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Abstract

By merging pharmacogenomics with Artificial Intelligence (AI), precision medicine is being reshaped toward more accurate prediction of indi-
vidual drug responses and optimized treatment planning. Despite its promise, a comprehensive synthesis of AI methodologies, clinical applications, 
and implementation challenges in pharmacogenomics remains limited. This study systematically reviews recent literature to categorize AI-driven 
approaches, predictive outcomes, patient stratification strategies, data management practices, and ethical/regulatory considerations, and to identify 
knowledge gaps for the responsible clinical integration of AI. A qualitative Systematic Literature Review (SLR) was conducted following the PRISMA 
framework, focusing on peer-reviewed articles published between 2021 and 2025, retrieved from Scopus. Studies were included based on their 
relevance to pharmacogenomics, AI, drug response prediction, adverse drug reactions, and clinical implementation, resulting in 34 eligible articles 
that emphasized methodological rigor and open access. Data extraction coded AI methodologies, predictive performance metrics, patient stratifica-
tion approaches, clinical integration strategies, data management techniques, and ethical/regulatory issues. Thematic analysis identified recurring 
patterns and interrelationships, and quantitative synthesis summarized predictive performance and implementation impacts. The results revealed 
that AI-driven analytical frameworks, encompassing both machine learning and deep learning methodologies, achieved drug response accuracies 
of 72-94%, improved patient stratification, and facilitated integration into clinical decision support systems. Multi-omics data integration further 
enhanced model performance by 12-20%, while explainable AI promoted transparency, ethical compliance, and clinical adoption. In conclusion, 
AI-driven pharmacogenomics holds substantial potential for evidence-based personalized medicine. Future studies should validate models across 
diverse populations, improve interpretability, optimize computational efficiency, and address ethical, regulatory, and equity considerations to en-
sure responsible implementation in clinical practice.
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Introduction
Integrating Artificial Intelligence (AI) into biomedical research 

has significantly reshaped healthcare practices, offering unprece-
dented capabilities in data processing, predictive modelling, and 
decision support. Pharmacogenomics is among the most promising 
domains of application, focusing on how genetic variations mod-
ulate drug metabolism, efficacy, and potential toxicity [1]. Tradi 

 
tionally, pharmacogenomic knowledge has guided personalized 
therapy primarily through empirical associations between specific 
gene variants and clinical outcomes. Yet, the scale, dimensionality, 
and complexity of genomic datasets have often hindered real-time 
clinical application [2]. AI, through advanced Machine Learning 
(ML) and Deep Learning (DL) approaches, provides a computation-
al framework that interprets high-dimensional datasets, identifies 
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patterns that would otherwise remain hidden, and generates pre-
dictive models to optimize personalized drug responses. By adapt-
ing therapies to the distinct molecular and phenotypic features of 
individual patients, precision medicine has established itself as a 
revolutionary framework in healthcare delivery. Its implemen-
tation relies heavily on pharmacogenomics, which has already 
demonstrated clinically significant associations for numerous ther-
apeutics, including anticoagulants, antiplatelets, oncology agents, 
and psychiatric medications [3]. Despite this potential, translating 
pharmacogenomic knowledge into actionable clinical guidance has 
been impeded by multiple factors: (i) Heterogeneity of genetic and 
phenotypic data across populations, (ii) Insufficient computational 
methods to manage large-scale datasets, and (iii) Limited integra-
tion of predictive tools into routine clinical workflows.

The application of AI in pharmacogenomics addresses these 
limitations by enabling predictive modelling of drug responses and 
Adverse Drug Reactions (ADRs) at the individual level. Using a com-
bination of supervised machine learning algorithms like random 
forests, support vector machines, and gradient boosting methods 
and deep learning models such as convolutional and recurrent neu-
ral networks, AI systems can merge genomic, transcriptomic, and 
phenotypic inputs to deliver accurate estimations of therapeutic 
performance and risk [4]. Ensemble models that combine multiple 
algorithmic approaches further enhance predictive performance, 
often achieving improvements of 5-10% in accuracy over sin-
gle-method approaches. The progression of these technologies has 
fostered the establishment of intelligent CDSS that deliver dynam-
ic, individualized therapeutic insights, serving as a cornerstone in 
advancing precision medicine from concept to clinical reality [5]. 
Global investment in AI-driven pharmacogenomics underscores 
both the scientific potential and economic significance of this in-
tegration. In 2023, the precision medicine market exceeded USD 
85 billion, with AI-enhanced genomic analytics projected to grow 
by 28% annually through 2030. This growth not only reflects tech-
nological adoption but also highlights the urgency of addressing 
ethical, social, and clinical governance considerations. While AI 
can reduce costs and improve efficiency, its deployment also raises 
complex questions regarding data privacy, informed consent, and 
equitable access, particularly in populations historically underrep-
resented in genomic studies [6].

Ethical considerations are paramount when integrating AI with 
pharmacogenomics. Genetic data are inherently sensitive, as they 
contain information about individuals and their biological relatives. 
AI-driven analysis of such data poses challenges related to consent, 
secondary use, algorithmic transparency, and liability for clinical 
errors [7]. Algorithmic opacity, commonly referred to as “black-
box” modelling, further complicates accountability; when clinicians 
cannot interpret predictive outputs, the principles of informed 
consent and patient autonomy may be undermined. Moreover, 
regulatory frameworks governing the use of AI in clinical genom-
ics remain unevenly implemented across regions, leaving gaps in 
standardization, oversight, and accountability. Social implications 

of AI integration are equally significant. Historically, genomic re-
search has been biased towards populations of European ancestry, 
resulting in predictive models that often underperform in individ-
uals from African, South Asian, or Indigenous backgrounds. Such 
inequity can worsen prevailing healthcare disparities, with margin-
alized populations experiencing reduced accuracy in predictions 
of therapeutic response and ADR susceptibility. Evidence suggests 
that such biases may lead to misclassification of therapeutic out-
comes by up to 20%, underscoring the need for inclusive datasets 
and equitable model validation [8]. Public perception and trust are 
also critical; surveys indicate that less than 50% of respondents in 
high-income countries fully trust AI-assisted therapeutic recom-
mendations without human mediation, with trust levels even lower 
in resource-limited settings. Cultural concerns around genetic pri-
vacy, perceived loss of physician empathy, and fear of data commer-
cialization amplify these trust deficits.

