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ARTICLE INFO ABSTRACT

Keywords: Background: Heart failure (HF) is a complex syndrome. Despite availability of multiple treatment options, the
Heart failure with reduced ejection fraction mortality remains high and the quality of life poor. Better understanding of the underlying pathophysiological
(HFrEF)

processes can lead to development of novel therapies. Multiple comparative transcriptomics studies, which
revealed gene level changes in the key pathophysiological pathways in failing hearts, point towards heteroge-
neity from interplay of disease stage, etiologies and ethnicity. Transcriptomic characterization of HF in patients
from different ethnicities can potentially help in understanding the heterogeneity imparted by various factors

Ischemic cardiomyopathy (ICM)
Non-ischemic cardiomyopathy (NICM)
Heart failure transcriptomics

miRNA heart failure

Machine learning transcriptomics and the core elements in heart failure.
miRNA-seq Methods & results: An integrated analysis of bulk transcriptome and microRNA sequencing from the cardiac
Heart failure gene signature tissues of 30 South Asian (SA) patients having HF with reduced ejection fraction (HFrEF) and 19 control subjects

was conducted. Plasma miRNAs from a subset of HFrEF and control patients were also sequenced to understand
their biomarker potential. The altered transcriptome from the myocardium of SA HFrEF patients reflected cardiac
muscle contraction, cellular energetics, altered immune signaling and extracellular matrix remodelling as pre-
dominant pathophysiological mechanisms. The SA HFrEF patients also showed dysregulation of multiple
microRNAs in cardiac tissue like miR-216, miR-217, miR-184 and miR-9983. Many of these miRNAs, such as
miR184 and few others, showed altered levels in both the plasma and cardiac tissue of HFrEF patients suggesting
their biomarker potential. The diversity in the HFrEF transcriptomes from published studies led us to examine the
core HF genes in our cohort. A gene signature generated using machine learning (ML) from the top dysregulated
genes in SA HFrEF cohort stratified HF from controls in other cohorts. The sensitivity of the HF gene signature
was further improved when union of two cohorts was used as a training set. Our ML analyses developed a core HF
gene signature consisting of 21 genes that can stratify HF patients from controls with 98 % sensitivity in all the
tested cohorts.

Conclusions: This study reveals molecular changes underlying the pathophysiology as reflected by coding and
regulatory non-coding components of transcriptome from South Asian patients and uncovers a conserved gene
signature for HF.

Abbreviations: AUCROC, area under curve of receiver operating characteristic; DEG, differentially expressed genes; ECM, extracellular matrix; FDR, false discovery

rate; GSEA, gene set enrichment analysis; GDMT, guidance direct medical therapy; RF, random forest; SA, South Asian.
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A. Anand et al.
1. Introduction

Heart failure (HF) is a global health issue with increasing prevalence
due to ageing population across the world [1,2]. Among HF patients,
about 30-60 % present with heart failure with reduced ejection fraction
(HFrEF) depending on geography [2]. While the guideline directed
medical therapy (GDMT) has reduced mortality in HFrEF [1-3], novel
therapies are needed to bring down the hospitalization and residual
mortality, which in turn requires deeper understanding of disease
biology [1]. Multiple “omics” studies have been carried out at bulk and
single cell level comparing diseased and normal human cardiac tissues
to investigate HF pathophysiology. To date, most studies have focused
on changes in protein coding transcripts [4-15] to delineate molecular
changes underlying HF. However, the studies profiling the tran-
scriptome in HFrEF also reflect significant variation, likely introduced
by differences in ethnicities, disease heterogeneity and technical factors.
Such variations have prompted investigation of core HF-related genes
and signatures [16]. Significant variations imparted by these factors
highlights the importance of examining gene expression in diverse dis-
ease cohorts to better understand the core elements of pathophysiology.

Last two decades have uncovered regulatory role of non-coding
RNAs in physiological as well as disease conditions. The regulatory
non-coding RNAs such as long non-coding RNAs (IncRNAs), small
interfering RNAs (siRNAs), microRNAs (miRNAs), fine tune the gene
expression transcriptionally and post-transcriptionally. Abnormal
changes in non-coding transcriptome are now recognized as drivers of
pathophysiology in HF [17-20]. These non-coding RNAs have been
shown to have both therapeutic and biomarker potential in HF [17-19].
However, investigations on paired transcriptional and regulatory non-
coding RNA dysregulation in cardiac tissue as well as matched plasma
samples are lacking. Such comprehensive data sets can help reveal
multiple layers of gene regulation in disease setting and also, provide
strong biomarker leads.

