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A B S T R A C T

Precision medicine refers to tailoring therapeutic interventions to an individual’s genetic, molecular and phe
notypic characteristics, while multi-omics integrates genomics, proteomics and metabolomics data to provide a 
systems-level view of disease. Together with artificial intelligence (AI) driven predictive modeling, these ap
proaches enable early identification of cardiotoxic risk and optimization of drug therapy in cardiovascular 
diseases. The present review explores the possibility of precision medicine to overcome cardiotoxicity associated 
with conventional cardiovascular disease (CVD) treatments. It highlights the integration of biomarker-driven 
therapies, pharmacogenomics, and multi-omics technologies to improve therapeutic efficacy and minimize the 
risk of adverse drug reactions. Additionally, the review assesses the emerging contributions of artificial in
telligence (AI) and network medicine in improving cardiovascular diagnostics and developing personalized 
treatment regimens. The discovery of genomics, proteomics, metabolomics into cardiovascular research has 
significantly increased our understanding in disease etiology and variability in response of drug. Furthermore, 
AI-driven predictive models and machine learning algorithms play key role in minimizing clinical risk and 
support precision-guided decision, ultimately enhance patient outcomes. The advancement in omics technology, 
AI and customized therapy is expected to revolutionize cardiovascular care, despite current challenges in clinical 
implementation. The integration of cutting-edge approaches into standard clinical practice would maximize 
treatment effectiveness and guarantee patient safety.

Introduction

The cardiovascular diseases (CVDs) are one of the leading causes of 
morbidity and death globally and responsible for significant global 
health burden, highlighting the urgent need for innovative approaches 
for risk assessment and treatment. Population-based models are used in 
traditional clinics to predict disease progression, evaluate cardiovas
cular risk, and advise on treatment options. However, the intrinsic 
variability present in cardiovascular pathophysiology is affected by 
intricate interaction of environmental, genetic, molecular and lifestyle 

factors.1 The precision medicine is very helpful in driving transforma
tive changes by customizing therapy based on person's genetic, phe
notypic and molecular, characteristics. The advancement in omics 
technologies such as genomics, proteomics and metabolomics have 
empowered clinicians and researchers to improve diagnostic and ther
apeutic approaches away from population based towards personalized 
care.2,3 However, the integration of artificial intelligence (AI) and 
machine learning in cardiovascular therapy has facilitated the dis
covery of novel diseases subtypes, improved drug efficacy and opti
mized individualized treatment strategies.4,5
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Cardiotoxicity is clinically observed during conventional treatment 
with cardiovascular medicines such as β-blockers, ACE inhibitors, 
ARBs, diuretics, statins, and antithrombotic or antiplatelet agents. 
These drugs cause cardiotoxicity through several mechanisms including 
the induction of arrhythmia, myocardial injury, imbalance in hemo
dynamics and electrolysis homeostasis as well as interaction between 
drugs.6,7 Genetic polymorphisms that affect pathways such as β-adre
nergic signaling, angiotensin converting enzyme (ACE) activity and the 
metabolism of statins elucidate the variability observed in patient re
sponses.8,9 This indicates that prescribing medicines informed by 
genomics data may augment both safety and therapeutic efficacy. The 
advancement in precision medicine plays crucial role in minimizing the 
cardiotoxic risk associated with the commonly prescribed cardiovas
cular medicines.10–12 Development of novel pharmacogenomics-guided 
therapeutic strategies tailored to an individual’s genetic profile has 
demonstrated potential in overcoming these challenges. By utilizing 
genetic information, clinicians can predict patients specific drug re
sponses in better way, thereby reducing the dependence on trial-and- 
error prescriptions and maximizing therapeutic outcomes. The dis
covery of pharmacogenomics has been utilized in the clinical uses of 
anticoagulants like warfarin and antiplatelet agents like clopidogrel. 
This has demonstrated the capacity of personalized medicine in miti
gating the risk of adverse cardiovascular events.13,14

Furthermore, researchers are able to identify minute genetic and 
molecular markers that are responsible for the development of CVDs by 

integrating multi-omics profile and real-world clinical data. These ad
vancements provide breakthrough in insightful impact of precision 
medicine on remodelling cardiovascular care.15,16 This review uniquely 
focuses on the integration of pharmacogenomics, multi-omics and AI- 
assisted analytics to design patient-specific cardiovascular therapies 
that minimize cardiotoxicity. Unlike previous reviews, it emphasizes 
mechanistic and translational insights that connect molecular profiling 
with clinical risk prediction. A systematic literature search was con
ducted in accordance with PRISMA 2020 guidelines. We searched 
PubMed, Scopus and Web of Science for articles published between 
January 1, 2010 and February 28, 2024; The following Boolean search 
strings were applied (adapted to database-specific syntax): PubMed 
("cardiotoxicity"[Title/Abstract] OR "cardiac toxicity"[Title/Abstract]) 
AND ("precision medicine"[Title/Abstract] OR "personalized medici
ne"[Title/Abstract] OR "personalized therapy"[Title/Abstract]) AND 
("artificial intelligence"[Title/Abstract] OR "machine learning"[Title/ 
Abstract] OR "deep learning"[Title/Abstract]) AND ("pharmacogen
omics"[Title/Abstract] OR "multi-omics"[Title/Abstract] OR "genomic
s"[Title/Abstract] OR "proteomics"[Title/Abstract] OR "metabolomic
s"[Title/Abstract]). Scopus (TITLE-ABS-KEY): TITLE-ABS-KEY 
("cardiotoxicity" OR "cardiac toxicity") AND TITLE-ABS-KEY("precision 
medicine" OR "personalized medicine" OR "personalized therapy") AND 
TITLE-ABS-KEY("artificial intelligence" OR "machine learning" OR 
"deep learning") AND TITLE-ABS-KEY("pharmacogenomics" OR "multi- 
omics" OR "genomics" OR "proteomics" OR "metabolomics").

Fig. 1. A PRISMA flowchart illustrate the screening and selection process, including the number of studies identified, screened, excluded and included. (Source: Page 
MJ, et al# BMJ 2021;372:n71.17).
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Web of Science (Topic): TS= ("cardiotoxicity" OR "cardiac toxicity") 
AND TS= ("precision medicine" OR "personalized medicine" OR "per
sonalized therapy") AND TS= ("artificial intelligence" OR "machine 
learning" OR "deep learning") AND TS= ("pharmacogenomics" OR 
"multi-omics" OR "genomics" OR "proteomics" OR "metabolomics"). We 
selected PubMed for its comprehensive biomedical and clinical cov
erage and MeSH-based indexing, Scopus for its broad journal coverage 
and advanced citation analytics and Web of Science for curated mul
tidisciplinary indexing and robust cross-disciplinary citation mapping; 
combined, these databases maximize retrieval of relevant peer-re
viewed literature across basic, translational, and clinical domains. 
Searches were limited to English-language, peer-reviewed articles. 
Records were imported into Endnote, duplicates were removed, and 
titles/abstracts were screened independently by two authors; dis
agreements were resolved by consensus or by consulting a third author. 
Full-text screening was performed to determine final eligibility. The 
selection process (identification, screening, eligibility and inclusion) is 
presented in the PRISMA 2020 flowchart (Fig. 1).

Population Averages and the Shift Toward Precision Analytics in 
CVDs

Traditional cardiovascular research and clinical practice have long 
relied on population-based averages to define diagnostic thresholds, 
treatment guidelines, and risk assessments. While this approach has 
supported standardization, it also oversimplifies the biological and 
phenotypic heterogeneity among patients. Individuals within the same 
population may share similar cholesterol or blood pressure levels but 
differ profoundly in their genetic architecture, metabolic profile, or 
drug response, leading to highly variable therapeutic outcomes.18,19

Precision medicine challenges this paradigm by moving beyond the 
“average patient” model and recognizing that cardiovascular disease 
exists along a continuum of phenotypic diversity. Instead of relying 
solely on group-based distributions, precision cardiology incorporates 
multi-omics data, imaging biomarkers, and lifestyle variables to define 
individualized risk profiles. Recent advances in machine learning and 
artificial intelligence (AI) further enhance this framework by identi
fying hidden patterns and clustering patients with similar molecular or 
clinical signatures.20–22 For instance, AI-based unsupervised clustering 
has revealed distinct phenotypic subgroups among patients with 
chronic heart failure groups that traditional risk models failed to dis
tinguish. These analytical approaches enable more precise prediction of 
disease progression and tailored interventions. Thus, by integrating AI- 
driven analytics with precision medicine, cardiology is evolving from 
population-level generalizations toward individualized, data-informed 
decision-making that reflects the full complexity of human variability.23

Cardiovascular Pharmacology and Multi-Omics Approaches in 
Cardiotoxicity

Cardiovascular pharmacology is the branch of pharmacology that 
focuses on the study of drugs affecting the heart and vascular system. It 
includes the mechanisms of action, therapeutic uses and side effects of 
medications used to treat cardiovascular conditions such as hyperten
sion, heart failure, arrhythmias, coronary artery disease and throm
bosis. While the multi-omics refers to the integrated analysis of multiple 
layers of biological data including genomics (DNA), transcriptomics 
(RNA), proteomics (proteins), metabolomics (metabolites) and epige
nomics (epigenetic modifications) to obtain a comprehensive under
standing of biological systems, disease mechanisms, and treatment re
sponses.24 Clinical trials are essential for evaluating and forecasting 
medication results because they use highly representative data sets that 
change throughout the course of the investigations. However, variables 
from the environment, individual-specific variances, and genetic var
iants are still important enough to cause a considerable number of 
adverse events and treatment failures. Precision medicine is an evolving 

approach that promotes the customization of therapy, guided by local 
regulations and guidelines based on novel biomarkers and gene tar
gets.25,26 Several examples illustrate how drug reaction may be influ
enced by variation in genes and DNA.27,28 For example, there is con
siderable individual variation in the effects of warfarin (an 
anticoagulants with limited therapeutic window). Research has docu
mented variability in warfarin dosing requirements based on patient 
genotypes, particularly SNPs in the CYP2C9 and VKORC1 genes. Ad
ditionally, genetic variations that result in variations in the respon
siveness to β-blockers (ADRB1, GRK4, ADRB2, GRK5), calcium channel 
blockers (CACNA1C, CACNB2), diuretics (ADD1, NEDD4L, NPPA), and 
angiotensin-converting enzyme inhibitors (AGTR1, ACE), have been 
found.29,30 Clopidogrel (an antiplatelet drug), also exhibits consider
able inter-individual variability, leading to a subset of non-responders. 
This variation is frequently ascribed to CYP2C19 dysfunctional alleles, 
which are connected to decreased drug responsiveness, whereas 
CYP2C19*17 hyperactive alleles have been attributed to an elevated 
threat of blood loss. Genome-guided dosage for warfarin, that includes 
assigning dosages determined by CYP2C9 and VKORC1 genotyping, has 
been supported by clinical trials like EU-PACT (European Pharmaco
genetics and Anticoagulant Therapy-Warfarin) and COAG (Clarification 
of Optimal Anticoagulation through Genetics). With the introduction of 
future-oriented care that integrates improved profiling for more accu
rate illness categorisation and treatment, precision medicine.31–33

