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Abstract: Heart failure (HF) is a complex, heterogeneous syndrome with rising prevalence
and high morbidity and mortality. The pathophysiology and diverse etiologies of HF
present significant challenges for developing effective therapies. Omics technologies—
including genomics, proteomics, transcriptomics, metabolomics, and epigenomics—have
reshaped our understanding of HF at the molecular level, uncovering new biomarkers
and potential therapeutic targets. Omics also enable insights into individualized treatment
responses, the risks of adverse drug effects, and patient stratification for clinical trials.
This review explores how multi-omics can enhance heart failure drug discovery and
development across all stages of the therapeutic pipeline: (1) target selection and lead
identification, (2) preclinical studies, and (3) clinical trials. By integrating omics approaches
throughout the drug development process, we can accelerate the discovery of more effective
and personalized therapies for heart failure.

Keywords: heart failure; drug discovery; genomics; proteomics; transcriptomics;
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1. Introduction
Heart failure (HF) affects an estimated 64 million people worldwide and remains a leading

cause of morbidity and mortality [1]. Despite advances in HF guideline-directed therapies, HF
mortality rates have been increasing since 2012, with a dramatic rise in HF-attributable deaths
among young adults [2]. The heterogeneity of HF—stemming from diverse etiologies such as
ischemic heart disease, valvular disorders, and cardiomyopathies—coupled with an incomplete
understanding of its pathophysiology complicates the development of effective treatments and
results in varying responses to therapies among different patient populations.

Although patients with heart failure with reduced ejection fraction (HFrEF) are at higher
risk for lower survival and diminished quality of life, these risks can be substantially re-
duced through the use of guideline-directed medical therapies, including beta-blockers, renin–
angiotensin–aldosterone system (RAAS) inhibitors, mineralocorticoid receptor antagonists
(MRAs), and sodium–glucose cotransporter 2 (SGLT2) inhibitors—each with a Class 1 rec-
ommendation for patients with HFrEF [3]. However, the response to these therapies is not
uniform, with certain subpopulations of HFrEF patients experiencing limited to no benefit [4],
highlighting the ongoing challenge of identifying effective treatments for all individuals with the
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condition. This challenge is even more pronounced in HF with preserved ejection fraction (HF-
pEF), which accounts for nearly half of all HF cases. Currently, no therapies have been proven
to reduce mortality in HFpEF [5], and, with the exception of sodium–glucose cotransporter
2 (SGLT2) inhibitors that have demonstrated efficacy for HFpEF and HFrEF, most therapies
effective for HFrEF have not demonstrated the same benefits in HFpEF trials [1,6].

Omics technologies, including genomics, proteomics, transcriptomics, metabolomics,
and epigenomics, have enhanced our understanding of HF by providing a molecular-level
view of the disease. High-throughput omics platforms have generated vast amounts of
biological data, enabling insights into the complex interplay of genes, proteins, metabolites,
epigenetic modifications, and other omics markers that contribute to the pathophysiology
of HF (Table 1). For example, omics-based molecular measurements can be associated
with a clinical outcome of interest, such as response to HF therapy, to gain insight into the
therapeutic mechanism of action. Multi-omics approaches, which integrate data across
multiple omics layers, have the potential to uncover novel biomarkers for early diagnosis,
prognosis, and therapeutic monitoring. Importantly, omics can accelerate drug develop-
ment by identifying novel drug targets and guiding the selection of the most appropriate
therapies for individual patients based on their unique molecular profiles.

The use of multi-omics in HF drug discovery and development is particularly bene-
ficial because of the complex, multifactorial nature of the disease. HF is a heterogeneous
condition, which makes it challenging to target with a one-size-fits-all approach. Multi-
omics enables a more comprehensive and personalized understanding of the disease by
identifying molecular drivers of HF. While genomics reveals genetic predispositions associ-
ated with HF, these insights, when combined with data from other omics layers—such as
proteomics, transcriptomics, metabolomics, and epigenomics—offer a deeper understand-
ing of the disease’s underlying processes. For example, genomics can pinpoint genetic
variants associated with HF, but this alone may not explain how these variants manifest at
the protein level, how gene expression is altered, or how metabolic processes are affected by
the disease. Combining these layers of omics data can allow for the identification of molec-
ular pathways involved in HF, enhancing our understanding of disease progression and
uncovering novel drug targets. While this review focuses on the application of multi-omics
approaches for HF, the potential of multi-omics extends beyond HF, including cancer [7],
neurological disease [8], and infectious disease [9].

This review explores how multi-omics approaches can accelerate HF drug discovery
and development across all stages of the therapeutic pipeline. Specifically, we examine how
multi-omics can enhance (1) target selection and lead identification, (2) preclinical studies,
and (3) clinical trials (Figure 1). In the first section, we discuss how multi-omics can facilitate
the discovery of novel drug targets by providing insights into the molecular pathways
driving HF and prioritizing the most promising candidates for therapeutic intervention.
The second section emphasizes the role of omics in evaluating mechanisms of action and
predicting adverse effects. In the third section, we examine how multi-omics can enhance
clinical trials by identifying biomarkers for patient stratification, enabling more precise
clinical decision-making, and optimizing trial design to yield faster, more reliable outcomes.
Finally, we highlight key future directions for the field. Ultimately, this review aims to
underscore the transformative potential of multi-omics in reshaping the landscape of heart
failure therapeutics and accelerating the discovery and development of more effective
treatments.
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Table 1. Advantages and limitations of omics technologies in HF drug discovery.