The goals of our study were to i) investigate protein coding and
regulatory non-coding RNA dysregulation from the bulk transcriptomic
data generated using cardiac tissue obtained from South Asian (SA)
HFrEF subjects, ii) identify a core HF stratifying gene signature, and iii)
probe circulatory biomarker potential of cardiac tissue dysregulated
miRNAs. We performed mRNA & miRNA sequencing in failing and non-
failing left ventricular (LV) tissue and followed it up with matched
plasma miRNA profiling from a subset of HFrEF patients. The integrated
analysis of coding and non-coding components of transcriptome high-
lights the predominant pathways underlying the pathophysiological
changes. We show multiple dysregulated non-coding RNAs out of which
some could have biomarker potential; these analyses provide a snapshot
of the RNA-based regulation of gene expression in the HFrEF patients.
Finally, using machine learning, we uncover a core heart failure gene
signature in our cohort.

2. Methods

A detailed list of methods is provided in the supplementary methods
section.

2.1. Sample acquisition

Cardiac tissue and blood samples were collected from HFrEF patients
and control subjects at Narayana Institute of Cardiac Sciences, Narayana
Health, Bangalore, India. The study conformed to the Helsinki declara-
tion and the clinical sample collection protocol was approved by the
Ethics Committee (NHH/MEC-CL-2017-462) at Narayana Health, Ban-
galore, India. Informed consent was obtained from all subjects for
participation in the study. Appropriate measures were taken to protect
donor identity while collecting clinical information of study subjects.
Failing heart samples were obtained from patients (NYHA class > 2)
undergoing heart transplant or left ventricular assist device (LVAD)
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implantation procedures. In addition, blood samples were collected
from a subset of patients prior to cardiac transplant. Non-failing control
heart samples were collected from brain dead patients whose hearts
could not be used for organ transplant due to non-availability of a
suitable recipient based on blood group mismatch, height, weight and
size criteria. Control blood samples were collected from age-matched
volunteers with no cardiovascular disease history (based on self-
reporting and NT-proBNP test results). The cardiac tissue was
collected from LV apex region and stored in RNAlater until further
processing. The blood samples were collected in PAXgene® RNA tubes.

2.2. Cardiac tissue processing, RNA extraction from tissue and plasma

The cardiac tissue stored in RNAlater was directly added into 700 pL
of QIAzol lysis reagent and homogenized using Qiagen TissueLyser II.
Total RNA extraction including miRNAs was performed using miRNeasy
Mini Kit as per the manufacturer’s instructions. Plasma miRNA extrac-
tion was performed with 200 pL of plasma using miRNeasy Serum/
Plasma kit.

2.3. RNA library preparation and sequencing

Total transcriptome libraries were prepared from 100 ng of total
RNA from tissue. The RNA quality was examined using Tapestation
(Agilent). The libraries were prepared using TruSeq Stranded Total RNA
Library Prep Kit with Ribo-Zero Gold. Manufacturer’s instructions were
followed to prepare RNA-seq libraries. The libraries were sequenced on
[llumina NovaSeq 6000 system. Global miRNA library was prepared
using Qiagen’s QiaSeq miRNA Library Kit. The miRNA libraries from
plasma samples were prepared with the same kit using 5 pL of miRNA
from plasma, following manufacturer’s instructions.

2.4. Data analyses and statistics

RNA-seq data was aligned using splice-aware mapper. The genes
represented by a very low number of reads in all the samples were
filtered out. The downstream analyses of RNA-seq data was conducted in
R Studio (version 4.02). The reads were normalised and differential gene
expression analysis was performed using linear models. Description
regarding read alignment, normalization and differential gene expres-
sion are provided in supplementary methods section. Pathway enrich-
ment among the differentially expressed genes (DEGs) was investigated
using gene set enrichment analysis (GSEA) and hypergeometric tests.
Libraries were subjected to transcript prediction using a software
package that implements network flow approach. The unannotated
transcripts were examined for their coding potential to identify the
novel long non-coding RNAs. The miRNA libraries were aligned to
genome and differential expression of miRNAs was evaluated using
linear models. The heart failure signature was developed using a random
forest-based method. The stratification potential of genes in the signa-
ture was calculated using Area under Curve (AUC) of the Receiver
Operating Characteristic (ROC) curve (AUCROC) analysis.

