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Abstract

Pharmacogenomics is entering a transformative phase as high-throughput “omics” techniques become 
increasingly integrated with state-of-the-art artificial intelligence (AI) methods. Although early suc-
cesses in single-gene pharmacogenetics reported clear clinical benefits, many drug response pheno-
types are governed by intricate networks of genomic variants, epigenetic modifications, and metabolic 
pathways. Multi-omics approaches address this complexity by capturing genomic, transcriptomic, 
proteomic, and metabolomic data layers, offering a comprehensive view of patient-specific biology. 
Advanced AI models, including deep neural networks, graph neural networks, and representation 
learning techniques, further enhance this landscape by detecting hidden patterns, filling gaps in 
incomplete data sets, and enabling in silico simulations of treatment responses. Such capabilities not 
only improve predictive accuracy but also deepen mechanistic insights, revealing how gene—gene and 
gene—environment interactions shape therapeutic outcomes. At the same time, real-world data from 
diverse patient populations is broadening the evidence base, underscoring the importance of inclusive 
datasets and population-specific algorithms to reduce health disparities. Despite challenges related to 
data harmonization, interpretability, and regulatory oversight, the synergy between multi-omics 
integration and AI-driven analytics holds relevant promise for revolutionizing clinical decision-
making. In this review, we highlighted key technological advances, discussed current limitations, 
and outlined future directions for translating multi-omics plus AI innovations into routine personalized 
medicine.
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P harmacogenetics, the study of how ge-
netic variation influences drug 
response, emerged in the mid-20th 

century, when it was first recognized that 
inherited factors underlie individual differ-
ences in drug effects. 1 Landmark discoveries 
of allelic variants in drug-metabolizing en-
zymes, such as cytochrome P450 variants, 
found that genotyping could predict drug ef-
ficacy and toxicity, laying the groundwork 
for personalized medicine. 2 Genotype-
guided prescribing, such as human leukocyte 
antigen allele screening or testing for enzyme 
variants, has reported tangible clinical 
benefits.

However, most early pharmacogenetic 
applications focused on one or a few genes, 
which proved insufficient for complex phe-
notypes driven by polygenic interactions 
and environmental factors. 3,4 This realization 
prompted a shift from candidate-gene studies 
to genome-wide approaches (genome-wide 
association studies and next-generation 
sequencing). This process subsequently 
evolved into broader multi-omics strate-
gies―integrating transcriptomic, proteomic, 
epigenomic, and metabolomic data to better 
capture the full biological context. For 
example, adding gene expression profiles to 
genomic variants improved warfarin dose
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prediction by 8%-12% in explained 
variance. 1

Challenges in Pharmacogenomics and the 
Promise of Artificial Intelligence-Powered 
Multi-Omics
Despite decades of progress, variability in 
drug response remains a major clinical chal-
lenge. Many patients experience suboptimal 
outcomes: some derive little therapeutic 
benefit, and others suffer serious adverse ef-
fects. Adverse drug reactions are estimated 
to be among the leading causes of mortality 
globally, 5—8 although treatment failure is 
common in conditions like depression, can-
cer, and cardiovascular disease. 9—12 Approxi-
mately 95% of individuals carry at least 1 
actionable pharmacogenomic variant, 1,13,14 

yet existing tools still fail to consistently pre-
dict drug response.

A key limitation is that traditional phar-
macogenomics (PGx) often relies on static 
germline variants, ignoring downstream regu-
latory effects and context-dependent 
biology. 15 Many pharmacogenomic pheno-
types are polygenic, dynamic, and modulated 
by epigenetics, gene expression, protein 
levels, and metabolic context. 3,16,17 For 
example, DNA methylation patterns can influ-
ence antidepressant outcomes independently 
of genotype, 18,19 and proteomic or metabolo-
mic variation can markedly alter drug absorp-
tion, metabolism, and efficacy.

This has led to growing interest in multi-
omics frameworks, which integrate diverse 
molecular layers to model drug response

more comprehensively. 1,20 At the same time, 
advances in artificial intelligence (AI), particu-
larly deep learning and generative models, 
now offer powerful tools for integrating 
high-dimensional multi-omics data, uncover-
ing latent biological patterns, and enabling 
patient-specific prediction. 20—22

Objective of This Review
This review provides a comprehensive over-
view of current strategies combining multi-
omics and AI in PGx. We highlighted recent 
methodological advances, assessed their po-
tential to improve predictive performance, 
and discussed key challenges in translating 
these tools into clinical practice. We aimed 
to show how this integrative paradigm is 
reshaping precision medicine by bringing us 
closer to matching each patient with the right 
drug at the right dose.

