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ABSTRACT

The convergence of artificial intelligence (Al) and pharmacogenomics represents a transformative paradigm in contemporary
medicine. Pharmacogenomics investigates the relationship between individual genetic variations and drug response, whereas Al
provides computational frameworks capable of discerning complex patterns within high-dimensional biological datasets. This review
comprehensively examines the integration of Al methodologies including machine learning, deep learning, and natural language
processing into pharmacogenomic research and clinical practice, with an emphasis on personalized medicine. The applications of Al
span the entire continuum of drug development: from target identification and compound discovery to preclinical prediction, clinical
trial optimization, real-world data mining, pharmacokinetic modelling, and pharmacogenomics-driven dose individualization. Multi-
modal data integration platforms that combine clinical, laboratory, imaging, -omics, wearable device, and environmental data are
discussed as essential infrastructure supporting Al-driven decisions. Furthermore, the role of Al in next-generation sequencing (NGS)
interpretation, gene functionality scoring, and therapeutic area-specific genetic guidance is elaborated. While promising, the
implementation of Al in pharmacogenomics is accompanied by substantial challenges relating to data quality, algorithmic bias,
regulatory compliance, and ethical considerations. The review also presents a future outlook wherein Al and precision medicine
collaboratively enhance individualized healthcare across clinical, social, and genomic dimensions. A structured synthesis of 55 peer-
reviewed references is provided to guide future research directions.

Keywords: Artificial intelligence, Pharmacokinetics, Pharmacogenomics, Personalized medicine, Machine learning, Deep learning,

Next-generation sequencing, Drug response, Precision medicine.

INTRODUCTION

he advent of artificial intelligence (Al) has catalyzed a

fundamental shift in how biomedical data is

processed, interpreted, and applied to clinical
decision-making. Coinciding with this technological
revolution is the rapid maturation of pharmacogenomics a
discipline that systematically examines how genetic
variations influence individual responses to
pharmacological agents. Together, Al and
pharmacogenomics are converging to form the cornerstone
of precision medicine, promising a future in which
therapeutic strategies are tailored to the unique biological
blueprint of each patient 12, Historically, drug development
and prescribing followed a population-averaged paradigm
that overlooked substantial inter-individual variability.
Adverse drug reactions (ADRs) account for approximately
100,000 deaths annually in the United States alone and
constitute a significant global burden on healthcare systems
3, A substantial proportion of these events are attributable
to pharmacogenomic factors particularly polymorphismsin
drug-metabolizing enzymes such as cytochrome P450 (CYP)
isoforms, drug transporters, and pharmacodynamic targets.
Conventional genotyping approaches, while informative,
struggle to handle the sheer complexity of multi-gene
interactions and their interplay with environmental and
clinical variables #. Machine learning (ML) and deep learning
(DL) algorithms have demonstrated remarkable proficiency
in identifying nonlinear patterns within high-dimensional

datasets, making them particularly well-suited for genomic
applications >®. Natural language processing (NLP) enables
the extraction of pharmacogenomic knowledge from
unstructured clinical notes and biomedical literature at
scale 7. Reinforcement learning offers pathways toward
dynamic, personalized dosing strategies that adapt in real
time to patient responses & These capabilities, when
applied to the rich genomic and clinical datasets now
routinely generated, hold transformative potential for
personalized therapeutics 2°. This review synthesizes
current evidence on Al integration across the
pharmacogenomics continuum from drug discovery and
preclinical development through clinical application and
real-world use and projects a future in which individualized
healthcare is enhanced by the synergistic application of Al
and precision genomics 112,

OVERVIEW OF Al
PHARMACOLOGY

APPLICATIONS IN  CLINICAL

Al applications span the full continuum of clinical
pharmacology, from the earliest stages of drug discovery to
post-market real-world surveillance. Each phase presents
distinct data challenges and opportunities that Al
methodologies are increasingly equipped to address 1314,

Drug (Re)discovery

At the discovery stage, Al algorithms analyze vast chemical
libraries to identify lead compounds, elucidate novel drug
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targets, and support drug repurposing efforts. Deep
learning models trained on molecular fingerprints and
bioactivity profiles can accurately predict binding affinity
and selectivity, substantially accelerating the hit-to-lead
process 3. Notable examples include AlphaFold's
revolutionary contribution to protein structure prediction,
which enables structure-based virtual screening at
unprecedented scale °. Al-driven network pharmacology
approaches integrate multi-omics data with drug-target
interaction databases to identify repositioning candidates
with pharmacogenomic relevance *°.