3. Results
3.1. Clinical characteristics of subjects

We investigated 30 and 19 cardiac tissue samples from HFrEF and
control subjects, respectively. In the HFrEF group, 13 subjects had
ischemic cardiomyopathy (ICM) and 17 subjects had non-ischemic
cardiomyopathy (NICM) as underlying etiologies. The median age and
gender distribution were similar across both the control and HFrEF
groups (Fig. S1A). Detailed clinical information of HFrEF subjects in our
study is summarized in Table S1. The median age in ICM group was
significantly higher than in the NICM group, as expected (Table S1). The
normal subjects in this study were defined by absence of cardiovascular
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disease.

miRNA sequencing from matched plasma samples was conducted for
7 HFrEF patients. For the normal subjects recruited for plasma miRNA
analyses, NT-proBNP levels were measured and all five subjects had
levels lower than 60 pg/mL, which is well within the normal range. The
median age of both normal (n = 5) and HFrEF (n = 7) subjects that were
considered for plasma miRNA analyses was same (51 years).
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3.2. Transcriptomic landscape of South Asian HFrEF patients

Principal component analysis of failing and non-failing cardiac
transcriptomes, showed clear segregation between HF and control
samples, suggesting that HF leads to significant changes in the tran-
scriptome (Fig. 1A). Principal variable component analysis (PVCA) also
showed HF as a predominant factor underlying variation in the gene
expression and that the variations driven by other biological and tech-
nical factors like gender and batch were relatively minor (Fig. S1B).
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Fig. 1. Heart failure leads to large scale changes in transcriptome. (A) Principal component analysis of transcriptomes from 30 HFrEF (red) and 19 control (blue)
heart samples. First two principal components (PC1 and PC2) are plotted. (B) Overlap of differentially expressed genes (DEGs), with 5 % FDR threshold, obtained
after comparison between transcriptomes of all HFrEF and control, ICM (13 samples) and control and NICM (17 samples) and control samples. (For interpretation of
the references to colour in this figure legend, the reader is referred to the web version of this article.)
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We obtained 5132 DEGs between HFrEF and control transcriptomes
using 5 % false discovery rate (FDR) threshold. Of these, 751 genes
showed >2-fold change in expression in HFrEF samples compared to
controls (Table S2). Independent comparison of transcriptomes from
NICM and ICM patients with control transcriptomes showed a large
degree of overlap among the DEGs from the two etiologies with some
unique DEGs for each etiology (Fig. 1B).

The top pathways enriched among the upregulated genes in the
failing hearts were ECM remodelling, cytokine signaling, angiotensi-
nogen metabolism, Wnt and Insulin-like growth factors signaling
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pathways (Fig. 2A). The GSEA with Reactome and Gene Ontology
knowledge bases revealed significant upregulation of ECM pathways
reflected by enrichment of terms like ECM reorganization, collagen
biosynthesis and aggregation (Table S3). Similarly, enrichment of T cell
and cytokine signaling pathways was shown by terms like T cell acti-
vation, T cell differentiation, cytokine signaling and chemotaxis
(Table S3, Fig. 2A). Among the downregulated genes in HFrEF, the top
enriched pathways were cardiac muscle contraction and actin and
tubulin protein folding (Fig. 2B). We also observed downregulation of
few innate immune pathway genes (Fig. 2B). Concordant with published
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Fig. 2. Pathway enrichment analyses for DEGs in HFrEF samples. (A) Top enriched pathways obtained from upregulated genes. (B) Top enriched pathways from
downregulated genes. Hypergeometric test was used for pathway analyses using DEGs with >1.5 fold expression change with FDR > 0.05.
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findings [16], we observed downregulation of several cardiac contrac-
tion and conduction related genes such as MYH6 and ATP2A2 (Fig. S2).
The GSEA also showed negative enrichment of pathways like electron
transport chain and mitochondrial function (Table S3). Overall, these
changes were suggestive of pathological ventricular remodelling and
cardiac dysfunction.

