
 International Journal of Contemporary Research and Literacy 
works (IJCRL) 

 

Vol. 6, No. 2, January 2025 1 

Precision Medicine AI: Genetic Markers Predict 
Patient Drug Response 

Logan Clark, Alexander Scott 

Department of Medical Genetics, Faculty of Medicine and Dentistry, College of Health 

Sciences, University of Alberta, Edmonton, AB T6J 5H4, Canada 

clarkloga2@ualberta.ca 

Abstract: 
Genetic variations can mean the difference between a life-saving medication and a potentially harmful 

one. Today, precision medicine AI is revolutionizing how we understand these genetic differences, enabling 
healthcare providers to predict drug responses with unprecedented accuracy. By analyzing genetic markers, 
we can now identify why certain medications work effectively for some patients while causing adverse 
reactions in others. As we explore the future of personalized medicine, the integration of AI medical 
research with pharmacogenomics offers remarkable potential. Our ability to process vast biomedical 
genomic datasets has led to significant breakthroughs, particularly in oncology, psychiatry, neurology, and 
cardiology. Through the combination of artificial intelligence and genetic testing, we can now develop more 
precise risk models and make better-informed decisions about drug selection and dosing. This advancement 
is especially powerful when integrated with electronic health records, creating a comprehensive approach to 
patient care that considers both genetic predispositions and clinical history. 
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1. The Evolution of Precision Medicine Through AI Integration 
The traditional "one-size-fits-all" approach to medicine has increasingly shown its limitations in 
recent years. This shift toward individualized care represents a fundamental transformation in 
healthcare delivery. Traditional treatments often work well for the average patient but fail to 
account for the unique genetic makeup that influences how each person responds to medications 
[1]-[4]. 

From One-Size-Fits-All to Personalized Treatment Protocols 

Personalized medicine enables healthcare providers to move beyond standardized treatments by 
tailoring therapeutic approaches based on a patient's genetic profile, lifestyle factors, and medical 
history. This transition marks a pivotal departure from conventional medical practice where 
treatments were primarily designed for the statistical average patient. The concept of 
personalized medicine involves a comprehensive understanding of the individual's genomic and 
molecular characteristics to create customized care plans. 
Historically, physicians combined available patient data such as symptoms, conventional test 
results, medical history, and limited genomic information to develop treatment plans. However, 
this approach faced significant challenges due to the complexity of analyzing vast amounts of 
data needed for truly personalized care. The introduction of AI has addressed this bottleneck by 
enhancing the quality and usability of rapidly growing healthcare data. 
Through AI integration, healthcare professionals can now analyze real-world patient data more 
effectively, leading to improved treatment outcomes and enhanced patient adherence. This 
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advancement allows for more precise diagnostics that leverage technologies like genetic testing 
and molecular profiling to identify diseases earlier and with greater accuracy. Furthermore, AI-
powered systems can predict which patients are likely to need medication requiring genomic 
information, allowing for proactive genotyping before that information becomes critical [5]-[9]. 

How AI Transforms Genetic Data into Clinical Insights 

AI systems demonstrate remarkable capabilities in analyzing diverse data types, including 
genetic, proteomic, and clinical information, to identify potential therapeutic targets. In genomics 
specifically, AI algorithms analyze DNA sequences to identify genetic variations linked to 
specific diseases or conditions. By recognizing patterns in these sequences, AI helps diagnose 
genetic disorders, predict disease risks, and identify potential therapeutic targets with 
unprecedented precision. 
The transformation of genomic data into actionable insights represents one of AI's most 
significant contributions to precision medicine. Machine learning models, trained on toxicology 
databases, can anticipate harmful effects or identify hazardous structural properties of potential 
medications. This capability helps researchers prioritize safer chemicals and mitigate adverse 
responses before clinical trials begin. Additionally, AI algorithms establish links between 
chemical structures and biological activity, allowing researchers to optimize drug candidates by 
designing molecules with desirable features such as high potency, selectivity, and favorable 
pharmacokinetic profiles. 