MULTI-OMICS APPROACH IN PERSONAL-
IZED MEDICINE

Definition and Rationale
Multi-omics refers to the integrative analysis 
of two or more biological layers to generate 
a comprehensive molecular portrait of biolog-
ical systems, typically including genomics and 
transcriptomics, and increasingly incorpo-
rating epigenomics, proteomics, and metabo-
lomics (Figure 1). 23,24 It recognizes that 
genotype alone does not capture dynamic 
processes such as gene regulation, post-
translational modifications, or shifts in meta-
bolism. Each “omic” dimension offers distinct 
insights: genomic variants predict potential 
risk or capacity for drug metabolism, whereas 
transcriptomic and proteomic profiles indi-
cate actual activity states of genes and 
proteins. 24

Interdisciplinary Nature and Data 
Complexity 
Multi-omics merges diverse data types: DNA 
variant calls, RNA expression matrices, 
methylation profiles, proteomic readouts, 
metabolite concentrations, and sometimes 
16S ribosomal RNA or metagenomic 
data. 24,25 Each platform has unique noise fea-
tures and measurement biases, requiring 
specialized bioinformatic pipelines. 23 Data 
scientists, statisticians, molecular biologists,

ARTICLE HIGHLIGHTS

● Multi-omics integration enables a more complete understanding 
of drug response beyond single-gene analysis.

● Advanced artificial intelligence methods, including graph neural 
networks, variational autoencoders, and large language models, 
enhance drug response prediction and clinical decision support.

● Real-world data enrich artificial models and support prospec-
tive validation in clinical settings.

● Barriers such as data complexity, equity, and clinician inter-
pretability must be addressed to achieve clinical 
implementation.
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and clinicians must collaborate to ensure 
these heterogeneous layers are processed 
and interpreted properly. 25

Advantages Over Single-Layer Analyses 
Integrating multiple layers often reveals rela-
tionships invisible to siloed approaches. For 
example, linking a genetic variant to changes 
in gene expression and subsequent protein ac-
tivity can clarify causal mechanisms and 
reduce false positives. 26 Multi-omics 
modeling also tends to be more accurate for 
predicting clinical outcomes, as it exploits 
the regulatory cascades connecting different 
omic layers. 27,28 Studies in oncology, cardiol-
ogy, and endocrine disorders have shown that 
multi-omic signatures provide refined patient 
stratification and better prediction of drug 
response than a single-layer alone. 25—27,29

Big Data Challenges
Although powerful, multi-omics faces stan-
dard “big data” hurdles, including high 
dimensionality, missing values, and batch ef-
fects. Combining data from multiple plat-
forms can introduce systematic biases if not

properly corrected. 30 Moreover, each omics 
modality brings additional data complexity, 
forcing researchers to apply robust normaliza-
tion and integration methods. 24,30 If sample 
sizes are small relative to the number of fea-
tures, overfitting becomes a concern. Never-
theless, methodological advances, including 
deep learning and Bayesian frameworks, are 
increasingly able to extract meaningful pat-
terns from multi-modal data. 23,31

Existing Integration Approaches
Classical methods such as canonical correla-
tion analysis or joint factorization have a long-
standing history in multi-omics integration. 26 

More recent AI-driven methods (including 
variational autoencoders and graph neural 
networks) can capture complex, nonlinear 
structures among omics layers and mitigate is-
sues like missing data. 24,25

Real-World Applications
Oncology was an early adopter, as large initia-
tives like the Cancer Genome Atlas integrated 
genomic, epigenomic, and transcriptomic 
data to redefine tumor subtypes and discover

Metabolomics

Proteomics
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Genomics
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FIGURE 1. Core multi-omics layers in pharmacogenomics.The key biological layers are commonly in-
tegrated in multi-omics analyses. Each layer provides unique and complementary insights into drug 
response: genomics captures inherited variants; transcriptomics reflects gene expression profiles; epi-
genomics includes DNA methylation and histone modifications; proteomics quantifies enzymes and 
receptors involved in drug metabolism or action; and metabolomics measures endogenous metabolites 
that influence pharmacokinetic properties and pharmacodynamics. Together, these interconnected 
modalities enable a comprehensive understanding of patient-specific drug responses. Created with 
BioRender.com
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new biomarkers. 26 In cardiology, multi-omics 
has led to improved risk stratification for 
atherosclerosis. 27 In endocrinology, it helps 
explain why 2 patients with similar genetic 
variants show different responses to the 
same therapy; factors like epigenetics or pro-
teomics can account for unexplained 
variability. 25 Such examples demonstrate 
multi-omics’ capacity to illuminate complex 
biological systems and enable a more nuanced 
approach to personalized medicine.