Next, we examined the transcriptomic changes associated with un-
derlying etiologies i.e. ICM and NICM. Multiple pathways were dysre-
gulated in both ICM and NICM subjects. However, the extent of
dysregulation, as reflected by differences in number of genes in a
pathway or fold-change, varied between the etiologies. The NICM group
showed greater downregulation of genes from multiple innate immune
pathways compared to the ICM group (Fig. S3A, S3B and S3C). Multiple
sarcomeric, ion channel and unfolded protein response (UPR) pathway
related genes showed higher reduction in NICM group than ICM group
(Fig. S3A and S3D). This suggests that altered muscle conduction and
contraction are predominant pathophysiological mechanisms in NICM.
The ICM group showed greater reduction in the expression of genes from
cellular energetics pathways compared to NICM group (Fig. S3B and
S3E). Specifically, many components of complex I and complex III of
electron transport chain and related genes were downregulated in ICM
group suggesting dysregulated mitochondrial function potentially due
to chronic ischemic etiology. Some of the positively enriched over-
lapping pathways in both NICM and ICM groups included upregulation
of T cell activation, cytokine signaling, ECM remodelling and angio-
tensinogen metabolism (Figs. S3A and S3B). ECM remodelling related
genes including a few collagen genes exhibited increased upregulation
in ICM group in comparison to NICM group (Fig. S3F). The dysregula-
tion of angiotensinogen metabolism pathway in both ICM and NICM
subjects (Fig. S3A and S3B) with overexpression of genes like ACE,
CMA1, CTSG and MME highlighted potential myocardial production of
angiotensin-II from angiotensin-I leading to localized Ang-II mediated
fibrosis in heart (Table S2) [21,22]. Although upregulated in both NICM
and ICM, the extent of upregulation of T cell activation and cytokine
signaling pathways was higher in ICM subjects (Fig. S3A and S3B).

To further understand the immune component related changes in
ICM and NICM, we examined the enrichment of gene sets representing
signatures of different immune cells in our bulk transcriptomics data
using single sample GSEA (ssGSEA). The NICM subgroup showed
stronger downregulation of genes from neutrophil degranulation
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pathway like TNFRSF10, MGAM, and CSF3R, and increased expression
of genes from mast cell related genes like CMA1l, CPA3 and MS4A2
(Figs. 3 and S4A). In contrast, the ICM subgroup had significantly higher
enrichment of activated CD8 T cells and cytotoxic cell signatures (Figs. 3
and S4B). We observed upregulation of genes like GNLY and NKG7,
which are generally enriched in the cytotoxic cells, in ICM subjects
(Fig. S4B). Overall, these findings suggest a greater involvement of
activated CD8 T cells in ICM.

3.3. Dysregulation of regulatory RNAs in heart failure

To elucidate the role of short and long regulatory RNAs in HF
pathophysiology, we performed miRNA profiling from the same cardiac
tissue samples that were used for transcriptome sequencing. Addition-
ally, we examined changes in the IncRNA transcripts, both known and
novel, in the global transcriptomics data. Among the HF DEGs, 228
transcripts were classified as IncRNAs, including antisense and divergent
transcripts from protein coding loci and other IncRNAs (Table S4). For
multiple antisense IncRNAs, we observed dysregulation of the protein
coding genes originating from the same locus. In many instances, dys-
regulation of antisense and protein coding transcripts was in the same
direction; while for some loci, the antisense and protein coding tran-
scripts expression were in opposite direction (Table S5). Notably,
CI1QTNF1, which upon downregulation leads to accelerated fibrosis and
hypertrophy in heart [23], was downregulated and the C1QTNF1-AS1
was upregulated (Table S5). Overall, we observed dysregulation of a
number of annotated IncRNAs that are implicated in heart failure and
atherosclerosis, for example, H19, BANCR, MEG3, GASAL1, CERNAI,
SENCR and HCG11 [24-30].

We then examined novel IncRNAs in the SA HFrEF cohort. We
evaluated the coding potential of the unannotated transcripts from the
overall assembled transcripts set. The analysis revealed 349 transcripts
with very poor coding potential that could be putative novel IncRNAs.
These predicted IncRNAs did not have any match in the public IncRNA
databases and some of these had substantially higher expression in the
HFrEF samples as indicated by the TPM values. We designed primers
against 10 putative IncRNAs that showed overall high expression in
control and HF samples and performed qPCR on a subset of HFrEF
samples from the present cohort. We confirmed expression of these
IncRNAs and significant upregulation of seven and downregulation of
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Fig. 3. Enrichment of immune cell signatures in the NICM, ICM and control heart transcriptomes. Single-sample GSEA was used to estimate the enrichment of the
gene signatures from different immune cells in the respective transcriptomes. Enrichment scores for each cell type across control (blue), ICM (red) and NICM (green)
subjects are represented by boxplot. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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one putative IncRNA in the failing hearts (Fig. S5). Dysregulation of
multiple known and novel IncRNAs in HFrEF patients suggests the
involvement of IncRNAs in HF pathophysiology.