Economic considerations further complicate the integration 
of AI in pharmacogenomics. While predictive modelling can re-
duce unnecessary treatments, optimize resource allocation, and 
decrease adverse events, the initial cost of deploying AI-genomic 
infrastructures remains substantial. Estimates suggest that imple-
menting AI-enabled pharmacogenomic platforms ranges from USD 
3,000 to USD 8,000 per patient, depending on sequencing depth, 
algorithmic complexity, and computational resources [9]. High per-
formance computing infrastructure, cloud storage, and cybersecu-
rity investments are essential to maintaining model performance 
and data security. Yet, these resources are unevenly distributed 
across healthcare systems, raising concerns about scalability and 
accessibility in low- and middle-income countries. Without equita-
ble investment, the gap between technologically advanced and re-
source-limited systems may widen, reinforcing global disparities in 
precision medicine. Methodological and infrastructural challenges 
also influence the responsible application of AI in pharmacogenom-
ics. Data heterogeneity across genomic repositories, inconsistent 
metadata standards, and variable data quality complicate model in-
teroperability and reproducibility [10]. Federated learning has aris-
en as a promising approach to address these existing challenges, 
enabling models to be trained collaboratively across multiple da-
tasets without centralizing sensitive information. However, adop-
tion is limited due to technical complexity, limited expertise, and 
unclear regulatory guidance. Despite these challenges, AI-driven 
pharmacogenomic analytics have demonstrated predictive accura-
cy improvements of 10-20% in oncology, cardiology, and rare ge-
netic disorders, highlighted the transformative potential of this in-
tegration while emphasized the need for rigorous validation across 
diverse clinical settings [11].

Rapid innovation in AI-pharmacogenomics often outpaces reg-
ulatory and ethical frameworks. International organizations such 
as the OECD, WHO, and Global Alliance for Genomics and Health 
have proposed governance frameworks emphasizing transparency, 
accountability, and equity. Nevertheless, empirical evidence sug-
gests that implementation remains fragmented; only a few coun-
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tries have enacted enforceable legislation governing AI-pharma-
cogenomic data, and operational compliance remains limited [12]. 
This lag between technological capability and governance under-
scores the importance of synthesizing current knowledge to guide 
policy, standardization, and responsible clinical application. While 
previous studies have investigated specific aspects of AI-pharma-
cogenomics, such as predictive modelling, ADR detection, or clinical 
decision support, few have synthesized evidence across algorith-
mic, clinical, patient stratification, and ethical domains. The lack of 
an integrative perspective hinders understanding of the systemic 
relationships between AI methodology, pharmacogenomic utility, 
and clinical implementation outcomes [13]. A comprehensive re-
view is therefore essential to identify key trends, conceptual over-
laps, knowledge gaps, and best practices for responsible AI integra-
tion in precision medicine.

To address this research need, this study conducts a System-
atic Literature Review (SLR) following the PRISMA framework. 
Unlike primary research methods such as field observations or 
focus group discussions, this review synthesizes peer-reviewed 
literature published between 2021 and 2025, drawn from Scopus. 
The review focuses exclusively on open-access and open-archive 
articles, ensuring transparency, reproducibility, and methodologi-
cal rigor. A total of 34 studies meeting these criteria were select-
ed following a structured four-phase screening process, including 
identification, screening, eligibility, and inclusion, enabling the ex-
traction of data on AI methodologies, predictive performance, clin-
ical implementation, patient stratification, data management, and 
ethical or regulatory considerations. The objectives of this review 
are as follows: (1) Systematic Synthesis and Categorization, aiming 
to systematically synthesize and categorize Artificial Intelligence 
(AI) methodologies, predictive outcomes, clinical implementation 
strategies, patient stratification approaches, data management 
practices, and ethical/regulatory considerations reported in recent 
pharmacogenomics literature; (2) Quantification of Themes, focus-
ing on quantifying the relative prominence and interrelationships 
of these themes across the selected studies to provide a structured 
understanding of current trends and evidence; and (3) Identifica-
tion of Knowledge Gaps, seeking to identify persisting knowledge 
gaps and opportunities for optimizing the responsible integration 
of AI into pharmacogenomics and precision medicine, thereby sup-
porting informed future research, clinical application, and policy 
development. To guide this systematic analysis, the following re-
search question is proposed:

RQ

How can AI-driven pharmacogenomics be effectively integrat-
ed into clinical practice to optimize personalized drug response, 
enhance patient stratification, and ensure safe, ethical, and ev-
idence-based precision medicine interventions? This research 
question provides the analytical lens for the subsequent Discussion 
and Conclusion, serving as a central axis for evaluating algorithmic 
methodologies, clinical translation, patient outcomes, and govern-

ance considerations. Through addressing this inquiry, the study 
intends to offer evidence-based recommendations for healthcare 
professionals, scientists, and decision-makers committed to foster-
ing ethical and inclusive progress in AI-supported precision medi-
cine.

Literature Review
The convergence of pharmacogenomics and Artificial Intelli-

gence (AI) is an emerging frontier in precision medicine, signify-
ing a transition from generalized treatment approaches toward 
individualized therapeutic strategies. Pharmacogenomics explores 
how genetic variability affects drug metabolism, efficacy, and ad-
verse reactions, forming a critical component of precision medicine 
strategies [14]. In earlier research, Genome-Wide Association Stud-
ies (GWAS) and candidate gene methods were the primary means 
of identifying these genetic correlations, providing foundational 
knowledge for targeted therapies. However, the vast scale and com-
plex multidimensional nature of genomic data have created signif-
icant obstacles to its integration into everyday clinical workflows 
[15]. AI, particularly Machine Learning (ML) and Deep Learning 
(DL), provides the computational tools to efficiently process these 
complex datasets, detect intricate patterns, and predict individual 
drug responses with increasing accuracy.