AI for Multi-Omics Integration
The integration of multi-omics data, spanning 
genomics, transcriptomics, epigenomics, pro-
teomics, and metabolomics, has enabled a 
more comprehensive understanding of drug 
response. However, the high dimensionality, 
missing modalities, and complex biological 
relationships between these data layers pre-
sent unique analytical challenges. Deep

learning models offer powerful tools to 
address this complexity by extracting latent 
patterns and predicting clinical outcomes 
such as drug efficacy, adverse drug reactions, 
and optimal dosage.

Figure 2 illustrates a typical AI-powered 
multi-omics workflow. After harmonization 
steps (eg, normalization, batch correction, 
and imputation), data are processed by deep 
neural networks, including variational 
autoencoders, generative adversarial net-
works, and graph neural networks. These ar-
chitectures allow integration of heterogeneous 
data types and enable simulations of treat-
ment scenarios. Importantly, explainability 
modules help clinicians interpret predictions, 
and validation on real-world outcome data 
(eg, electronic health record [EHR])-linked 
cohorts) supports prospective refinement. 

Recently, multiple studies have found that 
integrating multi-omics with AI improves
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FIGURE 2. Artificial intelligence (AI)-powered multi-omics pipeline for predicting drug response. Patient-derived omics data, 
including genomics (eg, whole exome sequencing [WES]/whole genome sequencing [WGS]), epigenomics (eg, bisulfite sequencing 
[BS-seq], assay for transposase-accessible chromatin using sequencing [ATAC-seq]), transcriptomics (RNA-seq), proteomics (mass 
spectrometry), and metabolomics (eg, Liquid chromatography-mass spectrometry [LC-MS], nuclear magnetic resonance [NMR]), 
are fused and harmonized for model input. Deep learning models (eg, variational autoencoders [VAEs], generative adversarial 
networks [GANs], [GNNs]) predict drug efficacy, adverse drug reaction (ADR) risk, and dosage recommendations. Explainability 
modules enhance model transparency, while validation on real-world outcomes enables continuous refinement. Final outputs are 
delivered to clinicians via clinical decision support systems (CDSS) integrated into the electronic health record (her). Created with 
BioRender.com.
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model performance across various pharmaco-
genomic applications. Table 31—42 summarizes 
key original publications from 2018-2025, 
highlighting improved prediction of drug 
sensitivity, toxicity, and treatment response 
compared with single-omics or traditional 
methods. For instance, DeepDRA (2024) 
achieved a precision-recall area under the 
curve (AUC) value of 0.99 in drug response

prediction using autoencoders on transcrip-
tomic and genomic data, while MOViDA 
(2023) combined multi-omics with biologi-
cally informed architectures to enhance inter-
pretability and outperform previous machine 
learning (ML) baselines. Similarly, MOICVAE 
(2023) and TSGCNN (2023) used graph-
based and variational models to improve 
pan-cancer drug sensitivity prediction. 32,43

TABLE. Artificial Intelligence (AI)-Based Models for Multi-Omics Integration in Pharmacogenomics (2018-2025)

Method name Reference, year Omics layers AI method Use case Outcome

DeepDRA Mohammadzadeh-
Vardin et al, 33 2024

Genomics, 
transcriptomics, and 
drug structure

Autoencoders + MLP Cancer drug 
sensitivity

AUPRC values 0.99 
(internal) and 0.72 
(external)

Multi-omics predictor of 
antidepressant 
response

Joyce et al, 34 2021 Genotyping and 
metabolomics

Logistic regression Antidepressant
response

AUC values increased 
from 0.84-0.86

MOICVAE Wang et al, 35 2023 Genomics (sequence 
variation and CNV), 
and transcriptomics

