized 

medicine. 

Challenge Main concern Possible strategy 

Data quality and 

interoperability 

Missing data, inconsistent 

formats, poor integration 

Standardized data formats 

and improved data integration 

Privacy and data security Exposure of genomic and 

clinical information 

Strong data protection and 

responsible data governance 

Algorithmic bias Unequal performance across 

patient groups 

Diverse datasets and regular 

bias assessment 

Explainability Difficulty understanding AI 

predictions 

Explainable AI and clinician 

oversight 

Clinical validation Inferior performance outside 

development settings 

External validation and 

continuous monitoring 
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Cost and accessibility Excessive cost and unequal 

access 

Affordable technologies and 

wider infrastructure 

 

These challenges show that successful personalized medicine requires more than accurate AI 

models. Fig 4 summarizes the major barriers and possible approaches for responsible 

implementation of AI-enabled personalized medicine. 

 

    Fig 4. Major challenges and strategies for implementing AI-enabled personalized medicine. 

 

10. Future Perspectives 

AI-enabled personalized medicine is 

expected to become more integrated as 

genomic, clinical, and treatment data 

become easier to connect. Future systems 

may combine these sources to provide more 

complete patient profiles and support 

decisions throughout the treatment process 

[11,15]. 

10.1 Multimodal AI and Multi-Omics 

Future AI systems may unite genomics with 

transcriptomics, proteomics, metabolomics, 

imaging, and clinical information. This can 

provide a broader view of disease biology 

and help identify biomarkers and treatment 

options that may not be clear from a single 

data source [11]. 

10.2 More Explainable and Reliable AI 

Clinical adoption will require AI systems 

that clinicians can understand and evaluate. 

Research is moving toward models that 

provide clear explanations, undergo external 

validation, and are monitored after 

implementation. These steps can improve 

confidence in AI-supported clinical 

decisions [15]. 

10.3 Real-World and Continuous 

Personalized Care 

Wearable devices, remote monitoring, and 

electronic health records can provide 

continuous information about changes in a 

patient's health. AI can analyze these data 

and help update treatment decisions as the 

patient's condition changes. This could make 
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personalized medicine more dynamic and 

responsive [32]. 

10.4 Wider Access and Responsible 

Implementation 

Future development should focus on making 

genomic testing and AI-supported care 

affordable and accessible to diverse 

populations. Strong data governance, 

privacy protection, clinical oversight, and 

appropriate regulation will remain important 

as these technologies move into routine 

healthcare [33]. 

Overall, the future of personalized medicine 

will depend on how well AI can connect 

biological information with clinical 

knowledge and patient needs. The goal 

should be more accurate, evidence-based, 

and patient-centered care and clinicians 

must continue to guide important medical 

decisions. 

11. Limitation 

This review has certain limitations. It is a 

narrative review and therefore does not 

follow the methodology of a systematic 

review. multiple databases were searched, 

but only English-language publications were 

considered. The rapidly evolving nature of 

AI means that newly published studies may 

be available after completion of this review. 

Several AI applications discussed remain in 

the developmental or early implementation 

stage, limiting conclusions related to long-

term clinical effectiveness. 

12. Discussion 

AI-enabled personalized medicine brings 

together genomic information, clinical 

records, and treatment-related data to 

support more individualized care. Genomic 

information can provide clues about disease 

risk and drug response, while clinical data 

provides the patient's current health status, 

treatment history, laboratory findings, and 

other factors that influence medical 

decisions. AI can help analyze these sources 

together and identify patterns that may be 

difficult to recognize when each source is 

considered separately [1,22,36]. The main 

value of this approach lies in connecting 

biological information with the actual 

clinical situation of the patient. 

Genomic information alone does not always 

provide enough information for treatment 

selection. The meaning of a genetic variant 

may depend on disease characteristics, age, 

organ function, current medications, 

previous treatment response, and other 

clinical factors. AI-based analysis can help 

bring these variables together and support 

the interpretation of complex genomic data 

[6,7,12]. This is particularly significant 

when genomic testing produces large 

datasets that require careful interpretation 

before findings can be used in clinical care. 

Pharmacogenomics provides another 

important link between genomics and 

treatment. Genetic differences can affect 

drug metabolism, therapeutic response, and 

the risk of adverse reactions. 

Pharmacogenomic information can therefore 

contribute to drug selection and dose 

planning [2,37]. Further value can be added 

by AI in combining genomic findings with 

clinical history, laboratory data, medication 

records, and previous treatment outcomes 

[18]. This suggests that precision 

therapeutics should not be viewed as 

treatment selection based on a single genetic 

marker. A more useful approach considers 

several patient-specific factors together. 

The clinical applications reviewed in this 

manuscript also show that AI-enabled 

personalized medicine differs across disease 

areas. Cancer remains an important field 

because molecular profiling already has a 

role in treatment planning, and AI 

contributes in analyzing genomic, 

pathological, imaging, and clinical 
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information to support treatment decisions 

[19,26,28]. Cardiovascular disease and 

diabetes provide opportunities for risk 

prediction and monitoring through clinical, 

laboratory, medication, lifestyle, and patient-

generated data [25,26]. Rare diseases also 

benefit from improved genomic diagnosis 

and interpretation, though the role of AI in 

these settings still requires further clinical 

evaluation [35]. These differences show that 

AI should not be considered a single 

technology with the same level of clinical 

readiness across all medical fields. 