Several studies have emphasized the role of AI in enhancing 
predictive modelling of pharmacogenomic outcomes. A range of 
supervised machine learning approaches, notably random forests, 
support vector machines, and gradient boosting frameworks, have 
been extensively leveraged to stratify individuals by their likely 
pharmacological response patterns. Deep learning architectures, 
such as Convolutional Neural Networks (CNNs) and Recurrent 
Neural Networks (RNNs), are particularly suited for capturing non-
linear relationships among high-dimensional genomic features, en-
abling accurate predictions for complex polygenic traits. Ensemble 
modelling, which combines multiple AI algorithms, has consistently 
demonstrated improved predictive performance, increasing the 
Area Under the Receiver Operating Characteristic Curve (AUROC) 
by up to 10% compared to single-method approaches [16]. Predict-
ing drug response and Adverse Drug Reactions (ADRs) is one of the 
core areas where AI has an impact in pharmacogenomics. Genet-
ic polymorphisms affecting enzymes, receptors, and transporters, 
including CYP2C9, CYP2C19, VKORC1, TPMT, and SLCO1B1, play 
a pivotal role in modulating drug efficacy. [17]. AI-based models 
can integrate these genetic markers with clinical and demographic 
data to estimate therapeutic outcomes. For example, studies have 
demonstrated that ML models can predict poor metabolizer status 
for CYP2C19 with accuracies exceeding 90%, providing actionable 
guidance for dosing antiplatelet agents. Similarly, AI-driven ADR 
prediction has shown sensitivity rates of 65-88% across multiple 
drug classes, outperformed conventional statistical approaches 
and enabled proactive mitigation of potential adverse events [18]. 
These capabilities underscore the potential of AI to enhance both 
efficacy and safety in personalized therapy.
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The clinical implementation of AI-pharmacogenomics has been 
explored across diverse healthcare settings. Integrating predictive 
models into Clinical Decision Support Systems (CDSS) facilitates 
real-time recommendations for drug selection and dosing adjust-
ments, reducing the reliance on static guidelines and manual inter-
pretation [19]. Empirical evidence suggests that AI-guided phar-
macogenomic interventions can reduce adverse drug events by 
15-28% and improve target therapeutic achievement by 12-22%. 
Moreover, multidisciplinary collaboration between clinicians, ge-
neticists, pharmacologists, and data scientists is essential to ensure 
the interpretability of AI predictions and promote their adoption in 
routine practice [20]. Cloud-based platforms and hospital informa-
tion system integration further enhance scalability and enable mul-
ti-centre implementation, particularly in complex domains such as 
oncology and cardiology. Patient stratification represents another 
critical domain where AI contributes significantly. By classifying 
patients into responders, non-responders, and at-risk categories 
based on genetic, clinical, and lifestyle data, AI models enable in-
dividualized therapy selection and monitoring. Quantitative anal-
yses indicate that AI-driven stratification improves target drug re-
sponse rates by 18-25% while reducing ADR incidence by 10-15% 
compared to standard care. Incorporation of Polygenic Risk Scores 
(PRS) further refines stratification, allowing identification of high-
risk subgroups and guiding pre-emptive therapeutic adjustments 
in oncology and cardiovascular populations [21]. Integrating mul-
tidimensional data, including age, comorbidities, and environmen-
tal factors, enhances model performance by an additional 8–10%, 
highlighting the importance of a holistic approach in precision 
medicine.

Data integration and management remain fundamental chal-
lenges in AI-pharmacogenomics research. High-dimensional 
genomic datasets often contain heterogeneous sources, including 
whole-genome sequences, transcriptomic profiles, metabolom-
ic data, Electronic Health Records (EHRs), laboratory results, and 
wearable device metrics [22]. Multi-omics integration combining 
genomics, transcriptomics, and metabolomics has been shown to 
improve predictive accuracy by 12-20% over single-omics mod-
els. Effective preprocessing, such as imputation of missing values, 
normalization, and batch effect correction, is critical to maintaining 
data quality and model robustness. Among feature optimization 
strategies are Principal Component Analysis (PCA) and deep learn-
ing based autoencoders, reduce dimensionality by 35-50% without 
significant loss in predictive power, facilitating computational ef-
ficiency and model interpretability [23]. Additionally, cloud-based 
genomic data platforms have emerged as scalable solutions for 
harmonizing and managing heterogeneous datasets, supporting 
multi-centre studies and collaborative research efforts. Incorpo-
rating AI within pharmacogenomics presents complex ethical, reg-
ulatory, and technical obstacles. Protecting patient confidentiality 
and ensuring data security are major priorities, especially since 
genomic datasets contain inheritable information that can reveal 
traits shared among family members [24]. Studies indicate that 

fewer than 40% of AI-pharmacogenomic studies explicitly report 
compliance with regulatory frameworks such as GDPR or HIPAA, 
highlighting the need for standardized data governance. Explaina-
ble AI (XAI) methods have been proposed to enhance model inter-
pretability, enabling clinicians to understand predictions, support 
informed consent, and facilitate regulatory approval. Technical bar-
riers, including the need for high-performance computing resourc-
es and GPU acceleration, limit immediate clinical scalability, espe-
cially in resource-constrained settings [25]. Training deep learning 
models on large genomic datasets can require 12-72 hours depend-
ing on model complexity, creating bottlenecks for real-time clinical 
decision-making.

From a methodological perspective, many studies highlight 
challenges related to dataset bias and population representation. 
Genomic datasets have historically overrepresented individuals of 
European ancestry, which can lead to decreased predictive perfor-
mance in underrepresented populations, including African, South 
Asian, and Indigenous groups. AI models trained on such skewed 
datasets risk perpetuating health disparities, potentially misclassi-
fying therapeutic response or ADR risk by up to 20% in minority 
populations [26]. Strategies to mitigate bias include incorporating 
diverse cohorts, applying domain adaptation techniques, and im-
plementing fairness-aware learning algorithms. These approaches 
not only improve model generalizability but also align AI appli-
cations with ethical imperatives for equity in healthcare. Despite 
these challenges, AI-pharmacogenomics continues to advance rap-
idly, with promising outcomes across multiple therapeutic domains. 
Oncology studies have demonstrated that AI-driven prediction of 
chemotherapy and immunotherapy response achieves accuracies 
exceeding 85%, enabling pre-emptive treatment modifications that 
improve survival and reduce toxicity [27]. Cardiovascular studies 
integrating genomic and EHR data have reported reductions in ad-
verse events by 18% through optimized anticoagulant dosing. Psy-
chiatry research indicates that AI models predicting antidepressant 
response can achieve AUROC values above 0.80, supporting indi-
vidualized pharmacotherapy strategies. Collectively, these findings 
illustrate the transformative potential of AI to bridge the gap be-
tween genomic insights and clinical application.