Variational
autoencoder

Pan-cancer drug 
sensitivity

AUC values up to 0.91 
on TCGA

Dr.VAE Rampá�sek et al, 36 2019 Transcriptomics and 
drug perturbation

Variational
autoencoder

Cancer drug 
sensitivity

Outperformed standard 
ML on 23 of 26 drugs

MOViDA Ferraro et al, 37 2023 Transcriptomics and 
sequence variation + 

drug descriptors

Visible neural network Cancer drug 
sensitivity

Better accuracy in 
imbalanced data

MOFGCN Peng et al, 38 2022 Multi-omics + drug 
graphs

Graph convolutional 
network

Drug sensitivity 
prediction

Improved prediction vs 
other methods

TSGCNN Peng et al, 32 2023 Multi-omics + drug 
graphs

Two-space graph 
CNN

Cancer drug 
response

Outperformed 8 SOTA 
methods

NDSP Liu and Mei, 31 2023 Transcriptomics, CNV, 
and methylation

Sparse PCA + DNN Drug sensitivity 
(GDSC)

Better prediction for all 
drug classes

MOLI Sharifi-Noghabi et al, 39 

2019
Genomics (sequence 
variation and CNV) 
and transcriptomics

Triplet-loss DNN Prostate cancer 
drug response

Higher AUC value than 
single-omics

DL+ multi-omics in 
cancer

Wang et al, 40 2022 Transcriptomics, 
genomics, 
proteomics, and 
metabolomics

Graph embedding + 

attention
Drug IC50 
prediction

R 2 ∼0.90

Super.FELT Park et al, 41 2021 Transcriptomics, 
sequence variation, 
and CNV

Triplet-loss 
autoencoder + 

classifier

Drug sensitivity/ 
resistance

Best performance on 
patient data

Breast cancer therapy 
response

Sammut et al, 42 2022 Genomics, 
transcriptomics, and 
pathology + clinical

Ensemble ML pCR prediction AUC value = 0.87

Each entry includes omics layers used, model type, clinical context, and quantitative improvements over baseline methods. All studies are indexed in PubMed and involve 
original experimental datasets.

As the field progresses, combining deep learning with explainable frameworks, federated data sharing, and diverse population cohorts will be essential for translating these 
models into equitable, generalizable clinical tools.

AUC, area under the curve; AUPRC, area under the precision-recall curve; CNN, convolutional neural network; CNV, copy number variation; DNN, deep neural network; 
GDSC, genomics of drug sensitivity in cancer; IC50, inhibitory concentration 50%; ML, machine learning; MLP, multi-layer perceptron; PCA, principal component analysis; 
pCR, pathologic complete response; SOTA, self-organizing tree algorithm; TCGA, the cancer genomic atlas.
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These examples demonstrate the growing 
maturity of generative and graph-based 
models for multi-modal learning. Across use 
cases, from chemotherapy toxicity to immu-
notherapy response, AI-driven integration 
consistently yields 5%-20% gains in predic-
tive accuracy or AUC value.

AI for Real-World Pharmacogenomics
The integration of multi-omics data with AI is 
increasingly moving from research settings 
into real-world clinical practice. Retrospective 
analyses of outcome-linked omics datasets 
have reported that ML can uncover drug resis-
tance mechanisms and stratify patients by 
likely therapeutic response. For instance, a 
multi-omics study of 400 patients with cancer 
identified subgroups with estrogen-
dependent vs resistant tumors after cyclin-
dependent kinase 4 and 6 inhibitors 
treatment, with ML results confirmed using 
experimental assays. 29 Natural language pro-
cessing of EHRs has also been used to 
improve phenotype extraction and refine AI 
models for psychiatric PGx. 44

Real-world pharmacogenomic applica-
tions already show measurable clinical bene-
fits. For example, pre-treatment 
dihydropyrimidine dehydrogenase (DPYD) 
genotyping in patients receiving fluoropyrimi-
dines has nearly eliminated severe 5-
fluorouracil toxicity in routine oncology, 
reducing hospitalization rates and preventing 
treatment-related deaths. 45,46 The 100,000 
Genomes Project further validated that car-
riers of DPYD variants are at considerably 
higher risk of chemotherapy-induced adverse 
events, supporting genotype-guided dose 
modifications. 47 See Box 1 for a real-world 
case illustrating DPYD-guided dosing. 48 

Similarly, CYP2C19 loss-of-function al-
leles have been linked to increased cardiovas-
cular events in clopidogrel-treated patients, 
prompting real-world guideline shifts toward 
alternative antiplatelet therapy. 49,50 In antico-
agulation, genotype-guided warfarin dosing 
has led to faster time-to-INR stabilization 
and fewer complications. 51,52 Broader use of 
multi-gene PGx panels has reduced serious 
adverse drug reactions and hospitalizations 
across multiple specialties. 45,53 As more clin-
ical cohorts are subjected to multi-omics 
profiling, AI-based systems trained on these

real-world data (RWD) are likely to inform 
prospective therapeutic decisions, closing 
the loop between data generation and bedside 
application.