Cardiovascular research is becoming increasingly integrated into the 
digital, a data-driven world made possible by the vast amounts of 
ecological, physiological, and cellular information produced by several 
"omics" innovations. Instead of concentrating on the "average patient," 
medical studies and therapies are moving towards gaining a more 
thorough understanding of particular people and communities. This 
paper compares precision medicine's unique features to conventional 
methods while highlighting the main areas in which it may be used in 
heart disease, such as predictions, therapies, risk assessment, and di
agnosis.34,35 Physicians can manage cardiovascular illnesses according 
to each patient's unique proteomic, inherited, metabolic, or sympto
matic makeup because of precision medicine. In order to use the 
emerging inherited, cellular, and metabolic techniques, clinical cardi
ology is undergoing a transformation change due to the adoption of 
emerging genetic, cellular, and metabolic techniques. Developing bio
markers such miRNAs, hs troponins, hsCRP and basic fibroblast growth 
factor (bFGF) have demonstrated significant promise in myocardial 
infarction by early and more accurate disease detection.36–38 Recent 
advances indicate that metabolites like acylcarnitines,39 fatty acids, and 
branched-chain amino acids40 are powerful indicators of cardiac pro
blems and may be used in conjunction with conventional markers such 
as cholesterol levels and troponin to forecast myocardial infarction or 
mortality in those with CVDs.41,42 Similarly, heart failure biomarkers, 
including succinate, 2-oxoglutarate, alanine, 3-hydroxybutyrate, pro
line, pseudouridine, isoleucine, acetone, leucine, and creatinine, have 
demonstrated potential for outcome prediction.43–45 Additionally, nu
merous genes were recently discovered that might soon make early risk 
identification easier. Although genomics presents implementation 
challenges, it has significantly advanced our understanding of disease 
variability, risk susceptibility, and treatment responses.46,47 Future 
developments in genetic data generation and application tools will 
likely enable their integration into routine management of common 
diseases as mentioned in Fig. 2.

Using computerised biology technology, future sequencing and 
genome-wide association studies have the potential to improve the 
identification and management of CVD. By characterising mammalian 
cardiac peptides using mass spectrometry, proteomics may be able to 
further broaden its use in the treatment of CVD.48 Transcriptomics 
provide information on how genes are expressed, and metabolomics is 
the result of multi-omics attempts to solve cardiovascular diseases at 
earlier stages. Collectively, “omics” technologies can play a pivotal role 
in individualizing therapy for cardiac conditions.49
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Genomics is broadly defined as using genetic information to inform 
and optimize medical decision-making. Chan and Ginsburg proposed a 
"human genome toolbox" consisting of the human genome sequence 
(genomics), gene expression profiles (transcriptomics), proteins (pro
teomics), and metabolites (metabolomics). Genomics involves studying 
human genome sequences generated from whole-genome sequencing, 
single nucleotide polymorphisms (SNPs), and copy number variations 
(CNVs).50,51 Transcriptomics focuses on the comprehensive study of 
RNA expression, encompassing approximately 25,000 transcripts. This 
includes both messenger RNAs and various types of non-coding RNAs, 
such as small interfering RNAs and microRNAs (miRNAs). Analysing 
miRNAs presents challenges due to their non-specific nature, but RNA 
sequencing plays a pivotal role in transcriptome analysis.52 Metabo
lomics is the study of small molecule metabolites in which are non- 
protein entities are associated with a biological or physiological state. It 
is believed that there are around 5000 tiny-molecular intermediates in 
the human metabolic system. In the cardiovascular field, metabolite 
profiling has been applied to study conditions such as ischemia and 
coronary artery disease (CAD), providing insights into the metabolic 
changes that occur in these conditions.53,54 However, pharmacoge
nomics investigates how genetic variations influence drug responses, 
encompassing changes in DNA sequences, chromosomal abnormalities, 
and epigenetic alterations of chromatin and DNA that do not alter the 
DNA sequence. Its primary aim is to identify genetic factors responsible 
for variability in drug responses to enhance drug efficacy and safety.55

These fields are instrumental in the development of personalized or 
precision medicine strategies. Clinically, genomic markers are increas
ingly used for disease risk prediction and treatment selection as shown 
in Fig. 3. For example, long QT syndrome (LQTS), an autosomal 
dominant disorder, is connected to changes in twelve distinct suscep
tible alleles. Looking for these alterations genetically aids in directing 
therapeutic approaches. Patients with LQTS1 (KCNQ1 mutations) 
benefit from beta-blockers, while those with LQTS2 (KCNH2 mutations) 
or LQTS3 (SCN5A mutations) may not respond similarly. Metabolomic 
and proteomic approaches have also been utilized to differentiate be
tween acute myocardial infarction and unstable angina in patients with 
acute coronary syndrome.56,57 Furthermore, differences in platelet ac
tivation were found by proteomic evaluation of platelet samples from 
individuals who had and did not have non-ST-segment elevation. 

Notably, elevated quantities of the released acidic and cysteine-rich 
protein were found. The Corus™ CAD test is a genomic tool based on 
peripheral blood gene expression that has shown an association with 
the severity of coronary artery disease.58 Advancements in these fields 
continue to transform personalized medicine by enabling earlier diag
nosis, more targeted treatments, and better disease management. 
Warfarin therapy remains one of the most well-established examples of 
pharmacogenomics in clinical practice. It is a commonly prescribed oral 
anticoagulant with a narrow therapeutic index and considerable inter- 
individual variability in dose requirements. Genetic polymorphisms in 
CYP2C9 and VKORC1 are the major determinants of this variability, as 
they respectively regulate warfarin metabolism and vitamin-K epoxide 
reduction—both critical steps for maintaining therapeutic antic
oagulation. Variants that reduce CYP2C9 enzyme activity or alter 
VKORC1 expression substantially influence the drug’s effective con
centration and safety profile.59,60 The clinical importance of these 
findings is underscored by evidence from large genotype-guided trials 
such as EU-PACT and COAG, which confirmed that integrating CYP2C9 
and VKORC1 genotyping into dosing algorithms improves the precision 
of initial dose prediction and reduces adverse outcomes.61 Despite its 
success, genotype information explains only 10–20% of overall dose 
variability, indicating that additional genetic, environmental, and 
clinical factors contribute to warfarin response heterogeneity. Ongoing 
pharmacogenomic and multi-omics research aims to integrate these 
variables into comprehensive prediction models that will further im
prove anticoagulant safety and efficacy.62,63

Personalized Cardiovascular Therapy Using Nanobiotechnology

Artificial intelligence (AI) is playing a transformative role in the 
advancement of personalized medicine, particularly within the field of 
cardiovascular therapy. By leveraging machine learning algorithms, 
deep learning models and data-driven decision-making frameworks, AI 
enables the extraction of complex patterns from large-scale clinical, 
genomic, imaging and wearable sensor data. These capabilities facil
itate the stratification of patients into distinct subgroups based on in
dividual risk profiles, genetic predispositions, comorbidities and pre
dicted drug responses.64 For instance, AI can be used to identify 
phenotypic signatures from electrocardiograms (ECGs), echocardio
grams, and cardiac MRI scans to predict adverse events such as ar
rhythmias or heart failure progression before clinical symptoms man
ifest. Similarly, machine learning models trained on multi-omics 
datasets can identify genetic variants or molecular biomarkers asso
ciated with variable responses to cardiovascular drugs allowing for the 
optimization of therapy selection and dosing. In the context of cardio
toxicity, AI-powered predictive tools can flag individuals at high risk of 
adverse drug reactions based on integrated clinical and molecular 
profiles, thereby supporting early intervention or alternative treatment 
choices.65 Furthermore, AI-enabled clinical decision support systems 
can assist clinicians in designing tailored treatment plans that minimize 
adverse effects while maximizing therapeutic efficacy. As these tech
nologies continue to evolve, the integration of AI into cardiovascular 
care promises to enhance precision, efficiency, and outcomes by deli
vering therapies that are not only evidence-based, but also in
dividualized.66 Nanobiotechnology is an interdisciplinary field that 
merges nanotechnology with biological and medical sciences to develop 
innovative diagnostic, therapeutic, and preventive solutions. For car
diovascular diseases (CVDs), nanobiotechnology offers unprecedented 
opportunities to revolutionize personalized therapy by providing pre
cision-targeted interventions based on individual patient profiles.67

Nanoparticles (NPs) are the foundation of nanobiotechnology and are 
essential in medication delivery due to their ability to precisely target 
sick tissues, gene therapy, and regenerative medicine. Nanoscale car
riers such as liposomes, polymeric nanoparticles, dendrimers and in
organic nanostructures can be engineered to deliver therapeutics di
rectly to damaged myocardial tissue, inflamed vascular sites or 