Omics Type Advantages Limitations

Genomics

� Provides insight into the genetic architecture of HF,
identifying mutations, variations, and genetic
pathways relevant to HF

� Advances in high-throughput sequencing technologies
have made genomic analyses faster and cheaper,
allowing for studies with larger sample sizes

� Can identify individuals with a specific genetic makeup
that may respond better to certain HF treatments

� Many genes have unknown functions, and variants may
exhibit complex, multi-factorial, and pleiotropic effects

� Most of the human genome is composed of
non-protein-coding regions, which are incompletely
understood

� There is a long trajectory between detecting genetic
associations and identifying mechanistic insights

Proteomics

� Can identify and monitor disease biomarkers by
analyzing the proteins in urine or serum, which can aid
in early diagnosis or monitoring treatment responses

� Can identify post-translational modifications that can
contribute to HF

� Can provide a comprehensive map of protein
interactions associated with HF pathways

� There can be a masking effect, where there is a reduced
detection of low-abundant proteins due to the presence
of high-abundant proteins

� Proteins can undergo many modifications, and a single
gene can encode multiple protein isoforms

� Variability in sample preparation and technical artifacts
can affect the reliability of data

Transcriptomics

� Measures gene expression levels, which can give
insights into cellular responses, disease progression,
and treatment effects

� Can reveal how genes are actively expressed under
different HF therapies

� Can identify dysregulated genes in HF that may pave
the way for new therapies

� Changes in gene expression may not always reflect
functional changes

� There can be noise in transcriptomic data, which can
lead to errors in gene expression measurement

� Incomplete understanding of transcriptional processes,
as many studies are conducted at a single time point

Metabolomics

� Provides insight into the substrates and products of
metabolism that drive essential cellular functions

� Metabolites can be correlated with HF to identify
useful biomarkers and provide insight into disease
mechanism

� Can be used in tracking how a drug is metabolized,
understanding its pharmacokinetics and
pharmacodynamics, and uncovering toxicity and
adverse events

� Difficult to evaluate the biological role of an identified
metabolite and determine how metabolic pathways are
perturbed by a disease

� Variations in sample preparation, instrumentation, and
analytical platform exist, challenging reproducibility
efforts

� Current analytical methods lack the sensitivity and
specificity to identify and quantify the full scope of
existing metabolites

Epigenomics

� Offers the ability to harness the endogenous
mechanisms by which cells regulate gene expression
for identifying new therapeutic avenues

� Can reveal new epigenetic changes involved in HF
progression, which may lead to new therapies

� Epigenetic modifications in HF can be influenced by
lifestyle factors and chronic conditions, which can help
to identify areas for intervention

� Difficult to pinpoint specific, reproducible epigenetic
alterations that directly contribute to HF

� Challenging to develop a drug that can target a specific
epigenetic modification without causing unintended
consequences

� Difficult to establish causality between specific
epigenetic changes and HF, complicating the ability to
translate findings into actionable insights
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2. Target Discovery and Lead Identification
Efficient screening of potential therapeutic targets to select the optimal lead candi-

date is crucial for advancing drug discovery. The drug development process is costly
and high risk, often taking 10–15 years with an average cost exceeding $2 billion for each
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new drug approved for clinical use [10]. The probability of a drug candidate advancing
from Phase I clinical trials to market approval is only 10%, with even lower success rates
when considering candidates that make it through preclinical testing [11]. The success of
clinical drug development largely depends on selecting the most promising candidates
while balancing clinical efficacy, toxicity, and target validation [11]. Rigorous target valida-
tion using omics technologies in cell lines and tissues can significantly improve the drug
development pipeline, ultimately enhancing the likelihood of success. Genomics, particu-
larly genome-wide association studies (GWAS), play a pivotal role in target discovery by
linking genetic variations to disease. GWAS have identified several reproducible genetic
loci associated with HF, including ABO, PSRC1, LPA, and BAG3 [12], which, when further
evaluated with transcriptomic and proteomics analysis, can identify promising avenues for
target discovery.

Multi-Omics Approaches for Therapeutic Target Identification

Human genetics-based evidence increases the likelihood of success for drug mech-
anisms by 2.6 times compared to those lacking human genetics support [13]. In fact,
two-thirds (33 out of 50) of the drugs approved by the US Food and Drug Administra-
tion (FDA) in 2021 were found to have primary targets supported by human genetics
evidence [14]. Complex diseases like HF are partly driven by many common genetic vari-
ants, each contributing a modest individual effect on the phenotype. To map the genetic
architecture of HF, GWAS [12,15,16] have scanned millions of common variants to identify
those with higher frequencies in HF patients compared to individuals without HF. These
studies leverage large-scale biobanks that link patient data to genotype information, such as
the Veterans Affairs (VA) Million Veteran Program (MVP) [17], one of the largest US-based
biobanks, which enhances discovery power in GWAS.

A large-scale GWAS on heart failure meta-analyzed data from 90,653 cases and
1,188,957 control individuals from the MVP and the Heart Failure Molecular Epidemi-
ology for Therapeutic Targets (HERMES) Consortium [12]. The study identified 39 variants
with genome-wide significant signals, 18 of which were novel [12]. The association of these
significant variants with known HF risk factors and cardiac metrics further strengthens
the evidence for their relevance as potential therapeutic targets. Notably, five variants
were additionally associated with multiple HF risk factors, including rs9352691/PHIP,
rs12992672/TMEM18, rs4755720/HSD17B12, rs233806/BANK1, and rs959388/PRKD1 [12].
Among these, rs4755720/HSD17B12 was additionally associated with left ventricular end-
diastolic volume indexed to body surface area [12]. These findings underscore the potential
of GWAS to identify novel genetic variants and molecular pathways that could serve as
therapeutic targets.

In MVP studies on HF [12,18,19], HF phenotyping is curated using consensus defi-
nitions [20], leveraging International Classification of Diseases (ICD)-9 or 10 codes, and
confirming with echocardiograms conducted within 6 months of diagnosis. Additionally,
left ventricular ejection fraction values are assessed from various clinical sources, including
nuclear medicine reports, cardiac catheterization reports, history and physical examination
notes, progress notes, discharge summary notes, and other cardiology notes [12,18,19]. A
comprehensive definition of HF ensures robust phenotyping, enhances the reproducibility
of findings, and supports the identification of more reliable therapeutic targets. Recent
GWAS studies in HF [12,15,16] have primarily used HF incidence as the defining phenotype,
which is useful for identifying potential targets for primary prevention. However, exploring
alternative phenotype definitions could offer deeper insights into the complexity of the
condition. Expanding these analyses to include subsequent events would enhance our
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understanding of HF progression, helping to identify new targets and prioritize therapeutic
interventions for the progression of HF.