 
 

Figure 1: AI Transforms Genetic Data into Clinical Insights 

 
In proteomics, AI identifies variations in protein types and quantities that result from different 
health conditions or responses to treatments. One research group developed an AI model to aid 
in diagnosing thyroid malignancy from proteomic samples of thyroid nodules with an estimated 
sensitivity exceeding 90%. Moreover, AI's value extends beyond analyzing individual data types; 
its true power emerges when integrating findings from multiple sources. The combination of 
molecular data like genomics and proteomics with phenotypic information from electronic health 
records plays a crucial role in advancing personalized medicine [10]-[14]. 
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Key Milestones in AI Medical Research for Drug Response Prediction 

The IBM Watson system represents a pioneering achievement in AI medical research, 
incorporating both machine learning and natural language processing modules. In cancer 
studies, 99% of Watson's therapy recommendations aligned with medical conclusions, 
demonstrating its remarkable accuracy. The system has begun impacting clinical practices, as 
evidenced by its successful detection of rare secondary leukemia caused by myelodysplastic 
syndromes in Japan through genetic data analysis. 
Another significant milestone involves AI's application in pharmacogenomics – the study of how 
genes affect drug responses. AI, particularly machine learning and deep learning algorithms, has 
helped navigate the complexity of genomic data by elucidating intricate relationships between 
genetic factors and drug responses. This advancement has augmented the identification of 
genetic markers and contributed to developing comprehensive models for treatment 
optimization. 
AI techniques have also transformed drug development processes by analyzing large-scale 
biomedical data to identify existing drugs with therapeutic potential for different diseases. This 
approach of repurposing approved drugs for new indications accelerates drug discovery while 
reducing costs. Furthermore, AI enables efficient screening of vast chemical libraries to identify 
drug candidates with high binding likelihood to specific targets. Through simulating chemical 
interactions and predicting binding affinities, AI helps researchers prioritize compounds for 
experimental testing, thus saving valuable time and resources. 
During the 2020s, AI's role in precision medicine has continued to grow, assisting in customizing 
patient care through the analysis of vast datasets that guide the development of tailored 
therapies. The convergence of AI and precision medicine promises to revolutionize healthcare by 
solving the most difficult challenges, especially those requiring the integration of non-genomic 
and genomic determinants with patient symptoms, clinical history, and lifestyle information. 

2. Genetic Markers as Predictive Tools for Drug Response 

The predictive power of genetic markers in patient drug responses forms the cornerstone of 
modern precision medicine. Studies reveal that genetic factors account for an estimated 20% to 
95% of variability in drug metabolism and response. As we explore the genetic foundation of 
pharmacogenomics, we recognize that identifying relevant genetic markers enables healthcare 
providers to anticipate how patients will react to specific medications, consequently minimizing 
adverse effects while maximizing therapeutic outcomes. 

Types of Genetic Variants Influencing Medication Efficacy 
Genetic variants affecting drug responses can be classified into three distinct categories based on 
their complexity and predictive value. First, monogenic traits involve rare coding variants that 
typically influence severe adverse drug reactions through a single gene. The prediction of 
monogenic drug responses is relatively straightforward, involving the detection of underlying 
mutations. Second, predominantly oligogenic traits represent variations influenced by a small 
number of major pharmacokinetic or pharmacodynamic genes. Although prediction of these 
traits is gradually improving, uncertainty in successful predictions and overall cost-benefit 
considerations make such tests challenging for routine clinical use. Third, complex 
pharmacogenomic traits resemble multifactorial quantitative traits influenced by numerous 
small-effect variants combined with epigenetic effects and environmental factors. In fact, 
genome-wide association studies continue to discover relevant genetic variants; nonetheless, 
these small-effect variants together explain only a small fraction of phenotypic variance, thereby 
limiting their predictive power and clinical utility. 
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Pharmacokinetic vs. Pharmacodynamic Genetic Markers 

The distinction between pharmacokinetic and pharmacodynamic genetic markers is vital for 
understanding variable drug responses. Pharmacokinetic markers affect how drugs are absorbed, 
distributed, metabolized, and excreted from the body. For instance, genetic polymorphisms in the 
CYP450 enzymes affect the metabolism of up to 25% of all drug therapies. In contrast, 
pharmacodynamic markers influence the biological effects of medications by altering drug 
targets or receptors. 
There exist two high-risk pharmacokinetic scenarios that highlight the importance of genetic 
markers. The first occurs when a prodrug requires metabolic activation to generate 
pharmacologic effects. Poor metabolizers predictably display decreased drug action with 
medications like clopidogrel and losartan. The second scenario arises when a drug undergoes 
bioinactivation via a single metabolic pathway. In the absence of this pathway, much higher 
concentrations of active parent drug accumulate, potentially resulting in serious toxicity. As an 
example, a common variant in the VKORC1 gene, which encodes the warfarin target, has been 
strongly associated with interindividual dosing variability, with studies reporting that 25% of the 
variability in warfarin dose could be accounted for by common VKORC1 promoter SNPs [15]-
[18]. 