Moreover, the systematic synthesis of literature highlights the 
critical importance of structured evaluation frameworks, such as 
PRISMA, to assess study quality, methodological transparency, and 
reproducibility. Only by employing rigorous SLR methodologies can 
researchers consolidate fragmented evidence, identify key trends, 
and uncover persisting gaps in AI-pharmacogenomic research. The 
34 studies included in this review, published between 2021 and 
2025, demonstrate diverse algorithmic approaches, clinical im-
plementation strategies, patient stratification methods, and atten-
tion to ethical and regulatory considerations. This comprehensive 
analysis provides a roadmap for both researchers and clinicians to 
leverage AI effectively while mitigating potential risks associated 
with data privacy, bias, and computational limitations. In summary, 
the literature underscores six major dimensions of AI-pharmacog-
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enomics integration: (1) Algorithmic approaches in ML and DL, (2) 
Prediction of drug response and ADRs, (3) Clinical implementation 
and CDSS integration, (4) Patient stratification and personalized 
therapy, (5) Multi-omics data integration and management, and 
(6) Ethical, regulatory, and technical considerations. Across these 
dimensions, AI demonstrates the capacity to improve predictive 
accuracy, enhance patient outcomes, and support scalable imple-
mentation in precision medicine. Yet, challenges remain in ensuring 
data representativeness, algorithmic interpretability, computation-
al feasibility, and adherence to ethical and regulatory standards. 
These insights collectively highlight the need for continuous refine-
ment of AI methodologies and implementation strategies to max-
imize the clinical utility of pharmacogenomics while maintaining 
patient safety and equitable access.

Method
This study employs a Systematic Literature Review (SLR) meth-

odology, meticulously structured in accordance with the Preferred 

Reporting Items for Systematic Reviews and Meta-Analyses (PRIS-
MA) framework. The objective is to systematically investigate and 
synthesize existing research on the integration of pharmacogenom-
ics and Artificial Intelligence (AI) in predicting personalized drug 
response and facilitating clinical implementation in precision med-
icine. The approach ensures methodological rigor, transparency, 
and reproducibility, aligning with international journal standards. 
The review exclusively utilizes peer-reviewed publications indexed 
in the Scopus database, intentionally excluding field-based data 
collection techniques such as focus group discussions or clinical 
observations. This design choice safeguards the academic integri-
ty of the study and maintains objectivity by relying solely on ver-
ifiable scientific literature. The SLR process followed a four-phase 
sequence identification, screening, eligibility, and inclusion each 
phase progressively refining the dataset to ensure that only the 
most relevant and high-quality studies were included for analysis, 
as depicted in (Figure 1).

Figure 1: Systematic Literature Review Process Based on the PRISMA Protocol.
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Figure 1 illustrates the systematic process undertaken to iden-
tify, screen, and select the literature used in this review. The iden-
tification phase commenced with a broad search of the Scopus 
database using the initial keyword string Pharmacogenomics AND 
Artificial Intelligence, which yielded a total of 354 publications. To 
enhance thematic precision and ensure that the retrieved stud-
ies aligned with the intersection of pharmacogenomics, AI, drug 
response prediction, and clinical implementation, a more refined 
Boolean search was conducted using the query: (“Pharmacog-
enomics” OR “Pharmacogenetics”) AND (“Artificial Intelligence” OR 
“Machine Learning” OR “Deep Learning”) AND (“Drug Response” 
OR “Drug Response Prediction” OR “Adverse Drug Reaction”) AND 
(“Precision Medicine” OR “Clinical Implementation” OR “Personal-
ized Therapy”). This refinement excluded 262 records that did not 
match the study’s focus, leaving 92 potentially relevant articles.

In the screening phase, a temporal filter was applied to include 
only studies published between 2021 and 2025, ensuring that the 
review captured the most recent advancements in pharmacog-
enomics and AI applications in precision medicine. 31 articles were 
excluded because they fell outside the designated timeframe, leav-
ing 61 eligible publications. During the eligibility stage, accessibili-
ty served as a decisive criterion, with the review limited to open-ac-
cess and open-archive studies to ensure complete transparency 
and reproducibility. This step excluded 27 restricted-access papers, 
yielding a final selection of 34 articles that met all inclusion param-
eters for in-depth synthesis. Each article underwent a comprehen-
sive analysis, focusing on methodological design, AI algorithm type, 
pharmacogenomic data utilization, drug response prediction, and 
clinical implementation outcomes.

All included studies were systematically organized and refer-
enced in Mendeley Desktop to maintain citation accuracy, ensure 
metadata consistency, and prevent duplication. The final corpus 
of 34 peer reviewed articles serves as the analytical foundation 
for this review. Collectively, these studies provide critical insights 
into how AI enhances pharmacogenomic-based prediction of drug 
response, facilitates personalized therapy, and supports clinical 
decision-making in precision medicine. By consolidating evidence 
across recent literature, this review offers an integrated perspec-
tive on the evolving landscape of AI-driven pharmacogenomics, 
emphasizing its potential to advance safe, efficient, and data-driven 
clinical practices.

Results
The systematic literature review analysed 34 peer-reviewed 

articles investigating the integration of pharmacogenomics and Ar-
tificial Intelligence (AI) for personalized drug response and clinical 
implementation in precision medicine. The corpus spans diverse 
geographic, institutional, and methodological contexts, providing a 
robust foundation for evaluating current AI methodologies, predic-
tive outcomes, patient stratification strategies, data management 
practices, and ethical/regulatory considerations. Through themat-
ic synthesis, six key themes emerged: (1) AI algorithms applied in 

pharmacogenomics, (2) Prediction of drug response and Adverse 
Drug Reactions (ADRs), (3) Clinical implementation and transla-
tional applications, (4) Patient stratification and personalized ther-
apy, (5) Data integration and management in pharmacogenomic 
datasets, and (6) Ethical, regulatory, and technical challenges.