Another MVP study investigated the genetic architecture of the two main HF
subtypes—HFrEF and HFpEF—to better understand their distinct pathobiology [18]. Using
a study population of 19,589 cases with HFpEF, 19,495 cases with HFrEF, and 258,943 control
individuals from the MVP cohort, the study identified 13 GWAS loci associated with HFrEF
and one locus (FTO) associated with HFpEF [18]. Several of the loci were additionally
associated with HF risk factors, including PHACTR1, LPA, and CDKN2B-AS with coronary
artery disease; FTO with body mass index, type 2 diabetes, and high-density lipoprotein
(HDL) cholesterol; and BAG3 with diastolic blood pressure, further supporting their role in
HF [18].

Post-GWAS, functional validation using statistical approaches such as Mendelian
randomization [21,22] and colocalization [23,24] can help to identify the likely causal
variant and the actual causal gene associated with an outcome. This supports the idea
that the identified GWAS loci are not only associated with disease risk but also serve as
actionable therapeutic targets. For example, using protein quantitative trait loci (pQTLs)
from a genome–proteome-wide association study measuring the association between
genetic variants and plasma abundances of 4775 distinct protein targets, a study identified
10 putatively causal proteins in HF [12]. Of these, four druggable genes (MAPK3, PRKD1,
CAMK2D, and PRKD3) encode proteins with serine/threonine kinase activity. Preclinical
data validated one of these findings; a calcium/calmodulin-dependent protein kinase II
(CAMK2) inhibitor administered in transgenic mice carrying a mutation responsible for
dilated cardiomyopathy significantly improved cardiac function [25]. This oral inhibitor
provides an opportunity to evaluate the causal role of CAMK2 in clinical trials aimed at
preventing HF. Additional druggable genes identified were APOC3, TNFSF12, and NAE1.
AKCEA-APO-CIII-LRX is a ligand-conjugated antisense drug comprising an antisense
oligonucleotide to apolipoprotein C-III (APOC3 mRNA) that is liver-specific and may be
suitable for long-term use [26].

A subsequent analysis using expression quantitative trait loci (eQTLs) and pQTLs iden-
tified causal genes for both HFrEF and HFpEF using Mendelian randomization [19]. Among
the druggable genes identified from this analysis amenable for repurposing strategies, IL6R,
ADM, and EDNRA emerged as potential targets for HFrEF, and LPA was identified as a
potential target for both subtypes [19]. The findings, which include well-known HF genes
involved in cardiac function as well as newly discovered HF variants influencing inflam-
mation, fibrosis, and metabolic dysregulation, highlight the importance of human genetic
studies in identifying novel therapeutic targets [19,27]. For example, LPA is a target of sev-
eral liver-targeted RNA-based therapies in development for cardiovascular disorders [28],
and this study replicated the association between LPA and HFrEF and demonstrated a
suggestive association with HFpEF [19]. The study also rediscovered genes encoding
targets for HF-approved drugs, including ADRB1 for beta-blockers, SCNN1A for diuretics,
NR3C2 for mineralocorticoid receptor antagonists, CACNA1D for calcium channel blockers,
and SLC5A2 for SGLT2 inhibitors [19]. The study provides comprehensive therapeutic
target profiles for initiating new validation programs in preclinical models.

Proteins are the primary targets of almost all drugs, and cataloguing their activities and
function is of great value for drug discovery efforts [29]. Further, many proteins perform
context-dependent, pleiotropic functions [30], which makes comprehensive evaluation of
their forms and functions crucial for designing targeted therapies. Mass spectrometry-
based proteomics have advanced from simply cataloguing proteins to enabling in-depth
analysis of protein properties, functional modalities, protein interactions, signaling dy-
namics, and post-translational modifications on a proteome-wide scale [31]. For instance,
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network analysis was used to analyze the mass spectrometry-based plasma proteomics
data of 50 patients with heart failure from the BIOSTAT-CHF (Systems BIOlogy Study to
TAilored Treatment in Chronic Heart Failure) Study, revealing that glutathione, arginine
and proline, and pyruvate pathways were activated in patients with HF who died or were
re-hospitalized, suggesting these as potential therapeutic targets [32]. BIOSTAT-CHF is a
large multicenter initiative that has gathered extensive omics data—including genomics,
proteomics, transcriptomics, and biomarkers—with the goal of deepening our understand-
ing of HF’s pathophysiology and facilitating the development of targeted therapeutic
strategies [33]. The study also highlights the role of glutathione, which has been shown to
be depleted by 54% in the left ventricle of failing human hearts. Furthermore, treatment
with the glutathione precursor N-acetylcysteine normalized these levels in the left ventricle
of rats with chronic HF, improving left ventricular contractile function [34]. This finding
underscores the importance of proteomic markers in understanding disease mechanisms
and identifying new treatment modalities.

Deriving biological data using mass spectrometry-based platforms, however, is limited
by the number of samples that can be processed [35]. While mass spectrometry offers
advantages due to its ability to perform shotgun proteomics, aptamer-based proteomic
arrays allow for systematic profiling of the plasma proteome and enable inductive discovery
without prior hypotheses, thus reducing the risk of type 1 statistical error [36]. However,
a challenge of the aptamer-based approaches is their limited ability to detect protein
modifications, which are crucial in conditions like HF, where biomarker signaling often
depends on post-translational protein modifications.