Emerging Role of LLMs
In addition to deep learning architectures like 
autoencoders and graph neural networks, 
large language models (LLMs) are emerging 
as powerful tools in PGx. A recent study 
demonstrated that a generative pre-trained 
transformer 4-4-based assistant using 
retrieval-augmented generation outperformed 
general-purpose models when answering 
PGx-specific queries, showing the utility of 
domain-informed LLMs for clinical decision 
support. 54 Complementary to this, PGxQA 
was developed as a benchmark framework 
to evaluate LLM performance in PGx tasks 
across clinician, patient, and researcher per-
spectives, highlighting both rapid progress 
and ongoing risks in clinical deployment. 55 

Together, these studies suggest that LLMs, 
although still maturing, could play a key 
role in improving PGx literacy and 
accessibility.

Barriers to Implementation of AI-Driven 
Multi-Omics in Clinical Practice
Despite the transformative promise of multi-
omics and AI in precision medicine, several

Box 1. CLINICAL VIGNETTE: MISSED HAPB3 
VARIANT LEADS TO SEVERE FLUOROPYR-
IMIDINE TOXICITY

A48-year-old woman with stage III recto-
sigmoid adenocarcinoma developed severe 
toxicity during adjuvant capecitabine/oxa-
liplatin therapy, including grade 3 gastro-
intestinal symptoms and febrile 
neutropenia, requiring hospitalization. 48 

A commercial DPYD test returned a false-
negative result, but follow-up testing with 
an expanded in-house panel revealed a het-
erozygous c.1236G>A (HapB3) variant 
associated with reduced dihydropyrimi-
dine dehydrogenase activity. After dose 
adjustment, the patient tolerated chemo-
therapy well. This case highlights the clin-
ical importance of comprehensive DPYD 
variant detection to prevent adverse 
outcomes.
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critical barriers currently limit their wide-
spread adoption in clinical settings. These ob-
stacles span technical, infrastructural, 
regulatory, and human factors, each impeding 
the translation of high-dimensional multi-
modal data into actionable clinical insights 
(Figure 3).

Data Complexity. Multi-omics data are inher-
ently heterogeneous and high-dimensional, 
combining distinct data types, such as DNA 
variants, RNA expression levels, protein 
abundances, and metabolites, each with 
unique scales, noise characteristics, and for-
mats. The integration of these data requires

Barriers Solutions

Data Complexity
Lack of standardized data models, 
incompatible omics pipelines, high 

dimensionality

Cost and Accessibility 
High cost of multi-omics assays, 

limited infrastructure in 
low-resource setting

Regulatory Constraints 
Evolving Al/ML regulations, lack of 
harmonized frameworks, concerns 

over data ownership

Population Diversity 
Overrepresentation of 

European ancestry, limited model 
generalizability

Clinician Interpretability 
Opaque black-box models, lack of 

user-friendly tools, low Al trust 
in clinical workflows

Real World Data Limitations 
Missing values, inconsistent 

annotations, observational biases, 
heterogeneous sourcet

Standardization & Interoperability 
Common data schemas, unified 

APIs, FAIR principles

Cost Reduction & Scalability
Miniaturized assays, automated 

workflows, public-private 
investment

Federated Learning & Secure 
Data Sharing

Cross-site model training without 
raw data exchange, differential 

privacy

Inclusion of Diverse Populations 
All of Us, H3Africa, multi-ethnic 

model validation

Explainable AI (XAI) and 
Decision Support Tools 

Pathway-level explanations, 
user-friendly interfaces, 

confidence scores

Real World Data Harmonization 
and Observational Standards

Data curation, standardized 
ontologies, natural language 

processing, bias mitigation, quality 
control, interoperability

Limited Clinical Adoption 
Slow uptake, fragmented 

deployment, underused of 
Al-guided multi-omics in 

care delivery

FIGURE 3. Barriers and solutions for implementing artificial intelligence (AI)-powered multi-omics in clinical practice. Key obstacles 
hindering the clinical adoption of multi-omics and AI technologies include data complexity, high costs, regulatory challenges, limited 
population diversity, and the low interpretability of AI models. Each barrier contributes to the limited use of AI-guided multi-omics in 
routine care. On the right, corresponding solutions are proposed, ranging from standardization and cost reduction to federated 
learning, inclusive data practices, and explainable AI tools, to promote broader, equitable, and sustainable integration into health care 
systems. Created with BioRender.com
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sophisticated bioinformatics workflows 
capable of preserving biological context across 
layers. However, there is currently a lack of 
standardized data models and metadata 
schemas, as well as incompatible processing 
pipelines across omics domains, complicating 
interoperability and reproducibility. 23,24 