The distribution of themes across the 34 studies was as fol-
lows: AI algorithms in 27 studies (79%), drug response and ADR 
prediction in 30 studies (88%), clinical implementation in 29 stud-
ies (85%), patient stratification in 26 studies (76%), data integra-
tion and management in 24 studies (71%), and ethical/regulatory/
technical challenges in 22 studies (65%). The predominance of 
drug response prediction, AI algorithms, and clinical implementa-
tion reflects the research community’s focus on actionable clinical 
translation and predictive precision. Ethical, regulatory, and techni-
cal challenges, although less frequently reported, highlight emerg-
ing areas critical for responsible integration, including data privacy, 
algorithmic bias, and interpretability. This thematic distribution 
suggests that while predictive and translational performance is the 
primary priority, sustainable adoption requires attention to gov-
ernance and multi-centre scalability.

In terms of application domains, oncology accounted for 41% 
of studies, cardiovascular pharmacogenomics 26%, psychiatry 
15%, and multi-domain applications such as anticoagulation and 
immunotherapy 18%. Technically, 79% of models employed ma-
chine learning, 26% applied deep learning, and 35% used ensemble 
approaches. Geographically, studies were distributed across North 
America (38%), Europe (34%), and Asia-Pacific (28%). Each of the 
six themes is elaborated below, providing both quantitative metrics 
and qualitative insights from the reviewed literature.

AI Algorithms Applied in Pharmacogenomics

The majority of studies (27 out of 34, approximately 79%) im-
plemented Machine Learning (ML) or Deep Learning (DL) frame-
works to model pharmacogenomic outcomes [28]. Supervised 
learning approaches were the most prevalent, with Random For-
ests (RFs) used in 41% of studies, Support Vector Machines (SVMs) 
in 35%, and Gradient Boosting Machines (GBMs) in 18% [29]. Deep 
learning architectures, particularly Convolutional Neural Networks 
(CNNs) and Recurrent Neural Networks (RNNs), were utilized in 
26% of studies, often to capture complex nonlinear interactions be-
tween genetic variants and drug responses [30].

Performance metrics reported across studies indicated predic-
tive accuracies ranging from 72% to 94%, with a mean Area Under 
the Receiver Operating Characteristic Curve (AUROC) of 0.87±0.05 
[31]. Ensemble approaches combining multiple ML algorithms con-
sistently outperformed single-method models, improving AUROC 
by an average of 6%, with some studies reporting enhancements 
up to 11% [32]. Feature selection techniques, including Recursive 
Feature Elimination (RFE) and LASSO regression, were applied in 
21 studies, reducing dimensionality by 30-55% without significant 
loss of predictive power [33]. Interestingly, transfer learning tech-
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niques were explored in 5 studies, leveraging pre-trained models 
on large genomic datasets to improve predictions in smaller, popu-
lation-specific cohorts [34].

Prediction of Drug Response and Adverse Drug Reac-
tions

Prediction of drug response and ADRs was addressed in 30 of 
the 34 studies (88%) [35]. Common pharmacogenomic markers in-
cluded variants in CYP2C9, CYP2C19, VKORC1, TPMT, and SLCO1B1, 
with primary focus on anticoagulants, antiplatelets, and oncology 
therapeutics [36]. AI models demonstrated therapeutic efficacy 
prediction accuracies ranging 70-92%, while ADR susceptibility 
was predicted with 65-88% sensitivity and 68-91% specificity [37].

For instance, one study applied a CNN model to a cohort of 
1,200 patients for CYP2C19 poor metabolizer classification, achiev-
ing 91% accuracy and 89% F1-score [38]. Another study integrat-
ing ML with Electronic Health Records (EHRs) enhanced ADR de-
tection by 23% relative to conventional logistic regression models 
[39]. Studies focusing on oncology drugs, particularly tyrosine ki-
nase inhibitors, demonstrated predictive accuracy of 82-90% for 
adverse events associated with somatic mutations [40]. Additional-
ly, ML models incorporating Polygenic Risk Scores (PRS) improved 
drug response predictions by 15-18% compared to single-gene 
approaches [41]. These results indicate that AI not only facilitates 
precision therapy but also enhances pharmacovigilance, providing 
proactive detection of potential drug related risks.

Clinical Implementation and Translational Medicine

Clinical translation of AI-guided pharmacogenomics was dis-
cussed in 29 studies (85%) [42]. Integration strategies predomi-
nantly involved embedding AI models within Clinical Decision Sup-
port Systems (CDSS) and electronic prescribing platforms, enabling 
real-time guidance for drug selection, dosing, and monitoring. Im-
plementation outcomes reported in 17 studies showed reductions 
of 15-28% in adverse drug events and improvements of 12-22% in 
achieving therapeutic targets when AI-assisted recommendations 
were adopted [43].

The studies further emphasized the importance of interdiscipli-
nary collaboration among clinicians, pharmacologists, geneticists, 
and data scientists to ensure clinical interpretability and facilitate 
adoption [44]. Notably, in hospital settings where AI models were 
integrated into routine clinical practice, average therapeutic com-
pliance rates improved by 10-14%, while readmission rates de-
creased by 8-12% within six months of AI implementation [45]. 
Moreover, 11 studies highlighted the role of cloud-based AI plat-
forms for remote patient management, demonstrating improved 
scalability and multi-centre applicability, particularly in oncology 
and cardiology precision medicine [46].

Patient Stratification and Personalized Therapy

Patient stratification was analysed in 26 studies (76%) [47]. 
AI-driven stratification classified patients into responder, non-re-

sponder, and at-risk categories, facilitating individualized dosing 
and therapy selection. Quantitative outcomes indicated that strat-
ification improved target drug response rates by 18-25% and re-
duced ADR incidence by 10-15% compared to standard treatment 
protocols [48].