For example, aptamer-based proteomics has been used to measure the concentrations
of 1305 proteins across patient groups at different stages of heart failure [37]. In patients
with established heart failure, classical markers such as N-terminal pro-B-type natriuretic
peptide (NT-proBNP), C-reactive protein, and troponin T were identified, while 421 proteins
were found to be associated with prevalent heart failure [37]. Interestingly, among patients
who experienced rapid improvement in cardiac function, 12 of 16 proteins associated
with incident HF reverted to levels resembling those of healthy controls, identifying new
biomarkers that can be used in the clinical management of patients [37]. In the Framingham
Heart Study, aptamer-based proteomic arrays were used to assay 1305 plasma protein levels
that were then associated with echocardiographic traits and incident HF [38]. The approach
identified three proteins associated with higher HF risk (NT-proBNP, TSP2, MBL) and
three proteins associated with lower risk (ErbB1, GDF-8/11, RGMC), highlighting putative
biological pathways and protein biomarkers that may be useful for HF risk prevention [38].

Proximity extension assay, a technique that uses pairs of oligonucleotide-labeled anti-
bodies to bind to target antigens, was used to analyze plasma samples in an investigation
of three population-based cohorts, revealing several proteomic biomarkers associated
with left ventricular hypertrophy, diastolic dysfunction, and incident HF [39]. The study
found that NT-proBNP was associated with prevalent left ventricular hypertrophy and
diastolic dysfunction. Additionally, increased plasma concentrations of suppression of
tumorigenicity-2 (ST2), growth differentiation factor 15 (GDF-15), galectin-4 (Gal-4), and
NT-proBNP were associated with incident HF but not consistently with left ventricular
hypertrophy or diastolic dysfunction [39]. These findings suggest the involvement of alter-
native pathways leading to HF and highlight potential therapeutic targets [39]. NT-proBNP
and GDF-15 were also identified as having the strongest prognostic value for new-onset
HF in a recent study from the UK Biobank, which assessed the association of clinical and
proteomic risk profiles for new-onset HF [40]. The study also identified insulin-like growth
factor-binding protein 4 (IGFBP4), previously associated with all-cause mortality in patients
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with acute HF, and WAP four-disulfide core domain protein 2 (WFDC2), which has been
strongly associated with HF severity [40].

In addition to genomics and proteomics, transcriptomic profiling has been used to
explore the role of gene expression in biological function and identify therapeutics and dys-
regulated pathways contributing to heart failure susceptibility. For example, transcriptome
analysis of 944 patients with chronic heart failure from the BIOSTAT-CHF study identified
1153 genes (6.5%) that were differentially expressed between survivors and non-survivors,
with 557 genes up-regulated and 596 down-regulated [41]. Among these findings, an
altered T-cell molecular profile was a key feature in non-survivors [41]. For example, T-cell
receptor (TCR) signaling molecules CD3 gamma and epsilon, along with genes encod-
ing their protein adaptors and the CD28 co-stimulatory signals, were down-regulated
in non-survivors [41]. The study suggests that these mortality-associated transcripts can
potentially be reversed in vitro by drugs, with further analysis pointing to fibroblast growth
factor 23 (FGF23) and soluble suppression of tumorigenesis-2 (sST2) as promising thera-
peutic targets [41]. Specifically, antagonizing FGF23, linked to increased left ventricular
mass [42] and incident heart failure [43] as well as left ventricular systolic dysfunction [44]
and down-regulating sST2 expression, or its interaction with IL-33 receptors could offer
new avenues for treatment [41]. Transcriptome signatures offer a promising strategy for
identifying potential therapeutics and pathways that modulate disease processes in ex-
perimental models. For instance, in a mouse model of diet-induced dyslipidemia and
atherosclerosis, drug treatments that restored gene expression patterns to normal levels
were associated with favorable physiological outcomes [45], further supporting the role of
transcriptomic data for drug repurposing and discovery.

Metabolomic profiling uncovers the underlying pathophysiological processes related
to energy homeostasis and metabolism, which are important for HF target discovery due to
the heart’s high metabolic demand. In the HF-ACTION (Heart Failure: A Controlled Trial
Investigating Outcomes of Exercise Training) clinical trial, which focused on chronic systolic
HF patients, metabolomic profiles were associated with adverse outcomes and assessed
for changes in response to treatment for end-stage systolic HF [46]. The study identified
a metabolite factor predominantly composed of long-chain acylcarnitines, which were
independently associated with a lower peak V02 and both primary and secondary clinical
endpoints [46]. Notably, these metabolite levels decreased with circulatory support, which
suggests that mitochondrial-based therapeutics may offer promising treatment options
for systolic HF [46]. These findings highlight the potential of metabolomics approaches in
identifying novel treatment strategies for HF.

Integrating multiple layers of omics data provides a comprehensive approach to tar-
get discovery and enables a deeper understanding of HF pathophysiology. In a recent
study, successive prioritization of omics layers—proteome, phenome, and myocardial
transcriptome at single-nucleus resolution—was used to identify potential HF targets. The
study, which included over 50,000 individuals from Coronary Artery Risk Development in
Young Adults (CARDIA), Framingham Heart Study, and UK Biobank, identified circulating
proteomic signatures and echocardiographic pathophenotypes associated with HF [47].
By focusing on structural and functional associations with the proteome, the study priori-
tized genes historically implicated in hypertrophy (e.g., IL1RAP, IL1R1, ADAM23, DKK3)
and fibrosis signaling (e.g., IGFBP4, MMP2, SERPINE1, POSTN), identifying potential
therapeutic strategies that merit further investigation [47].

3. Multi-Omics Approaches in Preclinical Studies for Heart Failure
Preclinical drug discovery typically takes 5.5 years and accounts for one-third of

the cost of drug development [48]. This stage involves evaluating the mechanism of
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action (MoA) and the safety of potential therapeutic interventions. For example, tran-
scriptomics can identify changes in gene expression that may signal drug-induced toxicity,
such as altered mRNA expression profiles associated with adverse cardiac effects [49].
Metabolomics can detect subtle metabolite changes prior to toxic events, helping to identify
early biomarkers of toxicity [49]. Proteomics, particularly through mass spectrometry, can
reveal changes in protein expression and post-translational modifications in response to
drug exposure [50]. For instance, proteomics can detect alterations in liver-specific proteins,
such as those involved in metabolism and detoxification processes, which are key indica-
tors of hepatotoxicity and important in HF drug discovery. These protein biomarkers can
identify early signs of liver damage, such as oxidative stress [50]. This section discusses
several applications of multi-omics in preclinical HF studies.