Single Nucleotide Polymorphisms (SNPs) in Drug Metabolism 

Single nucleotide polymorphisms represent the most prevalent type of genetic variation, 
occurring every 100 to 300 base pairs and accounting for 90% of all human genetic variations. 
These single base-pair substitutions can significantly alter drug metabolism enzymes. The 
location of SNPs in relation to a particular gene determines whether normal gene function is 
affected. Notably, SNPs residing in coding sequences may be synonymous (silent) or non-
synonymous (altering amino acid sequence), with the latter potentially rendering proteins 
inactive or with markedly reduced activity. 
 

Table 1. Key Genetic Markers Influencing Drug Response Across Major Therapeutic Areas 

 
Therapeutic 

Area 

Gene / 

Marker 

Associated Drug(s) Impact on Drug Response 

Oncology BRCA1/BRCA2 PARP inhibitors Predicts treatment sensitivity and 

survival outcomes  
EGFR Erlotinib, Gefitinib Determines response in non–small cell 

lung cancer 

Psychiatry CYP2D6 Antidepressants, 

antipsychotics 

Affects metabolism rate and risk of side 

effects 

Cardiology SLCO1B1 Statins Predicts statin-induced myopathy risk 

Neurology HLA-B1502* Carbamazepine Strongly linked to severe skin reactions 

(SJS/TEN) 

Hematology TPMT Thiopurines Determines toxicity risk and required 

dosage adjustments 

 
Genetic variations in CYP2D6 and other genes encoding drug-metabolizing enzymes correlate 
with four distinct metabolism phenotypes: ultra-rapid metabolizers (UMs), normal/extensive 
metabolizers (EMs), intermediate metabolizers (IMs), and poor metabolizers (PMs). For example, 
the high-CYP2D6-activity phenotype patient faces greater risk of adverse effects with certain 
medications because the inactive parent drug requires CYP2D6 metabolism to form the active 
moiety. Similarly, loss-of-function alleles in CYP2C19 impair formation of active metabolites, 
resulting in decreased platelet inhibition and increased risk for adverse cardiovascular events. 
Recent FDA data indicates more than 60 genes with variants can affect more than 190 drugs. In 
one study, 93% of participants had at least one pharmacologically significant gene variant, and 
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80% were prescribed medications that could have been affected by these variants. Through the 
integration of AI medical research with genetic marker analysis, the future of precision medicine 
stands to revolutionize drug therapy by enabling truly personalized treatment protocols based on 
individual genetic profiles. 

3. Next-Generation Sequencing Technologies Powering Precision Medicine 

Next-generation sequencing (NGS) technologies have emerged as the backbone of precision 
medicine, enabling unprecedented insights into genetic variations that influence drug responses. 
Since becoming commercially available in 2006, these technologies have fundamentally 
transformed genetic analysis, allowing for cost-effective and time-efficient sequencing of tumor 
DNA and ushering in a genomic era of cancer research and treatment. As the speed, accuracy, 
and affordability of NGS continue to improve, the implementation of precision medicine 
approaches in clinical practice has accelerated dramatically. 

Whole Genome vs. Targeted Panel Sequencing Approaches 
Whole-genome sequencing (WGS) determines the order of nucleotides across the entire genome, 
including both coding and non-coding regions. This comprehensive approach can identify 
various genetic aberrations such as single nucleotide variants, deletions, insertions, and copy 
number variants. In contrast, whole-exome sequencing (WES) focuses exclusively on exomes—
the protein-coding regions that constitute approximately 2% of the human genome. Despite 
examining only a fraction of genetic material, WES remains powerful as approximately 85% of 
disease-causing mutations reside in these regions. 
Targeted gene panels represent an even more focused approach, sequencing only specific genes 
or coding regions known to harbor mutations contributing to disease pathogenesis. These panels 
are often employed as first-tier testing when healthcare providers suspect specific gene mutations 
may underlie a condition. Clinicians generally follow a sequential approach: starting with 
targeted panels, progressing to WES if necessary, and finally employing WGS as a third-tier 
option when other methods fail to identify pathogenic mutations [19]-[23]. 