Fig. 2. Key areas of precision cardiology. 
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atherosclerotic plaques with high precision and minimal systemic 
toxicity. Moreover, AI can be used to optimize nanoparticle design by 
predicting interactions between nanocarriers and biological targets 
based on material properties, biodistribution profiles, and patient-spe
cific variables. Integrated AI–nanotechnology platforms also enable the 
development of “smart” theragnostic systems—nanoparticles that 
combine diagnostics and therapy—allowing for real-time monitoring of 
treatment efficacy and adjustment of dosing strategies in a closed-loop 
fashion.68 A wide variety of nanoparticles are employed in CVD 
therapy, each possessing distinct physicochemical characteristics. 
Among them, liposomes are spherical vesicles composed of phospho
lipid bilayers that are able to encapsulate both hydrophilic and lipo
philic therapeutic agents. Solid lipid nanoparticles (SLNs) are another 
lipid-based approach, consisting of solid lipids that provide good bio
compatibility and durability, making them especially efficient for de
livering poorly soluble cardiovascular medicines. Nanobiotechnology 
also holds promise for repairing damaged cardiac tissue following 
myocardial infarction.69 Combining stem cell-based therapies with na
nomaterials can enhance myocardial regeneration. Nanofibers, such as 
electrospun nanofibers, provide a scaffold that mimics the extracellular 
matrix (ECM), promoting stem cell adhesion and differentiation. Na
nohydrogels, which are injectable hydrogels loaded with growth factors 
or stem cells, localize and sustain therapeutic effects at the injury site. 
Magnetic nanoparticles can be guided by magnetic fields to the site of 
myocardial injury, improving localization and retention of therapeutic 

agents.70 Tailoring nanomaterials based on a patient’s immune profile 
and extent of myocardial damage enhances therapy precision.71 How
ever, integrating AI can help analyze biomarker profiles and predict the 
most effective nanobiotechnology-based therapies.72 Nanobio
technology-based personalized therapy has the potential to re
volutionize the treatment of cardiovascular diseases. By enabling tar
geted, biomarker-driven interventions, nanobiotechnology can improve 
therapeutic outcomes while minimizing side effects.73,74 As research 
progresses, this field is poised to play a pivotal role in the future of 
cardiovascular medicine.

Advancements in Cardiovascular Medicine Using Big Data and 
Network Medicine

Network medicine, defined as an emerging discipline that applies 
network science—particularly protein–protein interaction and mole
cular interaction networks—to understand disease mechanisms, classify 
subtypes, and guide precision therapies. It is high level analytical fra
mework that integrates genomics, proteomics, and clinical phenotypes 
into a comprehensive, systems-based perspective. This network ap
proach utilizes interactome (an extensive network of physical protein- 
protein interaction - PPIs) to map disease specific subnetworks or 
modules. Each disease is associated with unique molecular subnetworks 
and for individual patients, personalized PPIs network (reticulotype), 
are constructed by mapping their genetic variants on disease specific 

Fig. 3. Illustrations of genomic biomarkers used clinically in CVDs. 
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network. This personalized PPIs network mapping supports the devel
opment of targeted therapies by targeting abnormal reticulotype to 
restore normal network dynamics and enhance clinical outcome. This 
analytical approach is useful for revealing the molecular mechanism 
underlying functional subtypes of complex diseases.75,76 Network 
medicine has been used to map fibrosis-related endophenotype net
work, known as fibrosome. This network integrates PPIs based on 
specific collagen functions and has been assessed in models of wound 
healing and pulmonary arterial hypertension (PAH), representing 
adaptive and pathological forms of fibrosis. The network has been 
further enhanced to emphasize the regulatory role of aldosterone, a pro- 
oxidant and pro-fibrotic hormone implicated in both adaptive and pa
thogenic fibrosis.77 Menche et al. (2015) mapped disease modules 
within the human interactome and demonstrated how molecular 
overlap can distinguish mechanistic subgroups across complex dis
orders, including cardiovascular phenotypes.78 More recently, Cheng 
et al. (2019) employed PPI networks to stratify patients with coronary 
artery disease into distinct molecular subtypes, which were associated 
with differential prognosis.79 These findings provide empirical support 
for our assertion that PPI network analysis holds promise in identifying 
clinically relevant cardiovascular disease subtypes. Recent work di
rectly applying network and PPI analysis to drug-induced cardiac injury 
supports the claim that interactome approaches can identify mechan
istic modules relevant to cardiotoxicity. Proteomic and transcriptomic 
studies of anthracycline/doxorubicin cardiotoxicity have constructed 
PPI networks to identify hub proteins and subnetworks implicated in 
myocardial injury, thereby highlighting candidate molecular subtypes 
and therapeutic targets. For example, a translational proteomics study 
of anthracycline cardiotoxicity constructed a cardiotoxicity-associated 
PPI network to identify differentially expressed hub proteins and 
pathways altered by anthracycline exposure. Complementary tran
scriptomic analyses of doxorubicin-treated cardiac models have simi
larly used PPI and clustering methods to reveal gene modules asso
ciated with cardiomyocyte injury and immune-related responses. 
Moreover, integrative network analyses and weighted gene co-expres
sion (WGCNA) studies have pinpointed hub genes and modules that 
correlate with anthracycline-induced cardiomyopathy phenotypes. To
gether, these empirical PPI and network studies demonstrate that in
teractome-based stratification can reveal biologically meaningful 
modules relevant to drug-induced cardiotoxicity; where direct clinical 
subtype classification is still emerging, we explicitly frame network- 
derived subtype discussion as a promising translational direction.80–83

Expanding on these findings, recent studies have demonstrated how 
PPI-based systems pharmacology directly contributes to the prevention 
of cardiotoxicity. Zhao et al. (2023) utilized PPI mapping and network 
topology analysis to identify Nrf2, TNF, and IL6 as central hub nodes 
mediating doxorubicin-induced oxidative injury, suggesting that mod
ulation of these pathways could attenuate cardiomyocyte damage.84

Similarly, Sabry et al. (2025) emphasized that explainable AI (XAI) 
approaches integrated with genomic, transcriptomic, and metabolomic 
data can identify novel therapeutic targets and repurpose drugs for 
myocardial infarction and heart failure, underscoring the translational 
potential of network-driven strategies in precision cardiology.85 In a 
recent multi-omics network reconstruction, Liu et al. (2025) integrated 
transcriptomic and metabolomic analyses with network proximity 
modelling to identify repurposable drugs for septic cardiomyopathy, a 
severe cardiac complication of sepsis. Their study revealed that acet
aminophen and pyridoxal phosphate significantly improved cardiac 
function in vivo by modulating inflammatory and metabolic pathways, 
respectively.86 Collectively, these examples demonstrate that network 
medicine is not purely descriptive but translational, providing a data- 
driven framework for identifying cardiotoxicity mechanisms, prior
itizing therapeutic targets, and repurposing existing compounds for 
cardiac protection. By linking PPI-based molecular signatures with 
phenotypic outcomes, such approaches accelerate the movement from 
mechanistic insight to clinical intervention, aligning with the principles 

of precision cardiovascular therapy. The computational analysis em
ploying betweenness centrality, a measure of node importance in a 
network, identified the Cas protein NEDD9 as crucial regulator in the 
transition of fibrosis phenotype. Notably, oxidative post-translational 
modification of NEDD9 at Cys18 was identified as a novel mechanism 
that promotes pathogenic collagen synthesis, a critical pathological 
feature in PAH. These findings highlight the potential of network 
medicine to shift from reductionist approaches to holistic methodolo
gies in elucidating the genetic, epigenetic, and clinical phenotype 
(GECP) relationship. Such comprehensive strategies enable the identi
fication of novel therapeutic targets and biomarkers for precision 
medicine.87,88 The diversity in post-transcriptional mechanisms across 
endophenotypes in PAH further underscores the utility of network 
medicine. Initial investigations of microRNA networks identified miR- 
21 as a pivotal regulator of pathogenic signaling in PAH. Subsequent 
research has revealed that the miR-130/301 family modulates multiple 
PPI pathways associated with inflammation, vasomotor tone, apoptosis, 
and hypoxic responses.89 Additionally, miR-34a-3p has been shown to 
regulate mitotic fission, linking epigenetic regulation to disrupted cel
lular metabolism in PAH. These microRNAs may drive vascular re
modelling and morphological changes through their interactions with 
endothelin-1, vasoactive hormones, or hypoxic stimuli. Although sig
nificant progress has been made, more empirical data is needed to fully 
elucidate the interplay between microRNAs, post-transcriptional me
chanisms, and genetic predisposition in complex vascular pathologies, 
including the development of plexogenic vascular lesions in PAH. Such 
insights could lead to the development of new therapeutic modalities 
that target microRNA-mediated signaling pathways.90