As described, we also sequenced the miRNAs from the same RNA
pool of control and HFrEF samples that was used to perform the tran-
scriptomic profiling, and detected altered expression of 130 miRNAs in
the HF group below 5 % FDR (Table S6). Some of the top upregulated
miRNAs were miR-216, miR-217, miR-184, miR-204, miR-599 and miR-
211. Dysregulation of many of these miRNAs has already been described
in heart failure [19,31-33]. Among the downregulated miRNAs, miR-
9983, miR-4284, miR-518, miR-122, miR-1261 showed significant
change. In order to understand the regulatory potential of these miR-
NAs, we predicted the target transcripts of the miRNA using TargetScan
tool [34]. For the downregulated miRNAs, we selected the putative
target mRNAs that were upregulated; conversely, for the upregulated
miRNAs, we selected putative targets that were downregulated. The
downregulated putative targets with corresponding increase in the
corresponding miRNAs showed enrichment of pathways like ionic
transport, apoptosis, muscle conduction, mitochondrial functions,
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immune pathways and cellular integrity (Fig. 4A). The upregulated
genes, which were predicted to be targets of downregulated miRNAs,
showed enrichment of terms like PI3BK-AKT signaling, IGF signaling,
ECM remodelling, adaptive immune pathways, specifically some of the
Th2 genes (Fig. 4B). These results suggest that dysregulation of a subset
of genes in failing hearts could potentially be driven by altered miRNA
expression. To examine the validity of miRNA regulation at cohort level,
we looked at correlation between the expression levels of dysregulated
miRNA and corresponding target mRNAs in failing and control heart
samples. Indeed, we observed significant inverse correlation of 40
mRNA-miRNA pairs in HF patients. In comparison, these pairs showed
insignificant correlation in the control subjects (data not shown). For
example, expression of genes like KCNN3, CXCR4, IGF1 was inversely
correlated specifically with expression of miR-1-3p in HF subjects
(Fig. S6A). Similar correlation was also observed for FGF18 and miR-21-
5p target-miRNA pair in HF group (Fig. S6A). To summarize, paired
miRNA profiling revealed another layer of gene regulation in our cohort.

Next, we evaluated whether the differentially regulated cardiac
miRNAs could also be detected in circulation with differences in their
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Fig. 4. Pathway enrichment analysis for putative miRNAs target genes dysregulated in HFrEF. (A) Top enriched pathways among upregulated genes that were
putative targets of downregulated miRNAs. (B) Top enriched pathways from downregulated genes that were putative targets of upregulated miRNAs.
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levels between the control and HF subjects. Circulatory miRNAs are
altered in multiple disease indications including cardiovascular diseases
and have shown biomarker potential for both diagnostic and prognosis
purposes [20,35]. The miRNA sequencing from a subset of control and
HF subject plasma samples revealed substantial miRNA dysregulation in
plasma of HF subjects (429 miRNAs at 5 % FDR; Table S6). Among these,
12 miRNAs showed significantly robust dysregulation in the same di-
rection in both myocardium and plasma samples. For example, miR-183
and miR-184 were robustly upregulated in the both myocardium and
plasma samples, and miR-187, miR-187-3p, miR-1-3p were significantly
downregulated in both tissues and plasma samples (Fig. S6B and S6C).
These findings suggest a promising role of these miRNAs as biomarkers.