Batch effects, missing modalities, and 
non-uniform data acquisition protocols are 
additional obstacles that demand careful 
normalization and correction strategies. 
Without rigorous standardization, integrating 
multi-omics data from different institutions or 
platforms risks introducing bias and under-
mining model validity. 30

Real-World Data Limitations. RWD, 
including EHRs, biobanks, and registry-
linked omics, holds great promise for scaling 
AI-driven PGx. However, these datasets often 
suffer from missing values, inconsistent clin-
ical annotations, and heterogeneity across 
institutions. Observational designs also 
introduce confounders and selection biases, 
as patients are not randomized, and certain 
populations may be underrepresented, 
potentially skewing results. 56 Harmonizing 
omics and clinical data across health care 
systems is further complicated by incompat-
ible coding standards, differing assay plat-
forms, and variable data quality. 44 

Standardization efforts, such as adopting 
common ontologies and applying natural lan-
guage processing to unstructured notes, are 
underway, but integrating large-scale, high-
quality RWD into clinical-grade AI models re-
mains a major challenge. Achieving this will 
require robust pipelines for data curation, 
interoperability, and quality control to ensure 
that pharmacogenomic insights derived from 
RWD are accurate, generalizable, and ethi-
cally implemented.

Cost and Accessibility. The generation and 
analysis of multi-omics data remain costly 
and resource-intensive. Although sequencing 
costs have decreased over time, comprehen-
sive multi-omics profiling, including epi-
genomic, proteomic, and metabolomic layers, 
requires specialized infrastructure and exper-
tise that are often unavailable in standard 
clinical laboratories. As a result, adoption has 
been largely restricted to research centers or

well-funded institutions, limiting equity and 
access. 57,58

In low-resource settings, this cost barrier 
is even more pronounced, perpetuating dis-
parities in access to precision medicine. 
Further, implementing and maintaining AI 
models that operate on large-scale multi-
modal data adds computational burden and 
infrastructure requirements beyond the reach 
of many health care providers.

Regulatory Constraints. Multi-omics data 
and AI-driven tools raise complex regulatory 
questions regarding algorithm validation, data 
interoperability, and post-market surveil-
lance. Evolving legal frameworks, such as the 
EU’s General Data Protection Regulation and 
the US Food and Drug Administration’s 
evolving approach to software as a medical 
device, create uncertainty around adherence, 
especially in cross-border collaborations. 59 

Additionally, there is no global consensus 
on how AI/ML algorithms used in clinical care 
should be regulated over their lifecycle, 
particularly if they are adaptive or continu-
ously learning. Concerns about the liability 
and auditability of AI outputs remain unre-
solved and slow down implementation. 60 To 
improve transparency and oversight, regula-
tors increasingly call for explainable models, 
version tracking, and real-world performance 
monitoring.

Ethical Considerations. As AI systems are 
increasingly deployed in pharmacogenomics, 
ethical concerns around patient consent, 
data ownership, and algorithmic bias become 
critical. Genomic and clinical data used to 
train AI models are often repurposed from 
biobanks or EHRs, raising questions about 
secondary use and transparency in consent 
processes. 61 Moreover, data ownership re-
mains ambiguous in many jurisdictions, 
particularly in commercial applications in 
which patient data may fuel proprietary 
models. 62 Bias in training data can propagate 
inequities in AI outputs, especially when un-
derrepresented populations are missing from 
training cohorts, leading to less accurate 
predictions and potentially harmful recom-
mendations. Addressing these concerns re-
quires proactive governance frameworks, 
representative datasets, and transparent AI
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development practices to ensure equitable 
and trustworthy clinical implementation.