A key point from the reviewed literature is 

that technical accuracy alone is not enough 

to establish clinical value. A model may 

perform well during development but 

provide limited benefit when used with 

patients from another hospital, population, 

or healthcare system. Differences in data 

quality, clinical practice, patient 

characteristics, and healthcare infrastructure 

can affect performance [16,27]. External 

validation and prospective evaluation are 

therefore important before AI systems are 

used widely. The real measure of success 

should be whether an AI system improves 

clinical decisions, patient outcomes, safety, 

or the efficiency of care. 

Clinical workflow is another major factor in 

successful implementation. AI systems must 

provide information in a form that 

healthcare professionals can understand 

readily and use without adding unnecessary 

complexity to routine therapy. Poorly 

integrated systems may increase workload 

even after having strong technical 

performance. Clinicians also need clear 

information about the intended use, 

limitations, and expected performance of an 

AI tool. Collaboration between clinicians, 

researchers, data scientists, healthcare 

organizations, and regulatory bodies is 

important for responsible clinical translation 

[14,16]. 

Transparency in development and evaluation 

also has a vital role. TRIPOD+AI provides 

updated guidance for reporting clinical 

prediction models based on regression or 

machine learning methods [40]. The 

CONSORT-AI and SPIRIT-AI extensions 

provide guidance for clinical trials involving 

AI-based interventions [38,39]. These 

reporting standards can help researchers 

describe how AI systems were developed, 

evaluated, and used in clinical settings. 

Better reporting also makes it easier to 

compare studies and judge whether reported 

performance is relevant to real patient care. 

Multiple challenges remain before AI-

enabled personalized medicine can become 

part of routine healthcare. Poor-quality or 

incomplete data can affect model reliability. 

Privacy concerns are also particularly 

important when genomic and clinical 

information are combined [27,29]. 

Algorithmic bias can also lead to unequal 

performance across patient groups when 

training data do not adequately represent the 

populations in which the system will be used 

[30]. This is a major concern in personalized 

medicine because genetic background, 

disease prevalence, healthcare access, and 

clinical characteristics can differ between 

populations. Different datasets and 

evaluations across relevant patient groups 

are needed to identify and reduce such 

problems. 

Explainability and clinical judgment remain 

equally important. Clinicians need enough 

information to judge whether an AI-

generated prediction or recommendation 

accurately matches the patient's condition 

[15,17]. Patient preferences, treatment goals, 

and clinical circumstances should continue 

to influence medical decisions. AI should 

therefore be used as a clinical support tool, 

and healthcare professionals should have 

responsibility for the final decision. 
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Another critical issue is the difference 

between prediction and actual clinical 

benefit. An AI model may accurately predict 

disease risk or treatment response without 

improving patient outcomes when used in 

practice. Research should move from 

developing and testing AI models to 

validating them in different settings, 

evaluating them in future studies, and 

measuring their real-world clinical benefits. 

This is particularly important when AI 

recommendations affect medication 

selection, dosing, treatment monitoring, or 

long-term care. 

Cost and access may also determine who 

benefits from these technologies. Genomic 

testing, computing infrastructure, skilled 

personnel, and digital healthcare systems 

require substantial resources. If these 

technologies remain concentrated in well-

resourced healthcare settings, patients in 

resource-limited regions may have fewer 

opportunities to benefit from personalized 

care. Future implementation should 

therefore consider affordability, 

infrastructure, data representation, and 

access to trained healthcare professionals 

together with model performance. 

Overall, the evidence supports a gradual 

move toward a more connected model of 

personalized care. Genomics can provide 

information about biological variation, AI 

has the ability to interpret complex datasets, 

clinical decision support can connect these 

findings with medical decisions, and 

precision therapeutics can use this 

information to guide treatment. The clinical 

value of this approach will depend on 

reliable data, appropriate validation, 

transparent reporting, responsible 

implementation, and continued clinical 

oversight [32,33]. The goal should be to use 

AI where it provides clear clinical value and 

contributes to safer and more individualized 

patient care. 

13. Conclusion 

AI is becoming an important part of 

personalized medicine by connecting 

genomic, clinical, and treatment-related 

information. Genomic analysis can provide 

information about disease risk and drug 

response, while AI can integrate these 

findings with clinical records, laboratory 

results, imaging, medication history, and 

treatment outcomes. This approach can 

support disease-risk assessment, treatment 

selection, dose planning, treatment-response 

prediction, and patient monitoring. 

The reviewed evidence shows applications 

across cancer, cardiovascular disease, 

diabetes, neurological disorders, and rare 

diseases, but the level of clinical 

development differs between these areas. 

Important challenges remain, particularly 

data quality, privacy, algorithmic bias, 

explainability, external validation, cost, and 

equitable access. Technical performance 

alone cannot establish clinical usefulness. 

Prospective evaluation and assessment of 

real-world patient benefits are needed before 

AI systems become part of routine care 

[16,27,38-40]. 

Future progress will be based on better 

integration of genomic and clinical data, 

diverse patient populations, secure data 

governance, appropriate regulation, and 

stronger clinical evidence. AI should support 

clinical expertise and patient preferences, 

with healthcare professionals continuing to 

guide important medical decisions. When 

developed, evaluated, and implemented 

responsibly, the integration of AI, genomics, 

clinical decision support, and precision 

therapeutics can contribute to more precise, 

patient-centered, and responsive healthcare.  

Future success will depend not only on 

technological innovation but also on 

stringent clinical validation, transparent 

reporting, regulatory oversight, ethical 
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governance, and equitable access. AI should 

complement instead of replacing clinical 

expertise, permitting healthcare 

professionals to deliver safer, more 

effective, and truly personalized patient 

care. 
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