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Abstract

Heart failure with preserved ejection fraction (HFpEF) accounts for about half of heart
failure cases and is linked to aging, obesity, diabetes, and multimorbidity, yet disease-
modifying therapies remain limited. A major barrier is heterogeneity: HFpEF comprises
overlapping inflammatory, fibrotic, cardiometabolic, and hemodynamic/vascular endophe-
notypes embedded within systemic cardiorenal and cardiohepatic cross-talk, which con-
ventional metrics such as left ventricular ejection fraction (LVEF), natriuretic peptides
(NPs), and standard imaging capture incompletely. In this narrative review, we synthesize
clinical, mechanistic, and trial data to describe HFpEF endophenotypes and their multi-
organ interactions; critically appraise why traditional diagnostic and enrollment strategies
contributed to neutral outcomes in landmark trials; and survey emerging cardiovascular
multi-omics studies. We then outline an integrative systems-biology framework that applies
(i) within-layer analyses and cross-layer integration, (ii) network-based driver nomination
and biomarker discovery, and (iii) target nomination to link molecular programs with
circulating markers and candidate therapies. Finally, we discuss practical challenges in
implementing multi-omics HFpEF research and highlight future directions such as artificial
intelligence (AI)-enabled multi-omics integration, cross-organ profiling, and biomarker-
guided, endotype-enriched platform trials. Collectively, these advances position HFpEF as
a proving ground for precision cardiology, in which therapies are matched to molecularly
defined disease programs rather than ejection-fraction cutoffs alone.

Keywords: heart failure with preserved ejection fraction; heterogeneity; endophenotypes;
multi-omics; systems biology; precision cardiology; biomarkers; clinical trial design

1. Introduction
Heart failure (HF) is a complex syndrome in which the heart struggles to maintain

sufficient cardiac output to meet the body’s metabolic demands, leading to symptoms
such as dyspnea, fatigue, and fluid retention [1]. HF is divided into three major subtypes
based on left ventricular ejection fraction (LVEF): heart failure with reduced ejection frac-
tion (HFrEF; LVEF < 40%), heart failure with mildly reduced ejection fraction (HFmrEF;
40–49%), and heart failure with preserved ejection fraction (HFpEF; ≥50%) [2]. While
HFrEF primarily reflects impaired contractility, HFpEF arises from abnormalities in relax-
ation and increased ventricular stiffness despite mostly preserved contractile function [3,4].
Among these phenotypes, HFpEF has become increasingly prevalent—particularly in older
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adults and individuals with metabolic comorbidities such as obesity and diabetes—and
now represents one of the most pressing unmet needs in cardiovascular medicine [5,6].

In the United States, an estimated 6.7 million adults are living with HF, a number
projected to exceed 8.5 million by 2030 [7]. HFpEF currently accounts for approximately
half of all heart failure (HF) cases [8]. Patients with HFpEF experience substantial mor-
bidity, frequent hospitalizations, and high long-term mortality, approaching 50–75% at
five years—rates comparable to those observed in HFrEF [7,8]. The condition also poses
a major economic burden, with U.S. healthcare costs for HF estimated at $31 billion in
2012 and projected to rise to $70 billion by 2030, primarily due to hospitalization ex-
penses [9]. Despite this impact, effective therapies for HFpEF remain limited—standing in
stark contrast to HFrEF, for which multiple pharmacologic classes, including angiotensin-
converting enzyme (ACE) inhibitors/angiotensin receptor blockers (ARBs), angiotensin
receptor–neprilysin inhibitors (ARNIs), mineralocorticoid receptor antagonists (MRAs),
and beta-blockers, have demonstrated consistent survival benefits [10–12].

HFpEF presents considerable clinical and pathophysiological challenges, primarily
stemming from its heterogeneity. It is increasingly recognized not as a single disease but as
an umbrella syndrome encompassing diverse endophenotypes characterized by fibrosis,
inflammation, cardiometabolic dysfunction, atrial fibrillation, pulmonary hypertension,
anemia, and obesity [10,13,14]. Further complicating diagnosis and patient stratification
are inconsistencies in ejection fraction cutoff thresholds and diagnostic criteria, which lead
to variable trial populations [15].

Addressing these challenges necessitates a paradigm shift towards precision stratifi-
cation [16]. This approach focuses on identifying distinct endophenotypes, such as those
driven by fibrosis and inflammation, and understanding their association with comorbid
clusters like atrial fibrillation, pulmonary hypertension, obesity, and anemia [17]. Tradi-
tional biomarkers and imaging, while useful, often fall short in capturing this intricate
heterogeneity at a granular level [18].

In this context, the promise of multi-omics approaches and advanced translational
models offers a transformative path forward [19]. The integration of multi-omics data
has already revolutionized oncology, providing a powerful precedent [20]. A similar ap-
proach in HFpEF may unlock disease-modifying strategies where traditional methods have
failed. Multi-omics, including genomics, transcriptomics, proteomics, metabolomics, and
single-cell/spatial omics, provides unprecedented depth in characterizing disease mecha-
nisms [12]. Furthermore, systems-level insights—achieved by integrating multiple omics
layers and studying HFpEF as an interconnected biological system—move beyond isolated
technologies to provide a more comprehensive understanding of disease mechanisms, with
the promise of identifying key drivers and pathways in disease progression [21,22]. Com-
plementing these are organoid and ex vivo systems, extending beyond cardiac models to
include kidney and liver tissues, to reflect the systemic nature of HFpEF [23–26]. Together,
these approaches hold promise for biomarker-driven enrichment strategies, surrogate
endpoint development, and targeted drug discovery in HFpEF [12,27,28].

Ultimately, HFpEF is not merely a growing medical concern but serves as a critical
“stress test” for precision medicine in cardiology. With its rising prevalence in aging soci-
eties, HFpEF represents a looming public health crisis [29]. Success in applying multi-omics
and precision strategies to unravel the heterogeneity and target distinct disease mechanisms
in HFpEF could validate similar approaches across other complex cardiovascular diseases,
demonstrating the transformative potential of precision cardiology as a whole [19].
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2. The Challenge of Heterogeneity in HFpEF
Despite shared clinical features (impaired relaxation, elevated filling pressures, and

exercise intolerance), patients reach HFpEF through distinct biological routes (inflammatory,
metabolic, fibrotic, and vascular) [10,30,31].

2.1. Defining Endophenotypes in HFpEF

Recent work using clinical clustering, imaging, and omics data supports the idea that
HFpEF is composed of several endophenotypes—subgroups of patients who share similar
pathobiologic mechanisms despite having the same clinical diagnosis [14,17,32]. Across
classification schemes, four major categories commonly emerge: inflammatory, fibrotic,
cardiometabolic, and hemodynamic/vascular phenotypes [16,32] (Table 1).

Table 1. Major HFpEF Endophenotypes, Key Mechanisms, and Clinical Features.

Endophenotype Core Clinical, Mechanistic, and
Biomarker Features

Representative
Therapeutic Approaches

Inflammatory

Obesity, diabetes, hypertension, CKD;
cytokine-mediated endothelial activation;

NO–cGMP–PKG impairment; oxidative stress;
↑ IL-6, TNF-α, CRP; inflammatory pathways

on transcriptomics/proteomics

Anti-inflammatory approaches;
SGLT2i; RAAS modulation; weight

loss; CKD-directed therapies

Fibrotic/Increased
Myocardial

Stiffness/Remodeling

Elderly hypertensive women; LVH; TGF-β
activation; collagen deposition; altered titin
phosphorylation; ↑ PICP/PIIINP; galectin-3;

ECM activation signatures; ↑ T1/ECV on CMR

Anti-fibrotics; RAAS/ARNI in
selected patients; intensive

BP control

Cardiometabolic/Obese

Obesity, IR, dyslipidemia, NAFLD; lipotoxicity;
mitochondrial dysfunction; microvascular
rarefaction; altered acylcarnitines/BCAA

metabolism; low NP levels

SGLT2i; GLP-1RA; weight loss;
metabolic modulation

Hemodynamic/Vascular

Older age; long-standing HTN; arterial
stiffness; pulmonary hypertension; RV

dysfunction; abnormal ventricular–vascular
coupling; endothelin/vascular

remodeling signatures

Therapies targeting vascular
stiffness; pulmonary vasodilators in
select phenotypes; exercise training

Symbol: ↑ indicates increased/elevated levels. Abbreviations: BCAA, branched-chain amino acids; BP, blood
pressure; CKD, chronic kidney disease; CMR, cardiac magnetic resonance; CRP, C-reactive protein; cGMP, cyclic
guanosine monophosphate; ECM, extracellular matrix; ECV, extracellular volume; HTN, hypertension; IL-6,
interleukin-6; IR, insulin resistance; LVH, left ventricular hypertrophy; NAFLD, nonalcoholic fatty liver disease;
NO, nitric oxide; NP, natriuretic peptides; PICP, procollagen type I C-terminal propeptide; PIIINP, procollagen
type III N-terminal propeptide; PKG, protein kinase G; RAAS, renin–angiotensin–aldosterone system; RV, right
ventricular; SGLT2i, sodium–glucose cotransporter-2 inhibitor(s); T1, native T1; TGF-β, transforming growth
factor beta.

2.1.1. The Inflammatory Endophenotype

Inflammation plays a central role in many cases of HFpEF [33,34]. Patients with
obesity, diabetes, hypertension, and CKD often exhibit elevated inflammatory cytokines
(e.g., interleukin-6 (IL-6), tumor necrosis factor alpha (TNF-α), C-reactive protein (CRP)),
endothelial activation, impaired nitric oxide signaling, and oxidative stress that promote
ventricular stiffening [35–39].

Mechanistic support comes from myocardial studies showing increased cardiomyocyte
passive tension in HFpEF, implicating reduced phosphorylation of sarcomeric proteins such
as titin [40]. This aligns with the comorbidity-driven model in which systemic inflammation
blunts nitric oxide (NO)- cyclic guanosine monophosphate (cGMP)-protein kinase G (PKG)
signaling and titin phosphorylation, promoting cardiomyocyte stiffness [41].
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2.1.2. The Fibrotic Endophenotype

A second major pathway involves fibrosis, characterized by the excessive accumula-
tion of extracellular-matrix proteins such as collagen and fibronectin in the heart [42,43],
leading to increased ventricular stiffness and impaired relaxation [10,44]. Mechanistically,
transforming growth factor-β signaling alters myocardial matrix composition, while re-
duced titin phosphorylation increases cardiomyocyte stiffness independent of fibrosis
burden [12,45–48].

Human biopsy studies from Javier Díez and colleagues have shown that myocardial
collagen volume fraction correlates closely with circulating collagen propeptides (PICP,
PIIINP), establishing collagen turnover as a measurable plasma biomarker of cardiac
fibrosis [49]. Proteomic analyses have detected increased levels of matricellular proteins
like galectin-3 associated with fibrotic remodeling and inflammation [50–52].

2.1.3. The Cardiometabolic Endophenotype

The cardiometabolic or obese phenotype links metabolic dysfunction to cardiac in-
flammation and energy imbalance [53,54]. Obesity, insulin resistance, and dyslipidemia
promote lipotoxicity, mitochondrial dysfunction, inflammatory responses, and microvascu-
lar impairment within the myocardium [45,55]. Multi-omics studies have demonstrated
altered pathways, including reduced fatty-acid oxidation, and changes in branched-chain
amino-acid (BCAA) metabolism and acylcarnitine profiles in these patients [35,36].

An important diagnostic feature is that obese patients often have disproportionately
low NP levels, which can lead to underdiagnosis when standard B-type natriuretic pep-
tide (BNP) or N-terminal pro–B-type natriuretic peptide (NT-proBNP) cut-offs are ap-
plied [37,38].

2.1.4. The Hemodynamic/Vascular Endophenotype

Another cluster of HFpEF patients is defined by impaired ventricular–vascular cou-
pling and elevated filling pressures, often accompanied by pulmonary hypertension, right-
ventricular dysfunction, and increased arterial stiffness [10,39,56]. Symptoms arise pri-
marily from limited ventricular and vascular reserve rather than overt inflammation or
fibrosis [56].

This phenotype is enriched among older, hypertensive patients—particularly post-
menopausal women—and may preferentially respond to therapies targeting vascular func-
tion and ventricular–vascular interaction rather than myocardial contractility alone [10,57].

2.2. Shared Comorbidities and Systemic Cross-Talk

HFpEF is not confined to the heart; it reflects multi-organ dysfunction driven by
systemic comorbidities [6,26,58]. The cardiorenal axis exemplifies this interaction, whereby
elevated venous pressures and chronic kidney disease impair renal function, activate neu-
rohormonal pathways, and accelerate adverse cardiac remodeling [59,60]. Similarly, the
cardiohepatic axis contributes to disease progression through hepatic congestion-induced
inflammation, fibrosis, and bile acid dysregulation linked to systemic metabolic distur-
bance [61–63]. Together, these pathways highlight the role of multi-organ immune and
metabolic crosstalk in shaping HFpEF progression [46].