Cost-Benefit Analysis of Different Sequencing Methods 

The economics of sequencing technologies play a crucial role in their clinical adoption. Targeted 
gene panels offer substantial advantages in terms of cost-efficiency, shorter turnaround times, 
and reduced data storage requirements. Furthermore, they achieve higher depth of coverage—
the number of times a specific nucleotide is sequenced—providing greater confidence in 
detecting low-frequency alterations. 
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Figure 2. Cost-Benefit Analysis of Different Sequencing Methods 

 
From a financial perspective, genomic sequencing costs have decreased remarkably from billions 
of dollars for the initial human genome in 2000 to approximately $100 per genome in 2022. 
Nevertheless, WGS remains the most expensive option with higher turnaround times and data 
storage needs. Although targeted approaches are more economical for individual tests, some 
insurance providers recognize that running multiple gene panels before reaching a diagnosis can 
ultimately be more costly than comprehensive approaches like WES or WGS. 
Next-generation sequencing proves increasingly cost-efficient compared to single-gene testing, 
primarily because diagnostic algorithms typically require multiple individual gene tests to 
determine biomarker status. Despite this efficiency, matched targeted therapy often lacks cost-
effectiveness due to the high expenses associated with drug treatment. Interestingly, genomic 
profiling can still promote cost-effective care by identifying patients unlikely to benefit from 
specific therapies. 

Integration of Multi-Omics Data for Comprehensive Patient Profiling 
Initially, the field emphasized genomic analysis alone, yet precision medicine has since evolved 
toward multi-omics profiling—an approach integrating molecular data across multiple 
dimensions including genomes, epigenomes, transcriptomes, proteomes, and metabolomes. This 
integration enhances our understanding of disease mechanisms and treatment responses beyond 
what any single analysis could provide. 
Multi-omics integration typically falls into two categories: horizontal and vertical. Horizontal 
integration combines datasets from a single omics type across multiple batches or technologies, 
whereas vertical integration merges diverse datasets from multiple omics types collected from 
the same samples. The latter approach enables researchers to identify more robust sample 
classifiers and interconnected molecular signatures. 
Through multi-omics integration, clinicians gain deeper phenotyping of individuals across the 
health-to-disease trajectory, unlocking precision health approaches for earlier and more effective 
interventions. Rather than applying a "one-size-fits-all" reactive approach, this comprehensive 
profiling accounts for each person's genetics, environment, and lifestyle factors. This strategy has 
already demonstrated significant potential in assessing health status, discovering clinically 
actionable insights, and guiding personalized treatment plans. 
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As AI tools advance, their ability to analyze these complex, multi-dimensional datasets continues 
to improve, further enhancing the potential of precision medicine to transform healthcare 
through earlier detection, more accurate diagnoses, and truly personalized treatment protocols. 

4. Machine Learning Algorithms for Genetic Marker Analysis 
Machine learning has become a cornerstone technology in decoding the complex relationships 
between genetic markers and drug responses. Traditional statistical approaches often struggle 
with the multidimensional nature of genomic data, where interactions between genes can 
significantly influence medication efficacy. Currently, both classical machine learning techniques 
and more sophisticated deep learning approaches demonstrate promising results in building 
predictors of drug response in clinical and preclinical settings. 

Supervised Learning Models for Drug Response Prediction 

Supervised learning algorithms have proven particularly effective for drug response prediction 
by learning patterns from labeled genomic data. Ridge regression and elastic net regression 
frequently outperform other methods when analyzing genomic profiles across multiple 
platforms. Accordingly, these algorithms can identify relationships between genetic markers and 
drug sensitivity with considerable accuracy. Costello et al. performed extensive comparative 
analyzes of machine learning methods, recommending elastic net or ridge regression with input 
features from all genomic profiling platforms. Beyond linear models, methods based on similarity 
network fusion and similarity-regularized matrix factorization take into account crucial 
relationships among cell lines, drugs, and targets. Drug chemical features and similarities have 
subsequently emerged as promising additional information that can improve prediction 
performance. 