Population Diversity. Most AI models and 
omics datasets are derived from cohorts of Eu-
ropean ancestry, resulting in poor generaliz-
ability to underrepresented populations. 
More than 80% of genomic data used in 
PGx and precision medicine originates from 
European or East Asian populations, while Af-
rican, Latin American, and Indigenous groups 
remain severely underrepresented. 63—65

This imbalance introduces substantial bias 
into models and risks exacerbating health dis-
parities if AI tools trained on non-
representative data are applied universally. 66 

For example, warfarin dosing models on the ba-
sis of European allele frequencies have led to 
incorrect dosing in patients of African ancestry, 
underscoring the need for population-specific 
algorithms and diverse reference datasets. 67 

Global initiatives such as All of Us, PAGE, 
and H3Africa are actively working to diversify 
genomic datasets by recruiting underrepre-
sented populations. 62,63 Complementary strate-
gies include population-specific model tuning, 
federated learning, and synthetic data genera-
tion, all aiming to improve fairness and general-
izability of AI tools across ancestries.

Clinician Interpretability and Human Capi-
tal. The successful clinical use of AI-driven 
multi-omics tools depends on their accep-
tance and understanding by healthcare pro-
fessionals. However, current models, 
particularly deep learning and generative ar-
chitectures, often operate as opaque “black 
boxes,” making it difficult for clinicians to 
interpret or trust their outputs. 60 

Further, most clinicians lack formal 
training in data science or omics analytics, 
creating a steep learning curve for the adop-
tion of these tools. The absence of user-
friendly interfaces and explainable outputs 
contributes to skepticism and low integration 
into clinical workflows, even when models 
demonstrate high predictive performance. 24

FUTURE OUTLOOK AND CONCLUSIONS

Clinical Impact to Date
AI-powered multi-omics integration has 
already found measurable benefits across

multiple medical domains. In oncology, algo-
rithms trained on genomic, transcriptomic, 
proteomic, and imaging data can stratify tu-
mors more precisely and identify patient-
specific treatment options. 68,69 One striking 
example is the Molecular Twin platform for 
pancreatic cancer, which combines tumor 
DNA/RNA, plasma proteomics, lipidomics, 
and digital pathology to predict survival and 
personalize therapy beyond traditional bio-
markers like carbohydrate antigen 19-9. 70

In cardiology, AI models leveraging multi-
omics biomarkers, especially combining 
genomic and proteomic data, outperform tradi-
tional risk scores in predicting myocardial 
infarction and other cardiovascular outcomes. 71 

In endocrinology, longitudinal profiling of indi-
viduals at risk for diabetes, incorporating multi-
omics and wearable sensor data, revealed >60 
actionable insights, including previously un-
known pathways for metabolic dysfunction. 72 

Psychiatry, long plagued by trial-and-
error prescribing, is now seeing transforma-
tion through pharmaco-multiomics. Early 
studies have shown that combining genomic, 
epigenomic, and proteomic markers with 
clinical data improves prediction of antide-
pressant efficacy and side-effect risk, 58 laying 
the foundation for more personalized mental 
health interventions.

Over the past 2 decades, pharmacogenom-
ics has evolved from foundational genomic ini-
tiatives (eg, the Human Genome Project, 
Clinical Pharmacogenetics Implementation 
Consortium guidelines) to large-scale clinical 
implementation trials (eg, PREPARE, 
eMERGE), culminating in recent AI-powered 
tools such as the Tempus xT CDx panel with 
integrated PGx reporting and open-access 
models like TxGemma for interpretable 
multi-modal prediction. 73 Figure 4 summa-
rizes these milestones, charting the field’s evo-
lution toward AI-enabled precision medicine. 

These examples signal that AI-driven 
multi-omics is not a distant vision. It is 
already refining diagnostics and treatment se-
lection in real-world scenarios.

Emerging Innovations and Technological 
Trends
Several innovations are poised to mitigate 
these limitations and accelerate clinical 
translation:
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● Multi-Omics Foundation Models. Inspired 
by large language models, researchers are 
building foundation models trained on 
vast, heterogeneous biomedical data (geno-
mics, proteomics, EHRs, and imaging). 
These models can be fine-tuned for specific 
clinical tasks using much smaller datasets, 
improving accessibility and performance 
across domains. 20

● Digital Twins. Virtual patient replicas that 
integrate an individual’s omics, clinical his-
tory, and sensor data enable in silico simu-
lation of disease progression and therapy 
response. In oncology, these systems have 
been used to test thousands of drug options 
per patient, identifying optimal treatment 
strategies without risk of harm. 74 Beyond 
cancer, digital twins could support real-
time disease monitoring and dynamic treat-
ment adjustments in long-term conditions.