Role of artificial intelligence (AI) and deep learning in CVDs

By using several layers of artificial neural networks to automatically 
produce recommendations from datasets used as training grounds, deep 
learning emulates how the human brain operates. It has gained sig
nificant attention in AI due to its rapid advancements and promising 
applications. This approach is highly effective in image recognition, 
such as facial recognition on social media platforms and image searches 
on search engines. Additionally, deep learning holds potential for car
diovascular (CV) imaging, including techniques like 2D and 3D speckle- 
tracking echocardiography (STE), angiography and cardiac magnetic 
resonance imaging. A key advantage of deep learning is its ability to 
perform unsupervised learning tasks, such as identifying novel drug- 
drug interactions, without requiring labelled data. Deep-learning al
gorithms enhance the capability of real-time CV imaging by improving 
spatial and temporal resolution, which may lead to better patient care 
and reduced healthcare costs.91 Recently, deep learning has been ap
plied in CV medicine, particularly in imaging. Neural network algo
rithms used in deep learning include convolutional neural networks 
(CNNs), recurrent neural networks (RNNs) and deep neural networks. 
CNN models have been successfully used to predict cardiac volumes in 
magnetic resonance imaging, while RNNs are widely employed in 
image captioning and language translation. Studies have demonstrated 
that RNNs can predict heart failure months before clinical diagnosis, 
outperforming traditional supervised machine-learning models.92 For 
example, recent studies have provided concrete evidence of AI’s capa
city to predict drug-induced cardiotoxicity. Zhu et al. (2022) developed 
a convolutional neural network (CNN) that analyzed serial echo
cardiograms from patients receiving anthracycline therapy; the model 
detected subclinical left ventricular dysfunction with an AUC of 0.92, 
outperforming conventional clinical scoring.93 Yagi et al. (2024) em
ployed a machine-learning ensemble model integrating ECG-derived 
features with clinical parameters to identify early cardiac dysfunction 
in cancer patients treated with anthracyclines, enabling individualized 
cardioprotective interventions.94 Similarly, Wang et al. (2024) devel
oped a deep-learning model trained on cine and late-gadoliniu
m–enhanced cardiac magnetic resonance (CMR) images to 
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automatically screen and diagnose multiple cardiovascular diseases, 
achieving AUC values above 0.98 across internal and external datasets. 
The model identified subtle myocardial abnormalities—often preceding 
measurable ejection-fraction decline—highlighting the potential of AI- 
enabled CMR for early detection and risk stratification of heart-failure 
progression.95 Additionally, in the work by Agibetov et al. (2021), a 
CNN was trained on 502 CMR scans (amyloidosis cohort: n = 82). The 
model used 10-fold cross-validation. It achieved ROC AUC = 0.96, 
sensitivity = 94%, specificity = 90%. This level of detail (dataset size, 
split method, performance metrics) is included here to allow evaluation 
of generalizability and reliability.96 In a more recent study, Paciorek 
et al. (2024) applied CNNs to T1-mapping and late gadolinium en
hancement (PSIR) images from 200 subjects (137 with cardiac pathol
ogies and 63 controls), reporting accuracies of 88% for PSIR and 70% 
for T1-mapping sequences.97 Similarly, a CNN model termed Fibrosis 
Net demonstrated a classification accuracy of 96.05% in detecting 
myocardial fibrosis in ischemic cardiomyopathy, with an F1-score of 
96.54%.98 These examples highlight the versatility and diagnostic po
tential of CNN-based models in the cardiac MRI domain, providing a 
reproducible foundation for future AI-driven cardiotoxicity screening. 
Furthermore, deep learning has demonstrated superiority over con
ventional machine-learning approaches, such as support vector ma
chines (SVMs), by leveraging multiple layers and complex transforma
tions instead of being restricted to just two layers, as seen in SVM. In 
medical applications, deep neural networks have been utilized to clas
sify electrocardiogram (ECG) signals, achieving an impressive accuracy 
of approximately 99% in distinguishing between normal, abnormal, 
and life-threatening conditions.99 Deep learning has the capability to 
perform complex tasks without human intervention across various in
dustries. Its applications range from self-driving technology and stra
tegic game playing to generating mathematical textbooks, analyzing 
scientific literature to answer questions, and interpreting visual content 
in movies.100 Additionally, machine vision software integrated into 
cameras, smartphones, and robots leverages deep learning for enhanced 
functionality. In the field of cardiovascular (CV) medicine, deep 
learning offers several promising applications.101 Firstly, unsupervised 
deep learning can aid in uncovering novel risk factors for scoring sys
tems or enhance existing models by incorporating hidden variables. 
Secondly, it can classify new genotypes and phenotypes associated with 
diverse cardiovascular diseases, such as heart failure with preserved 
ejection fraction, hypertension, pulmonary hypertension, and cardio
myopathy.102 Thirdly, automatic deep learning algorithms are able to 
evaluate the possibility of attack and haemorrhage by optimizing the 
balance between scoring systems like CHA₂DS₂-VASc and HAS-BLED, 
which evaluate hypertension, renal and abnormalities in liver func
tioning, history of fatal strokes, risk of haemorrhage age, variable 
worldwide normalised ratios, medication use, and alcohol intake.103,104

Furthermore, deep learning can assist in finding other stroke risk in
dicators, such anomalies in the left atrial appendage, left atrial strain 
identified by cardiac echocardiography, and immediate risk informa
tion via wearable technology.105 These insights can be integrated into 
updated anticoagulant therapy models. Lastly, deep learning can be 
used to analyze enables electrocardiogram (ECG) patterns to prediction 
of left ventricular ejection fraction and can estimate coronary calcium 
scores using echocardiographic data.106,107

Overcoming implementation challenges for Precision Cardiology 
and AI-Driven Care

Despite the clear potential of pharmacogenomics, multi-omics and 
AI to reduce cardiotoxicity, multiple implementation barriers remain. 
These include the cost of sequencing and high-dimensional assays, 
limited access to testing in low-resource settings, data fragmentation 
and lack of interoperable clinical-omics infrastructures, regulatory un
certainty for AI/ML-based decision tools, clinician unfamiliarity with 
genomic interpretation and unclear reimbursement pathways. To move 

from promise to practice, pragmatic and coordinated solutions are re
quired across technical, regulatory, economic and organizational do
mains.

Reducing cost and improving access

Centralization and scale are powerful levers for lowering per-sample 
costs: regional or national sequencing hubs and shared biobanking fa
cilities can provide high-quality multi-omics assays at lower marginal 
cost than distributed small-volume labs. Public–private partnerships, 
philanthropic consortia, and pooled purchasing agreements for reagents 
and platforms can further reduce costs. Tiered testing strategies (tar
geted panels or genotyping as a first step, with reflex full-exome or 
metabolomics only when indicated) and use of point-of-care genotyping 
for high-impact variants are pragmatic ways to concentrate resources 
where they have the most clinical value. Cost-effectiveness analyses and 
pilot implementation studies (embedded in routine care) are essential 
to demonstrate clinical and economic benefit and to drive payer cov
erage decisions.

Regulatory pathways and clinical validation for AI/ML tools

Early and iterative engagement with regulatory agencies, together 
with prospective clinical validation, is critical. Developers should adopt 
best practices for model reporting (transparent performance metrics, 
clear description of training data and population characteristics) and 
implement post-deployment monitoring to detect performance drift. 
Hybrid evaluation strategies combining retrospective multi-centre va
lidation with prospective, pragmatic clinical studies can provide strong 
evidence for safety and efficacy while accelerating adoption. Where 
possible, aligning model development with recognized frameworks (for 
example, standards for software as a medical device and the use of 
reporting checklists) will streamline regulatory review and improve 
clinician confidence.

Data interoperability, privacy and federated approaches

Integrating clinical and omics data is a technical and governance 
challenge. Adoption of FAIR (findable, accessible, interoperable, reu
sable) data standards, common data models, and standardized ontolo
gies will facilitate multisite data aggregation. Where data sharing is 
limited by privacy or policy, federated learning and privacy-preserving 
analytics enable model training across distributed datasets without 
moving raw patient-level data, thereby preserving confidentiality while 
leveraging large, heterogeneous cohorts. Investment in secure cloud 
infrastructure and robust consent models is also necessary to support 
long-term data reuse.

Workforce, clinical workflows and reimbursement. Embedding 
precision medicine into clinical care requires trained personnel and 
clear decision workflows. Multidisciplinary teams (cardiologists, clin
ical geneticists, clinical pharmacologists, data scientists) and molecular 
case conferences help translate omics and AI outputs into actionable 
plans. Educational curricula and continuing-education modules for 
clinicians on genomic literacy and AI interpretability will reduce im
plementation friction. Finally, engagement with payers to design value- 
based reimbursement models for example, reimbursement linked to 
demonstrated reductions in adverse events or hospital readmission will 
be essential to achieve sustainable clinical adoption.

Collectively, these strategies — when pursued in parallel and sup
ported by pilot demonstration projects, public data commons and 
harmonized regulatory guidance — can substantially lower barriers to 
clinical implementation and accelerate the translation of precision, AI- 
driven approaches into routine cardiotoxicity prevention and care.
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Conclusion

The discovery of drugs for cardiovascular problems from a generalized 
approach to a precision-driven model holds significant implications for 
improving CVD management. Conventional pharmacological strategies 
have provided broad insights into disease mechanisms and therapy, but 
they frequently overlook the molecular and phenotypic diversity that de
fines individual responses. The emergence of synthetic drug therapy 
combined with precision medicine is modernizing clinical approaches to 
reduce cardiovascular risk. A major breakthrough in cardiovascular care is 
the capacity to classify patients according to their genetic makeup, me
tabolic profile, and biomarker signatures, allowing for more personalized 
and effective treatment with minimal adverse effects. Pharmacogenomics- 
based therapy has already demonstrated success in refining dosage for 
anticoagulants, lipid-lowering agents, and antihypertensive drugs. In ad
dition, integration of AI-driven models and network medicine is unveiling 
novel patterns in cardiovascular disease mechanisms, enabling more pre
cise and proactive clinical decision-making.

This review advances the field by synthesizing recent progress in 
pharmacogenomics, multi-omics integration, and AI-assisted analytics, 
illustrating how their convergence can mitigate cardiotoxicity and op
timize therapeutic outcomes. By connecting molecular insights with 
predictive computational frameworks, the review emphasizes the 
translational bridge between bench discoveries and clinical im
plementation. Collectively, the synthesis highlights that effective car
diotoxicity prevention and cardiovascular care require both biological 
precision and system-level coordination among pharmacology, data 
science, and clinical medicine.

However, key research gaps remain. Large-scale prospective vali
dation of AI and deep-learning models for cardiotoxicity prediction is 
limited; multi-omics datasets often lack standardization and inter
operability; and cost and access inequities continue to constrain wide
spread adoption of precision testing. Further, ethical and regulatory 
frameworks governing AI-enabled decision tools are still evolving.

Future research should therefore focus on

(i) developing interoperable, privacy-preserving multi-omics and clin
ical databases; (ii) validating AI-based risk-prediction models across di
verse patient cohorts; (iii) identifying novel omics-derived biomarkers of 
early subclinical cardiotoxicity; and (iv) designing adaptive clinical trials 
that integrate pharmacogenomic and AI-based decision-support systems.

Despite current limitations, ongoing research and innovation con
tinue to accelerate the transition toward individualized cardiovascular 
medicine. By bridging these scientific, regulatory, and infrastructural 
gaps, the next generation of precision and AI-driven strategies can 
achieve the ultimate goal of cardiology—predictive, preventive, and 
personalized management of cardiovascular disease.