Deep Learning Applications in Pharmacogenomics 
Deep neural networks have recently gained traction in pharmacogenomics research, offering new 
possibilities for drug response prediction. Presently, models like CDRscan utilize convolutional 
neural networks trained on approximately 1,000 drug response experiments per compound, 
achieving significantly improved performance compared to classical machine learning 
approaches such as Random Forests and Support Vector Machines. Additionally, techniques such 
as autoencoders effectively compress high-dimensional genomic data—for instance, reducing a 
5,000-dimensional gene expression profile into just 100 dimensions that represent phenotypically 
relevant features. Variational autoencoders have shown particular promise; Rampášek et al. 
evaluated semi-supervised variational autoencoders and developed Dr.VAE, which leveraged 
pre- and post-treatment gene expression data to improve drug response prediction for various 
FDA-approved drugs. 

Feature Selection Techniques for Identifying Relevant Genetic Markers 

Feature selection plays a vital role in genomic analysis as it addresses the challenge of high 
dimensionality in genetic data. This process removes uninformative features such as gene 
expressions determined to be irrelevant for predicting drug response. Mainly, feature selection 
approaches fall into three categories: filter methods, wrapper methods, and embedded methods. 
Filter methods utilize statistical measures to rank and select relevant genomic features based on 
their associations with specific biological outcomes. Wrapper methods rely on the chosen model's 
performance to select feature subsets, offering higher predictive power than filtering approaches. 
Embedded methods like LASSO seamlessly integrate feature selection into prediction models. 
Multivariate approaches to feature selection also exist and consider sets of features 
simultaneously, recognizing that individual features might not be predictive alone, but 
collections of features can be highly informative. 
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Performance Metrics for Evaluating Prediction Accuracy 

Evaluating the performance of genetic marker-based drug response prediction requires 
appropriate metrics and validation approaches. Root mean squared error (RMSE) and R-squared 
value (R²) serve as primary metrics, with studies reporting RMSE values ranging from 0.274 to 
3.563 across different models. Cross-validation represents the standard approach for robust 
evaluation, typically dividing data into training, validation, and test sets at a ratio of 3:1:1. 
Undoubtedly, model transferability remains a critical challenge—while most methods show 
promising prediction within cell line datasets, performance metrics decrease when applying 
models trained on cell lines to patients. Nonetheless, certain models maintain some power to 
distinguish clinical responses to specific drugs, with CRDNN and TGSA demonstrating better 
transferability to clinical cohorts. Furthermore, the predictability of each drug varies greatly due 
to discrepancies between cell lines and patients caused by experimental bias and biological 
contexts [24]-[25]. 

5. Clinical Implementation of AI-Driven Pharmacogenomic Testing 

Implementing pharmacogenomic (PGx) testing with AI capabilities stands as a major 
advancement in healthcare delivery systems. Studies reveal that 91% of genotyped patients 
harbor more than one actionable PGx variant, highlighting the widespread potential impact of 
genetic testing in medication management. Indeed, the integration of AI with pharmacogenomics 
marks a paradigm shift in how providers apply genetic information to clinical practice. 

Workflow Integration in Healthcare Systems 
Effective clinical implementation requires robust electronic health record (EHR) integration. 
Preemptive PGx testing—genotyping patients before medication needs arise—represents the 
ideal approach, as demonstrated in the PREPARE trial where personalized medication plans 
based on genetic profiles significantly reduced adverse drug reactions. For optimal 
implementation, PGx results must be available in structured, discrete fields within the EHR 
rather than as PDF reports. Some institutions have resorted to manual entry of test results to 
enable clinical decision support functionality, at the cost of increased workload. The Ubiquitous 
Pharmacogenomics Consortium has developed alternative solutions for sites with limited EHR 
infrastructure, including the innovative "Safety-Code card" with scannable QR codes providing 
access to patients' PGx test results online. 
 