Preclinical Development

During preclinical development, Al supports the prediction
of drug characteristics including absorption, distribution,
metabolism, excretion, and toxicity (ADMET). ML models
trained on in vitro and in vivo data can anticipate
hepatotoxicity, cardiotoxicity, and off-target effects before
resource-intensive animal studies are conducted 7.

Al enhances clinical trial design and conducts through
participant selection algorithms that identify genetically
eligible subjects, reducing heterogeneity and improving
statistical power *°. Automated follow-up systems powered
by NLP monitor patient-reported outcomes and signal
emerging safety concerns in real time. Adaptive trial designs
informed by interim ML analyses allow dynamic dose
modifications and early stopping, improving efficiency and
ethical conduct °.

Real-World Use and Data Mining

Post-approval, Al enables mining of real-world data (RWD)
sources including electronic health records (EHRs),
insurance claims databases, and patient registries to detect
pharmacogenomic signals that were not apparent in
controlled trials 2%, NLP-driven phenotyping constructs
precise genotype-phenotype associations from
unstructured clinical narratives, augmenting structured
genomic databases 22

Drug Treatment Optimisation

Pharmacokinetic (PK) modeling using Al integrates
individual genomic data with physiological parameters to
generate patient-specific PK/PD profiles. Bayesian
optimization and reinforcement learning algorithms
generate adaptive dosing recommendations that are
continuously refined as new therapeutic drug monitoring
(TDM) data become available 1°. Pharmacogenomics-based
enzyme activity prediction particularly for CYP2DS6,
CYP2C19, and CYP2C9 is embedded within clinical decision

support (CDS) systems to automate individualized
prescribing %23,
ARTIFICIAL INTELLIGENCE TECHNIQUES IN

PHARMACOGENOMICS

A broad spectrum of Al techniques has been applied to
pharmacogenomic problems, each with distinct strengths
and limitations (Table 1). The selection of an appropriate
technique depends on the nature of the data, the prediction

task, and the requirements for
generalizability 524,

interpretability and

Machine Learning

Supervised ML algorithms, including random forest,
support vector machines (SVM), and gradient boosting,
constitute the workhorse of pharmacogenomic prediction.
These methods excel in classifying metabolizer phenotypes,
predicting ADR risk, and building polygenic risk scores from
large genotyped cohorts 2%, Unsupervised approaches
such as clustering and dimensionality reduction (PCA,
UMAP) identify novel genomic subgroups within
heterogeneous patient populations /.

Deep Learning

Convolutional neural networks (CNNs) operate directly on
genomic sequence windows to detect motifs predictive of
variant functional consequences. Recurrent neural
networks (RNNs) and long short-term memory (LSTM)
architectures model temporal trajectories of drug exposure
and response. Graph neural networks (GNNs) represent
molecular structures and protein-protein interaction
networks, enabling end-to-end pharmacogenomic
modeling &%

Natural Language Processing

NLP techniques including named entity recognition,
relation extraction, and transformer-based models (BERT,
BioBERT) curate pharmacogenomic knowledge from the
biomedical literature at scale. These methods populate
structured pharmacogenomics databases, automate EHR
phenotyping, and generate real-time alerts from
unstructured clinical reports 2.

Federated and Privacy-Preserving Learning

Federated learning enables Al model training across
geographically distributed genomic datasets without
centralizing sensitive data, preserving privacy while
maximizing sample size diversity. Differential privacy
mechanisms add calibrated noise to model parameters,
providing formal privacy guarantees. These approaches are
particularly important for pharmacogenomics given the
sensitive and re-identifiable nature of genomic data 2°%,

MULTI-MODAL DATA
PHARMACOGENOMICS

INTEGRATION FOR AI-DRIVEN

The realization of Al-driven personalized medicine requires
the integration of heterogeneous data streams that
collectively characterize the patient's biological state,
environmental exposures, and clinical history. Multi-modal
data integration frameworks aggregate clinical, laboratory,
imaging, omics, wearable device, and environmental
information into unified analytical platforms 2732,