2.3. Why Heterogeneity Explains Trial Failures

The presence of multiple overlapping endophenotypes helps explain why many HF-
pEF clinical trials have produced neutral or modest results [18,64]. Historically, enrollment
has relied on ejection-fraction thresholds and symptoms rather than underlying biological
drivers [32,65]. As a result, therapies targeting specific mechanisms were diluted across
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a mixed population in which only a subset of patients would be expected to benefit [17].
Recognizing this complexity is the first step toward designing biologically enriched trials
that align treatment mechanisms with patient endophenotypes [16,18].

2.4. Translational Implications of Heterogeneity

Appreciating the biological diversity within HFpEF does more than explain past trial
outcomes—it provides a framework for refining diagnosis and treatment [30,32]. Identify-
ing mechanistically defined patient groups enables tailoring of biomarker panels, imaging
strategies, and therapeutic targets to dominant disease pathways [16,47]. Integrative multi-
omics and advanced clustering tools are increasingly uncovering reproducible molecular
signatures corresponding to these endophenotypes [17,48]. Translating these insights into
clinical practice will require improved trial design, standardized diagnostic criteria, and
practical integration of molecular profiling into patient care, representing a critical bridge
between HFpEF heterogeneity and precision medicine [18,49,65,66].

3. Limitations of Traditional Diagnostics and Therapeutics
Despite significant advances in understanding HFpEF biology, clinical diagnosis

and management remain reliant on traditional tools that only partially reflect the syn-
drome’s systemic and heterogeneous nature [5]. LVEF, NPs, and standard imaging
parameters—cornerstones of heart-failure evaluation—provide only partial insights into
the HFpEF pathophysiology [10,30]. Because these tools were optimized for systolic HF,
they often fail to resolve HFpEF mechanisms driven by diastolic dysfunction, inflam-
mation, and multiorgan involvement [11,18,67]. Understanding the limitations of these
conventional tools clarifies why mechanistic insights have not yet translated into consistent
clinical efficacy.

3.1. Why Ejection Fraction, Natriuretic Peptides, and Imaging Fall Short

These limitations are most apparent when evaluating how conventional indices per-
form in HFpEF.

3.1.1. Ejection Fraction

Ejection fraction is a global measure of systolic pump function that inadequately cap-
tures HFpEF pathophysiology, where symptoms arise from impaired relaxation and filling
despite preserved contractility [12,68]. Patients with identical LVEF can have markedly
different diastolic stiffness, relaxation, and filling pressures [10,69].

Variability in EF measurement methods and threshold definitions, along with overlap
between HFpEF and HFmrEF (EF 40–49%), has blurred EF-based categories and con-
tributed to heterogeneous trial populations that obscure mechanism-specific treatment
effects [5,18,67,70].

3.1.2. Natriuretic Peptides

BNP and NT-proBNP are established heart-failure biomarkers but have limited utility
in HFpEF [38]. NPs reflect wall stress but are strongly modified by obesity, renal function,
age, sex, and atrial rhythm, reducing diagnostic specificity in HFpEF [38,71–73].

As a result, patients with true HFpEF—especially those with obesity or early
disease—may have “normal” BNP values and be underdiagnosed or excluded from clin-
ical trials [38,74]. NP thresholds can materially influence trial eligibility and enrich for
biologically distinct subgroups, contributing to variable treatment effects [75–77].
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3.1.3. Imaging Modalities

Echocardiography remains the primary imaging tool for HFpEF evaluation, but com-
monly used parameters overlap substantially with changes seen in normal aging, hyperten-
sion, and atrial fibrillation, limiting diagnostic specificity [6,10,78].

Cardiac magnetic resonance imaging enables tissue-level assessment of fibrosis (e.g.,
T1 mapping and extracellular volume fraction) but is limited by cost, availability, and
expertise requirements, while invasive hemodynamic testing—though definitive—remains
impractical for routine use [67,79–81].

Collectively, limitations of LVEF, NPs, and imaging highlight the gap between observ-
able phenotype and molecular mechanism, contributing to inconsistent patient selection
and underrecognition of HFpEF’s biological diversity [69,82].

3.2. Lessons from Major Clinical Trials

The consequences of these diagnostic shortcomings are evident in the mixed results of
two decades of HFpEF therapeutic trials. Nearly all major studies enrolled patients based on
EF thresholds and symptoms rather than mechanistic profiles, resulting in heterogeneous
cohorts and diluted treatment effects [18,65] (Table 2).

Table 2. Major HFpEF Clinical Trials, Key Findings, and Implications for Omics-Guided Trial Design.

Trial (Year) & Intervention Key Findings and
Heterogeneity Signals

Implications for Omics-Guided
Trial Design

TOPCAT (2014) Spironolactone
vs. placebo

Neutral primary endpoint. Benefit in
Americas subgroup. Heterogeneity due
to regional differences and NP-based vs.
hospitalization entry; adherence issues;

latent-class-defined subphenotypes with
differential response.

Need biologically consistent
inclusion criteria. Use omics to define

inflammatory/fibrotic
subphenotypes most likely to benefit.

PARAGON-HF (2019)
Sacubitril–valsartan vs. valsartan

Narrow miss on primary composite
endpoint. Signals of benefit in EF

45–57% and in women.

Rather than EF, future trials should
stratify by vascular stiffness, fibrosis,

and sex-specific pathways.

EMPEROR-Preserved (2021)
Empagliflozin vs. placebo

Reduced HF hospitalizations; neutral CV
mortality. Benefits especially in EF

41–49% (“HFmrEF”). Consistent across
diabetes status.

Metabolic–renal pathways cut across
EF. Omics can identify metabolic

endotypes with strongest
SGLT2i response.

DELIVER (2022) Dapagliflozin vs.
placebo (EF > 40%, including

improved EF)

Similar reduction in HF hospitalizations
as EMPEROR. No major heterogeneity.

Broad EF inclusion is viable when
mechanism is systemic. Future trials

should apply omics to cluster
metabolic vs. fibrotic vs.

inflammatory responders.
Abbreviations: CV, cardiovascular; EF, ejection fraction; HF, heart failure; HFmrEF, heart failure with mildly
reduced ejection fraction; HFpEF, heart failure with preserved ejection fraction; NP, natriuretic peptide(s); SGLT2i,
sodium–glucose cotransporter-2 inhibitor(s). Trial acronyms: TOPCAT, Treatment of Preserved Cardiac Func-
tion Heart Failure with an Aldosterone Antagonist; PARAGON-HF, Prospective Comparison of Angiotensin
Receptor–Neprilysin Inhibitor with Angiotensin Receptor Blocker Global Outcomes in Heart Failure with Pre-
served Ejection Fraction; EMPEROR-Preserved, Empagliflozin Outcome Trial in Patients with Chronic Heart
Failure with Preserved Ejection Fraction; DELIVER, Dapagliflozin Evaluation to Improve the Lives of Patients
with Preserved Ejection Fraction Heart Failure.

3.2.1. TOPCAT

The Treatment of Preserved Cardiac Function Heart Failure with an Aldosterone
Antagonist trial evaluated spironolactone in patients with EF ≥ 45% and was neutral
overall, despite reduced hospitalizations in the Americas [11,75,83]. Marked regional
differences and heterogeneity in enrollment criteria—particularly NP thresholds versus
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prior hospitalization—yielded biologically distinct subgroups with differential treatment
response [11,75,84]. Latent class analyses further support the presence of HFpEF subpheno-
types with variable responsiveness to mineralocorticoid receptor antagonism [17].

3.2.2. PARAGON-HF

The Prospective Comparison of ARNI with ARB Global Outcomes in HF with Pre-
served Ejection Fraction trial evaluated sacubitril–valsartan versus valsartan in patients
with EF ≥ 45% and narrowly missed its primary endpoint [61,85]. Subgroup signals in
women and in patients with EF 45–57% highlight how modest differences in EF thresh-
olds and sex-linked phenotypic differences (including natriuretic peptide expression) can
obscure treatment effects in HFpEF [57,61].

3.2.3. EMPEROR-Preserved

This study tested the sodium–glucose cotransporter-2 inhibitor empagliflozin in pa-
tients with EF > 40% and demonstrated a significant reduction in HF hospitalizations
without a consistent mortality benefit [62]. Benefits were consistent across EF ranges and
diabetes status, consistent with the systemic metabolic, renal, and hemodynamic actions of
SGLT2 inhibitors [62,63,86].

3.2.4. DELIVER

The Dapagliflozin Evaluation to Improve the Lives of Patients with Preserved Ejec-
tion Fraction Heart Failure trial confirmed that dapagliflozin reduced HF hospitalizations
across EF > 40%, including patients with improved EF [87]. Concordance with EMPEROR-
Preserved reinforces that therapies targeting systemic metabolic and renal pathways can
transcend EF-based classification [63,87,88]. Beyond reductions in heart failure hospital-
ization, recent adjudicated meta-analyses of randomized trials suggest that empagliflozin
and dapagliflozin are associated with a reduced risk of sudden cardiac death across cardio-
renal-metabolic populations, including heart failure cohorts, extending the spectrum of
cardiovascular benefits attributed to SGLT2 inhibition [89].

3.3. The Need for Phenotype-Specific Enrichment Strategies

The neutral or modest outcomes of these landmark trials reveal a consistent theme:
diagnostic and enrollment strategies that ignore biological diversity inevitably dilute
therapeutic signals [18,32]. Different HFpEF phenotypes are driven by distinct mechanisms
and may require different therapeutic strategies [65,90].

Standard endpoints may also miss clinically meaningful benefits within specific HF-
pEF subgroups (e.g., congestion or exercise tolerance) even in the absence of mortality
effects [10,91].

Moving forward, enrichment strategies that incorporate molecular and phenotypic
markers—including omics biomarkers and imaging- or metabolism-derived signatures—will
be essential for mechanism-aligned trial design [17,32,92,93].

Such approaches would align therapeutic mechanisms with the biological substrate
of disease rather than with arbitrary EF thresholds [18]. This need for mechanism-aligned
enrichment motivates multi-omics approaches described in the next section [12].

4. Multi-Omics in Cardiovascular Research: Principles and Promise
Advances in high-throughput technologies now enable a fully integrated multi-omics

characterization of complex diseases, allowing investigators to capture biology across
molecular layers [12]. Genomic analyses identify inherited and acquired DNA variants
that confer susceptibility or modify therapeutic response, while epigenomic profiling re-
veals regulatory mechanisms—such as DNA methylation and histone modification—that
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shape gene expression in response to environmental or metabolic stressors. Transcrip-
tomic approaches provide dynamic measurement of RNA expression programs, often
uncovering cell-type-specific responses activated during inflammation, oxidative stress,
or mechanical overload. Proteomics extends this framework by quantifying proteins and
post-translational modifications that directly mediate cellular function, and metabolomics
profiles small-molecule intermediates that reflect real-time physiological states and ener-
getic fluxes. Furthermore, single-cell and spatial omics resolve tissue heterogeneity by
mapping how discrete cell populations and their microenvironments contribute to disease
remodeling. Together, these complementary modalities establish a systems-level frame-
work that links genotype to phenotype, enabling identification of causal pathways and
therapeutic targets that remain invisible to single-platform analyses [12,68].

4.1. Lessons from Other Disciplines

The transformative potential of multi-omics has been best illustrated in oncology and
nephrology [94,95]. In cancer research, large-scale initiatives such as The Cancer Genome
Atlas integrated genomic, transcriptomic, and proteomic data to redefine tumors based on
molecular signatures rather than organ of origin [96,97]. This molecular taxonomy directly
guided the development of targeted therapies—HER2 amplification leading to trastuzumab
in breast cancer [98], EGFR and ALK inhibitors in lung cancer [99], and immune-checkpoint
therapies guided by tumor mutational burden [100]. Similarly, in kidney disease, integrated
transcriptomic and proteomic analyses of biopsy tissue have identified distinct molecular
programs in diabetic nephropathy [101] and delineated molecular subgroups of lupus
nephritis, improving diagnostic precision and revealing actionable immune pathways,
particularly IFN-γ-inducible chemokine signaling [102]. These precedents demonstrate
that multi-omics integration can transform phenotypically defined syndromes into mecha-
nistically stratified diseases with targeted treatment options.

4.2. Emerging Omics Insights in HFpEF

Comparable integrative efforts are now underway in cardiovascular research. Early
proteomic studies have identified multi-protein circulating signatures enriched for in-
flammation (e.g., LCN2, U-PAR, IL-1ra, Gal-9) and extracellular-matrix remodeling (e.g.,
TIMP-1, MMP7, MATN2) that differentiate HFpEF from HFrEF and, in some cohorts, pre-
dict HF hospitalization and mortality [103,104]. Metabolomic analyses have identified
abnormalities in fatty-acid oxidation pathways and highlighted coordinated variation
within BCAA metabolism, consistent with altered myocardial energetics and systemic
metabolic stress [35,105]. Transcriptomic and single-cell RNA sequencing (RNA-seq)
approaches in human and experimental HF are uncovering discrete cardiomyocyte, fi-
broblast, endothelial, and immune-cell states, revealing subtype-specific inflammatory,
fibrotic, and metabolic programs that distinguish HFpEF from HFrEF [13,106]. Spatially
resolved transcriptomic approaches—including multiplex single-molecule fluorescence
in situ hybridization (smFISH)—are further defining micro-regional communication be-
tween cardiomyocytes and non-myocyte cells, offering unprecedented resolution into tissue
remodeling [107].