Declarations

Not applicable.

CRediT authorship contribution statement

Akrati Pathak: Writing – original draft, Visualization, Validation, 
Software, Resources. Tarique Anwer: Writing – original draft, 
Supervision, Resources, Project administration, Conceptualization. 
Ankit Verma: Writing – original draft, Visualization, Validation, 
Software, Resources. Muhanad Alhujaily: Writing – review & editing, 
Visualization, Validation. Mushabbab Alahmari: Writing – review & 
editing, Visualization, Software, Resources. Saeed Alshahrani: Writing 
– review & editing, Visualization, Software. Nawazish Alam: Writing – 
review & editing, Validation, Resources. Yousra Nomier: Writing – 
review & editing, Visualization, Validation. Mohammad Firoz Alam: 
Writing – original draft, Validation, Software, Resources.

Ethics approval and consent to participate

Not applicable.

Consent for publication

All authors have read and agreed to the published version of the 
manuscript and give their consent for publication in this journal.

Data availability

Not applicable.

Funding

Not applicable.

Declaration of Competing Interest

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influ
ence the work reported in this paper.

Declaration of Generative AI and AI-assisted technologies in the 
writing process

Authors have used AI tools such as ChatGPT, OpenAI, DeepSeek, to 
get assistance in the language editing and improvement of this manu
script.

Acknowledgements

Not applicable.

Appendix A. Supporting information

Supplementary data associated with this article can be found in the 
online version at doi:10.1016/j.prmedi.2026.100078.

References

1. Gautam N, Saluja P, Malkawi A, et al. Current and Future Applications of Artificial 
Intelligence in Coronary Artery Disease. Healthcare. 2022;10:232. https://doi.org/ 
10.3390/healthcare10020232

2. Sethi Y, Patel N, Kaka N, et al. Precision Medicine and the future of cardiovascular 
diseases: A Clinically Oriented Comprehensive Review. J Clin Med. 2023;12:1799. 
https://doi.org/10.3390/jcm12051799

3. Leopold JA, Loscalzo J. Emerging Role of Precision Medicine in Cardiovascular 
Disease. Circ Res. 2018;122:1302–1315. https://doi.org/10.1161/CIRCRESAHA. 
117.310782

4. Visco V, Ferruzzi GJ, Nicastro F, et al. Artificial Intelligence as a Business Partner in 
Cardiovascular Precision Medicine: An Emerging Approach for Disease Detection 
and Treatment Optimization. Curr Med Chem. 2021;28:6569–6590. https://doi.org/ 
10.2174/0929867328666201218122633

5. Sun X, Yin Y, Yang Q, Huo T. Artificial intelligence in cardiovascular diseases: di
agnostic and therapeutic perspectives. Eur J Med Res. 2023;28:242. https://doi.org/ 
10.1186/s40001-023-01065-y

6. Antúnez-Rodríguez A, García-Rodríguez S, Pozo-Agundo A, et al. Targeted next- 
generation sequencing panel to investigate antiplatelet adverse reactions in acute 
coronary syndrome patients undergoing percutaneous coronary intervention with 
stenting. Thromb Res. 2024;240:109060. https://doi.org/10.1016/j.thromres.2024. 
109060

7. Yadin D, Guetta T, Petrover Z, et al. Effect of pharmacological heart failure drugs 
and gene therapy on Danon’s cardiomyopathy. Biochem Pharm. 2023;215:115735. 
https://doi.org/10.1016/j.bcp.2023.115735

8. Kayani M, Sangeetha GK, Sarangi S, et al. Pharmacogenomics and its Role in 
Cardiovascular Diseases: A Narrative Literature Review. Curr Cardiol Rev. 
2025;21:e1573403X334668. https://doi.org/10.2174/ 
011573403X334668241227074314

9. Naderi N, MozafaryBazargany M, Maleki M, Kalayinia S. Copy number variations: 
The potential association genetic cause in severe cardiovascular diseases with un
known aetiology. J Cell Mol Med. 2024;28:e18461. https://doi.org/10.1111/jcmm. 
18461

A. Pathak, T. Anwer, A. Verma et al.                                                                                                                                                   Precision Medication 3 (2026) 100078

8

https://doi.org/10.1016/j.prmedi.2026.100078
https://doi.org/10.3390/healthcare10020232
https://doi.org/10.3390/healthcare10020232
https://doi.org/10.3390/jcm12051799
https://doi.org/10.1161/CIRCRESAHA.117.310782
https://doi.org/10.1161/CIRCRESAHA.117.310782
https://doi.org/10.2174/0929867328666201218122633
https://doi.org/10.2174/0929867328666201218122633
https://doi.org/10.1186/s40001-023-01065-y
https://doi.org/10.1186/s40001-023-01065-y
https://doi.org/10.1016/j.thromres.2024.109060
https://doi.org/10.1016/j.thromres.2024.109060
https://doi.org/10.1016/j.bcp.2023.115735
https://doi.org/10.2174/011573403X334668241227074314
https://doi.org/10.2174/011573403X334668241227074314
https://doi.org/10.1111/jcmm.18461
https://doi.org/10.1111/jcmm.18461


10. Magavern EF, Kaski JC, Turner RM, et al. The role of pharmacogenomics in con
temporary cardiovascular therapy: a position statement from the European Society 
of Cardiology Working Group on Cardiovascular Pharmacotherapy. Eur Heart J 
Cardiovasc Pharm. 2022;8:85–99. https://doi.org/10.1093/ehjcvp/pvab018

11. Netala VR, Teertam SK, Li H, Zhang Z. A Comprehensive Review of Cardiovascular 
Disease Management: Cardiac Biomarkers, Imaging Modalities, Pharmacotherapy, 
Surgical Interventions, and Herbal Remedies. Cells. 2024;13:1471. https://doi.org/ 
10.3390/cells13171471

12. Berinstein E, Levy A. Recent developments and future directions for the use of 
pharmacogenomics in cardiovascular disease treatments. Expert Opin Drug Metab 
Toxicol. 2017;13:973–983. https://doi.org/10.1080/17425255.2017.1363887

13. Raoufinia R, Rahimi HR, Abbaszadeh M, et al. Personalized Approaches to 
Cardiovascular Disease: Insights into FDA-Approved Interventions and Clinical 
Pharmacogenetics. Curr Pharm Des. 2024;30:1667–1680. https://doi.org/10.2174/ 
0113816128309440240427102903

14. Nemer G., Nafiz Hendi N. (2024) Pharmacogenomics of Cardiovascular Diseases: 
The Path to Precision Therapy.

15. Kasartzian D-I, Tsiampalis T. Transforming Cardiovascular Risk Prediction: A 
Review of Machine Learning and Artificial Intelligence Innovations. Life. 
2025;15:94. https://doi.org/10.3390/life15010094

16. Gautam N, Mueller J, Alqaisi O, et al. Machine Learning in Cardiovascular Risk 
Prediction and Precision Preventive Approaches. Curr Atheroscler Rep. 
2023;25:1069–1081. https://doi.org/10.1007/s11883-023-01174-3

17. Page MJ, McKenzie JE, Bossuyt PM, et al. The PRISMA 2020 statement: an updated 
guideline for reporting systematic reviews. BMJ. 2021:n71. https://doi.org/10. 
1136/bmj.n71

18. Nagata JM, Vittinghoff E, Pettee Gabriel K, et al. Physical Activity and Hypertension 
from Young Adulthood to Middle Age. Am J Prev Med. 2021;60:757–765. https:// 
doi.org/10.1016/j.amepre.2020.12.018

19. Khambhati J, Allard-Ratick M, Dhindsa D, et al. The art of cardiovascular risk as
sessment. Clin Cardiol. 2018;41:677–684. https://doi.org/10.1002/clc.22930

20. Kang K, Seidlitz J, Bethlehem RAI, et al. Study design features increase replicability 
in brain-wide association studies. Nature. 2024;636:719–727. https://doi.org/10. 
1038/s41586-024-08260-9

21. Zhu Y, Swanson KM, Rojas RL, et al. Systematic review of the evidence on the cost- 
effectiveness of pharmacogenomics-guided treatment for cardiovascular diseases. 
Genet Med. 2020;22:475–486. https://doi.org/10.1038/s41436-019-0667-y

22. Johnson KB, Wei W, Weeraratne D, et al. Precision Medicine, AI, and the Future of 
Personalized Health Care. Clin Transl Sci. 2021;14:86–93. https://doi.org/10.1111/ 
cts.12884

23. Idris-Agbabiaka A, Mehwar Anjum M, Semy M, et al. AI-assisted heart failure 
management: A review of clinical applications, case studies, and future directions. 
Glob Cardiol Sci Pr. 2025;2025:e202506. https://doi.org/10.21542/gcsp.2025.6

24. Figtree GA, Broadfoot K, Casadei B, et al. A Call to Action for New Global 
Approaches to Cardiovascular Disease Drug Solutions. Circulation. 
2021;144:159–169. https://doi.org/10.1161/CIR.0000000000000981

25. Bhatnagar A. Environmental Determinants of Cardiovascular Disease. Circ Res. 
2017;121:162–180. https://doi.org/10.1161/CIRCRESAHA.117.306458

26. Ahmad T, Pencina MJ, Schulte PJ, et al. Clinical Implications of Chronic Heart 
Failure Phenotypes Defined by Cluster Analysis. J Am Coll Cardiol. 
2014;64:1765–1774. https://doi.org/10.1016/j.jacc.2014.07.979

27. ROSE G. Sick Individuals and Sick Populations. Int J Epidemiol. 1985;14:32–38. 
https://doi.org/10.1093/ije/14.1.32

28. ZULMAN DM, VIJAN S, OMENN GS, HAYWARD RA. The Relative Merits of 
Population-Based and Targeted Prevention Strategies. Milbank Q. 2008;86:557–580. 
https://doi.org/10.1111/j.1468-0009.2008.00534.x