Clinical data encompass demographics, diagnoses,
medication histories, and outcome records derived from
EHRs. Laboratory data include biochemical assays,
therapeutic drug monitoring results, and hematological
parameters. Imaging-derived biomarkers quantified by
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radiomics and Al-based image analysis provide phenotypic
correlates of genomic alterations. Omics data span
genomics, transcriptomics, proteomics, and metabolomics,
each adding a distinct layer of biological resolution %’.
Wearable devices continuously capture physiological
parameters including heart rate, activity, sleep
architecture, and glucose levels, enabling dynamic PK/PD
surveillance in naturalistic settings 3. Environmental
informatics contextualize genetic expression within the
exposome diet, pollutant exposure, socioeconomic factors

that modulate drug response independent of genetic
determinism. Similarity Network Fusion (SNF) and multi-
view learning algorithms synthesize these heterogeneous
inputs into coherent patient representations. ML model
selection proceeds with awareness of dataset
dimensionality, class imbalance, and missingness patterns
inherent to multi-modal clinical data. Rigorous model
evaluation employs nested cross-validation, external test
sets, and calibration assessment to ensure reliable
pharmacogenomic predictions 32,

Table 1: Artificial Intelligence Techniques and Their Applications in Pharmacogenomics

Al Technique

Machine Learning (ML)

Deep Learning (DL)

Description

Algorithms that learn patterns from data
without explicit programming.

Multi-layered neural networks capable of
processing raw genomic sequences.

Pharmacogenomic Application

SNP-drug interaction prediction, adverse drug
reaction classification, biomarker discovery.

Variant calling from NGS data, gene expression
profiling, protein-drug binding prediction.

Natural Language Processing

(NLP) from unstructured text.

Random Forest

overfitting.
Support Vector Machine
(SVM)

Convolutional Neural Network Spatial  pattern

Extraction of clinically relevant knowledge

Ensemble decision tree method robust to

Supervised classifier with kernel-based
nonlinear decision boundaries.

recognition

Mining  pharmacogenomic  associations from

literature, EHR phenotyping.

Classification of CYP450 metabolizer phenotypes,
toxicity prediction.

Gene expression classification, drug response
phenotyping.
across = Genomic variant effect prediction, splice-site

identification.

(CNN) sequence windows.
Recurrent Neural Network Sequential data processing with memory Temporal drug response modeling, longitudinal
(RNN/LSTM) retention. genomic surveillance.
Reinforcement Learning (RL) Agent learns optimal actions through = Adaptive dosing regimens, clinical treatment
reward feedback. optimization.
Federated Learning Model training across decentralized @ Multi-institutional genomic studies preserving
datasets without data sharing. patient privacy.
Table 2: Key Pharmacogenes and Al-Driven Clinical Insights
Gene Enzyme/Protein Clinical Relevance Al Contribution
CYP2D6 Cytochrome P450 2D6 Metabolizes ~25% of drugs; ML  classification of metabolizer
poor/ultra-rapid metabolizers at risk. = phenotypes from genotype data.
CYP2C19 Cytochrome P450 2C19 Clopidogrel, PPIs, SSRIs metabolism. Deep learning-based variant effect scoring.
CYP2C9 Cytochrome P450 2C9 Warfarin, NSAIDs, antiepileptics Dosage optimization algorithms
metabolism. integrating clinical covariates.
TPMT Thiopurine methyltransferase  6-Mercaptopurine toxicity in | Al-guided dose reduction alerts in
oncology. oncology EHRs.
DPYD Dihydropyrimidine 5-Fluorouracil toxicity risk. Pretreatment genotype-phenotype ML
dehydrogenase models.
SLCO1B1 Organic anion transporter Statin-induced myopathy risk. Polygenic risk score integration with Al
models.
HLA-B*57:01 Human leukocyte antigen Abacavir hypersensitivity. NLP extraction from genomic reports for
real-time alerts.
UGT1A1 UDP-glucuronosyltransferase Irinotecan neutropenia risk. Al-guided dose selection in colorectal

cancer protocols.
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Al IN PHARMACOGENOMICS: CLINICAL APPLICATIONS

Pharmacogenomics aims to translate genetic information
into actionable prescribing decisions. Al amplifies this
translation by processing NGS data at scale, deriving gene
functionality scores, and integrating pharmacogenomic
outputs with therapeutic drug databases to generate
individualized clinical guidance >3,

NGS Data Analysis and Variant Interpretation

Next-generation sequencing generates millions of genetic
variants per individual, the vast majority of clinical
significance unknown. Al algorithms trained on curated
databases such as PharmGKB, ClinVar, and ClinPharmGKB
prioritize variants by predicted functional impact on drug-
metabolizing enzymes and pharmacodynamic targets 2343,
Deep learning variant callers (e.g., DeepVariant) outperform
traditional bioinformatics pipelines in sensitivity and
specificity for single-nucleotide polymorphism (SNP) and
indel detection 3.