Table 2. AI Techniques Used in Precision Medicine for Drug Response Prediction 

 
AI Technique Primary Role Type of Data 

Processed 
Advantages in Precision 
Medicine 

Deep Neural 
Networks (DNN) 

Predict drug response 
from genomic & 
clinical data 

Whole-genome 
sequencing, 
expression profiles 

Learns complex non-
linear relationships 

Random Forest 
Models 

Marker selection & 
risk scoring 

SNPs, EHR, 
demographic data 

Handles high-
dimensional biological 
data well 

Support Vector 
Machines (SVM) 

Classifies patient drug 
response types 

Gene variants, drug 
outcomes 

Effective for small and 
medium-sized 
biomedical datasets 

Graph Neural 
Networks (GNN) 

Models relationships 
among genes & 
pathways 

Protein networks, 
gene interactions 

Improves interpretability 
of genomic patterns 

Reinforcement 
Learning 

Personalized dosing 
optimization 

Time-series clinical 
data 

Learns optimal drug dose 
adjustments in real-time 
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Physician Decision Support Systems 

Clinical decision support (CDS) tools represent an essential component for successful PGx 
implementation. Active CDS alerts triggered at medication ordering provide timely 
interventions, with studies showing alert response rates ranging from 21% to 98% depending on 
implementation strategies. At its most effective, CDS delivers the right information to the right 
person through the right intervention format at the right time in the clinical workflow. In 
practice, interruptive post-test alerts show the highest effectiveness compared to other CDS 
types. One implementation study utilized traffic light alerts within an institutional CDS, resulting 
in consistent avoidance of high-risk drug prescriptions throughout the study period. In addition 
to alerts, some institutions offer e-consult services where clinicians can request PGx result 
interpretation from specialists, with responses typically provided within one business day. 

Turnaround Time Optimization for Urgent Treatment Decisions 
In time-sensitive clinical scenarios, optimizing the turnaround time for PGx testing becomes 
crucial. Preemptive testing solves this challenge by making genetic information available before 
it's needed clinically. In the Netherlands, a study showed that preemptive DPYD genotyping and 
guided dosing reduced fluoropyrimidine-induced toxicity from 73% to 28% in historical controls, 
and eliminated drug-induced deaths entirely. Likewise, at the Mayo Clinic, preemptive CYP2C9 
and VKORC1 genotyping resulted in 43% lower risk of hospitalization for bleeding or 
thromboembolism and 31% fewer hospitalizations overall compared to control groups. To 
streamline this process, AI-powered algorithms are now being developed that can identify 
patients who would benefit from PGx testing even before high-risk drugs are prescribed, 
enabling proactive interventions. As AI continues to evolve, its capability to analyze complex, 
multi-dimensional data will further enhance the speed and accuracy of treatment decisions based 
on genetic profiles. 

6. Case Studies: Successful Applications in Oncology and Beyond 
Successful clinical applications of precision medicine AI now demonstrate tangible patient 
benefits across multiple medical specialties. The translation of genetic marker analysis into 
actionable treatment decisions represents a crucial advancement in personalized care. Real-world 
implementations showcase how targeted therapies matched to genetic profiles deliver improved 
outcomes across diverse patient populations. 

Targeted Cancer Therapies Guided by Genetic Markers 

In oncology, precision medicine has achieved remarkable results through genetically targeted 
treatments. Lung cancer patients frequently benefit from targeted therapies as the most effective 
treatment option, with drugs specifically designed to block abnormal proteins that drive 
uncontrolled cell growth. The MSK-IMPACT® and MSK-ACCESS® genetic tests identify 
actionable mutations like BRAF, EGFR, HER2, and KRAS, allowing oncologists to match patients 
with appropriate targeted medications. Currently, targeted therapy can help patients with 
numerous cancer types including bladder, breast, colon, kidney, lung, pancreatic, prostate, and 
stomach cancers. 
One innovative approach tackles loss-of-function mutations through synthetic lethality. The 
CODA-PGX screening method has identified numerous promising treatments, including treating 
STAG2-mutant tumors with Carboplatin, SMARCB1-mutant tumors with Oxaliplatin, and 
TP53BP1-mutant tumors with Etoposide or Bleomycin. Fundamentally, these treatments exploit 
cancer's unique vulnerabilities created by specific genetic alterations. 
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Cardiovascular Medication Optimization 