Several studies incorporated Polygenic Risk Scores (PRS) and 
genomic risk classifiers into AI models to further refine stratifica-
tion, achieving subgroup prediction accuracy up to 93% in cardio-
vascular and oncology cohorts [49]. In oncology studies, AI-based 
stratification identified high-risk subpopulations with a 2.3-fold 
increase in relative risk of therapy resistance, enabling pre-emptive 
therapeutic adjustments [50]. Additionally, integrating lifestyle and 
demographic variables with genomic data increased stratification 
accuracy by an estimated 8-10%, highlighting the importance of 
multidimensional data in precision medicine [51].

Data Integration and Management in Pharmacogenomic 
Datasets

Data heterogeneity and integration were key challenges iden-
tified in 24 studies (71%) [52]. Data sources included genomic 
sequences, transcriptomic profiles, metabolomic datasets, EHRs, 
laboratory results, and wearable device data. Multi-omics integra-
tion across 16 studies improved predictive performance by 12-20% 
relative to single-omics models [53].

Data preprocessing was critical for model accuracy. Tech-
niques included missing-value imputation, dataset normalization, 
batch-effect correction, and noise reduction. Feature selection and 
dimensionality reduction, such as Principal Component Analysis 
(PCA) and autoencoders, were implemented in 19 studies, reducing 
the number of input variables by 35-50% while maintaining pre-
dictive performance [54]. Studies also noted challenges in merging 
heterogeneous datasets, with approximately 22% of datasets re-
quiring extensive harmonization to enable meaningful AI analysis 
[55]. Advanced data integration platforms, including cloud-based 
genomic data warehouses, were recommended to facilitate large-
scale, multicentre studies [56].

Ethical, Regulatory, and Technical Challenges

Ethical, regulatory, and technical challenges were addressed 
in 22 studies (65%) [57]. Core ethical concerns included patient 
privacy, data security, algorithmic bias, and interpretability. Only 
38% of studies explicitly reported compliance with data protec-
tion regulations such as GDPR or HIPAA [58]. Explainable AI (XAI) 
methods were proposed in 12 studies to improve clinician trust and 
facilitate regulatory approval, particularly in high-stakes treatment 
decision-making settings [59].

Computational resource requirements were a significant tech-
nical limitation, with deep learning models requiring high-perfor-
mance GPU clusters for training on large genomic datasets. Studies 
indicated that training times ranged from 12 to 72 hours, depend-
ing on data volume and model complexity [60]. Furthermore, 8 
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studies highlighted the need for standardized reporting and bench-
marking frameworks to improve reproducibility and facilitate reg-
ulatory oversight.

The synthesis of 34 peer-reviewed studies demonstrates that 
AI significantly enhances pharmacogenomics research and clinical 
application. Machine learning and deep learning models provide 
high predictive accuracy (up to 94%) for drug response and ADR 
risk. At the same time, integration into clinical workflows improves 
patient outcomes, reducing adverse events by up to 28% and en-
hancing therapeutic target achievement by up to 22%. Patient 
stratification using PRS and multidimensional clinical-genomic 
data enables precise therapy tailoring, improving response rates 
by 18-25% and reducing ADR incidence by 10-15%. Multi-omics 
integration further augments model performance by 12-20%, al-
though challenges remain in data harmonization, computational 
requirements, and regulatory compliance. Ethical considerations, 
transparency, and algorithmic interpretability remain crucial for 
clinical adoption. Collectively, these findings indicate that AI-driv-
en pharmacogenomics holds substantial promise for advancing 
precision medicine, offering actionable insights for individualized 
therapy while underscoring the need for rigorous validation, stand-
ardization, and governance.

Discussion
The integration of Artificial Intelligence (AI) with pharmacog-

enomics offers unprecedented opportunities to advance precision 
medicine by tailoring therapeutic interventions to individual pa-
tients based on their genetic, clinical, and environmental profiles. 
The systematic review of 34 studies between 2021 and 2025 in-
dicates that AI-driven pharmacogenomics can enhance predictive 
accuracy for drug response, facilitate patient stratification, and 
improve clinical outcomes, while simultaneously raising ethical, 
regulatory, and technical considerations that must be addressed to 
ensure safe and responsible implementation. The following discus-
sion synthesizes these findings in relation to the central research 
question: How can AI-driven pharmacogenomics be effectively 
integrated into clinical practice to optimize personalized drug re-
sponse, enhance patient stratification, and ensure safe, ethical, and 
evidence-based precision medicine interventions?

AI-Driven Predictive Models for Optimizing Personal-
ized Drug Response

A central dimension of AI-pharmacogenomics integration lies 
in the development and application of predictive models that lever-
age complex genomic datasets to forecast individual drug response. 
Supervised machine learning models, including random forests, 
support vector machines, and gradient boosting algorithms, were 
employed in 79% of the reviewed studies to identify patients likely 
to respond positively to specific medications or at risk of Adverse 
Drug Reactions (ADRs) [61]. Deep learning approaches, such as 
Convolutional Neural Networks (CNNs) and Recurrent Neural Net-
works (RNNs), accounted for 26% of studies and proved particular-

ly effective for modelling high-dimensional genomic interactions, 
epistatic effects, and polygenic traits [62].

Quantitative findings indicate that AI models consistently out-
perform conventional statistical approaches. For instance, predict-
ing CYP2C19 poor metabolizer status in a cohort of 1,200 patients 
achieved 91% accuracy and an F1-score of 89%, while integrating 
Electronic Health Record (EHR) data improved ADR detection by 
23% compared with logistic regression models [63]. Ensemble 
models combining multiple algorithms further enhanced predic-
tive performance, with AUROC improvements of 6-11% reported 
in four studies [64]. These outcomes suggest that AI-based mod-
els can reliably guide therapeutic decisions, optimize dosing, and 
pre-emptively identify patients at risk of adverse outcomes, thus 
directly addressing the first aspect of the research question: opti-
mizing personalized drug response.

Patient Stratification for Targeted Interventions

Effective stratification of patients based on pharmacogenomic 
profiles is critical for precision medicine implementation. Twen-
ty-six studies (76%) reported AI-enabled classification of patients 
into responders, non-responders, and at-risk categories [65]. Such 
stratification allows clinicians to individualize dosing, select opti-
mal therapy, and allocate healthcare resources efficiently. Quantita-
tive outcomes indicate that AI-driven stratification improved ther-
apeutic response rates by 18-25% and reduced ADR incidence by 
10-15% compared to standard protocols [66].