● RWD as a Validation Infrastructure. RWD 
is becoming a cornerstone for validating 
AI-driven multi-omics models in routine 
care. Unlike randomized clinical trials, 
RWD from EHRs, registries, and biobanks 
captures diverse patient populations, 
comorbidities, and medication usage pat-
terns, enabling broader generalizability of 
pharmacogenomic insights. 56 These data-
sets help identify rare gene—drug interac-
tions that may be missed in pre-approval 
studies and enable model training in real-
istic clinical contexts. 45 Integration of 
RWD into multi-omics pipelines also facil-
itates phenotype refinement using tech-
niques like natural language processing of 
unstructured EHRs. 44 Together, these ad-
vances help close the gap between AI-
driven prediction models and their clinical 
utility.

CPIC established
100 K Genomes 

Project begins
PREPARE & eMERGE-
PGx real-world trials

Completion of Human 
Genome Project

First PharmGKB 
clinical annotations

PGx biomarkers added 
to FDA drug labels

Tempus xT CDx 
(FDA Al-assisted PGx 

panel)
LLM PGx decision 

support piloted in EHRs

Generative-Al 
enters multi-omics PGx

TxGemma open-source 
multimodal PGx LLM

2003 2004 2009 2013 2016 2020

2022 2023 2024 2025

FIGURE 4. Timeline of landmark events driving the convergence of pharmacogenomics and artificial intelligence (AI). Milestones 
span foundational genomics (2003-2013), regulatory adoption (2016), real-world implementation trials (2020), and recent AI ad-
vances from the US Food and Drug Administration (FDA)-cleared decision-support panels to large-language-model frameworks 
(2022-2025).
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These technologies represent more than 
incremental advances, as they mark the tran-
sition from snapshot-based diagnostics to 
continuous, adaptive, and preemptive care.

Toward Predictive and Preventive Health 
Care
The most transformative impact of AI-
powered multi-omics may lie in its ability to 
shift health care from reactive to predictive 
and preventive. Rather than waiting for symp-
toms to appear, clinicians will use molecular 
profiles and real-time data to forecast disease 
risk, intervene earlier, and tailor interventions 
with unmatched precision.

Future care pathways will increasingly 
rely on molecular stratification, not only 
determining who needs treatment but also 
identifying what mechanism underlies their 
condition. Two patients with the same diag-
nosis (eg, type 2 diabetes or heart failure) 
may receive entirely different treatments on 
the basis of whether their omics signatures 
point to immunologic, metabolic, or micro-
biomic drivers.

Over time, AI models trained on diverse, 
longitudinal multi-omics data will power 
real-time clinical decision-making: adjusting 
drug doses on the basis of wearable feed-
back, recommending diet changes informed 
by gut microbiome, or predicting sudden 
flare-ups from subtle molecular perturba-
tions. Such systems will enable clinicians 
to maintain health, not just manage 
disease. 74

Key Priorities for the Next Decade
To bring this vision to life, the field must 
address the following priorities:

● External validation across diverse cohorts to 
ensure model robustness and fairness. 58

● User-centered tools that distill omics in-
sights into clinically actionable guidance. 24

● Standardized data formats, application pro-
gramming interfaces , and metadata 
schemas to facilitate cross-platform 
interoperability.

● Affordable, scalable assays for omics data 
generation in routine care.

● Inclusion of underrepresented populations 
in training datasets. 66

● Clear regulatory and ethical frameworks 
around privacy, transparency, and 
accountability. 61

International efforts like Global Alliance 
for Genomics and Health and the All of Us 
program show how collaborative infrastruc-
ture can serve as a foundation for equitable 
and scalable precision health.

Final Perspective: Building the Future of 
Data-Driven Medicine
The convergence of AI, multi-omics, and real-
world data analytics signals a profound shift 
in health care. With sustained global collabo-
ration and thoughtful regulation, AI-powered 
multi-omics tools can become standard in di-
agnostics, therapy optimization, and lifelong 
health monitoring.

This transformation hinges not just on al-
gorithms or datasets but on interdisciplinary 
collaboration, bringing together scientists, cli-
nicians, engineers, ethicists, and patients. If 
key challenges in equity, interoperability, 
and clinical usability are addressed, the next 
decade will witness a transition from preci-
sion medicine as a promise to precision med-
icine as a practice: universal, adaptive, and 
human-centered.
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