3.4. Machine learning derived HF gene signature from SA cohort

Meta analysis of published HFrEF transcriptomes has highlighted
poor overlap among DEGs obtained in different studies [16]. We
compared DEGs from the current study with those from three published
studies - Sweet et al. 2018 [6], Hahn et al. 2021 (only HFrEF samples)
[8] and Yang et al. 2014 [7] and found a poor overlap among their DEGs.
This was reflected by Jaccard-Index, which ranged between 0.2 to 0.4
for top 500 DEGs from the aforementioned studies (Fig. S7A), reaf-
firming the findings of an earlier published study by Flores et al. [16]. In
addition, <20 % of top 50 DEGs from any given cohort were differen-
tially expressed in other cohorts (Fig. S7B). To delineate the core HF
genes from SA cohort and the three published cohorts, we used a
Random Forest (RF) based method. We trained the RF model on each
cohort separately and examined the stratification ability of top RF-
derived genes in other cohorts. The stratification ability of the top RF-
derived genes was assessed solely on their expression. In contrast to
top DEGs, the majority of top 50 RF-derived genes from any one cohort
were DEGs in other three cohorts (Fig. S7C). The top 50 RF-derived
genes after training each cohort separately could largely stratify the
HF and control subjects in the remaining three cohorts (Fig. 5A). The
average AUCROC of top 50 RF-derived genes from each cohort ranged
between 0.7 and 0.9 (Fig. 5A). Among these, the signature derived using
SA cohort as training data showed best average AUCROC followed by
the signature from Hahn et al. 2021 (Figs. 5A and S7D).

While the top 50 RF-derived genes from individual cohorts exhibited
reasonable stratification ability, the overlap of top 50 RF-derived genes
from one cohort with the other three cohorts was between 60 and 90 %.
To achieve better coverage from the training datasets, we combined two
cohorts and used the union of their DEGs for RF model training. With
this approach, the overlap of top 50 RF-derived genes with DEGs from
test cohorts improved significantly compared to the overlap observed
with single cohort training sets (Fig. S7C). In line with this observation,
the signature generated using combined or dual training set showed
improvement in AUCROC. This suggests that the signature generated
using two cohorts increased chances of discovering core HF genes for
disease stratification (Figs. 5B, S7D). The signatures generated from our
study in combination with Yang et al. 2014 [7] and with Hahn et al.
2021 [8] showed highest average performance followed by the other
combinations (Figs. 5B, S7D). These analyses show that machine
learning (ML) based methods offer significant improvement in identi-
fying the HF related genes overcoming the variation imparted by mul-
tiple factors including technical and disease heterogeneity. Finally,
using the ML framework described above, we identified a core set of 21
gene signature that had high sensitivity, AUCROC >0.98, for all the
cohorts (Fig. 5C). This set included genes like MYH6, OGN, LUM,
CCDC69, HMOX2, KCND3, FREM1.

4. Discussion
In this study, we characterised the coding and regulatory non-coding

compartments of the transcriptome from SA HFrEF patients. The coding
component provided insights into HFrEF pathophysiology. The fibrotic
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changes and cardiomyocyte impairment in the failing hearts were well
reflected by upregulation of multiple ECM reorganization, and collagen
biosynthesis pathways and by downregulation of cardiac conduction,
muscle contraction and cellular energetics pathways. We also observed
significant changes in the adaptive and innate immune pathways. The
expression of genes representing adaptive immune component, such as T
cell activation, was markedly increased. Enrichment of a subset of T cell
population expressing GNLY and PRF1 has also been described previ-
ously in a single nuclear RNA-sequencing study from cardiac tissues
obtained from end stage heart failure patients with hypertrophic and
dilated cardiomyopathy as underlying etiologies [4]. In contrast to
adaptive immune component, multiple genes from innate immune
pathways were suppressed including neutrophil degranulation related
genes like CD14, LILRB3, S100A8, S100A9, CD177. Reduction in
neutrophil degranulation pathway has been reported in macrophages
and other cell types in dilated cardiomyopathy [4,14]. Increased dys-
regulation of genes implicated in enhanced inflammation in this study,
such as upregulation of NLRP3, EGR1 and downregulation of CD163,
LYVE] suggests a shift towards inflammatory macrophages, which has
also been shown in dilated cardiomyopathy using single nuclear RNA-
seq [14]. Multiple genes from cytokine signaling pathways like IFIT1,
IFIT2, MX1 and MX2 and T cell migration and stimulation like CCL21,
CD3E, CD8A, HLA-DRA, PIK3R1 were upregulated in our study and the
same has been reported for the other HFrEF cohorts as well [16]. With
bulk transcriptomics, as in our study, it is difficult to ascertain these
effects to a specific cell type. However, based on the commonality of
underlying genes, it is likely that the dysregulated immune signature at
bulk level in our study reflects the changes in subsets of lymphocytic
cells and macrophages described at single cell level in failing hearts [4].
Overall, extensive dysregulation of inflammation related genes suggests
that increased inflammation is pivotal in driving the pathophysiology in
heart failure.