Although still in their early stages, these omics initiatives lay the groundwork for a
molecular taxonomy of HFpEF—one that integrates systemic and cardiac data to delineate
mechanistic subtypes, guide biomarker development, and inform precision-guided clinical
trials. As analytical pipelines mature and data harmonization improves, multi-omics inte-
gration holds the promise to bridge the gap between mechanistic discovery and therapeutic
efficacy in HFpEF.
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5. Integrative Multi-Omics Framework for HFpEF
HFpEF’s heterogeneity necessitates a systems-biology perspective in which molecular

layers are analyzed jointly to reveal shared structure across genomic variation, chromatin
state, RNA expression, proteins, metabolites, and cell states. This approach typically
involves three complementary analytic steps: (i) within-layer modeling to identify disease-
associated features and enriched pathways in each omics dataset (e.g., differentially ex-
pressed genes, proteins, or metabolites involved in inflammatory or fibrotic signaling);
(ii) cross-layer integration to align multiple omics modalities and uncover shared latent fac-
tors that represent coordinated molecular programs spanning genes, proteins, and metabo-
lites; (iii) network inference to construct interaction maps that link correlated molecules
into modules and highlight hub regulators driving disease processes.

Matured analytic frameworks in cardiovascular multi-omics include matrix-factorization
and multi-view methods (e.g., canonical correlation analysis (CCA), Multi-Omics Factor
Analysis (MOFA)-style latent factors), co-expression and co-abundance networks (Weighted
Gene Co-expression Network Analysis (WGCNA)-like modules linking genes, proteins, and
metabolites to phenotypes), and graph-based models embedding multi-omic features onto
protein–protein or ligand–receptor interaction networks. Collectively, these approaches delin-
eate endophenotype-specific modules—such as inflammatory, fibrotic, and cardiometabolic
signatures—and link them to clinically relevant remodeling and outcome phenotypes in heart
failure [13,21,22,108].

5.1. An Actionable Pipeline for Integrated Omics in HFpEF

With these integrative frameworks in place, the next step is to operationalize them
into a pipeline that prioritizes causal drivers, identifies accessible biomarkers, and matches
HFpEF molecular signatures with candidate therapies (Figure 1).

5.1.1. Driver Nomination (Causal Prioritization)

Genetic association signals can be linked to molecular regulation by performing
expression quantitative trait locus (eQTL) and protein quantitative trait locus (pQTL)
colocalization [109] as well as Transcriptome-Wide Association Studies (TWAS) [110].
These analyses identify variants that influence gene or protein abundance [17] and can
be cross-referenced with myocardial single-cell or spatial transcriptomic maps to assign
cell-type specificity [107]. Complementary perturbation analyses—such as overlaying
Clustered Regularly Interspaced Short Palindromic Repeats (CRISPR) or siRNA knock-
down signatures, or drug-response transcriptomes—test whether modulating a candidate
gene reverses HFpEF-like molecular patterns, providing causal evidence [111].

5.1.2. Biomarker Discovery (Diagnostic, Prognostic, and Pharmacodynamic)

Molecular network analyses group co-regulated genes, proteins, or metabolites into
modules—sets of features that rise and fall together because they participate in shared bio-
logical programs (e.g., inflammatory, fibrotic, or metabolic signaling). The overall activity of
each module can then be summarized by its eigengene or latent factor, a single quantitative
score capturing the dominant expression pattern within that module [112,113]. By correlat-
ing these module scores with HFpEF traits (e.g., diastolic dysfunction, impaired energetics),
investigators can identify which biological programs are most tightly linked to specific clini-
cal endophenotypes. These module-level scores provide compact, biologically interpretable
readouts of HFpEF-relevant processes and can be linked to clinical phenotypes.

Circulating proxies—including plasma proteins, eicosanoids, and acylcarnitines—that
associate with HFpEF-related echocardiographic and exercise traits (e.g., E/e′, peak VO2

(peak oxygen consumption), surrogates of left-atrial pressure) provide accessible biomarker
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candidates [35,108,114]. Regularized regression models such as lasso [115] and elastic-
net [116] enable selection of compact, non-redundant biomarker panels that can be vali-
dated across cohorts and HFpEF endotypes (e.g., obese vs. fibrotic). Pharmacodynamic
markers—those that change in response to targeted therapy—further support mechanism-
matched treatment monitoring.

Figure 1. Integrative multi-omics pipeline linking HFpEF heterogeneity to endophenotype discovery,
biomarker development, and mechanism-matched therapies. Heterogeneous HFpEF phenotypes
(left) undergo multi-layer molecular profiling and systems integration (center), including genomics,
epigenomics, transcriptomics, proteomics, metabolomics, and imaging-omics. Integration methods
(e.g., Multi-Omics Factor Analysis (MOFA)/canonical correlation analysis (CCA), network modules,
graph/artificial intelligence (AI) approaches) yield translational outputs (right) such as endophe-
notype modules, biomarker panels, drug-target nomination (via signature reversal, i.e., drugs that
oppose the HFpEF molecular pattern), and precision trial designs.

5.1.3. Target Nomination and Drug Matching

Candidate therapeutic targets are ranked by integrating network centrality—the
position of genes or proteins within co-expression or protein–protein interaction net-
works [117–119]—with genetic evidence from eQTL or TWAS analyses [12,120], as well
as druggability metrics reflecting ligandability or structural tractability [121]. Signature-
matching approaches, based on the Connectivity Map framework, compare HFpEF molecu-
lar profiles with drug-induced gene-expression signatures to identify compounds predicted
to reverse disease states [122,123]. These computational predictions can inform biomarker-
guided clinical trials, for example, a trial in which patients with high fibrosis-module scores
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are enriched for anti-fibrotic therapies and collagen-related pharmacodynamic markers
serve as secondary endpoints [124,125].

Together, this pipeline connects molecular causality, measurable biomarkers, and
therapeutic targeting within a unified systems-medicine framework [12].

6. Practical Challenges and Solutions in Multi-Omics HFpEF Research
While this framework outlines a coherent path toward mechanism-guided therapies for

HFpEF, its practical implementation faces several methodological and logistical challenges.

6.1. Cohort Design and Phenotyping

Multi-omics studies in HFpEF often rely on small, heterogeneous cohorts with in-
consistent diagnostic definitions and variable comorbidity burdens. These inconsistencies
limit cross-study integration. Prospective studies should pre-specify biologically informed
endophenotypes (e.g., inflammatory, fibrotic, metabolic, vascular) and adopt standardized
phenotyping protocols [16,17]. These may include modalities such as invasive or exercise
hemodynamics, cardiac MRI T1/ECV mapping, and NP thresholds adjusted for BMI to
enable downstream harmonization. Leveraging longitudinal phenotyping—including
repeated measures of exercise capacity, congestion status, and circulating biomarkers—can
also help distinguish transient states from stable endotypes, improving the interpretability
of multi-omics signatures.

6.2. Batch Effects and Platform Drift

Technical variation between study sites or assay platforms can introduce systematic
biases that mask true biological differences. To minimize these “batch effects,” investigators
should standardize sample processing and analysis workflows, include shared reference
samples for calibration, and apply statistical correction methods such as ComBat or similar
batch-aware normalization models [126]. Transparent reporting of quality-control criteria,
handling of missing data, and sensitivity analyses further strengthens reproducibility and
comparability across studies [127]. As multi-omics expands across proteomic, metabolomic,
and single-cell platforms, cross-platform drift becomes increasingly relevant; harmonizing
metadata (e.g., instrument type, acquisition parameters, tissue source) and implementing
joint normalization pipelines are essential for integrating datasets generated over multiple
years or at multiple institutions.

6.3. Causality vs. Correlation

Most multi-omics associations describe correlation rather than true cause-and-effect
relationships. To strengthen causal inference, genetic approaches such as Mendelian ran-
domization or colocalization analysis can be used to test whether genetic variants linked to
a molecular trait also predict disease outcomes [128]. Experimental perturbation—using
CRISPR-based editing, RNA interference, or pharmacologic modulation in organoids
or ex vivo tissue—can then validate whether altering a candidate gene or pathway
modifies disease-relevant phenotypes or molecular programs [129,130]. Integration of
causal models with temporal data—such as time-resolved proteomics or post-intervention
transcriptomics—further helps distinguish upstream drivers from downstream conse-
quences of HFpEF.

6.4. Cost and Scalability

Comprehensive multi-omics profiling across large cohorts remains costly and logisti-
cally demanding [131]. A practical solution is a two-stage design: deep multi-omics profil-
ing in well-phenotyped HFpEF discovery cohorts to identify endotype-specific pathways,
followed by validation in larger populations using targeted protein or metabolite panels.
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Collaborative biobanks, cross-institutional consortia, and emerging privacy-preserving
analytic frameworks (e.g., federated learning) enable multi-omics studies to scale sample
size and statistical power without requiring raw data transfer, as demonstrated by large
machine learning-based analyses in UK Biobank [92]. Public–private partnerships and
integration with health-system biorepositories (e.g., EHR-linked biobanks) can also reduce
per-sample cost while enabling the recruitment of underrepresented demographic groups,
which is essential for generalizable HFpEF biology.

6.5. Reproducibility and Data Sharing

Open and transparent data practices are essential for reproducibility. Following the
FAIR principles—Findable, Accessible, Interoperable, and Reusable—investigators should
deposit datasets in established public repositories such as PRoteomics IDentifications Ex-
change (PRIDE) or ProteomeXchange for proteomics, Gene Expression Omnibus (GEO) or
ArrayExpress for transcriptomics, and MetaboLights for metabolomics. Sharing container-
ized analysis pipelines and version-controlled code ensures that published results can be
fully reproduced and extended by other researchers. Clear documentation of analytical
decisions (e.g., filtering thresholds, model hyperparameters, normalization methods) and
inclusion of negative results or sensitivity analyses further increases transparency and
reduces the “researcher degrees of freedom” that can compromise replicability.

7. Future Directions in Precision Cardiology
The next frontier in precision cardiology lies in uniting computational, biological, and

clinical disciplines to transform how we diagnose, classify, and treat complex syndromes
such as HFpEF. Emerging technologies and frameworks are converging to enable this shift,
offering a path toward truly mechanism-guided cardiovascular medicine.

7.1. AI- and Machine Learning-Based Multi-Omics Integration

Artificial intelligence and machine learning approaches are increasingly essential for
managing the scale and complexity of multi-omics data. By integrating heterogeneous
datasets—genomics, transcriptomics, proteomics, metabolomics, and imaging—AI models
can uncover hidden nonlinear relationships that traditional analyses miss. Deep learn-
ing architectures and graph neural networks are particularly well suited for identifying
multi-layer molecular signatures that predict disease trajectory, drug response, or adverse
outcomes. Importantly, explainable AI frameworks can translate these signatures into
interpretable biological hypotheses, revealing causal drivers within the HFpEF network
and accelerating therapeutic discovery.

7.2. Cross-Organ Multi-Omics and the Systems View of Heart Failure

HFpEF exemplifies a disorder rooted not only in myocardial dysfunction but
also in multi-organ cross-talk. Future research will rely on cross-organ multi-omics
profiling—integrating cardiac, renal, hepatic, adipose, and skeletal-muscle datasets—to
map the bidirectional interactions that sustain disease. For example, the cardiorenal axis
illustrates how renal venous congestion and accumulation of uremic toxins in HF/CKD
promote systemic inflammation and adverse myocardial remodeling [59], while the cardio-
hepatic axis connects hepatic congestion and hypoxia—as well as HF-associated alterations
in bile-acid metabolism—to downstream metabolic disturbances [132,133]. Systems-level
integration of these datasets will illuminate how organ-specific perturbations propagate
through shared molecular pathways, enabling targeted interventions that restore cross-
organ homeostasis rather than focusing on a single organ.
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7.3. Precision-Guided Clinical Trial Design

Future clinical trials in HFpEF must evolve from population-level inclusion criteria to-
ward biologically enriched, mechanism-guided designs. Multi-omics and imaging-derived
biomarkers can stratify patients into actionable endotypes—such as inflammatory, fibrotic,
or metabolic HFpEF—and serve as both eligibility criteria and pharmacodynamic readouts.
Adaptive and platform trial structures can further test multiple interventions in parallel,
aligning treatment arms to molecular profiles. For instance, antifibrotic therapies could
be preferentially tested in patients with elevated collagen biomarkers or T1/ECV on car-
diac MRI, while metabolic modulators could target those with altered acylcarnitine or
BCAA signatures. Similarly, therapies targeting NO-sGC-cGMP signaling (e.g., vericiguat)
exemplify pathway-specific interventions that are mechanistically aligned with endothe-
lial dysfunction-dominant HFpEF endotypes [134]. Such biomarker-guided enrichment
increases the probability of detecting true therapeutic effects while reducing trial size
and cost.