Cardiovascular pharmacogenomics has progressed substantially, with CYP2C19 genotyping 
becoming a common implementation to predict clopidogrel response after percutaneous 
coronary intervention. This information guides antiplatelet therapy selection, as patients with 
loss-of-function CYP2C19 alleles may require alternative medications like prasugrel or ticagrelor. 
Essentially, preemptive testing enables clinicians to avoid medications unlikely to benefit specific 
genetic profiles. 
Across multiple studies, pharmacogenomic-guided therapy has shown meaningful clinical 
improvements. At the Mayo Clinic, preemptive CYP2C9 and VKORC1 genotyping for warfarin 
dosing resulted in 43% lower risk of hospitalization for bleeding or thromboembolism and 31% 
fewer hospitalizations overall compared to control groups. To clarify the economic benefit, 
preemptive testing utilized at the point of prescribing proved cost-effective (ICER USD 
86.23/QALY) compared to standard care, while reactive testing was not cost-effective (ICER USD 
148.73/QALY). 

Psychiatric Drug Selection Based on Genetic Profiles 

In psychiatry, pharmacogenomic testing examines genetic variations in medication metabolism to 
guide personalized treatment strategies. Given that approximately one-third of individuals 
receiving pharmacotherapy for depression in Canada could benefit from genetic testing for 
CYP2C19 and CYP2D6 variants, the potential impact is substantial. 
Unlike other areas, psychiatric pharmacogenomics presents mixed evidence. The American 
Psychiatric Association Task Force found insufficient information to support widespread use in 
clinical practice. Most experts acknowledge that genetic factors determine only a small 
percentage of drug response risk, with age, lifestyle, general health, and symptom severity 
playing more important roles. Yet commercially available tests like GeneSight Psychotropic 
analyze how genes may affect medications for depression, anxiety, and ADHD, providing 
clinicians with information about which medications may require dose adjustments or have 
increased side effect risks. As AI medical research advances, these tests may eventually deliver 
the promised precision needed for psychiatric medication optimization. 

7. Challenges in Scaling Precision Medicine AI 

Despite promising results in laboratory settings, scaling precision medicine AI across healthcare 
systems presents formidable obstacles. First of all, inadequate data infrastructure undermines 
implementation efforts. Nearly a quarter of all healthcare dollars spent in the United States are 
wasted due to system inefficiencies such as subpar vigilance delivery and improper healthcare 
delivery. These inefficiencies directly impact the quality of data available for AI development and 
deployment. 

Data Quality and Standardization Issues 
Researchers face significant challenges in adopting unified data formats like Fast Healthcare 
Interoperability Resources (FHIR). The lack of standardization creates messy, inconsistent, and 
incomplete electronic health record data requiring substantial preprocessing. In certain clinical 
implementations, poor image quality failed to meet AI systems' high standards, resulting in high 
rejection rates of diagnostic images. Multiple studies highlight how insufficient data quality 
follows the "garbage-in, garbage-out" principle—compromising AI model outputs regardless of 
algorithmic sophistication. 
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Figure 3: Data Quality and Standardization Issues 

Regulatory Hurdles for AI-Based Clinical Decision Support 

The regulatory landscape poses unique challenges for precision medicine AI. Consequently, 
many AI-driven innovations lack regulatory approvals, creating ethical and legal concerns. 
Maintaining compliance across different jurisdictions becomes particularly complex as data 
privacy laws vary globally. In practice, regulatory bodies struggle with evaluating AI systems 
that continuously evolve through machine learning, making traditional approval processes 
inadequate. The FDA has proposed a life-cycle process from pre-market development to post-
market performance, yet practical implementation remains unclear. 

Healthcare System Readiness Assessment 
Integrating AI into clinical workflows requires substantial organizational change. Surveys reveal 
mixed attitudes toward AI adoption—while many physicians express positivity, concerns 
regarding explainable AI persist. In relation to implementation challenges, one study identified 
309 expert statements across seven problem categories: technology (14.9%), data (19.1%), user 
acceptance (33%), studies (5.5%), ethics (6.5%), law (10.7%), and general issues (10.4%). Unstable 
internet connections in real-world settings have restricted processing speeds of AI models, 
creating longer patient wait times. 