The incorporation Of Polygenic Risk Scores (PRS) further re-
fined stratification, particularly in oncology and cardiology, allow-
ing identification of high-risk subgroups with up to 93% predic-
tion accuracy. Multidimensional models integrating demographic, 
lifestyle, and clinical variables alongside genomic data increased 
stratification accuracy by an additional 8-10% [67]. These find-
ings emphasize that AI can enhance patient stratification through 
sophisticated computational frameworks, thereby addressing the 
second element of the research question: targeted, individualized 
interventions.

Clinical Implementation and Translational Applications

Translating AI-driven pharmacogenomics into clinical practice 
requires seamless integration into hospital information systems 
and Clinical Decision Support Systems (CDSS). Twenty-nine studies 
(85%) highlighted strategies for embedding AI models within CDSS 
to provide real-time recommendations on drug selection, dosing 
adjustments, and monitoring. Implementation outcomes indicated 
15-28% reductions in adverse drug events and 12-22% improve-
ment in achieving therapeutic targets, demonstrating tangible ben-
efits of AI-supported clinical workflows [68].

Furthermore, cloud-based AI platforms and multi-centre inte-
gration enhanced scalability and facilitated remote patient man-
agement, particularly in oncology and cardiology. Interdisciplinary 
collaboration among clinicians, pharmacologists, geneticists, and 
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data scientists was emphasized as essential for ensuring interpret-
ability and clinical adoption [69]. These findings collectively sug-
gest that effective integration of AI-pharmacogenomics into clinical 
practice is achievable through infrastructure readiness, real-time 
decision support, and collaborative governance models, fulfilling 
the research question’s focus on clinical application.

Data Integration and Management

A recurrent theme across 24 studies (71%) was the challenge 
of integrating heterogeneous datasets to optimize model perfor-
mance [70]. Sources included genomic sequences, transcriptomic 
profiles, metabolomic data, EHRs, laboratory results, and wearable 
health devices. Multi-omics integration improved predictive accu-
racy by 12-20% compared to single-omics models, highlighting the 
importance of comprehensive data fusion in pharmacogenomic 
modelling.

Effective preprocessing strategies, such as imputation of miss-
ing values, normalization, and batch effect correction, were critical 
for maintaining data quality and reproducibility. Feature selection 
and dimensionality reduction approaches, including Principal Com-
ponent Analysis (PCA) and autoencoders, reduced the number of 
input variables by 35-50% without compromising predictive per-
formance [71]. These methods ensure that AI models can handle 
high-dimensional data efficiently while preserving interpretability, 
directly supporting evidence-based decision-making in clinical set-
tings.

Additionally, cloud-based data warehouses and federated 
learning frameworks were proposed to address privacy concerns 
and enable multi-centre collaborative research without centraliz-
ing sensitive genomic data [72]. By harmonizing heterogeneous da-
tasets and enabling secure data sharing, these approaches facilitate 
the local and global application of AI-pharmacogenomic models, 
thereby enabling safe, evidence-based integration of AI into clinical 
practice.

Ethical, Regulatory, and Safety Considerations

Ethical and regulatory concerns represent a critical axis for 
the adoption of AI in pharmacogenomics. The sensitive nature of 
genomic data, encompassing hereditary information with implica-
tions for family members, necessitates strict privacy and security 
measures. Only 38% of reviewed studies explicitly reported com-
pliance with regulatory frameworks such as GDPR or HIPAA, high-
lighting a significant gap in ethical adherence [73].

Explainable AI (XAI) methods were identified as key to enhanc-
ing transparency and trust. By providing interpretable model out-
puts, clinicians can validate predictions, support informed consent, 
and facilitate regulatory approval [74]. Moreover, addressing po-
tential algorithmic bias is crucial, particularly given the historical 
overrepresentation of European ancestry in genomic datasets. AI 
models trained on skewed datasets may misclassify therapeutic 
response or ADR risk by up to 20% in minority populations, poten-

tially perpetuating healthcare disparities.

Training and computational resource requirements also pose 
safety and feasibility considerations. Deep learning models require 
high-performance computing infrastructures and GPU acceleration, 
with training times ranging from 12 to 72 hours depending on data-
set size and model complexity [75]. These constraints underscore 
the necessity for scalable computational solutions and resource 
planning to ensure that AI-pharmacogenomic interventions remain 
safe, efficient, and reproducible across diverse healthcare settings.

Evidence-Based Precision Medicine and Translational 
Impact

Integrating AI-driven pharmacogenomics into clinical work-
flows directly supports the broader goals of evidence-based pre-
cision medicine. Across the reviewed studies, AI models demon-
strated predictive accuracies for drug response ranging from 72% 
to 94%, with ADR prediction sensitivity between 65% and 88% 
[76]. In oncology, AI-driven prediction of chemotherapy and im-
munotherapy response achieved accuracies above 85%, enabling 
proactive therapy adjustments that reduced toxicity and improved 
patient outcomes. Cardiovascular studies reported reductions in 
adverse events by 18% through optimized anticoagulant dosing, 
while psychiatric research indicated AUROC values above 0.80 for 
predicting antidepressant response, supporting personalized phar-
macotherapy [77].

These results highlight that AI-pharmacogenomics not only 
enhances therapeutic efficacy but also promotes patient safety, 
cost-effectiveness, and clinical decision-making grounded in robust 
empirical evidence. The integration of multi-omics datasets and 
patient stratification strategies amplifies the precision of interven-
tions, demonstrating that evidence-based implementation is feasi-
ble and scalable when guided by rigorous SLR findings [78].

Synthesis: Integrative Pathways for AI-Pharmacogenom-
ics in Clinical Practice

Synthesizing the reviewed literature, effective integration of 
AI-pharmacogenomics into clinical practice requires a multi-di-
mensional strategy. First, predictive modelling must be accurate, 
interpretable, and validated across diverse patient populations. 
Second, clinical workflows should leverage CDSS and cloud-based 
platforms for real-time recommendations and multi-canter collab-
oration. Third, patient stratification must be guided by compre-
hensive genomic, clinical, and lifestyle data, with PRS and multidi-
mensional analytics enhancing precision [79]. Fourth, ethical and 
regulatory frameworks must ensure privacy, transparency, and 
equity, while computational infrastructure should support scalable 
deployment [80,81].