7.4. Collaborative Infrastructure and FAIR Data Ecosystems

Realizing precision cardiology at scale will require collaborative infrastructure that pro-
motes data standardization, interoperability, and equitable access. Multi-center consortia
integrating clinical phenotypes with multi-omics and imaging datasets—such as TOPMed,
GTEx, and emerging HFpEF biobanks—are critical to achieving sufficient statistical power
and external validation. Adherence to FAIR data principles will ensure transparency and
reproducibility across platforms. Cloud-based federated learning and secure data-sharing
frameworks can further enable cross-institutional analyses without transferring sensitive
patient data, fostering a culture of open yet responsible collaboration.

Together, these advances will transform HFpEF research from descriptive clustering to
predictive, mechanistic, and intervention-ready modeling, ultimately realizing the promise
of precision cardiology—where the right therapy is delivered to the right patient, guided
by molecular insight rather than clinical features alone.

8. Take-Home Messages
• HFpEF is not a single disease, but a heterogeneous syndrome composed of inflamma-

tory, fibrotic, cardiometabolic, and hemodynamic/vascular endophenotypes.
• Traditional diagnostic tools (LVEF, natriuretic peptides, standard imaging) inade-

quately capture HFpEF biology and contribute to heterogeneous trial populations.
• Neutral or modest results of prior HFpEF trials largely reflect biological dilution rather

than therapeutic inefficacy.
• Multi-omics approaches enable molecular stratification of HFpEF beyond clinical

features, revealing mechanistically coherent endotypes.
• Integrative systems-biology frameworks linking genomics, transcriptomics, pro-

teomics, and metabolomics can identify causal drivers, biomarkers, and drug targets.
• Network-based and genetic methods strengthen causal inference and prioritize action-

able therapeutic targets.
• Biomarker-guided enrichment strategies offer a path toward mechanism-matched,

precision clinical trials in HFpEF.
• Cross-organ and longitudinal multi-omics profiling is essential to capture HFpEF’s

systemic nature.
• Successful implementation of precision cardiology will require standardized pheno-

typing, scalable omics pipelines, and FAIR data-sharing practices.
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9. Conclusions
In conclusion, HFpEF represents both a clinical challenge and a unique proving

ground for precision medicine. Its heterogeneity encapsulates the broader struggle of
cardiovascular research—to move beyond symptom-based definitions toward biologically
grounded classification. Advances in multi-omics integration, coupled with emerging AI
and imaging analytics, are beginning to disentangle the molecular networks that drive
inflammation, fibrosis, and metabolic dysregulation in HFpEF. These same frameworks can
be applied across complex cardiovascular disorders, offering a blueprint for mechanism-
guided diagnostics and targeted therapies. Achieving this transformation will depend
on open data sharing, interdisciplinary collaboration, and the incorporation of molecular
biomarkers into trial design—ensuring that precision cardiology becomes not an aspiration,
but a clinical reality.
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The following abbreviations are used in this manuscript:

ACEi Angiotensin-Converting Enzyme Inhibitor
ARB Angiotensin Receptor Blocker
ARNI Angiotensin Receptor–Neprilysin Inhibitor
BCAA Branched-Chain Amino Acids
NP Natriuretic Peptide
BNP B-type Natriuretic Peptide
cGMP Cyclic Guanosine Monophosphate
CRISPR Clustered Regularly Interspaced Short Palindromic Repeats

DELIVER
Dapagliflozin Evaluation to Improve the Lives of Patients with Preserved
Ejection Fraction Heart Failure

ECV Extracellular Volume
EMPEROR-Preserved Empagliflozin Outcome Trial in HFpEF
eQTL Expression Quantitative Trait Locus
FAIR Findable, Accessible, Interoperable, and Reusable
HF Heart Failure
HFmrEF Heart Failure with Mildly Reduced Ejection Fraction
HFpEF Heart Failure with Preserved Ejection Fraction
HFrEF Heart Failure with Reduced Ejection Fraction
LVEF Left Ventricular Ejection Fraction
MOFA Multi-Omics Factor Analysis
MRI Magnetic Resonance Imaging
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MRA Mineralocorticoid Receptor Antagonist
NO Nitric Oxide
NT-proBNP N-terminal pro–B-type Natriuretic Peptide

PARAGON-HF
Prospective Comparison of ARNI with ARB Global Outcomes in HF with
Preserved Ejection Fraction

PICP Procollagen Type I C-Peptide
PIIINP Procollagen Type III N-Terminal Propeptide
PKG Protein Kinase G
pQTL Protein Quantitative Trait Locus
QTL Quantitative Trait Locus
RNA-seq RNA Sequencing
RV Right Ventricle/Right Ventricular
SGLT2 Sodium–Glucose Cotransporter-2
smFISH Single-Molecule Fluorescence In Situ Hybridization

TOPCAT
Treatment of Preserved Cardiac Function Heart Failure with an Aldosterone
Antagonist

TWAS Transcriptome-Wide Association Study
WGCNA Weighted Gene Co-Expression Network Analysis
CKD Chronic Kidney Disease
CMR Cardiovascular Magnetic Resonance
RAAS Renin–Angiotensin–Aldosterone System
NAFLD Nonalcoholic Fatty Liver Disease
HTN Hypertension
CCA Canonical Correlation Analysis
PRIDE PRoteomics IDentifications Exchange
GEO Gene Expression Omnibus

References
1. Tanai, E.; Frantz, S. Pathophysiology of Heart Failure. Compr. Physiol. 2015, 6, 187–214. [CrossRef]
2. Bozkurt, B.; Coats, A.J.S.; Tsutsui, H.; Abdelhamid, C.M.; Adamopoulos, S.; Albert, N.; Anker, S.D.; Atherton, J.; Bohm, M.; Butler,

J.; et al. Universal definition and classification of heart failure: A report of the Heart Failure Society of America, Heart Failure
Association of the European Society of Cardiology, Japanese Heart Failure Society and Writing Committee of the Universal
Definition of Heart Failure: Endorsed by the Canadian Heart Failure Society, Heart Failure Association of India, Cardiac Society
of Australia and New Zealand, and Chinese Heart Failure Association. Eur. J. Heart Fail. 2021, 23, 352–380. [CrossRef] [PubMed]

3. Simmonds, S.J.; Cuijpers, I.; Heymans, S.; Jones, E.A.V. Cellular and Molecular Differences between HFpEF and HFrEF: A Step
Ahead in an Improved Pathological Understanding. Cells 2020, 9, 242. [CrossRef]

4. Youn, J.C.; Ahn, Y.; Jung, H.O. Pathophysiology of Heart Failure with Preserved Ejection Fraction. Heart Fail. Clin. 2021, 17,
327–335. [CrossRef] [PubMed]

5. Campbell, P.; Rutten, F.H.; Lee, M.M.; Hawkins, N.M.; Petrie, M.C. Heart failure with preserved ejection fraction: Everything the
clinician needs to know. Lancet 2024, 403, 1083–1092, Correction in Lancet 2024, 403, 1026. [CrossRef] [PubMed]

6. Lin, Y.; Fu, S.; Yao, Y.; Li, Y.; Zhao, Y.; Luo, L. Heart failure with preserved ejection fraction based on aging and comorbidities. J.
Transl. Med. 2021, 19, 291. [CrossRef]

7. Shahim, A.; Hourqueig, M.; Lund, L.H.; Savarese, G.; Oger, E.; Venkateshvaran, A.; Benson, L.; Daubert, J.C.; Linde, C.; Donal, E.;
et al. Long-term outcomes in heart failure with preserved ejection fraction: Predictors of cardiac and non-cardiac mortality. ESC
Heart Fail. 2023, 10, 1835–1846. [CrossRef]

8. Tribouilloy, C.; Rusinaru, D.; Mahjoub, H.; Souliere, V.; Levy, F.; Peltier, M.; Slama, M.; Massy, Z. Prognosis of heart failure with
preserved ejection fraction: A 5 year prospective population-based study. Eur. Heart J. 2008, 29, 339–347. [CrossRef]

9. Heidenreich, P.A.; Albert, N.M.; Allen, L.A.; Bluemke, D.A.; Butler, J.; Fonarow, G.C.; Ikonomidis, J.S.; Khavjou, O.; Konstam,
M.A.; Maddox, T.M.; et al. Forecasting the impact of heart failure in the United States: A policy statement from the American
Heart Association. Circ. Heart Fail. 2013, 6, 606–619. [CrossRef]

10. Butler, J.; Fonarow, G.C.; Zile, M.R.; Lam, C.S.; Roessig, L.; Schelbert, E.B.; Shah, S.J.; Ahmed, A.; Bonow, R.O.; Cleland, J.G.; et al.
Developing therapies for heart failure with preserved ejection fraction: Current state and future directions. JACC Heart Fail. 2014,
2, 97–112. [CrossRef]

https://doi.org/10.3390/ijms27020673

https://doi.org/10.1002/j.2040-4603.2016.tb00669.x
https://doi.org/10.1002/ejhf.2115
https://www.ncbi.nlm.nih.gov/pubmed/33605000
https://doi.org/10.3390/cells9010242
https://doi.org/10.1016/j.hfc.2021.02.001
https://www.ncbi.nlm.nih.gov/pubmed/34051965
https://doi.org/10.1016/S0140-6736(23)02756-3
https://www.ncbi.nlm.nih.gov/pubmed/38367642
https://doi.org/10.1186/s12967-021-02935-x
https://doi.org/10.1002/ehf2.14302
https://doi.org/10.1093/eurheartj/ehm554
https://doi.org/10.1161/HHF.0b013e318291329a
https://doi.org/10.1016/j.jchf.2013.10.006
https://doi.org/10.3390/ijms27020673


Int. J. Mol. Sci. 2026, 27, 673 16 of 21

11. Pfeffer, M.A.; Claggett, B.; Assmann, S.F.; Boineau, R.; Anand, I.S.; Clausell, N.; Desai, A.S.; Diaz, R.; Fleg, J.L.; Gordeev, I.; et al.
Regional variation in patients and outcomes in the Treatment of Preserved Cardiac Function Heart Failure with an Aldosterone
Antagonist (TOPCAT) trial. Circulation 2015, 131, 34–42. [CrossRef] [PubMed]

12. Rasooly, D.; Pereira, A.C.; Joseph, J. Drug Discovery and Development for Heart Failure Using Multi-Omics Approaches. Int. J.
Mol. Sci. 2025, 26, 2703. [CrossRef]

13. Jani, V.P.; Yoo, E.J.; Binek, A.; Guo, A.; Kim, J.S.; Aguilan, J.; Keykhaei, M.; Jenkin, S.R.; Sidoli, S.; Sharma, K.; et al. Myocardial
Proteome in Human Heart Failure with Preserved Ejection Fraction. J. Am. Heart Assoc. 2025, 14, e038945. [CrossRef]

14. Shah, S.J.; Katz, D.H.; Selvaraj, S.; Burke, M.A.; Yancy, C.W.; Gheorghiade, M.; Bonow, R.O.; Huang, C.C.; Deo, R.C. Phenomapping
for novel classification of heart failure with preserved ejection fraction. Circulation 2015, 131, 269–279. [CrossRef] [PubMed]

15. Kaplon-Cieslicka, A.; Kupczynska, K.; Dobrowolski, P.; Michalski, B.; Jaguszewski, M.J.; Banasiak, W.; Burchardt, P.; Chrzanowski,
L.; Darocha, S.; Domienik-Karlowicz, J.; et al. On the search for the right definition of heart failure with preserved ejection fraction.
Cardiol. J. 2020, 27, 449–468. [CrossRef] [PubMed]

16. Anker, S.D.; Usman, M.S.; Anker, M.S.; Butler, J.; Bohm, M.; Abraham, W.T.; Adamo, M.; Chopra, V.K.; Cicoira, M.; Cosentino,
F.; et al. Patient phenotype profiling in heart failure with preserved ejection fraction to guide therapeutic decision making.
A scientific statement of the Heart Failure Association, the European Heart Rhythm Association of the European Society of
Cardiology, and the European Society of Hypertension. Eur. J. Heart Fail. 2023, 25, 936–955. [CrossRef]

17. Joseph, J.; Liu, C.; Hui, Q.; Aragam, K.; Wang, Z.; Charest, B.; Huffman, J.E.; Keaton, J.M.; Edwards, T.L.; Demissie, S.; et al.
Genetic architecture of heart failure with preserved versus reduced ejection fraction. Nat. Commun. 2022, 13, 7753. [CrossRef]

18. Palazzuoli, A.; Caravita, S.; Paolillo, S.; Ghio, S.; Tocchetti, C.G.; Ruocco, G.; Correale, M.; Ambrosio, G.; Perrone Filardi, P.; Senni,
M.; et al. Current gaps in HFpEF trials: Time to reconsider patients’ selection and to target phenotypes. Prog. Cardiovasc. Dis.
2021, 67, 89–97. [CrossRef]

19. Sethi, Y.; Patel, N.; Kaka, N.; Kaiwan, O.; Kar, J.; Moinuddin, A.; Goel, A.; Chopra, H.; Cavalu, S. Precision Medicine and the
future of Cardiovascular Diseases: A Clinically Oriented Comprehensive Review. J. Clin. Med. 2023, 12, 1799. [CrossRef]