29. Pagidipati NJ, Navar AM, Mulder H, et al. Comparison of Recommended Eligibility 
for Primary Prevention Statin Therapy Based on the US Preventive Services Task 
Force Recommendations vs the ACC/AHA Guidelines. JAMA. 2017;317:1563. 
https://doi.org/10.1001/jama.2017.3416

30. Gupta K, Kakar TS, Jain V, et al. Comparing eligibility for statin therapy for primary 
prevention under 2022 USPSTF recommendations and the 2018 AHA/ACC/ multi- 
society guideline recommendations: From National Health and Nutrition 
Examination Survey. Prog Cardiovasc Dis. 2022;75:78–82. https://doi.org/10.1016/ 
j.pcad.2022.08.007

31. Babu RB, Alam M, Helis E, Fodor JG. Population-based versus high-risk strategies 
for the prevention of cardiovascular diseases in low- and middle-income countries. 
Indian Heart J. 2012;64:439–443. https://doi.org/10.1016/j.ihj.2012.08.001

32. Estimation of the Warfarin Dose with Clinical and Pharmacogenetic Data. N Engl J 
Med. 2009;360:753–764. https://doi.org/10.1056/NEJMoa0809329

33. Lehrman MA, Goldstein JL, Brown MS, et al. Internalization-defective LDL receptors 
produced by genes with nonsense and frameshift mutations that truncate the cy
toplasmic domain. Cell. 1985;41:735–743. https://doi.org/10.1016/S0092- 
8674(85)80054-4

34. Jorgensen AL, FitzGerald RJ, Oyee J, et al. Influence of CYP2C9 and VKORC1 on 
Patient Response to Warfarin: A Systematic Review and Meta-Analysis. PLoS One. 
2012;7:e44064. https://doi.org/10.1371/journal.pone.0044064

35. Limdi NA, Wiener H, Goldstein JA, et al. Influence of CYP2C9 and VKORC1 on 
warfarin response during initiation of therapy. Blood Cells Mol Dis. 
2009;43:119–128. https://doi.org/10.1016/j.bcmd.2009.01.019

36. Cooper GM, Johnson JA, Langaee TY, et al. A genome-wide scan for common ge
netic variants with a large influence on warfarin maintenance dose. Blood. 
2008;112:1022–1027. https://doi.org/10.1182/blood-2008-01-134247

37. Gage BF, Lesko LJ. Pharmacogenetics of warfarin: regulatory, scientific, and clinical 
issues. J Thromb Thrombolysis. 2008;25:45–51. https://doi.org/10.1007/s11239- 
007-0104-y

38. Perera MA, Cavallari LH, Limdi NA, et al. Genetic variants associated with warfarin 
dose in African-American individuals: a genome-wide association study. Lancet. 
2013;382:790–796. https://doi.org/10.1016/S0140-6736(13)60681-9

39. Gander J, Carrard J, Gallart-Ayala H, et al. Metabolic Impairment in Coronary 
Artery Disease: Elevated Serum Acylcarnitines Under the Spotlights. Front 
Cardiovasc Med. 2021;8:792350. https://doi.org/10.3389/fcvm.2021.792350

40. McGarrah RW, White PJ. Branched-chain amino acids in cardiovascular disease. Nat 
Rev Cardiol. 2023;20:77–89. https://doi.org/10.1038/s41569-022-00760-3

41. Takeuchi F, McGinnis R, Bourgeois S, et al. A Genome-Wide Association Study 
Confirms VKORC1, CYP2C9, and CYP4F2 as Principal Genetic Determinants of 
Warfarin Dose. PLoS Genet. 2009;5:e1000433. https://doi.org/10.1371/journal. 
pgen.1000433

42. Perera MA, Gamazon E, Cavallari LH, et al. The Missing Association: Sequencing- 
Based Discovery of Novel SNPs in VKORC1 and CYP2C9 That Affect Warfarin Dose 
in African Americans. Clin Pharm Ther. 2011;89:408–415. https://doi.org/10.1038/ 
clpt.2010.322

43. Thomas L. Assessment of Atrial Function. Heart Lung Circ. 2007;16:234–242. 
https://doi.org/10.1016/j.hlc.2007.03.009

44. Nemutlu E, Zhang S, Xu Y-Z, et al. Cardiac Resynchronization Therapy Induces 
Adaptive Metabolic Transitions in the Metabolomic Profile of Heart Failure. J Card 
Fail. 2015;21:460–469. https://doi.org/10.1016/j.cardfail.2015.04.005

45. Nemutlu E, Zhang S, Xu Y-Z, et al. Cardiac Resynchronization Therapy Induces 
Adaptive Metabolic Transitions in the Metabolomic Profile of Heart Failure. J Card 
Fail. 2015;21:460–469. https://doi.org/10.1016/j.cardfail.2015.04.005

46. Mega JL, Hochholzer W, Frelinger AL, et al. Dosing Clopidogrel Based on CYP2C19 
Genotype and the Effect on Platelet Reactivity in Patients with Stable 
Cardiovascular Disease. JAMA. 2011;306:2221–2228. https://doi.org/10.1001/ 
jama.2011.1703

47. Kimmel SE, French B, Kasner SE, et al. A Pharmacogenetic versus a Clinical 
Algorithm for Warfarin Dosing. N Engl J Med. 2013;369:2283–2293. https://doi. 
org/10.1056/NEJMoa1310669

48. Kimmel SE, French B, Kasner SE, et al. A Pharmacogenetic versus a Clinical 
Algorithm for Warfarin Dosing. N Engl J Med. 2013;369:2283–2293. https://doi. 
org/10.1056/NEJMoa1310669

49. Pirmohamed M, Burnside G, Eriksson N, et al. A Randomized Trial of Genotype- 
Guided Dosing of Warfarin. N Engl J Med. 2013;369:2294–2303. https://doi.org/10. 
1056/NEJMoa1311386

50. Kangelaris KN, Bent S, Nussbaum RL, et al. Genetic Testing Before Anticoagulation? 
A Systematic Review of Pharmacogenetic Dosing of Warfarin. J Gen Intern Med. 
2009;24:656–664. https://doi.org/10.1007/s11606-009-0949-1

51. Stergiopoulos K, Brown DL. Genotype-Guided vs Clinical Dosing of Warfarin and Its 
Analogues. JAMA Intern Med. 2014;174:1330. https://doi.org/10.1001/ 
jamainternmed.2014.2368

52. Soares F, Tateisi Y, Takatsuki T, Yamaguchi A. O-JMeSH: creating a bilingual 
English-Japanese controlled vocabulary of MeSH UIDs through machine translation 
and mutual information. Genom Inf. 2021;19:e26. https://doi.org/10.5808/gi. 
21014

53. Lu Y, Xia N, Cheng X. Regulatory T Cells in Chronic Heart Failure. Front Immunol. 
2021;12:2021. https://doi.org/10.3389/fimmu.2021.732794

54. Silvain J, Kerneis M, Boccara F. Cardiovascular Prevention in People Living With 
HIV. JACC Basic Transl Sci. 2022;7:1098–1101. https://doi.org/10.1016/j.jacbts. 
2022.07.007

55. Thomas M, Lieberman J, Lal A. Desperately seeking microRNA targets. Nat Struct 
Mol Biol. 2010;17:1169–1174. https://doi.org/10.1038/nsmb.1921

56. Parkinson DR, Johnson BE, Sledge GW. Making Personalized Cancer Medicine a 
Reality: Challenges and Opportunities in the Development of Biomarkers and 
Companion Diagnostics. Clin Cancer Res. 2012;18:619–624. https://doi.org/10. 
1158/1078-0432.CCR-11-2017

57. Roden DM, Altman RB, Benowitz NL, et al. Pharmacogenomics: Challenges and 
Opportunities. Ann Intern Med. 2006;145:749–757. https://doi.org/10.7326/0003- 
4819-145-10-200611210-00007

58. Tester DJ, Ackerman MJ. Genetic Testing for Potentially Lethal, Highly Treatable 
Inherited Cardiomyopathies/Channelopathies in Clinical Practice. Circulation. 
2011;123:1021–1037. https://doi.org/10.1161/CIRCULATIONAHA.109.914838

59. Deng MC, Eisen HJ, Mehra MR, et al. Noninvasive Discrimination of Rejection in 
Cardiac Allograft Recipients Using Gene Expression Profiling. Am J Transplant. 
2006;6:150–160. https://doi.org/10.1111/j.1600-6143.2005.01175.x

60. deGoma EM, Rivera G, Lilly SM, et al. Personalized vascular medicine: 
Individualizing drug therapy. Vasc Med. 2011;16:391–404. https://doi.org/10. 
1177/1358863X11422251

61. Voora D, McLeod HL, Eby C, Gage BF. The Pharmacogenetics of Coumarin 
Therapy. Pharmacogenomics. 2005;6:503–513. https://doi.org/10.2217/ 
14622416.6.5.503

62. Weinshilboum R. Inheritance and Drug Response. N Engl J Med. 2003;348:529–537. 
https://doi.org/10.1056/NEJMra020021

63. Aithal GP, Day CP, Kesteven PJ, Daly AK. Association of polymorphisms in the 
cytochrome P450 CYP2C9 with warfarin dose requirement and risk of bleeding 
complications. Lancet. 1999;353:717–719. https://doi.org/10.1016/S0140- 
6736(98)04474-2

64. Chang L, Liu J, Zhu J, et al. Advancing precision medicine: the transformative role 
of artificial intelligence in immunogenomics, radiomics, and pathomics for bio
marker discovery and immunotherapy optimization. Cancer Biol Med. 2025:1–15. 
https://doi.org/10.20892/j.issn.2095-3941.2024.0376

65. Sadée C, Testa S, Barba T, et al. Medical digital twins: enabling precision medicine 
and medical artificial intelligence. Lancet Digit Health. 2025;7:100864. https://doi. 
org/10.1016/j.landig.2025.02.004

A. Pathak, T. Anwer, A. Verma et al.                                                                                                                                                   Precision Medication 3 (2026) 100078