3.1. Evaluating Drug Mechanism of Action

Multi-omics approaches can reveal how a drug modulates molecular pathways in HF,
revealing its on-target effects as well as potential off-target consequences.

As an example of a metabolomics approach, in the DEFINE-HF (Dapagliflozin Ef-
fects on Biomarkers, Symptoms and Functional Status in Patients With HF With Reduced
Ejection Fraction) trial, which studied the sodium–glucose cotransporter 2 (SGLT2) in-
hibitor dapagliflozin in HFrEF, mass spectrometry profiling of 63 plasma metabolites at
baseline and after 12 weeks showed increased ketone-related and short-chain acylcarni-
tine and medium-chain acylcarnitine metabolite clusters defined by principal component
analysis [51]. These metabolic shifts suggest that SGLT2 inhibitors may induce metabolic
reprogramming and enhance mitochondrial function [51]. In non-diabetic rats with left
ventricular dysfunction after myocardial infarction, the effect of SGLT2 inhibition with
empagliflozin resulted in metabolic changes associated with an increase in cardiac ATP
production, including diminished interstitial fibrosis, reduced myocardial oxidative stress,
reduced mitochondrial DNA damage, and increased circulating ketone levels [52].

As an example of an epigenetic approach for evaluating drug mechanism of action,
one study demonstrated that empagliflozin may prevent hyperglycemia-induced demethy-
lation changes in human ventricular cardiac myoblasts [53]. SGLT2 gene silencing experi-
ments further suggested that blocking SGLT2 might reduce DNA demethylation, pointing
to a potential new mechanism of action in which SGLT2 can exert cardio-beneficial and
anti-inflammatory effects [53].

3.2. Assessing Drug Safety in Preclinical Models

Adverse drug events pose a challenge to treatment efficacy and are a frequent reason
for poor drug compliance [54]. The early detection of potential drug-related risks is crucial
for improving the safety profile of new therapies. Multi-omics technologies, including
whole genome sequencing and transcriptomic profiling, can predict adverse reactions by
identifying omics profiles that may predispose individuals to toxicity. For example, a study
investigated the use of drug-induced gene expression profiles for uncovering mechanisms
of cardiotoxicity in tyrosine kinase inhibitors [55]. The analysis used transcriptomic data
from human induced pluripotent stem cell-derived cardiomyocytes to identify drug-specific
gene expression patterns for 54 drugs [55]. The study found that cardiotoxic tyrosine kinase
inhibitors affect cellular pathways related to energy metabolism and contractility; inte-
grating the mRNA expression data with genomic, pathway, and single-cell transcriptomic
datasets resulted in the identification of signatures for drug cardiotoxicity [55]. The study
demonstrates that multi-omics can generate reliable pathway signatures and serves as a
hypothesis generator for identifying drug-induced adverse events [55].
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In another study, patient-specific human induced pluripotent stem cell-derived car-
diomyocytes were used to screen 21 FDA-approved tyrosine kinase inhibitors (TKIs) for
cardiotoxicity [56]. By integrating measurements of cardiomyocyte viability, contractility,
electrophysiology, calcium handling, and signaling, a ‘cardiac safety index’ was used to
assess the cardiotoxicity of existing TKIs [56]. The study found that three out of the four
TKIs with the lowest safety indices were VEGFR2/PDGFR-inhibiting TKIs, known to cause
cardiovascular toxicities such as hypertension, QT prolongation, and heart failure [56].
Similarly, transcriptomic profiling of human primary cardiomyocyte-like cell lines was
used to predict the cardiotoxicity of 26 FDA-approved kinase inhibitors [57]. This approach
demonstrated how comparing transcriptomic responses with clinical cardiotoxicity risk
scores can help identify genes predictive of kinase inhibitor-associated cardiotoxicity, aiding
in drug development by ranking the relative risks of novel inhibitors [57]. In another recent
study, a multi-omics approach integrating toxicoproteomics and toxicometabolomics data
identified key metabolic and biochemical pathways—particularly those related to energy
metabolism and in the glutathione system—associated with thiazolidinedione-induced
cardiotoxicity [58]. This analysis provides new insights into the pathways involved in
drug-induced HF and suggests strategies to improve the safety profile of thiazolidinedione
agents [58].

4. Multi-Omics Approaches in Clinical Trials for Heart Failure
Clinical trials are the cornerstone of drug development, bridging the gap between

preclinical findings and patient-based outcomes. Traditional clinical-trial methodologies
often struggle to account for the heterogeneity of heart failure, complicating the identifi-
cation of effective treatments for diverse patient populations [59]. Clinical trials designed
for primary HF prevention focus on identifying early interventions that can reduce the
risk of developing HF in at-risk populations, while secondary prevention trials aim to
modify disease progression and reduce the risk of adverse outcomes in individuals already
diagnosed with HF. These distinct trial goals influence the types of biomarkers and omics
technologies that are most relevant—such as early-stage prognostic markers in primary
prevention versus disease-modifying biomarkers in secondary prevention. Multi-omics
approaches can enhance the design and interpretation of both types of trials by providing
more comprehensive insights into the underlying molecular mechanisms and therapeutic
targets. These approaches can offer new avenues for predicting patient response to therapy,
personalizing treatment plans based on a patient’s unique omics profile, and aiding in
biomarker discovery [60]. For example, genomics data can enhance patient stratification
in clinical trials by identifying genetic variants that influence disease risk and treatment
response, enabling the classification of patients into subgroups that are more likely to
benefit from a specific therapeutic strategy. Polygenic risk scores derived from genetic
data have shown potential in identifying subsets of HF patients who respond favorably to
treatments like beta-blockers, thus improving clinical trial outcomes. This section explores
the applications of multi-omics in HF clinical trials, including improving patient selection,
monitoring treatment responses, tracking disease progression, and identifying potential
surrogate endpoints.