20. Shin, S.H.; Bode, A.M.; Dong, Z. Addressing the challenges of applying precision oncology. NPJ Precis. Oncol. 2017, 1, 28.
[CrossRef]

21. Bayes-Genis, A.; Liu, P.P.; Lanfear, D.E.; de Boer, R.A.; Gonzalez, A.; Thum, T.; Emdin, M.; Januzzi, J.L. Omics phenotyping in
heart failure: The next frontier. Eur. Heart J. 2020, 41, 3477–3484. [CrossRef] [PubMed]

22. Reitz, C.J.; Kuzmanov, U.; Gramolini, A.O. Multi-omic analyses and network biology in cardiovascular disease. Proteomics 2023,
23, e2200289. [CrossRef] [PubMed]

23. Gabbin, B.; Meraviglia, V.; Mummery, C.L.; Rabelink, T.J.; van Meer, B.J.; van den Berg, C.W.; Bellin, M. Toward Human Models
of Cardiorenal Syndrome in vitro. Front. Cardiovasc. Med. 2022, 9, 889553. [CrossRef] [PubMed]

24. Gabbin, B.; Meraviglia, V.; Angenent, M.L.; Ward-van Oostwaard, D.; Sol, W.; Mummery, C.L.; Rabelink, T.J.; van Meer, B.J.; van
den Berg, C.W.; Bellin, M. Heart and kidney organoids maintain organ-specific function in a microfluidic system. Mater. Today Bio
2023, 23, 100818. [CrossRef]

25. Yildirim, Z.; Swanson, K.; Wu, X.; Zou, J.; Wu, J. Next-Gen Therapeutics: Pioneering Drug Discovery with iPSCs, Genomics, AI,
and Clinical Trials in a Dish. Annu. Rev. Pharmacol. Toxicol. 2025, 65, 71–90. [CrossRef]

26. Zhou, R.; Xia, Y.Y.; Li, Z.; Wu, L.D.; Shi, Y.; Ling, Z.Y.; Zhang, J.X. HFpEF as systemic disease, insight from a diagnostic prediction
model reminiscent of systemic inflammation and organ interaction in HFpEF patients. Sci. Rep. 2024, 14, 5386. [CrossRef]

27. Shah, A.M.; Myhre, P.L.; Arthur, V.; Dorbala, P.; Rasheed, H.; Buckley, L.F.; Claggett, B.; Liu, G.; Ma, J.; Nguyen, N.Q.; et al. Large
scale plasma proteomics identifies novel proteins and protein networks associated with heart failure development. Nat. Commun.
2024, 15, 528. [CrossRef]

28. Kriegel, A.J.; Gartz, M.; Afzal, M.Z.; de Lange, W.J.; Ralphe, J.C.; Strande, J.L. Molecular Approaches in HFpEF: MicroRNAs and
iPSC-Derived Cardiomyocytes. J. Cardiovasc. Transl. Res. 2017, 10, 295–304. [CrossRef]

29. Shahim, B.; Kapelios, C.J.; Savarese, G.; Lund, L.H. Global Public Health Burden of Heart Failure: An Updated Review. Card. Fail.
Rev. 2023, 9, e11. [CrossRef]

30. Heinzel, F.R.; Shah, S.J. The future of heart failure with preserved ejection fraction: Deep phenotyping for targeted therapeutics.
Perspektiven bei Herzinsuffizienz mit erhaltener Ejektionsfraktion: Zielgerichtete Therapie durch tiefe Phanotypisierung. Herz
2022, 47, 308–323. [CrossRef]

31. Borlaug, B.A. The pathophysiology of heart failure with preserved ejection fraction. Nat. Rev. Cardiol. 2014, 11, 507–515. [CrossRef]
32. Epelde, F. Heterogeneity in Heart Failure with Preserved Ejection Fraction: A Systematic Review of Phenotypic Classifications

and Clinical Implications. J. Clin. Med. 2025, 14, 4820. [CrossRef]
33. Peh, Z.H.; Dihoum, A.; Hutton, D.; Arthur, J.S.C.; Rena, G.; Khan, F.; Lang, C.C.; Mordi, I.R. Inflammation as a therapeutic target

in heart failure with preserved ejection fraction. Front. Cardiovasc. Med. 2023, 10, 1125687. [CrossRef]

https://doi.org/10.3390/ijms27020673

https://doi.org/10.1161/CIRCULATIONAHA.114.013255
https://www.ncbi.nlm.nih.gov/pubmed/25406305
https://doi.org/10.3390/ijms26062703
https://doi.org/10.1161/JAHA.124.038945
https://doi.org/10.1161/CIRCULATIONAHA.114.010637
https://www.ncbi.nlm.nih.gov/pubmed/25398313
https://doi.org/10.5603/CJ.a2020.0124
https://www.ncbi.nlm.nih.gov/pubmed/32986238
https://doi.org/10.1002/ejhf.2894
https://doi.org/10.1038/s41467-022-35323-0
https://doi.org/10.1016/j.pcad.2021.03.007
https://doi.org/10.3390/jcm12051799
https://doi.org/10.1038/s41698-017-0032-z
https://doi.org/10.1093/eurheartj/ehaa270
https://www.ncbi.nlm.nih.gov/pubmed/32337540
https://doi.org/10.1002/pmic.202200289
https://www.ncbi.nlm.nih.gov/pubmed/37691071
https://doi.org/10.3389/fcvm.2022.889553
https://www.ncbi.nlm.nih.gov/pubmed/35694669
https://doi.org/10.1016/j.mtbio.2023.100818
https://doi.org/10.1146/annurev-pharmtox-022724-095035
https://doi.org/10.1038/s41598-024-55996-5
https://doi.org/10.1038/s41467-023-44680-3
https://doi.org/10.1007/s12265-016-9723-z
https://doi.org/10.15420/cfr.2023.05
https://doi.org/10.1007/s00059-022-05124-8
https://doi.org/10.1038/nrcardio.2014.83
https://doi.org/10.3390/jcm14144820
https://doi.org/10.3389/fcvm.2023.1125687
https://doi.org/10.3390/ijms27020673


Int. J. Mol. Sci. 2026, 27, 673 17 of 21

34. Hutten, C.G.; Tekumulla, A.; Ismail, A.; Vasbinder, A.; Farhat, T.; Kunkle, P.; Goonewardena, S.N.; Abdel-Latif, A.; Pitt, B.; Hayek,
S.S. Soluble urokinase plasminogen activator receptor and outcomes in HFpEF: A TOPCAT ancillary study. ESC Heart Fail. 2025,
12, 4208–4218. [CrossRef] [PubMed]

35. Hunter, W.G.; Kelly, J.P.; McGarrah, R.W., 3rd; Khouri, M.G.; Craig, D.; Haynes, C.; Ilkayeva, O.; Stevens, R.D.; Bain, J.R.;
Muehlbauer, M.J.; et al. Metabolomic Profiling Identifies Novel Circulating Biomarkers of Mitochondrial Dysfunction Differen-
tially Elevated in Heart Failure with Preserved Versus Reduced Ejection Fraction: Evidence for Shared Metabolic Impairments in
Clinical Heart Failure. J. Am. Heart Assoc. 2016, 5, e003190. [CrossRef] [PubMed]

36. O’Sullivan, J.F.; Li, M.; Koay, Y.C.; Wang, X.S.; Guglielmi, G.; Marques, F.Z.; Nanayakkara, S.; Mariani, J.; Slaughter, E.; Kaye, D.M.
Cardiac Substrate Utilization and Relationship to Invasive Exercise Hemodynamic Parameters in HFpEF. JACC Basic Transl. Sci.
2024, 9, 281–299. [CrossRef]

37. van Dalen, B.M.; Chin, J.F.; Motiram, P.A.; Hendrix, A.; Emans, M.E.; Brugts, J.J.; Westenbrink, B.D.; de Boer, R.A. Challenges
in the diagnosis of heart failure with preserved ejection fraction in individuals with obesity. Cardiovasc. Diabetol. 2025, 24, 71.
[CrossRef] [PubMed]

38. Remmelzwaal, S.; van Ballegooijen, A.J.; Schoonmade, L.J.; Dal Canto, E.; Handoko, M.L.; Henkens, M.; van Empel, V.; Heymans,
S.R.B.; Beulens, J.W.J. Natriuretic peptides for the detection of diastolic dysfunction and heart failure with preserved ejection
fraction-a systematic review and meta-analysis. BMC Med. 2020, 18, 290. [CrossRef]

39. Lau, E.S.; Panah, L.G.; Zern, E.K.; Liu, E.E.; Farrell, R.; Schoenike, M.W.; Namasivayam, M.; Churchill, T.W.; Curreri, L.; Malhotra,
R.; et al. Arterial Stiffness and Vascular Load in HFpEF: Differences Among Women and Men. J. Card. Fail. 2022, 28, 202–211.
[CrossRef]

40. Borbely, A.; van der Velden, J.; Papp, Z.; Bronzwaer, J.G.; Edes, I.; Stienen, G.J.; Paulus, W.J. Cardiomyocyte stiffness in diastolic
heart failure. Circulation 2005, 111, 774–781. [CrossRef]

41. Paulus, W.J.; Tschope, C. A novel paradigm for heart failure with preserved ejection fraction: Comorbidities drive myocardial
dysfunction and remodeling through coronary microvascular endothelial inflammation. J. Am. Coll. Cardiol. 2013, 62, 263–271.
[CrossRef] [PubMed]

42. Aboonabi, A.; McCauley, M.D. Myofilament dysfunction in diastolic heart failure. Heart Fail. Rev. 2024, 29, 79–93. [CrossRef]
[PubMed]

43. Nikolov, A.; Popovski, N. Extracellular Matrix in Heart Disease: Focus on Circulating Collagen Type I and III Derived Peptides as
Biomarkers of Myocardial Fibrosis and Their Potential in the Prognosis of Heart Failure: A Concise Review. Metabolites 2022,
12, 297. [CrossRef] [PubMed]

44. Peikert, A.; Fontana, M.; Solomon, S.D.; Thum, T. Left ventricular hypertrophy and myocardial fibrosis in heart failure with
preserved ejection fraction: Mechanisms and treatment. Eur. Heart J. 2025, ehaf524. [CrossRef]

45. Zhou, D.; Lin, S.; Liu, Z.; Yuan, J.; Ren, H.; Tan, H.; Guo, Y.; Jiang, X. Metabolic syndrome, left ventricular diastolic dysfunction
and heart failure with preserved ejective fraction. Front. Endocrinol. 2025, 16, 1544908. [CrossRef]

46. Lee, C.J.M.; Kosyakovsky, L.B.; Khan, M.S.; Wu, F.; Chen, G.; Hill, J.A.; Ho, J.E.; Foo, R.S.; Zannad, F. Cardiovascular, Kidney,
Liver, and Metabolic Interactions in Heart Failure: Breaking Down Silos. Circ. Res. 2025, 136, 1170–1207. [CrossRef]

47. Lin, C.Y.; Sung, H.Y.; Chen, Y.J.; Yeh, H.I.; Hou, C.J.; Tsai, C.T.; Hung, C.L. Personalized Management for Heart Failure with
Preserved Ejection Fraction. J. Pers. Med. 2023, 13, 746. [CrossRef]

48. Rasooly, D.; Giambartolomei, C.; Peloso, G.M.; Dashti, H.; Ferolito, B.R.; Golden, D.; Horimoto, A.; Pietzner, M.; Farber-Eger, E.H.;
Wells, Q.S.; et al. Large-scale multi-omics identifies drug targets for heart failure with reduced and preserved ejection fraction.
Nat. Cardiovasc. Res. 2025, 4, 293–311. [CrossRef]

49. Peters, A.E.; Tromp, J.; Shah, S.J.; Lam, C.S.P.; Lewis, G.D.; Borlaug, B.A.; Sharma, K.; Pandey, A.; Sweitzer, N.K.; Kitzman, D.W.;
et al. Phenomapping in heart failure with preserved ejection fraction: Insights, limitations, and future directions. Cardiovasc. Res.
2023, 118, 3403–3415, Correction in Cardiovasc. Res. 2023, 119, 1096. [CrossRef]

50. Israr, M.Z.; Heaney, L.M.; Suzuki, T. Proteomic Biomarkers of Heart Failure. Heart Fail. Clin. 2018, 14, 93–107. [CrossRef]
51. Wu, C.K.; Su, M.M.; Wu, Y.F.; Hwang, J.J.; Lin, L.Y. Combination of Plasma Biomarkers and Clinical Data for the Detection of

Myocardial Fibrosis or Aggravation of Heart Failure Symptoms in Heart Failure with Preserved Ejection Fraction Patients. J. Clin.
Med. 2018, 7, 427. [CrossRef]

52. Zaborska, B.; Sikora-Frac, M.; Smarz, K.; Pilichowska-Paszkiet, E.; Budaj, A.; Sitkiewicz, D.; Sygitowicz, G. The Role of Galectin-3
in Heart Failure-The Diagnostic, Prognostic and Therapeutic Potential-Where Do We Stand? Int. J. Mol. Sci. 2023, 24, 13111.
[CrossRef] [PubMed]