Gene Functionality Scoring

Diplotype-to-phenotype translation converting detected
allele combinations into predicted metabolizer status is a
critical step in pharmacogenomic implementation. Al
models integrate sequence-level features, population allele
frequencies, and in vitro functional data to assign gene
functionality scores that encode the predicted enzymatic
activity of variant proteins 823, These scores are
subsequently interfaced with pharmacological databases to
identify drugs whose clearance or efficacy is expected to
deviate from population norms in a given patient 7.

Clinical Decision Support Integration

Pharmacogenomic clinical decision support (CDS) systems
translate Al-derived gene functionality scores into
actionable prescribing alerts within EHR workflows. The
CPIC guidelines provide curated gene-drug
recommendations that serve as ground truth for CDS logic®®.
Al-enhanced CDS systems extend these static rules by
incorporating dynamic patient-level factors comorbidities,
comedications, and organ function into individualized dose
recommendations 3%,

Key Pharmacogenes and Al Contributions

Several pharmacogenes have received particular attention
in Al-driven research, reflecting their clinical importance
and the complexity of their variant-phenotype relationships
(Table 2) 18,23,33,39.

Al IN ONCOLOGY PHARMACOGENOMICS

Oncology represents the most advanced domain of
pharmacogenomic Al application, driven by the abundance
of genomic data from tumor sequencing programs and the
urgent therapeutic stakes of cancer treatment. Al models
trained on large-scale drug sensitivity screens such as the
Cancer Genome Atlas (TCGA) and the Genomics of Drug
Sensitivity in Cancer (GDSC) predict tumor cell line
responses to hundreds of drugs from genomic profiles 1740,

Polygenic pharmacogenomic signatures, derived from
multi-gene ML models, outperform single-gene biomarkers
in predicting chemotherapy toxicity. Al integration of tumor
somatic mutations, copy number alterations, and germline
pharmacogenomic variants enables comprehensive
oncology prescribing guidance. Reinforcement learning-
based adaptive dosing algorithms are under investigation
for cytotoxic agents where the therapeutic window narrows
with cumulative exposure 441,

DPYD and UGT1A1 genotyping, aided by Al interpretation of
complex variant interactions, is increasingly embedded in
oncology EHRs to preemptively identify patients at risk for
life-threatening fluoropyrimidine and irinotecan toxicities®.
Screening automatable via NLP-assisted genomic report
parsing prevents abacavir hypersensitivity reactions in HIV
management 34,

CHALLENGES AND LIMITATIONS

Despite transformative potential, the integration of Al into
pharmacogenomics is confronted by substantial scientific,
ethical, and practical barriers that must be systematically
addressed before widespread clinical implementation?®3%42,

Data Quality and Population Diversity

The quality of Al predictions is fundamentally constrained
by the quality and representativeness of training data.
Current genomic databases are predominantly derived from
individuals of European ancestry, creating models with
reduced accuracy for non-European populations 3. Efforts
such as the H3 Africa Consortium and the All of Us Research
Program are expanding population diversity in
pharmacogenomic databases, but substantial gaps persist*.

Interpretability and Clinical Trust

The opacity of deep learning models limits clinician trust and
regulatory acceptance. Explainable Al (XAl) methods
including SHAP (SHapley Additive exPlanations), LIME (Local
Interpretable Model-agnostic Explanations), and attention
visualization provide post-hoc explanations of model
decisions. However, the fidelity of these explanations to
true model mechanisms remains an area of active
investigation *°.