9

https://doi.org/10.1093/ehjcvp/pvab018
https://doi.org/10.3390/cells13171471
https://doi.org/10.3390/cells13171471
https://doi.org/10.1080/17425255.2017.1363887
https://doi.org/10.2174/0113816128309440240427102903
https://doi.org/10.2174/0113816128309440240427102903
https://doi.org/10.3390/life15010094
https://doi.org/10.1007/s11883-023-01174-3
https://doi.org/10.1136/bmj.n71
https://doi.org/10.1136/bmj.n71
https://doi.org/10.1016/j.amepre.2020.12.018
https://doi.org/10.1016/j.amepre.2020.12.018
https://doi.org/10.1002/clc.22930
https://doi.org/10.1038/s41586-024-08260-9
https://doi.org/10.1038/s41586-024-08260-9
https://doi.org/10.1038/s41436-019-0667-y
https://doi.org/10.1111/cts.12884
https://doi.org/10.1111/cts.12884
https://doi.org/10.21542/gcsp.2025.6
https://doi.org/10.1161/CIR.0000000000000981
https://doi.org/10.1161/CIRCRESAHA.117.306458
https://doi.org/10.1016/j.jacc.2014.07.979
https://doi.org/10.1093/ije/14.1.32
https://doi.org/10.1111/j.1468-0009.2008.00534.x
https://doi.org/10.1001/jama.2017.3416
https://doi.org/10.1016/j.pcad.2022.08.007
https://doi.org/10.1016/j.pcad.2022.08.007
https://doi.org/10.1016/j.ihj.2012.08.001
https://doi.org/10.1056/NEJMoa0809329
https://doi.org/10.1016/S0092-8674(85)80054-4
https://doi.org/10.1016/S0092-8674(85)80054-4
https://doi.org/10.1371/journal.pone.0044064
https://doi.org/10.1016/j.bcmd.2009.01.019
https://doi.org/10.1182/blood-2008-01-134247
https://doi.org/10.1007/s11239-007-0104-y
https://doi.org/10.1007/s11239-007-0104-y
https://doi.org/10.1016/S0140-6736(13)60681-9
https://doi.org/10.3389/fcvm.2021.792350
https://doi.org/10.1038/s41569-022-00760-3
https://doi.org/10.1371/journal.pgen.1000433
https://doi.org/10.1371/journal.pgen.1000433
https://doi.org/10.1038/clpt.2010.322
https://doi.org/10.1038/clpt.2010.322
https://doi.org/10.1016/j.hlc.2007.03.009
https://doi.org/10.1016/j.cardfail.2015.04.005
https://doi.org/10.1016/j.cardfail.2015.04.005
https://doi.org/10.1001/jama.2011.1703
https://doi.org/10.1001/jama.2011.1703
https://doi.org/10.1056/NEJMoa1310669
https://doi.org/10.1056/NEJMoa1310669
https://doi.org/10.1056/NEJMoa1310669
https://doi.org/10.1056/NEJMoa1310669
https://doi.org/10.1056/NEJMoa1311386
https://doi.org/10.1056/NEJMoa1311386
https://doi.org/10.1007/s11606-009-0949-1
https://doi.org/10.1001/jamainternmed.2014.2368
https://doi.org/10.1001/jamainternmed.2014.2368
https://doi.org/10.5808/gi.21014
https://doi.org/10.5808/gi.21014
https://doi.org/10.3389/fimmu.2021.732794
https://doi.org/10.1016/j.jacbts.2022.07.007
https://doi.org/10.1016/j.jacbts.2022.07.007
https://doi.org/10.1038/nsmb.1921
https://doi.org/10.1158/1078-0432.CCR-11-2017
https://doi.org/10.1158/1078-0432.CCR-11-2017
https://doi.org/10.7326/0003-4819-145-10-200611210-00007
https://doi.org/10.7326/0003-4819-145-10-200611210-00007
https://doi.org/10.1161/CIRCULATIONAHA.109.914838
https://doi.org/10.1111/j.1600-6143.2005.01175.x
https://doi.org/10.1177/1358863X11422251
https://doi.org/10.1177/1358863X11422251
https://doi.org/10.2217/14622416.6.5.503
https://doi.org/10.2217/14622416.6.5.503
https://doi.org/10.1056/NEJMra020021
https://doi.org/10.1016/S0140-6736(98)04474-2
https://doi.org/10.1016/S0140-6736(98)04474-2
https://doi.org/10.20892/j.issn.2095-3941.2024.0376
https://doi.org/10.1016/j.landig.2025.02.004
https://doi.org/10.1016/j.landig.2025.02.004


66. PĂCURARU I-M, CHIRVASE C-S, TIRITEU Ş.-I. THE ROLE OF ARTIFICIAL 
INTELLIGENCE IN PERSONALISED MEDICINE: ADVANCEMENTS, CHALLENGES, 
AND FUTURE PERSPECTIVES. Bus Excell Manag. 2025;15:59–84. https://doi.org/ 
10.24818/beman/2025.15.1-05

67. Dutt Y, Pandey RP, Dutt M, et al. Therapeutic applications of nanobio
technology. J Nanobiotechnology. 2023;21:148. https://doi.org/10.1186/ 
s12951-023-01909-z

68. Chen J, Zhang X, Millican R, et al. Recent advances in nanomaterials for therapy 
and diagnosis for atherosclerosis. Adv Drug Deliv Rev. 2021;170:142–199. https:// 
doi.org/10.1016/j.addr.2021.01.005

69. Viegas C, Seck F, Fonte P. An insight on lipid nanoparticles for therapeutic proteins 
delivery. J Drug Deliv Sci Technol. 2022;77:103839. https://doi.org/10.1016/j.jddst. 
2022.103839

70. Mangge H, Almer G, Stelzer I, et al. Laboratory medicine for molecular imaging of 
atherosclerosis. Clin Chim Acta. 2014;437:19–24. https://doi.org/10.1016/j.cca. 
2014.06.029

71. Saraste A, Nekolla SG, Schwaiger M. Cardiovascular molecular imaging: an over
view. Cardiovasc Res. 2009;83:643–652. https://doi.org/10.1093/cvr/cvp209

72. Chen HH, Josephson L, Sosnovik DE. Imaging of apoptosis in the heart with na
noparticle technology. WIREs Nanomed Nanobiotechnology. 2011;3:86–99. https:// 
doi.org/10.1002/wnan.115

73. Kumar A, Jena PK, Behera S, et al. Multifunctional magnetic nanoparticles for 
targeted delivery. Nanomedicine. 2010;6:64–69. https://doi.org/10.1016/j.nano. 
2009.04.002

74. Matsa E, Ahrens JH, Wu JC. Human Induced Pluripotent Stem Cells as a Platform for 
Personalized and Precision Cardiovascular Medicine. Physiol Rev. 
2016;96:1093–1126. https://doi.org/10.1152/physrev.00036.2015

75. Iqbal J, Serruys PW. Revascularization strategies for patients with stable coronary ar
tery disease. J Intern Med. 2014;276:336–351. https://doi.org/10.1111/joim.12243

76. Carbone F, Montecucco F, Mach F. Update on evidence for treatment with ranola
zine in stable angina. Swiss Med Wkly. 2013. https://doi.org/10.4414/smw.2013. 
13874

77. O’Connor CM, Fiuzat M, Carson PE, et al. Combinatorial Pharmacogenetic 
Interactions of Bucindolol and β1, α2C Adrenergic Receptor Polymorphisms. PLoS 
One. 2012;7:e44324. https://doi.org/10.1371/journal.pone.0044324

78. Menche J, Sharma A, Kitsak M, et al. Uncovering disease-disease relationships 
through the incomplete interactome. Science (1979). 2015;347:1257601. https:// 
doi.org/10.1126/science.1257601

79. Cheng F, Desai RJ, Handy DE, et al. Network-based approach to prediction and 
population-based validation of in silico drug repurposing. Nat Commun. 
2018;9:2691. https://doi.org/10.1038/s41467-018-05116-5

80. Nguyen N, Souza T, Verheijen MCT, et al. Translational Proteomics Analysis of 
Anthracycline-Induced Cardiotoxicity from Cardiac Microtissues to Human Heart 
Biopsies. Front Genet. 2021;12:2021. https://doi.org/10.3389/fgene.2021.695625

81. Xiong D, Yang J, Li D, Wang J. Exploration of Key Immune-Related Transcriptomes 
Associated with Doxorubicin-Induced Cardiotoxicity in Patients with Breast Cancer. 
Cardiovasc Toxicol. 2023;23:329–348. https://doi.org/10.1007/s12012-023- 
09806-5

82. Wan G, Chen P, Sun X, et al. Weighted gene co-expression network-based approach 
to identify key genes associated with anthracycline-induced cardiotoxicity and 
construction of miRNA-transcription factor-gene regulatory network. Mol Med. 
2021;27:142. https://doi.org/10.1186/s10020-021-00399-9

83. Jiang F, Zheng Z, Liu K. Systematic analysis of doxorubicin-induced myocardial 
injury mechanisms using network toxicology and molecular docking strategy. 
Medicine. 2025;104:e43844. https://doi.org/10.1097/MD.0000000000043844

84. Zhao X, Tian Z, Sun M, Dong D. Nrf2: a dark horse in doxorubicin-induced cardi
otoxicity. Cell Death Discov. 2023;9:261. https://doi.org/10.1038/s41420-023- 
01565-0

85. Sabry Z, Arora HS, Chandrasekaran S, Wang Z. AI-driven drug discovery and re
purposing using multi-omics for myocardial infarction and heart failure. Explor Med. 
2025;6:2025. https://doi.org/10.37349/emed.2025.1001340

86. Liu P-P, Yu X-Y, Pan Q-Q, et al. Multi-Omics and Network-Based Drug Repurposing 
for Septic Cardiomyopathy. Pharmaceuticals. 2025;18:43. https://doi.org/10.3390/ 
ph18010043