53. Gorica, E.; Geiger, M.A.; Di Venanzio, L.; Atzemian, N.; Kleeberger, J.A.; Grigorian, D.; Mongelli, A.; Emini Veseli, B.; Mo-
hammed, S.A.; Ruschitzka, F.; et al. Cardiometabolic heart failure with preserved ejection fraction: From molecular signatures to
personalized treatment. Cardiovasc. Diabetol. 2025, 24, 265. [CrossRef] [PubMed]

https://doi.org/10.3390/ijms27020673

https://doi.org/10.1002/ehf2.15423
https://www.ncbi.nlm.nih.gov/pubmed/40963190
https://doi.org/10.1161/JAHA.115.003190
https://www.ncbi.nlm.nih.gov/pubmed/27473038
https://doi.org/10.1016/j.jacbts.2023.11.006
https://doi.org/10.1186/s12933-025-02612-z
https://www.ncbi.nlm.nih.gov/pubmed/39920805
https://doi.org/10.1186/s12916-020-01764-x
https://doi.org/10.1016/j.cardfail.2021.10.019
https://doi.org/10.1161/01.CIR.0000155257.33485.6D
https://doi.org/10.1016/j.jacc.2013.02.092
https://www.ncbi.nlm.nih.gov/pubmed/23684677
https://doi.org/10.1007/s10741-023-10352-z
https://www.ncbi.nlm.nih.gov/pubmed/37837495
https://doi.org/10.3390/metabo12040297
https://www.ncbi.nlm.nih.gov/pubmed/35448484
https://doi.org/10.1093/eurheartj/ehaf524
https://doi.org/10.3389/fendo.2025.1544908
https://doi.org/10.1161/CIRCRESAHA.125.325602
https://doi.org/10.3390/jpm13050746
https://doi.org/10.1038/s44161-025-00609-1
https://doi.org/10.1093/cvr/cvac179
https://doi.org/10.1016/j.hfc.2017.08.010
https://doi.org/10.3390/jcm7110427
https://doi.org/10.3390/ijms241713111
https://www.ncbi.nlm.nih.gov/pubmed/37685918
https://doi.org/10.1186/s12933-025-02774-w
https://www.ncbi.nlm.nih.gov/pubmed/40611109
https://doi.org/10.3390/ijms27020673


Int. J. Mol. Sci. 2026, 27, 673 18 of 21

54. Schiattarella, G.G.; Alcaide, P.; Condorelli, G.; Gillette, T.G.; Heymans, S.; Jones, E.A.V.; Kallikourdis, M.; Lichtman, A.; Marelli-
Berg, F.; Shah, S.; et al. Immunometabolic Mechanisms of Heart Failure with Preserved Ejection Fraction. Nat. Cardiovasc. Res.
2022, 1, 211–222. [CrossRef] [PubMed]

55. Hernandez-Resendiz, S.; Prakash, A.; Loo, S.J.; Semenzato, M.; Chinda, K.; Crespo-Avilan, G.E.; Dam, L.C.; Lu, S.; Scorrano, L.;
Hausenloy, D.J. Targeting mitochondrial shape: At the heart of cardioprotection. Basic Res. Cardiol. 2023, 118, 49. [CrossRef]

56. Boutagy, N.E.; Singh, A.K.; Sessa, W.C. Targeting the vasculature in cardiometabolic disease. J. Clin. Investig. 2022, 132, e148556.
[CrossRef]

57. McMurray, J.J.V.; Jackson, A.M.; Lam, C.S.P.; Redfield, M.M.; Anand, I.S.; Ge, J.; Lefkowitz, M.P.; Maggioni, A.P.; Martinez, F.;
Packer, M.; et al. Effects of Sacubitril-Valsartan Versus Valsartan in Women Compared with Men with Heart Failure and Preserved
Ejection Fraction: Insights from PARAGON-HF. Circulation 2020, 141, 338–351. [CrossRef]

58. Zhang, Z.; Wang, Y.; Chen, X.; Wu, C.; Zhou, J.; Chen, Y.; Liu, X.; Tang, X. The aging heart in focus: The advanced understanding
of heart failure with preserved ejection fraction. Ageing Res. Rev. 2024, 101, 102542. [CrossRef]

59. Guaricci, A.I.; Sturda, F.; Russo, R.; Basile, P.; Baggiano, A.; Mushtaq, S.; Fusini, L.; Fazzari, F.; Bertandino, F.; Monitillo, F.; et al.
Assessment and management of heart failure in patients with chronic kidney disease. Heart Fail. Rev. 2024, 29, 379–394. [CrossRef]

60. Packer, M.; Lam, C.S.P.; Lund, L.H.; Maurer, M.S.; Borlaug, B.A. Characterization of the inflammatory-metabolic phenotype of
heart failure with a preserved ejection fraction: A hypothesis to explain influence of sex on the evolution and potential treatment
of the disease. Eur. J. Heart Fail. 2020, 22, 1551–1567. [CrossRef]

61. Lund, L.H.; Savarese, G.; Venkateshvaran, A.; Benson, L.; Lundberg, A.; Donal, E.; Daubert, J.C.; Oger, E.; Linde, C.; Hage, C.
Eligibility of patients with heart failure with preserved ejection fraction for sacubitril/valsartan according to the PARAGON-HF
trial. ESC Heart Fail. 2022, 9, 164–177. [CrossRef] [PubMed]

62. Anker, S.D.; Butler, J.; Filippatos, G.; Ferreira, J.P.; Bocchi, E.; Bohm, M.; Brunner-La Rocca, H.P.; Choi, D.J.; Chopra, V.; Chuquiure-
Valenzuela, E.; et al. Empagliflozin in Heart Failure with a Preserved Ejection Fraction. N. Engl. J. Med. 2021, 385, 1451–1461.
[CrossRef] [PubMed]

63. Echouffo-Tcheugui, J.B.; Lewsey, S.C.; Weiss, R.G. SGLT2 inhibitors: Further evidence for heart failure with preserved ejection
fraction as a metabolic disease? J. Clin. Investig. 2021, 131, e156309. [CrossRef] [PubMed]

64. van de Veerdonk, M.C.; Savarese, G.; Handoko, M.L.; Beulens, J.W.J.; Asselbergs, F.; Uijl, A. Multimorbidity in Heart Failure:
Leveraging Cluster Analysis to Guide Tailored Treatment Strategies. Curr. Heart Fail. Rep. 2023, 20, 461–470. [CrossRef]

65. Rosano, G.M.C.; Vitale, C.; Spoletini, I. Precision Cardiology: Phenotype-targeted Therapies for HFmrEF and HFpEF. Int. J. Heart
Fail. 2024, 6, 47–55. [CrossRef]

66. Desai, N.; Olewinska, E.; Famulska, A.; Remuzat, C.; Francois, C.; Folkerts, K. Heart failure with mildly reduced and preserved
ejection fraction: A review of disease burden and remaining unmet medical needs within a new treatment landscape. Heart Fail.
Rev. 2024, 29, 631–662. [CrossRef]

67. Formiga, F.; Nunez, J.; Castillo Moraga, M.J.; Cobo Marcos, M.; Egocheaga, M.I.; Garcia-Prieto, C.F.; Trueba-Saiz, A.; Matali
Gilarranz, A.; Fernandez Rodriguez, J.M. Diagnosis of heart failure with preserved ejection fraction: A systematic narrative
review of the evidence. Heart Fail. Rev. 2024, 29, 179–189, Correction in Heart Fail. Rev. 2024, 29, 301. [CrossRef]

68. Guo, X.; Song, Y.; Liu, S.; Gao, M.; Qi, Y.; Shang, X. Linking genotype to phenotype in multi-omics data of small sample. BMC
Genom. 2021, 22, 537. [CrossRef]

69. Hagendorff, A.; Helfen, A.; Brandt, R.; Altiok, E.; Breithardt, O.; Haghi, D.; Knierim, J.; Lavall, D.; Merke, N.; Sinning, C.; et al.
Expert proposal to characterize cardiac diseases with normal or preserved left ventricular ejection fraction and symptoms of
heart failure by comprehensive echocardiography. Clin. Res. Cardiol. 2023, 112, 1–38. [CrossRef]

70. Solomon, S.D.; Ostrominski, J.W.; Vaduganathan, M.; Claggett, B.; Jhund, P.S.; Desai, A.S.; Lam, C.S.P.; Pitt, B.; Senni, M.; Shah, S.J.;
et al. Baseline characteristics of patients with heart failure with mildly reduced or preserved ejection fraction: The FINEARTS-HF
trial. Eur. J. Heart Fail. 2024, 26, 1334–1346. [CrossRef]

71. Forman, D.E.; de Lemos, J.A.; Shaw, L.J.; Reuben, D.B.; Lyubarova, R.; Peterson, E.D.; Spertus, J.A.; Zieman, S.; Salive, M.E.; Rich,
M.W.; et al. Cardiovascular Biomarkers and Imaging in Older Adults: JACC Council Perspectives. J. Am. Coll. Cardiol. 2020, 76,
1577–1594. [CrossRef] [PubMed]

72. Raymond, I.; Groenning, B.A.; Hildebrandt, P.R.; Nilsson, J.C.; Baumann, M.; Trawinski, J.; Pedersen, F. The influence of age, sex
and other variables on the plasma level of N-terminal pro brain natriuretic peptide in a large sample of the general population.
Heart 2003, 89, 745–751. [CrossRef] [PubMed]

73. Singh, S.; Pandey, A.; Neeland, I.J. Diagnostic and prognostic considerations for use of natriuretic peptides in obese patients with
heart failure. Prog. Cardiovasc. Dis. 2020, 63, 649–655. [CrossRef] [PubMed]

74. Kozhuharov, N.; Martin, J.; Wussler, D.; Lopez-Ayala, P.; Belkin, M.; Strebel, I.; Flores, D.; Diebold, M.; Shrestha, S.; Nowak, A.;
et al. Clinical effect of obesity on N-terminal pro-B-type natriuretic peptide cut-off concentrations for the diagnosis of acute heart
failure. Eur. J. Heart Fail. 2022, 24, 1545–1554. [CrossRef]

https://doi.org/10.3390/ijms27020673

https://doi.org/10.1038/s44161-022-00032-w
https://www.ncbi.nlm.nih.gov/pubmed/35755006
https://doi.org/10.1007/s00395-023-01019-9
https://doi.org/10.1172/JCI148556
https://doi.org/10.1161/CIRCULATIONAHA.119.044491
https://doi.org/10.1016/j.arr.2024.102542
https://doi.org/10.1007/s10741-023-10346-x
https://doi.org/10.1002/ejhf.1902
https://doi.org/10.1002/ehf2.13705
https://www.ncbi.nlm.nih.gov/pubmed/34811954
https://doi.org/10.1056/NEJMoa2107038
https://www.ncbi.nlm.nih.gov/pubmed/34449189
https://doi.org/10.1172/JCI156309
https://www.ncbi.nlm.nih.gov/pubmed/34850740
https://doi.org/10.1007/s11897-023-00626-w
https://doi.org/10.36628/ijhf.2023.0058
https://doi.org/10.1007/s10741-024-10385-y
https://doi.org/10.1007/s10741-023-10360-z
https://doi.org/10.1186/s12864-021-07867-w
https://doi.org/10.1007/s00392-022-02041-y
https://doi.org/10.1002/ejhf.3266
https://doi.org/10.1016/j.jacc.2020.07.055
https://www.ncbi.nlm.nih.gov/pubmed/32972536
https://doi.org/10.1136/heart.89.7.745
https://www.ncbi.nlm.nih.gov/pubmed/12807847
https://doi.org/10.1016/j.pcad.2020.09.006
https://www.ncbi.nlm.nih.gov/pubmed/33002457
https://doi.org/10.1002/ejhf.2618
https://doi.org/10.3390/ijms27020673


Int. J. Mol. Sci. 2026, 27, 673 19 of 21

75. Pitt, B.; Pfeffer, M.A.; Assmann, S.F.; Boineau, R.; Anand, I.S.; Claggett, B.; Clausell, N.; Desai, A.S.; Diaz, R.; Fleg, J.L.; et al.
Spironolactone for heart failure with preserved ejection fraction. N. Engl. J. Med. 2014, 370, 1383–1392. [CrossRef]

76. Zawadzka, M.M.; Grabowski, M.; Kaplon-Cieslicka, A. Phenotyping in heart failure with preserved ejection fraction: A key to
find effective treatment. Adv. Clin. Exp. Med. 2022, 31, 1163–1172. [CrossRef]

77. Clerico, A.; Zaninotto, M.; Passino, C.; Plebani, M. Obese phenotype and natriuretic peptides in patients with heart failure with
preserved ejection fraction. Clin. Chem. Lab. Med. 2018, 56, 1015–1025. [CrossRef]

78. Kim, H.Y.; Park, S.J.; Lee, S.C.; Chang, S.Y.; Kim, E.K.; Chang, S.A.; Choi, J.O.; Park, S.W.; Kim, S.M.; Choe, Y.H.; et al. Comparison
of global and regional myocardial strains in patients with heart failure with a preserved ejection fraction vs hypertension vs
age-matched control. Cardiovasc. Ultrasound 2020, 18, 44. [CrossRef]