Regulatory and Ethical Framework

No established regulatory pathway exists for Al-driven
pharmacogenomic clinical decision tools in most
jurisdictions. The FDA and EMA have published guidance
documents on Al/ML-based software as a medical device
(SaMD), but genomic-specific validation requirements
remain nascent 343, Ethical concerns encompass data
ownership, informed consent for secondary genomic data
use, algorithmic bias, and the equitable distribution of
pharmacogenomic Al benefits 2942,

FUTURE OUTLOOK

The future of Al in pharmacogenomics is inextricably linked
to the broader vision of individualized healthcare that
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addresses clinical, social, and genomic dimensions of
therapeutic decision-making 447,

Al and Precision Medicine Convergence

The synthesis of Al with precision medicine frameworks will
increasingly encompass polygenic risk stratification,
pharmacomicrobiome interactions, and epigenomic
modifiers of drug response. Foundation models large-scale
transformer architectures pretrained on diverse biomedical
corpora will serve as versatile platforms for
pharmacogenomic knowledge generation, requiring only
fine-tuning on task-specific datasets 2.

Clinical Considerations

Clinical implementation of Al pharmacogenomics requires
seamless EHR integration, clinician education, and
reimbursement policies that incentivize preemptive
genotyping. The pharmacist's role is evolving toward
genomic medication management, with Al CDS tools
supporting pharmacogenomics-based medication reviews
at the point of prescribing 338, Randomized controlled trials
evaluating pharmacogenomics-guided prescribing such as
the PREPARE trial are providing level-1 evidence for clinical
benefit 33,

Table 3: Challenges in Al-Pharmacogenomics Integration and Proposed Solutions

Challenge Description

Data Heterogeneity
vastly in format and scale.

Algorithmic Bias
Interpretability
Data Privacy

Regulatory Uncertainty
clinical decision tools.

Clinical Integration Fragmented EHR

deployment.
Reproducibility
not generalize.

Social and Equity Considerations

Equitable access to Al-pharmacogenomics requires
deliberate strategies to prevent the exacerbation of health
disparities. Community engagement in genomic research,
culturally tailored consent processes, and population-
inclusive model development are essential. Social
determinants of health must be incorporated into Al models
as contextual covariates alongside genomic predictors to
yield equitable precision prescribing 4%43.

Genomic Considerations

Advances in long-read sequencing, single-cell genomics, and
spatial transcriptomics will generate richer
pharmacogenomic  phenotypes for Al  modeling.
Pharmacoepigenomics the study of heritable epigenetic
marks that modulate drug response represents an emerging
frontier where Al methods are beginning to yield insights
beyond static genomic variants 2*?’. Integration of somatic
mosaicism, structural variants, and non-coding regulatory
regions into pharmacogenomic Al models will substantially
expand the predictive landscape 3°.

Genomic, clinical, and imaging data differ

Training data underrepresentation of non-
European ancestry populations.

Black-box models limit clinical trust.
Genomic data is irreversibly identifiable.
No established pathways for Al-genomic

systems

Models trained on one population may

Proposed Solution

Standardized ontologies (HL7
SNOMED CT), multi-modal
architectures.

FHIR,
fusion

Diverse population cohorts; fairness-

aware ML training.

Explainable Al (XAl) techniques: SHAP,
LIME, attention mechanisms.

Federated learning, differential privacy,
secure multi-party computation.

Engagement with FDA, EMA; development
of Al-specific validation frameworks.

hinder Al | Interoperable APIs, pharmacogenomics

clinical decision support (CDS) hooks.

External validation, multi-center studies,
model cards and reporting standards.

CONCLUSION

The integration of artificial intelligence into
pharmacogenomics represents one of the most promising
developments in contemporary biomedical science. By
harnessing the pattern-recognition capabilities of ML and
DL algorithms, the knowledge extraction power of NLP, and
the adaptive optimization of reinforcement learning, Al is
transforming pharmacogenomics from a largely correlative
discipline into a dynamic clinical tool capable of real-time,
individualized therapeutic guidance. Multi-modal data
integration frameworks that consolidate clinical, genomic,
environmental, and wearable-derived information are
essential enablers of this transformation. The
pharmacogenomic workflow from NGS data generation
through gene functionality scoring to clinical prescribing
guidance is increasingly automated and Al-augmented,
reducing the time from genomic discovery to bedside
application. Substantial challenges remain, particularly in
population diversity, model interpretability, regulatory
validation, and ethical implementation. Addressing these
challenges requires coordinated action from clinicians, data
scientists, regulators, and patient advocates. The future
outlook envisions a healthcare ecosystem wherein Al and
precision medicine synergistically enhance individualized
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therapeutic decision-making across clinical, social, and
genomic dimensions realizing the long-held promise of the
right drug, at the right dose, for the right patient, at the right
time.
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