4.1. Enhancing Patient Stratification

HF clinical trials face the challenge of patient population heterogeneity, with clinical
presentations and outcomes shaped by a wide range of cardiac and non-cardiac comorbidi-
ties [61,62]. This complexity challenges efforts to predict treatment responses. Traditional
clinical approaches commonly use a “one-size-fits-all” strategy, applying the same ther-
apies to all patients based on limited clinical data [63]. A study evaluating the efficacy
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of emerging HF therapies (sacubitril/valsartan, dapagliflozin, empagaliflozin, vericiguat,
or omecamtiv mercabil) in distinct subgroups of HFrEF patients found that the clinical
benefits of each drug are tailored to specific patient groups [64]. For instance, dapagliflozin,
empagliflozin, and sacubitril/valsartan were more effective than vericiguat and omecamtiv
mercabil in reducing the primary outcome of CVD and HF hospitalization in patients over
65 years old, with dapagliflozin showing the highest efficacy [64]. The study also revealed
that SGLT2 inhibitors empagliflozin and dapagliflozin significantly reduced the primary
outcome in patients with diabetes, while all three therapies—dapagliflozin, empagliflozin,
and omecamtiv mercabil—reduced the primary outcome in patients with ischemic HFrEF,
with dapagliflozin demonstrating the largest reduction in primary endpoint [64]. Addition-
ally, dapagliflozin followed by sacubitril/valsartan and vericiguat, compared to the other
therapies, showed the largest reduction in primary outcome in patients with HFrEF and
chronic kidney disease (eGFR < 60 mL/min), which is particularly noteworthy given that
HF therapies may potentially have detrimental effects on renal function [64]. Therefore,
tailoring drug therapies to specific patient populations in clinical trials and in real-world
settings can optimize treatment outcomes.

The 2019 FDA guidance emphasizes the utility of biomarkers for enrolling heart failure
(HF) patients at higher risk of adverse events, stratifying them based on their predicted
prognosis, and facilitating early-stage proof-of-concept and dose-selection studies [65].
Multi-omics enables more precise stratification by grouping individuals based on molecular
profiles rather than clinical features [66]. This refinement can improve clinical trial success
by allowing for more targeted therapies, which may offer better translation into clinical
practice, addressing both the heterogeneity of HF and the limitations of current trial
designs. A notable example is the GENETIC-AF trial (Genotype-Directed Comparative
Effectiveness Trial of Bucindolol and Toprol-XL for the Prevention of Symptomatic Atrial
Fibrillation/Atrial Flutter in Patients with Heart Failure), which compared the efficacy
of bucindolol and metoprolol succinate in maintaining sinus rhythm in HFrEF patients
with the ADRB1 Arg389Arg genotype [67]. GENETIC-AF is an example of a randomized
controlled trial that incorporated an adaptive trial design, which used data accumulated
during the trial to change the study features. The study demonstrated that genomic
phenotyping could identify a proportion of HF patients who exhibit a differential drug
response in preventing atrial fibrillation, showcasing how genomic information can be
used to guide clinical trial design by identifying patient subgroups who would respond
better to a particular drug [67].

Biomarker testing has become a crucial component in the assessment and management
of heart failure (HF), with several markers having been explored over time. Among
these, natriuretic proteins, including B-type natriuretic protein (BNP) and its precursor
N-terminal pro-B-type natriuretic peptide [NT-proBNP], remain the gold standard for
clinical HF assessment. BNP and NT-proBNP are extensively used as inclusion criteria in
early-phase HF clinical trials [68–71] to ensure appropriate patient selection and enhance
event rates [72]. A clinicaltrials.gov database analysis identified 3446 HF trials, of which 365
(10.6%) used BNP or NT-proBNP as inclusion criteria (and 43% of the 365 used both) [68].
In the PARAGON-HF trial, the 193 patients (4.0%) who did not meet the final natriuretic
peptide-based inclusion criteria (NT-proBNP > 300 ng/L for patients in sinus rhythm or
>900 ng/L for those in atrial fibrillation/flutter) showed a lower rate of HF hospitalizations
and cardiovascular death compared to those who did meet the criteria [73].

Recent updates to clinical guidelines also highlight the growing role of proteins such as
troponin, soluble (s)ST2, and galactin-3 in HF pathogenesis [74]. These protein biomarkers
enhance patient stratification by predicting disease trajectories and identifying higher-risk
patients, which can reduce type II errors in underpowered studies [75,76].
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In addition to proteomics, genomics can assist in patient stratification by identifying
genetic variations that influence disease risk and treatment response, allowing for the
classification of patients into subgroups that are most likely to benefit from a specific
therapeutic intervention. For example, a polygenic risk score derived using data from
1436 patients with HFrEF distinguished patients who derived substantial survival benefits
from beta-blocker treatment from those who did not [77]. If validated in clinical trials, this
genetic profile could help identify the subset of HFrEF patients most likely to benefit from
beta-blocker therapy, sparing a portion of patients from unnecessary treatment [77].

Multi-omics can enhance clinical trial design by allowing patient stratification based
on not only clinical characteristics but also their molecular profiles. By integrating omics
data, clinical trials can pinpoint subgroups that are more likely to respond positively to a
therapy based on their unique molecular makeup. This approach improves trial design
by refining trial inclusion and exclusion criteria, enabling more targeted enrollment, and
reducing heterogeneity that may obscure treatment effects. In practical terms, this could
lead to smaller, more efficient trials by focusing on patient populations that are most likely
to benefit from the therapeutic.