79. Del Torto, A.; Guaricci, A.I.; Pomarico, F.; Guglielmo, M.; Fusini, L.; Monitillo, F.; Santoro, D.; Vannini, M.; Rossi, A.; Muscogiuri,
G.; et al. Advances in Multimodality Cardiovascular Imaging in the Diagnosis of Heart Failure with Preserved Ejection Fraction.
Front. Cardiovasc. Med. 2022, 9, 758975. [CrossRef]

80. Scatteia, A.; Dellegrottaglie, S. Cardiac magnetic resonance in ischemic cardiomyopathy: Present role and future directions. Eur.
Heart J. Suppl. 2023, 25, C58–C62. [CrossRef]

81. Wattanachayakul, P.; Kittipibul, V.; Salah, H.M.; Yaku, H.; Gustafsson, F.; Baratto, C.; Caravita, S.; Fudim, M. Invasive haemody-
namic assessment in heart failure with preserved ejection fraction. ESC Heart Fail. 2025, 12, 1558–1570. [CrossRef] [PubMed]

82. Albani, S.; Zilio, F.; Scicchitano, P.; Musella, F.; Ceriello, L.; Marini, M.; Gori, M.; Khoury, G.; D’Andrea, A.; Campana, M.; et al.
Comprehensive diagnostic workup in patients with suspected heart failure and preserved ejection fraction. Hell. J. Cardiol. 2024,
75, 60–73. [CrossRef] [PubMed]

83. Patel, R.B.; Shah, S.J. Drug Targets for Heart Failure with Preserved Ejection Fraction: A Mechanistic Approach and Review of
Contemporary Clinical Trials. Annu. Rev. Pharmacol. Toxicol. 2019, 59, 41–63. [CrossRef] [PubMed]

84. Bayes-Genis, A.; Aimo, A.; Jhund, P.; Richards, M.; de Boer, R.A.; Arfsten, H.; Fabiani, I.; Lupon, J.; Anker, S.D.; Gonzalez, A.; et al.
Biomarkers in heart failure clinical trials. A review from the Biomarkers Working Group of the Heart Failure Association of the
European Society of Cardiology. Eur. J. Heart Fail. 2022, 24, 1767–1777, Correction in Eur. J. Heart Fail.. 2023, 25, 443. [CrossRef]

85. Solomon, S.D.; McMurray, J.J.V.; Anand, I.S.; Ge, J.; Lam, C.S.P.; Maggioni, A.P.; Martinez, F.; Packer, M.; Pfeffer, M.A.; Pieske, B.;
et al. Angiotensin-Neprilysin Inhibition in Heart Failure with Preserved Ejection Fraction. N. Engl. J. Med. 2019, 381, 1609–1620.
[CrossRef]

86. Savarese, G.; Uijl, A.; Lund, L.H.; Anker, S.D.; Asselbergs, F.; Fitchett, D.; Inzucchi, S.E.; Koudstaal, S.; Ofstad, A.P.; Schrage, B.;
et al. Empagliflozin in Heart Failure with Predicted Preserved Versus Reduced Ejection Fraction: Data from the EMPA-REG
OUTCOME Trial. J. Card. Fail. 2021, 27, 888–895. [CrossRef]

87. Solomon, S.D.; McMurray, J.J.V.; Claggett, B.; de Boer, R.A.; DeMets, D.; Hernandez, A.F.; Inzucchi, S.E.; Kosiborod, M.N.; Lam,
C.S.P.; Martinez, F.; et al. Dapagliflozin in Heart Failure with Mildly Reduced or Preserved Ejection Fraction. N. Engl. J. Med.
2022, 387, 1089–1098. [CrossRef]

88. Wagdy, K.; Nagy, S. EMPEROR-Preserved: SGLT2 inhibitors breakthrough in the management of heart failure with preserved
ejection fraction. Glob. Cardiol. Sci. Pract. 2021, 2021, e202117. [CrossRef]

89. Matteucci, A.; Pandozi, C.; Bonanni, M.; Mariani, M.V.; Sgarra, L.; Nesti, L.; Pierucci, N.; La Fazia, V.M.; Lavalle, C.; Nardi, F.;
et al. Impact of empagliflozin and dapagliflozin on sudden cardiac death: A systematic review and meta-analysis of adjudicated
randomized evidence. Heart Rhythm 2025. [CrossRef]

90. Galli, E.; Bourg, C.; Kosmala, W.; Oger, E.; Donal, E. Phenomapping Heart Failure with Preserved Ejection Fraction Using Machine
Learning Cluster Analysis: Prognostic and Therapeutic Implications. Heart Fail. Clin. 2021, 17, 499–518. [CrossRef]

91. Nassif, M.E.; Windsor, S.L.; Borlaug, B.A.; Kitzman, D.W.; Shah, S.J.; Tang, F.; Khariton, Y.; Malik, A.O.; Khumri, T.; Umpierrez, G.;
et al. The SGLT2 inhibitor dapagliflozin in heart failure with preserved ejection fraction: A multicenter randomized trial. Nat.
Med. 2021, 27, 1954–1960. [CrossRef]

92. Nauffal, V.; Di Achille, P.; Klarqvist, M.D.R.; Cunningham, J.W.; Hill, M.C.; Pirruccello, J.P.; Weng, L.C.; Morrill, V.N.; Choi, S.H.;
Khurshid, S.; et al. Genetics of myocardial interstitial fibrosis in the human heart and association with disease. Nat. Genet. 2023,
55, 777–786. [CrossRef] [PubMed]

93. Palazzuoli, A.; Tramonte, F.; Beltrami, M. Laboratory and Metabolomic Fingerprint in Heart Failure with Preserved Ejection
Fraction: From Clinical Classification to Biomarker Signature. Biomolecules 2023, 13, 173. [CrossRef] [PubMed]

94. Delrue, C.; Speeckaert, M.M. Decoding Kidney Pathophysiology: Omics-Driven Approaches in Precision Medicine. J. Pers. Med.
2024, 14, 1157. [CrossRef] [PubMed]

95. Raufaste-Cazavieille, V.; Santiago, R.; Droit, A. Multi-omics analysis: Paving the path toward achieving precision medicine in
cancer treatment and immuno-oncology. Front. Mol. Biosci. 2022, 9, 962743. [CrossRef]

96. Gonzalez-Reymundez, A.; Vazquez, A.I. Multi-omic signatures identify pan-cancer classes of tumors beyond tissue of origin. Sci.
Rep. 2020, 10, 8341. [CrossRef]

https://doi.org/10.3390/ijms27020673

https://doi.org/10.1056/NEJMoa1313731
https://doi.org/10.17219/acem/149728
https://doi.org/10.1515/cclm-2017-0840
https://doi.org/10.1186/s12947-020-00223-0
https://doi.org/10.3389/fcvm.2022.758975
https://doi.org/10.1093/eurheartjsupp/suad007
https://doi.org/10.1002/ehf2.15163
https://www.ncbi.nlm.nih.gov/pubmed/39520094
https://doi.org/10.1016/j.hjc.2023.09.013
https://www.ncbi.nlm.nih.gov/pubmed/37743019
https://doi.org/10.1146/annurev-pharmtox-010818-021136
https://www.ncbi.nlm.nih.gov/pubmed/30296895
https://doi.org/10.1002/ejhf.2675
https://doi.org/10.1056/NEJMoa1908655
https://doi.org/10.1016/j.cardfail.2021.05.012
https://doi.org/10.1056/NEJMoa2206286
https://doi.org/10.21542/gcsp.2021.17
https://doi.org/10.1016/j.hrthm.2025.09.023
https://doi.org/10.1016/j.hfc.2021.02.010
https://doi.org/10.1038/s41591-021-01536-x
https://doi.org/10.1038/s41588-023-01371-5
https://www.ncbi.nlm.nih.gov/pubmed/37081215
https://doi.org/10.3390/biom13010173
https://www.ncbi.nlm.nih.gov/pubmed/36671558
https://doi.org/10.3390/jpm14121157
https://www.ncbi.nlm.nih.gov/pubmed/39728069
https://doi.org/10.3389/fmolb.2022.962743
https://doi.org/10.1038/s41598-020-65119-5
https://doi.org/10.3390/ijms27020673


Int. J. Mol. Sci. 2026, 27, 673 20 of 21

97. Ramazzotti, D.; Lal, A.; Wang, B.; Batzoglou, S.; Sidow, A. Multi-omic tumor data reveal diversity of molecular mechanisms that
correlate with survival. Nat. Commun. 2018, 9, 4453. [CrossRef]

98. Joensuu, H.; Fraser, J.; Wildiers, H.; Huovinen, R.; Auvinen, P.; Utriainen, M.; Nyandoto, P.; Villman, K.K.; Halonen, P.; Granstam-
Bjorneklett, H.; et al. Effect of Adjuvant Trastuzumab for a Duration of 9 Weeks vs. 1 Year with Concomitant Chemotherapy for
Early Human Epidermal Growth Factor Receptor 2-Positive Breast Cancer: The SOLD Randomized Clinical Trial. JAMA Oncol.
2018, 4, 1199–1206. [CrossRef]

99. Lewis, W.E.; Hong, L.; Mott, F.E.; Simon, G.; Wu, C.C.; Rinsurongkawong, W.; Lee, J.J.; Lam, V.K.; Heymach, J.V.; Zhang, J.; et al.
Efficacy of Targeted Inhibitors in Metastatic Lung Squamous Cell Carcinoma with EGFR or ALK Alterations. JTO Clin. Res. Rep.
2021, 2, 100237. [CrossRef]

100. Gandara, D.R.; Agarwal, N.; Gupta, S.; Klempner, S.J.; Andrews, M.C.; Mahipal, A.; Subbiah, V.; Eskander, R.N.; Carbone, D.P.;
Riess, J.W.; et al. Tumor mutational burden and survival on immune checkpoint inhibition in >8000 patients across 24 cancer
types. J. Immunother. Cancer 2025, 13, e010311, Correction in J. Immunother. Cancer 2025, 13, e010311corr1. [CrossRef]

101. Sha, Q.; Lyu, J.; Zhao, M.; Li, H.; Guo, M.; Sun, Q. Multi-Omics Analysis of Diabetic Nephropathy Reveals Potential New
Mechanisms and Drug Targets. Front. Genet. 2020, 11, 616435. [CrossRef] [PubMed]

102. Fava, A.; Buyon, J.; Mohan, C.; Zhang, T.; Belmont, H.M.; Izmirly, P.; Clancy, R.; Trujillo, J.M.; Fine, D.; Zhang, Y.; et al. Integrated
urine proteomics and renal single-cell genomics identify an IFN-gamma response gradient in lupus nephritis. JCI Insight 2020,
5, e138345. [CrossRef] [PubMed]

103. Adamo, L.; Yu, J.; Rocha-Resende, C.; Javaheri, A.; Head, R.D.; Mann, D.L. Proteomic Signatures of Heart Failure in Relation to
Left Ventricular Ejection Fraction. J. Am. Coll. Cardiol. 2020, 76, 1982–1994. [CrossRef] [PubMed]

104. Regan, J.A.; Truby, L.K.; Tahir, U.A.; Katz, D.H.; Nguyen, M.; Kwee, L.C.; Deng, S.; Wilson, J.G.; Mentz, R.J.; Kraus, W.E.; et al.
Protein biomarkers of cardiac remodeling and inflammation associated with HFpEF and incident events. Sci. Rep. 2022, 12, 20072.
[CrossRef]

105. Culler, K.L.; Sinha, A.; Filipp, M.; Giro, P.; Allen, N.B.; Taylor, K.D.; Guo, X.; Thorp, E.; Freed, B.H.; Greenland, P.; et al.
Metabolomic profiling identifies novel metabolites associated with cardiac dysfunction. Sci. Rep. 2024, 14, 20694. [CrossRef]

106. Xiao, X.; Wu, W.; Mao, Q.; Li, B.; Wang, J.; Liu, S.; Zhao, H.; Long, E.; Wang, J. Single-cell transcriptomic profiling reveals cell type
heterogeneity between HFpEF and HFrEF. Commun. Biol. 2025, 8, 1436. [CrossRef]

107. Litvinukova, M.; Talavera-Lopez, C.; Maatz, H.; Reichart, D.; Worth, C.L.; Lindberg, E.L.; Kanda, M.; Polanski, K.; Heinig, M.; Lee,
M.; et al. Cells of the adult human heart. Nature 2020, 588, 466–472. [CrossRef]

108. Perry, A.S.; Amancherla, K.; Huang, X.; Lance, M.L.; Farber-Eger, E.; Gajjar, P.; Amrute, J.; Stolze, L.; Zhao, S.; Sheng, Q.; et al.
Clinical-transcriptional prioritization of the circulating proteome in human heart failure. Cell Rep. Med. 2024, 5, 101704. [CrossRef]

109. Giambartolomei, C.; Vukcevic, D.; Schadt, E.E.; Franke, L.; Hingorani, A.D.; Wallace, C.; Plagnol, V. Bayesian test for colocalisation
between pairs of genetic association studies using summary statistics. PLoS Genet. 2014, 10, e1004383. [CrossRef]