By addressing these interrelated dimensions, AI-driven phar-
macogenomics can realize its potential to optimize personalized 
drug response, enhance patient stratification, and deliver safe, ev-
idence-based precision medicine interventions. The findings col-
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lectively answer the research question by demonstrating both the 
feasibility and requirements for effective clinical translation.

The implications of these findings are multifaceted. Clinical-
ly, the adoption of AI-pharmacogenomics can improve therapeu-
tic precision, minimize ADRs, and increase patient engagement 
through data-informed shared decision-making. Policymakers and 
healthcare administrators should invest in computational infra-
structure, training, and cross-disciplinary collaboration to support 
adoption. Regulatory authorities must develop standardized guide-
lines for ethical governance, algorithmic transparency, and equita-
ble data access.

Furthermore, evidence-based frameworks derived from SLR 
analyses can guide implementation in resource-limited settings, 
ensuring that technological advancement does not exacerbate ex-
isting health disparities. Multi-canter data-sharing initiatives and 
federated learning can enable broader access to AI-driven pharma-
cogenomic insights while preserving patient privacy and security. 
These strategies collectively advance both clinical and ethical ob-
jectives, providing a roadmap for integrating AI into precision med-
icine in a responsible and effective manner.

Future research should prioritize: (1) Validation of AI-pharma-
cogenomic models across diverse ethnic and clinical populations 
to address bias and improve generalizability; (2) Development of 
standardized, interpretable AI frameworks to enhance transparen-
cy and clinician trust; (3) Optimization of computational efficiency 
for scalable clinical deployment; (4) Integration of real-world ev-
idence from longitudinal cohorts to improve predictive accuracy 
and clinical relevance; and (5) Continuous evaluation of ethical, 
regulatory, and social implications to ensure equitable and respon-
sible implementation. These directions will strengthen the transla-
tional impact of AI-pharmacogenomics and support the sustainable 
adoption of precision medicine interventions.

Conclusion
The convergence of AI and pharmacogenomics represents a 

significant step toward precision medicine, enabling the design of 
therapies explicitly optimized for individual patients. Analysis of 
34 peer-reviewed studies published between 2021 and 2025 indi-
cates that AI-driven pharmacogenomics can reliably predict drug 
response with accuracies ranging from 72% to 94% and identify 
Adverse Drug Reaction (ADR) risks with sensitivities ranging from 
65% to 88%, outperforming conventional statistical approaches. 
Supervised machine learning models, ensemble methods, and deep 
learning architectures, including convolutional and recurrent neu-
ral networks, proved particularly effective in modelling complex 
genomic interactions, epistatic effects, and polygenic traits, thereby 
optimizing individualized therapy.

AI also significantly enhances patient stratification, enabling 
classification into responder, non-responder, and high-risk cate-
gories. Integration of Polygenic Risk Scores (PRS) alongside demo-

graphic, clinical, and lifestyle data improved predictive accuracy 
up to 93%, increased therapeutic response rates by 18–25%, and 
reduced ADR incidence by 10-15% compared with standard proto-
cols. These computational frameworks facilitate personalized dos-
ing, optimized therapy selection, and efficient allocation of health-
care resources, reinforcing AI’s role in evidence-based precision 
medicine.

Clinical implementation of AI-pharmacogenomics is most effec-
tive when integrated into Clinical Decision Support Systems (CDSS) 
and cloud-based platforms, allowing real-time guidance for drug 
selection, dose adjustment, and patient monitoring. Implementa-
tion strategies reported across the reviewed studies demonstrated 
reductions in adverse drug events of 15-28% and improvements 
in achieving therapeutic targets by 12-22%. Multi-canter collabo-
ration and interdisciplinary engagement among clinicians, geneti-
cists, pharmacologists, and data scientists were consistently high-
lighted as crucial for interpretability, adoption, and scalability.

Data integration remains a key enabler of AI-pharmacog-
enomics. Multi-omics approaches combining genomic, transcrip-
tomic, metabolomic, and Electronic Health Record (EHR) datasets 
increased predictive performance by 12-20% over single-omics 
models. Preprocessing techniques, including missing value impu-
tation, normalization, batch effect correction, and feature selection, 
ensured high-dimensional datasets could be effectively modelled 
while maintaining interpretability and reproducibility. Federated 
learning and cloud-based data warehouses were identified as solu-
tions for secure data sharing, preserving patient privacy while ena-
bling collaborative research and broader clinical application.

Ethical, regulatory, and safety considerations are integral to the 
practical application of AI in pharmacogenomics. Explainable AI 
(XAI) approaches enhance transparency, clinician trust, and regu-
latory compliance, while mitigating potential bias arising from un-
derrepresented populations in training datasets. Algorithmic bias 
in skewed datasets can lead to misclassification of drug response 
or ADR risk by up to 20%, highlighting the need for inclusive and 
representative datasets. Computational demands, including GPU 
requirements and extended training times, necessitate careful re-
source planning to ensure clinical feasibility and safety.

Overall, AI-driven pharmacogenomics facilitates optimized drug 
response, improved patient stratification, and safe, evidence-based 
clinical practice. Predictive accuracy, multi-dimensional patient 
modelling, and integration into CDSS enable real-time, individual-
ized decision-making that enhances therapeutic outcomes, reduces 
adverse events, and supports cost-effective care. Ethical adherence, 
regulatory compliance, and infrastructural readiness remain essen-
tial to translating AI-pharmacogenomics from research to routine 
clinical workflows.

The findings of this systematic review underscore that AI-driv-
en pharmacogenomics is not only technically feasible but also clin-
ically impactful, offering a scalable and evidence-based pathway 
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to precision medicine. Future research should focus on validation 
across diverse populations, development of interpretable AI frame-
works, optimization of computational efficiency, and continuous 
assessment of ethical, regulatory, and social implications to ensure 
equitable and responsible deployment in clinical settings.
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