87. Maglo KN, Rubinstein J, Huang B, Ittenbach RF. BiDil in the Clinic: An 
Interdisciplinary Investigation of Physicians’ Prescription Patterns of a Race-Based 
Therapy. AJOB Empir Bioeth. 2014;5:37–52. https://doi.org/10.1080/23294515. 
2014.907371

88. Azizan EAB, Poulsen H, Tuluc P, et al. Somatic mutations in ATP1A1 and CACNA1D 
underlie a common subtype of adrenal hypertension. Nat Genet. 
2013;45:1055–1060. https://doi.org/10.1038/ng.2716

89. James PA, Oparil S, Carter BL, et al. 2014 Evidence-Based Guideline for the 
Management of High Blood Pressure in Adults. JAMA. 2014;311:507. https://doi. 
org/10.1001/jama.2013.284427

90. A Randomized Trial of Intensive versus Standard Blood-Pressure Control. N Engl J 
Med. 2015;373:2103–2116. https://doi.org/10.1056/NEJMoa1511939

91. Razzak MI, Imran M, Xu G. Big data analytics for preventive medicine. Neural 
Comput Appl. 2020;32:4417–4451. https://doi.org/10.1007/s00521-019-04095-y

92. Krittanawong C, Zhang H, Wang Z, et al. Artificial Intelligence in Precision 
Cardiovascular Medicine. J Am Coll Cardiol. 2017;69:2657–2664. https://doi.org/ 
10.1016/j.jacc.2017.03.571

93. Zhu J, Xie S, Ji H, et al. Evaluation of anthracycline-induced subclinical LV dys
function by using myocardial composite index and two-dimension speckle tracking 
echocardiography technique. Front Cardiovasc Med. 2022;9:936212. https://doi. 
org/10.3389/fcvm.2022.936212

94. Yagi R, Goto S, Himeno Y, et al. Artificial intelligence-enabled prediction of che
motherapy-induced cardiotoxicity from baseline electrocardiograms. Nat Commun. 
2024;15:2536. https://doi.org/10.1038/s41467-024-45733-x

95. Wang Y-R, Yang K, Wen Y, et al. Screening and diagnosis of cardiovascular disease 
using artificial intelligence-enabled cardiac magnetic resonance imaging. Nat Med. 
2024;30:1471–1480. https://doi.org/10.1038/s41591-024-02971-2

96. Agibetov A, Kammerlander A, Duca F, et al. Convolutional Neural Networks for 
Fully Automated Diagnosis of Cardiac Amyloidosis by Cardiac Magnetic Resonance 
Imaging. J Pers Med. 2021;11:1268. https://doi.org/10.3390/jpm11121268

97. Paciorek AM, von Schacky CE, Foreman SC, et al. Automated assessment of cardiac 
pathologies on cardiac MRI using T1-mapping and late gadolinium phase sensitive 
inversion recovery sequences with deep learning. BMC Med Imaging. 2024;24:43. 
https://doi.org/10.1186/s12880-024-01217-4

98. Bekheet M, Sallah M, Alghamdi NS, et al. Cardiac Fibrosis Automated Diagnosis 
Based on FibrosisNet Network Using CMR Ischemic Cardiomyopathy. Diagnostics. 
2024;14:255. https://doi.org/10.3390/diagnostics14030255

99. Hassan M, Awan FM, Naz A, et al. Innovations in Genomics and Big Data Analytics 
for Personalized Medicine and Health Care: A Review. Int J Mol Sci. 2022;23:4645. 
https://doi.org/10.3390/ijms23094645

100. Batta I, Patial R, Sobti RC, Agrawal DK. Computational Biology in the Discovery of 
Biomarkers in the Diagnosis, Treatment and Management of Cardiovascular 
Diseases. Cardiol Cardiovasc Med. 2024;8:405–414.

101. Haq IU, Chhatwal K, Sanaka K, Xu B. Artificial Intelligence in Cardiovascular 
Medicine: Current Insights and Future Prospects. Vasc Health Risk Manag. 
2022;18:517–528. https://doi.org/10.2147/VHRM.S279337

102. Mohsen F, Al-Saadi B, Abdi N, et al. Artificial Intelligence-Based Methods for 
Precision Cardiovascular Medicine. J Pers Med. 2023;13:1268. https://doi.org/10. 
3390/jpm13081268

103. Leopold JA, Maron BA, Loscalzo J. The application of big data to cardiovascular 
disease: paths to precision medicine. J Clin Investig. 2020;130:29–38. https://doi. 
org/10.1172/JCI129203

104. Stead WW. Clinical Implications and Challenges of Artificial Intelligence and Deep 
Learning. JAMA. 2018;320:1107. https://doi.org/10.1001/jama.2018.11029

105. Gialluisi A, Di Castelnuovo A, Costanzo S, et al. Exploring domains, clinical im
plications and environmental associations of a deep learning marker of biological 
ageing. Eur J Epidemiol. 2022;37:35–48. https://doi.org/10.1007/s10654-021- 
00797-7

106. Seetharam K, Min JK. Artificial Intelligence and Machine Learning in 
Cardiovascular. Imaging Methodist Debakey Cardiovasc J. 2020;16:263. https://doi. 
org/10.14797/mdcj-16-4-263

107. Jeong J, Yeom SK, Choi IY, et al. Deep learning image reconstruction of diffusion- 
weighted imaging in evaluation of prostate cancer focusing on its clinical im
plications. Quant Imaging Med Surg. 2024;14:3432–3446. https://doi.org/10. 
21037/qims-23-1379

A. Pathak, T. Anwer, A. Verma et al.                                                                                                                                                   Precision Medication 3 (2026) 100078

10

https://doi.org/10.24818/beman/2025.15.1-05
https://doi.org/10.24818/beman/2025.15.1-05
https://doi.org/10.1186/s12951-023-01909-z
https://doi.org/10.1186/s12951-023-01909-z
https://doi.org/10.1016/j.addr.2021.01.005
https://doi.org/10.1016/j.addr.2021.01.005
https://doi.org/10.1016/j.jddst.2022.103839
https://doi.org/10.1016/j.jddst.2022.103839
https://doi.org/10.1016/j.cca.2014.06.029
https://doi.org/10.1016/j.cca.2014.06.029
https://doi.org/10.1093/cvr/cvp209
https://doi.org/10.1002/wnan.115
https://doi.org/10.1002/wnan.115
https://doi.org/10.1016/j.nano.2009.04.002
https://doi.org/10.1016/j.nano.2009.04.002
https://doi.org/10.1152/physrev.00036.2015
https://doi.org/10.1111/joim.12243
https://doi.org/10.4414/smw.2013.13874
https://doi.org/10.4414/smw.2013.13874
https://doi.org/10.1371/journal.pone.0044324
https://doi.org/10.1126/science.1257601
https://doi.org/10.1126/science.1257601
https://doi.org/10.1038/s41467-018-05116-5
https://doi.org/10.3389/fgene.2021.695625
https://doi.org/10.1007/s12012-023-09806-5
https://doi.org/10.1007/s12012-023-09806-5
https://doi.org/10.1186/s10020-021-00399-9
https://doi.org/10.1097/MD.0000000000043844
https://doi.org/10.1038/s41420-023-01565-0
https://doi.org/10.1038/s41420-023-01565-0
https://doi.org/10.37349/emed.2025.1001340
https://doi.org/10.3390/ph18010043
https://doi.org/10.3390/ph18010043
https://doi.org/10.1080/23294515.2014.907371
https://doi.org/10.1080/23294515.2014.907371
https://doi.org/10.1038/ng.2716
https://doi.org/10.1001/jama.2013.284427
https://doi.org/10.1001/jama.2013.284427
https://doi.org/10.1056/NEJMoa1511939
https://doi.org/10.1007/s00521-019-04095-y
https://doi.org/10.1016/j.jacc.2017.03.571
https://doi.org/10.1016/j.jacc.2017.03.571
https://doi.org/10.3389/fcvm.2022.936212
https://doi.org/10.3389/fcvm.2022.936212
https://doi.org/10.1038/s41467-024-45733-x
https://doi.org/10.1038/s41591-024-02971-2
https://doi.org/10.3390/jpm11121268
https://doi.org/10.1186/s12880-024-01217-4
https://doi.org/10.3390/diagnostics14030255
https://doi.org/10.3390/ijms23094645
http://refhub.elsevier.com/S2950-5232(26)00005-9/sbref99
http://refhub.elsevier.com/S2950-5232(26)00005-9/sbref99
http://refhub.elsevier.com/S2950-5232(26)00005-9/sbref99
https://doi.org/10.2147/VHRM.S279337
https://doi.org/10.3390/jpm13081268
https://doi.org/10.3390/jpm13081268
https://doi.org/10.1172/JCI129203
https://doi.org/10.1172/JCI129203
https://doi.org/10.1001/jama.2018.11029
https://doi.org/10.1007/s10654-021-00797-7
https://doi.org/10.1007/s10654-021-00797-7
https://doi.org/10.14797/mdcj-16-4-263
https://doi.org/10.14797/mdcj-16-4-263
https://doi.org/10.21037/qims-23-1379
https://doi.org/10.21037/qims-23-1379

	Integrating precision medicine and artificial intelligence to prevent cardiotoxicity in cardiovascular drug therapy
	Introduction
	Population Averages and the Shift Toward Precision Analytics in CVDs
	Cardiovascular Pharmacology and Multi-Omics Approaches in Cardiotoxicity
	Personalized Cardiovascular Therapy Using Nanobiotechnology
	Advancements in Cardiovascular Medicine Using Big Data and Network Medicine
	Role of artificial intelligence (AI) and deep learning in CVDs
	Overcoming implementation challenges for Precision Cardiology and AI-Driven Care
	Reducing cost and improving access
	Regulatory pathways and clinical validation for AI/ML tools
	Data interoperability, privacy and federated approaches

	Conclusion
	Future research should therefore focus on
	Declarations
	CRediT authorship contribution statement
	Ethics approval and consent to participate
	Consent for publication
	mk:H1_17
	Funding
	Declaration of Competing Interest
	Declaration of Generative AI and AI-assisted technologies in the writing process
	Acknowledgements
	Appendix A Supporting information
	References