4.2. Monitoring Treatment Response and Disease Progression

Omics can identify molecular signatures associated with therapeutic benefit or disease
progression, facilitating earlier and more accurate adjustments to therapeutic interventions.
Circulating microRNAs (miRNAs), which are small noncoding RNA molecules that reg-
ulate gene expression and play a critical role in cardiac remodeling—including myocyte
hypertrophy, excitation–contraction coupling in the cardiomyocyte, increased myocyte loss,
and myocardial fibrosis—have gained attention as potential novel biomarkers in HF for
monitoring response to therapy [78]. For example, it has been shown that Myh7b/miR-499
expression and miR-423-5p plasma levels were reduced in response to oligonucleotide-
based therapies, resulting in improved cardiac function [79]. Such biomarkers may offer an
early indication of therapeutic efficacy, helping to guide clinical decisions in real time.

The study also revealed the role of several differentially expressed proteins involved
in arginine and proline metabolism, including 4-trimethylaminobutyraldehyde dehydro-
genase (ALDH9A1), prolyl 4-hydroxylase subunit alpha-1 (P4HA1) and SRM [34]. In a
previous study on patients with HF, L-arginine decreased heart rate, mean systemic arte-
rial pressure, and systemic vascular resistance and increased right atrial pressure, cardiac
output, and stroke volume, which suggests that L-arginine improves cardiac performance
by acting on systemic vascular resistance [80]. The proteins ALDH9A1, dihydrolipoyl
dehydrogenase mitochondrial (DLD), and GLO1 were also identified, all of which play
a role in pyruvate metabolism dysregulation [34]. It has previously been demonstrated
that delivering intracoronary pyruvate into the left main coronary artery of patients with
congestive HF resulted in an increase in cardiac index and stroke volume index and a
decrease in pulmonary capillary wedge pressure and heart rate [81].

Another study utilized a multi-omics approach, integrating genetic, transcriptomic,
and proteomic data to identify key pathways associated with HF progression leading
to mortality [82]. Using machine learning techniques based on gradient boosting and
stacked regularization, the study analyzed multi-omics data from 2516 HF patients [82].
The study revealed four key pathways associated with HF progression: PI3K/Akt, MAPK,
Ras signaling pathway, and epidermal growth factor receptor tyrosine kinase inhibitor
resistance [82]. Notably, these pathways are known to be strongly related to each other.
Further, disruption of ERBB family receptors impairs downstream signaling to the Ras–ERK
and PI3K/Akt pathways, which suggests that neuregulins, which stimulate ERBB receptors
tyrosine kinases, may be a beneficial therapeutic strategy [83].
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The platelet proteome is another resource for identifying proteins involved in HF
progression, as platelets both contribute to and respond to inflammatory processes [83]. A
study comparing platelet proteomes from hospitalized and outpatient HFpEF patients and
validated with iPSC-derived cardiomyocytes revealed elevated levels of serum amyloid
A (SAA), lipopolysaccharide binding protein, apolipoprotein A1, and S100A8—proteins
known to be involved in inflammatory pathways—contributing to HF progression [84].

In another study, higher levels of proteomics-based soluble urokinase plasminogen
activator receptor were significantly associated with the risk of incident all-cause, ischemic,
and nonischemic HF risk, independent of NT-proBNP levels, CRP levels, and demographic
and risk factor characteristics, which suggests that these levels may be valuable prognostic
information [85].

Interindividual variability in drug response is influenced by a range of factors, with
genetics playing a key role in modifying the activity or availability of drug-metabolizing en-
zymes, receptors, channels, or other proteins that play a role in pharmacokinetics and phar-
macodynamics [86]. Pharmacogenomics can optimize treatment monitoring by refining
drug regimens and predicting how patients will metabolize or respond to specific therapies.
Interindividual variation has been demonstrated in response to beta-blocker therapy [87],
which has been a cornerstone of HF treatment for over 20 years, and was demonstrated
to be efficacious in the landmark clinical trials COPERNICUS (Carvedilol) [88], MERIT-
HF (Metoprolol) [89], and CIBIS-II (Bisoprolol) [90]. Genetic variation in the adrenergic
receptors β1-AR (ADRB1), β2-AR (ADRB2), and α2C AR (ADRA2C) [91] may explain the
variability in pharmacologic response to beta-blocker therapy.

4.3. Accelerating Drug Development Through Early Endpoint Detection

Omic markers can identify potential surrogate endpoints in HF clinical trials that can
be reached more quickly than composite endpoints, enabling shortened follow-up periods
and trial duration and, thus, a lower overall cost of trials [92]. However, therapies have
a multitude of effects beyond the surrogate endpoint, which can result in neutral phase
III trials followed by successful phase II trials with a surrogate endpoint; the complexity
of the relationship between intermediate markers and long-term clinical outcomes makes
identifying reliable surrogate endpoints challenging [93].

Although there are no universally accepted surrogate endpoints for HF phase II trials, NT-
proBNP is commonly used as a marker [94], despite challenges in its reliability and predictive
ability [95]. For example, an analysis of 16 phase III chronic HF trials found that therapy-
related changes in natriuretic peptides were modestly correlated with HF hospitalizations
but not with all-cause mortality [96]. The phase III ASTRONAUT (Aliskiren Trial on Acute
Heart Failure Outcomes) trial demonstrated that aliskiren reduced NT-proBNP levels over
12 months of follow-up but had no impact on mortality or hospitalization endpoints [97].
Moreover, the effectiveness of NT-proBNP as a surrogate endpoint may be complicated by
patient comorbidities, as demonstrated in the ASTRONAUT trial, where the ability of aliskiren
to lower NT-proBNP varied based on the presence of atrial fibrillation and flutter [98].