Cost Considerations and Reimbursement Models 

Current healthcare payment systems typically structure reimbursement around discrete medical 
services, creating fundamental challenges for multi-capable AI systems. Value-based 
reimbursement models offer potential solutions, focusing on meaningful outcomes rather than 
individual interactions. The American Medical Association's AI taxonomy suggests scaling 
reimbursement based on AI involvement levels—from assistive functions to autonomous 
operations. Although AI offers cost-saving potential compared to conventional methods, the 
economics differ between diagnostic and treatment applications, with AI treatment showing 
stronger financial benefits. 
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8. Future of AI in Medicine: Expanding Precision Treatment Paradigms 

The frontier of precision medicine AI lies in continuous monitoring and real-time analytics. 
Throughout the coming decade, personalized medicine will shift from static, point-in-time 
assessments to dynamic, adaptive treatment protocols that respond to patients' ongoing 
biological changes. 

Real-Time Drug Response Monitoring Systems 

Continuous therapeutic drug monitoring represents a major advancement in precision medicine, 
creating closed-loop systems that allow real-time assessment of drug responses and fine-tuning 
of doses. This approach helps expedite drug development by quickly identifying clinically 
meaningful trends and enables collection of longitudinal data instead of temporally fragmented 
information. Wearable technologies are emerging as critical tools in this ecosystem, with 
developments like electrochemical biosensors that can be integrated with microfluidic and 
wearable or implantable devices. Researchers have created wearable sensors for detecting drugs 
such as L-Dopa, β-Lactam antimicrobial drugs, and vancomycin in bodily fluids. One innovative 
approach uses microneedle arrays coated with conductive layers to monitor drug concentrations 
in interstitial fluid, offering real-time assessment without invasive procedures. 

Integration with Electronic Health Records 

The integration of multi-omics data with electronic health records represents a crucial step 
toward comprehensively evaluating patients. Multi-omics data containing molecular-level 
features helps clinicians understand diseases and discover genetic biomarkers, while EHR data 
contributes to clinical biomarker discoveries. AI systems demonstrate remarkable capabilities in 
analyzing these diverse data types to identify potential therapeutic targets. As AI tools advance, 
their ability to process these complex, multi-dimensional datasets continues to improve, further 
enhancing precision treatment capabilities. AI-enabled clinical decision-support systems may 
correspondingly reduce diagnostic errors, augment intelligence to support decision making, and 
assist clinicians with EHR data extraction. 

Predictive Models for Drug Combinations and Polypharmacy 

Polypharmacy—the concurrent use of multiple medications—affects nearly 15% of the U.S. 
population and costs over $177 billion annually in treating adverse side effects. Forthwith, AI 
models are being developed to predict these interactions before they harm patients. Decagon, a 
convolutional graph neural network, predicts which drug pairs will interact and identifies the 
exact type of side effect they might cause. The model analyzes a multimodal graph of protein-
protein interactions, drug-protein interactions, and drug-drug interactions to make predictions 
about 964 commonly occurring types of polypharmacy side effects. Newer models like SimVec 
have further improved prediction accuracy for drugs with limited known polypharmacy 
assertions by incorporating chemical structure information. 

9. Conclusion 

Precision medicine AI stands at the forefront of transforming patient care through genetic marker 
analysis and drug response prediction. Research demonstrates remarkable progress in 
understanding how genetic variations influence medication effectiveness, allowing healthcare 
providers to make better-informed treatment decisions. Machine learning algorithms now 
process complex genomic data with unprecedented accuracy, while next-generation sequencing 
technologies enable comprehensive patient profiling at decreasing costs. Clinical 
implementations prove the practical value of AI-driven pharmacogenomic testing. Success stories 
range from targeted cancer therapies to cardiovascular medication optimization, showing 
significant improvements in patient outcomes. Though challenges exist in data standardization 
and regulatory compliance, healthcare systems steadily adapt to incorporate these advanced 
technologies into their workflows. The future promises even greater advances as real-time drug 
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response monitoring systems emerge. These developments, combined with improved electronic 
health record integration and sophisticated predictive models for drug combinations, will 
enhance our ability to deliver truly personalized medical care. AI medical research continues to 
expand our understanding of genetic markers and their role in treatment responses, bringing us 
closer to a healthcare system where every patient receives precisely tailored therapeutic 
interventions. Therefore, we see precision medicine AI not merely as a technological 
advancement but as a fundamental shift in healthcare delivery. The convergence of artificial 
intelligence, genetic analysis, and clinical expertise creates opportunities for better patient 
outcomes while reducing adverse drug reactions. As these technologies mature, their integration 
into standard medical practice will become increasingly seamless, marking a new era in 
personalized healthcare. 
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