110. Gusev, A.; Ko, A.; Shi, H.; Bhatia, G.; Chung, W.; Penninx, B.W.; Jansen, R.; de Geus, E.J.; Boomsma, D.I.; Wright, F.A.; et al.
Integrative approaches for large-scale transcriptome-wide association studies. Nat. Genet. 2016, 48, 245–252. [CrossRef]

111. Subramanian, A.; Narayan, R.; Corsello, S.M.; Peck, D.D.; Natoli, T.E.; Lu, X.; Gould, J.; Davis, J.F.; Tubelli, A.A.; Asiedu, J.K.; et al.
A Next Generation Connectivity Map: L1000 Platform and the First 1,000,000 Profiles. Cell 2017, 171, 1437–1452 e1417. [CrossRef]
[PubMed]

112. Langfelder, P.; Horvath, S. WGCNA: An R package for weighted correlation network analysis. BMC Bioinform. 2008, 9, 559.
[CrossRef] [PubMed]

113. Argelaguet, R.; Velten, B.; Arnol, D.; Dietrich, S.; Zenz, T.; Marioni, J.C.; Buettner, F.; Huber, W.; Stegle, O. Multi-Omics Factor
Analysis-a framework for unsupervised integration of multi-omics data sets. Mol. Syst. Biol. 2018, 14, e8124. [CrossRef] [PubMed]

114. Lau, E.S.; Roshandelpoor, A.; Zarbafian, S.; Wang, D.; Guseh, J.S.; Allen, N.; Varadarajan, V.; Nayor, M.; Shah, R.V.; Lima, J.A.C.;
et al. Eicosanoid and eicosanoid-related inflammatory mediators and exercise intolerance in heart failure with preserved ejection
fraction. Nat. Commun. 2023, 14, 7557. [CrossRef]

115. Tibshirani, R. Regression Shrinkage and Selection Via the Lasso. J. R. Stat. Soc. Ser. B Stat. Methodol. 1996, 58, 267–288. [CrossRef]
116. Zou, H.; Hastie, T. Regularization and Variable Selection Via the Elastic Net. J. R. Stat. Soc. Ser. B Stat. Methodol. 2005, 67, 301–320.

[CrossRef]
117. Juncheng, J.; Lei, C.; Hao, L.; Fei, L. Integrated analysis of gene networks and cellular functions identifies novel heart failure

biomarkers. Hereditas 2025, 162, 152. [CrossRef]
118. Kolur, V.; Vastrad, B.; Vastrad, C.; Kotturshetti, S.; Tengli, A. Identification of candidate biomarkers and therapeutic agents for

heart failure by bioinformatics analysis. BMC Cardiovasc. Disord. 2021, 21, 329. [CrossRef]
119. Bian, W.; Wang, Z.; Li, X.; Jiang, X.X.; Zhang, H.; Liu, Z.; Zhang, D.M. Identification of vital modules and genes associated with

heart failure based on weighted gene coexpression network analysis. ESC Heart Fail. 2022, 9, 1370–1379. [CrossRef]

https://doi.org/10.3390/ijms27020673

https://doi.org/10.1038/s41467-018-06921-8
https://doi.org/10.1001/jamaoncol.2018.1380
https://doi.org/10.1016/j.jtocrr.2021.100237
https://doi.org/10.1136/jitc-2024-010311
https://doi.org/10.3389/fgene.2020.616435
https://www.ncbi.nlm.nih.gov/pubmed/33362869
https://doi.org/10.1172/jci.insight.138345
https://www.ncbi.nlm.nih.gov/pubmed/32396533
https://doi.org/10.1016/j.jacc.2020.08.061
https://www.ncbi.nlm.nih.gov/pubmed/33092734
https://doi.org/10.1038/s41598-022-24226-1
https://doi.org/10.1038/s41598-024-71329-y
https://doi.org/10.1038/s42003-025-08827-w
https://doi.org/10.1038/s41586-020-2797-4
https://doi.org/10.1016/j.xcrm.2024.101704
https://doi.org/10.1371/journal.pgen.1004383
https://doi.org/10.1038/ng.3506
https://doi.org/10.1016/j.cell.2017.10.049
https://www.ncbi.nlm.nih.gov/pubmed/29195078
https://doi.org/10.1186/1471-2105-9-559
https://www.ncbi.nlm.nih.gov/pubmed/19114008
https://doi.org/10.15252/msb.20178124
https://www.ncbi.nlm.nih.gov/pubmed/29925568
https://doi.org/10.1038/s41467-023-43363-3
https://doi.org/10.1111/j.2517-6161.1996.tb02080.x
https://doi.org/10.1111/j.1467-9868.2005.00503.x
https://doi.org/10.1186/s41065-025-00521-5
https://doi.org/10.1186/s12872-021-02146-8
https://doi.org/10.1002/ehf2.13827
https://doi.org/10.3390/ijms27020673


Int. J. Mol. Sci. 2026, 27, 673 21 of 21

120. Levin, M.G.; Tsao, N.L.; Singhal, P.; Liu, C.; Vy, H.M.T.; Paranjpe, I.; Backman, J.D.; Bellomo, T.R.; Bone, W.P.; Biddinger, K.J.; et al.
Genome-wide association and multi-trait analyses characterize the common genetic architecture of heart failure. Nat. Commun.
2022, 13, 6914. [CrossRef]

121. Schmidt, A.F.; Bourfiss, M.; Alasiri, A.; Puyol-Anton, E.; Chopade, S.; van Vugt, M.; van der Laan, S.W.; Gross, C.; Clarkson, C.;
Henry, A.; et al. Druggable proteins influencing cardiac structure and function: Implications for heart failure therapies and cancer
cardiotoxicity. Sci. Adv. 2023, 9, eadd4984. [CrossRef] [PubMed]

122. Xie, L.; He, S.; Wen, Y.; Bo, X.; Zhang, Z. Discovery of novel therapeutic properties of drugs from transcriptional responses based
on multi-label classification. Sci. Rep. 2017, 7, 7136. [CrossRef] [PubMed]

123. Zhang, S.D.; Gant, T.W. A simple and robust method for connecting small-molecule drugs using gene-expression signatures.
BMC Bioinform. 2008, 9, 258. [CrossRef] [PubMed]

124. Lewis, G.A.; Schelbert, E.B.; Naish, J.H.; Bedson, E.; Dodd, S.; Eccleson, H.; Clayton, D.; Jimenez, B.D.; McDonagh, T.; Williams,
S.G.; et al. Pirfenidone in Heart Failure with Preserved Ejection Fraction-Rationale and Design of the PIROUETTE Trial. Cardiovasc.
Drugs Ther. 2019, 33, 461–470. [CrossRef]

125. Webber, M.; Jackson, S.P.; Moon, J.C.; Captur, G. Myocardial Fibrosis in Heart Failure: Anti-Fibrotic Therapies and the Role of
Cardiovascular Magnetic Resonance in Drug Trials. Cardiol. Ther. 2020, 9, 363–376. [CrossRef]

126. Yu, Y.; Zhang, N.; Mai, Y.; Ren, L.; Chen, Q.; Cao, Z.; Chen, Q.; Liu, Y.; Hou, W.; Yang, J.; et al. Correcting batch effects in
large-scale multiomics studies using a reference-material-based ratio method. Genome Biol. 2023, 24, 201. [CrossRef]

127. Zheng, Y.; Liu, Y.; Yang, J.; Dong, L.; Zhang, R.; Tian, S.; Yu, Y.; Ren, L.; Hou, W.; Zhu, F.; et al. Multi-omics data integration using
ratio-based quantitative profiling with Quartet reference materials. Nat. Biotechnol. 2024, 42, 1133–1149. [CrossRef]

128. Yazdani, A.; Yazdani, A.; Mendez-Giraldez, R.; Samiei, A.; Kosorok, M.R.; Schaid, D.J. From classical mendelian randomization to
causal networks for systematic integration of multi-omics. Front. Genet. 2022, 13, 990486. [CrossRef]

129. Hu, M.; Lei, X.Y.; Larson, J.D.; McAlonis, M.; Ford, K.; McDonald, D.; Mach, K.; Rusert, J.M.; Wechsler-Reya, R.J.; Mali, P.
Integrated genome and tissue engineering enables screening of cancer vulnerabilities in physiologically relevant perfusable ex
vivo cultures. Biomaterials 2022, 280, 121276. [CrossRef]

130. Ravichandran, M.; Maddalo, D. Applications of CRISPR-Cas9 for advancing precision medicine in oncology: From target
discovery to disease modeling. Front. Genet. 2023, 14, 1273994. [CrossRef]

131. Lancaster, S.M.; Sanghi, A.; Wu, S.; Snyder, M.P. A Customizable Analysis Flow in Integrative Multi-Omics. Biomolecules 2020,
10, 1606. [CrossRef]

132. Mayerhofer, C.C.K.; Ueland, T.; Broch, K.; Vincent, R.P.; Cross, G.F.; Dahl, C.P.; Aukrust, P.; Gullestad, L.; Hov, J.R.; Troseid, M.
Increased Secondary/Primary Bile Acid Ratio in Chronic Heart Failure. J. Card. Fail. 2017, 23, 666–671. [CrossRef]

133. Hamberger, F.; Legchenko, E.; Chouvarine, P.; Mederacke, Y.S.; Taubert, R.; Meier, M.; Jonigk, D.; Hansmann, G.; Mederacke,
I. Pulmonary Arterial Hypertension and Consecutive Right Heart Failure Lead to Liver Fibrosis. Front. Cardiovasc. Med. 2022,
9, 862330. [CrossRef]

134. Di Fusco, S.A.; Alonzo, A.; Aimo, A.; Matteucci, A.; Intravaia, R.C.M.; Aquilani, S.; Cipriani, M.; De Luca, L.; Navazio, A.; Valente,
S.; et al. ANMCO position paper on vericiguat use in heart failure: From evidence to place in therapy. Eur. Heart J. Suppl. 2023, 25,
D278–D286. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/ijms27020673

https://doi.org/10.1038/s41467-022-34216-6
https://doi.org/10.1126/sciadv.add4984
https://www.ncbi.nlm.nih.gov/pubmed/37126556
https://doi.org/10.1038/s41598-017-07705-8
https://www.ncbi.nlm.nih.gov/pubmed/28769090
https://doi.org/10.1186/1471-2105-9-258
https://www.ncbi.nlm.nih.gov/pubmed/18518950
https://doi.org/10.1007/s10557-019-06876-y
https://doi.org/10.1007/s40119-020-00199-y
https://doi.org/10.1186/s13059-023-03047-z
https://doi.org/10.1038/s41587-023-01934-1
https://doi.org/10.3389/fgene.2022.990486
https://doi.org/10.1016/j.biomaterials.2021.121276
https://doi.org/10.3389/fgene.2023.1273994
https://doi.org/10.3390/biom10121606
https://doi.org/10.1016/j.cardfail.2017.06.007
https://doi.org/10.3389/fcvm.2022.862330
https://doi.org/10.1093/eurheartjsupp/suad106
https://doi.org/10.3390/ijms27020673

	Introduction 
	The Challenge of Heterogeneity in HFpEF 
	Defining Endophenotypes in HFpEF 
	The Inflammatory Endophenotype 
	The Fibrotic Endophenotype 
	The Cardiometabolic Endophenotype 
	The Hemodynamic/Vascular Endophenotype 

	Shared Comorbidities and Systemic Cross-Talk 
	Why Heterogeneity Explains Trial Failures 
	Translational Implications of Heterogeneity 

	Limitations of Traditional Diagnostics and Therapeutics 
	Why Ejection Fraction, Natriuretic Peptides, and Imaging Fall Short 
	Ejection Fraction 
	Natriuretic Peptides 
	Imaging Modalities 

	Lessons from Major Clinical Trials 
	TOPCAT 
	PARAGON-HF 
	EMPEROR-Preserved 
	DELIVER 

	The Need for Phenotype-Specific Enrichment Strategies 

	Multi-Omics in Cardiovascular Research: Principles and Promise 
	Lessons from Other Disciplines 
	Emerging Omics Insights in HFpEF 

	Integrative Multi-Omics Framework for HFpEF 
	An Actionable Pipeline for Integrated Omics in HFpEF 
	Driver Nomination (Causal Prioritization) 
	Biomarker Discovery (Diagnostic, Prognostic, and Pharmacodynamic) 
	Target Nomination and Drug Matching 


	Practical Challenges and Solutions in Multi-Omics HFpEF Research 
	Cohort Design and Phenotyping 
	Batch Effects and Platform Drift 
	Causality vs. Correlation 
	Cost and Scalability 
	Reproducibility and Data Sharing 

	Future Directions in Precision Cardiology 
	AI- and Machine Learning-Based Multi-Omics Integration 
	Cross-Organ Multi-Omics and the Systems View of Heart Failure 
	Precision-Guided Clinical Trial Design 
	Collaborative Infrastructure and FAIR Data Ecosystems 

	Take-Home Messages 
	Conclusions 
	References