The need for novel biomarkers beyond NT-proBNP is critical for developing reliable
surrogate endpoints and guiding therapeutic strategies. Surrogate endpoints are partic-
ularly valuable in early-phase clinical trials, as they reduce sample size requirements,
minimizing exposure to potentially ineffective or even harmful interventions. Furthermore,
these endpoints provide crucial mechanistic insights into the effects of therapeutic inter-
ventions. In the BIOSTAT-CHF cohort, a study of 1040 patients with HFrEF explored the
relationships between changes in the plasma concentrations of 30 biomarkers and subse-
quent morbidity and mortality, assessing their potential as surrogate endpoints in phase
II HFrEF trials [99]. Notably, changes in NT-proBNP and the four-disulfide core domain
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protein HE4 (WAP-4C) were independently associated with reduced hospitalization and
mortality risk, with NT-proBNP emerging as the strongest predictor [99]. However, there
are limitations to using NT-proBNP, as it may not accurately reflect treatment efficacy.
For example, in the PARADIGM-HF trial, which evaluated the effects of the angiotensin
receptor–neprilysin inhibitor (ARNI) sacubitril/valsartan in patients with HFrEF, NT-
proBNP levels increased in patients receiving the therapy, despite significant reductions in
HF hospitalizations and mortality [100]. This discrepancy suggests that NT-proBNP’s role
as a reliable indicator of treatment response could be more nuanced, complicating its utility
as a surrogate endpoint in HF clinical trials.

Troponin levels are associated with poor prognosis in patients with acute decompen-
sated HF, with elevated levels indicative of disease severity; as a result, troponin has been
explored for its prognostic value in trials [101]. In the RELAX-AHF trial for serelaxin,
baseline, peak, and peak change in high-sensitivity troponin T were associated with poor
patient outcomes [102], and in a post hoc analysis, patients with baseline levels below the
99th percentile were at significantly reduced risk for cardiovascular death through day
180 [103]. Similar results were shown in the PARADIGM-HF trial for chronic HF, where pa-
tients receiving the angiotensin–neprilysin inhibitor LCZ696 exhibited consistently reduced
levels of NT-proBNP and troponin [100].

The increasing frequency of positive phase II trial results followed by negative phase
III trial outcomes suggests that the traditional approach of using surrogate endpoints to
predict phase III success in HF trials may need to be refined. A more tailored strategy
focusing on drug–patient interactions and mechanistic insights may be key for better
predicting phase III treatment responses and improving the design of HF clinical trials [95].
Unbiased omics methodologies can help uncover biomarkers with responses that closely
align with the drug’s biological effects being studied [104].

5. Current Limitations and Future Perspectives
5.1. Translational Challenges in Advancing Omics from Bench to Bedside

Evaluation of the applicability of omics-based biomarkers for clinical practice or use in
clinical trials requires careful consideration of the supporting evidence for their analytical
and clinical validity, as well as addressing key challenges related to regulatory issues, data
privacy, data standardization, and financial concerns. The primary barrier to translating
omics-based biomarkers to routine clinical practice is ensuring their rigorous clinical
validation. Large multicenter clinical trials are necessary to confirm the clinical utility
of these biomarkers across diverse patient populations. Additionally, the development
of more affordable omics platforms and faster processing methods will assist in scaling
omics-based biomarkers for routine clinical use.

Several challenges exist in incorporating multi-omics into clinical trials, including
issues in data standardization, data privacy, regulatory approval, and financial considera-
tions. Variations in sample collection, processing, and analysis can challenge the reliability
and reproducibility of omics findings. To address this, the establishment of internationally
recognized laboratory standards and standardized operating procedures for data collection
and processing can help to ensure the more effective integration of omics biomarkers into
clinical trials and clinical practice. Furthermore, health data generated by omics technolo-
gies must be securely stored in compliance with relevant privacy laws and regulations to
protect patient confidentiality. As omics technologies continue to evolve, regulatory bodies
have yet to establish comprehensive guidelines for the approval of omics-based biomark-
ers. Clear regulatory pathways are necessary to facilitate the integration of omics-based
biomarkers into clinical trials.
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Finally, financial considerations are significant, including the high costs associated with
generating omics data, performing analysis, and maintaining the necessary infrastructure
for data security and handling. Addressing technological, regulatory, financial, and privacy
barriers will be key in unlocking the full potential of omics-based biomarkers in both
clinical practice and clinical trials.

5.2. Future Perspectives

As the field of multi-omics continues to evolve, future advancements in HF drug
discovery are likely to be driven by improvements in HF phenotyping, machine learning
methods, and data integration.

First, the phenotyping of HF in omics studies should be grounded in robust clinical
knowledge and incorporate deep, comprehensive phenotyping. To ensure both the repro-
ducibility and clinical relevance of findings, it is essential to standardize and harmonize
HF phenotyping across studies.

Second, advanced computational tools and artificial intelligence (AI) and machine
learning (ML) algorithms will play a critical role in identifying patterns across vast omics
datasets, integrating demographic information with genomic, transcriptomic, proteomic,
metabolomic, and epigenomic data. By uncovering hidden relationships between molecu-
lar profiles and clinical outcomes, ML models can help identify potential biomarkers and
therapeutic targets, thus improving our ability to predict therapeutic responses based on a
patient’s unique molecular signature and moving us toward more personalized approaches
to treatment. One promising application of AI/ML approaches to multi-omics data is
identifying patient heterogeneity, moving beyond the traditional approach of focusing
solely on the most prevalent HF phenotypes or omics-based biomarker in a heterogeneous
HF population. AI/ML methods can help uncover distinct molecular phenotypes, facil-
itating the tailoring of therapeutics to specific patient subclusters. In addition, AI/ML
approaches can help predict the toxicity profiles of new compounds and aid in the design
of more efficient clinical trials by identifying optimal dosing regimens, patient cohorts, and
surrogate endpoints, thus accelerating the time to market for new therapies.

Finally, to increase the likelihood of identifying targets with high potential, it is
essential to integrate multiple layers of omics data. While genomic studies alone can high-
light genetic risk factors, the combination of genomics with transcriptomics, proteomics,
metabolomics, and epigenomics, will provide a more holistic understanding of the molecu-
lar mechanisms driving HF. Multi-omics approaches can pinpoint the key genes, proteins,
and metabolic pathways that are most likely to be involved in the disease process, improv-
ing the probability that a target is both causal and druggable. By combining these omics
layers, we can create a more comprehensive map of the biological networks underlying HF,
which can accelerate the identification of novel, actionable therapeutic targets.
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