There was a substantial overlap in the DEGs between ICM and NICM
groups. Similar convergence of disease-related changes at bulk or single
cell level in end-stage heart failure patients with different underlying
etiologies has also been reported previously [4]. We also observed that
there were some distinctions that underscored the unique aspects of the
underlying etiologies. Differential enrichment of pathophysiological
pathways in ICM and NICM groups suggests that the net contribution of
a disrupted biological mechanism towards driving disease progression
may be different for different etiologies and also, highlights the unique
pathophysiological features of each etiology. For example, we observed
slightly higher dysregulation of genes from ECM remodelling, T cell
activation, cytotoxic signature and cellular energetics pathways in the
ICM subjects compared to NICM subjects. Enhanced expression of
cytotoxic T cell signaling genes in the ICM patients like GNLY, NKG7 and
CTSW is reflective of potentially more aggressive fibrotic changes
because of infarct related cardiomyocyte death. Santos-Zas et al.
recently showed that in preclinical ischemia, activated CD8+ T cells
release granzyme proteins leading to cardiomyocyte death and also,
elevated granzyme B levels in acute MI patients are predictive of
increased risk of death at 1 year [36]. Our findings suggest that T cell
induced cardiotoxicity persists in individuals with ischemic cardiomy-
opathy. The NICM group showed negative enrichment of muscle con-
duction and contraction pathway and stronger downregulation of genes
from innate immune pathways suggesting that the myocardial intrinsic
factors potentially play a key role in NICM pathophysiology. Increased
expression of human leukocyte antigen (HLA) genes was observed in
both etiologies; HLA has been reported to be a risk locus for non-
ischemic dilated cardiomyopathy [37,38].

We also observed dysregulation of several genes encoding for alpha-
and beta-tubulins like TUBA3D, TUBAS3E, TUBB4B in the myocardium of
HF patients. Microtubules, formed by polymerization of alpha- and beta-
tubulins, have been shown to play an important role in cardiac me-
chanics. Increased microtubular density and stability by post-
translational modifications like detyrosination and acetylation are well
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Fig. 5. Machine learning reveals gene signatures from SA and other HFrEF cohorts with strong stratification potential. (A) Each plot represents the mean AUCROC
value for top 20 to top 50 gene signatures obtained by training from a single cohort. The AUCROC values were calculated based on the expression of the genes in
independent cohorts used as test sets represented in different colors. The black line represents the mean of the mean AUCROC values for all the test cohorts for a given
signature (B) Each plot represents the mean AUCROC for top 20 to top 50 gene signatures generated using a combination of two HFrEF cohorts. The mean AUCROC
value for all the genes in the signature was calculated based on their expression in the test cohorts. Mean AUCROC values for each cohort is represented by different

colors. The black line represents the mean of the mean AUROC values for all the test cohorts (C) AUCROC values for 21 gene core HF signature in different
HFrEF datasets.
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documented in heart failure [39,40]. Interestingly, like our study, the
mRNA levels of various tubulins are often reported to be decreased in
myocardium of HFrEF sample from multiple studies [16]. This
discrepancy can be explained by autoinhibition of tubulin expression as
suggested by reduced exonic RNA in comparison to intronic RNA levels
in advanced heart failure [41].

Profiling of regulatory RNAs in cardiac tissue unravelled the complex
regulation of genes in the pathogenesis of HF. There was altered
expression of several known and novel IncRNAs in failing heart tissue.
Among the annotated IncRNAs, many have already been implicated in
cardiovascular diseases. BANCR, which is expressed in fetal car-
diomyocytes and is responsible for cardiomyocyte migration and cardiac
enlargement/dilation, was overexpressed [26]. The expression of H19,
which is believed to be protective and has been found to be reduced in
aortic stenosis, LVAD and failing heart samples [24], was also reduced in
HF group in our study. LncRNAs like SCIRT, GLIDR, SOCAR that are
known to be involved in proliferation or cancer [42-44] were also
altered in the present study. The novel IncRNAs from our study that are
enriched in HF group need to be taken up for further investigations to
understand their role in heart failure pathophysiology and to assess their
suitability as novel targets for therapy.

Changes in miRNA profile in HF further add to the complexity of
disease pathophysiology as a single miRNA can regulate expression of
multiple genes and a single gene can be regulated by multiple RNAs
[20]. This enables miRNAs to regulate multiple cellular processes in a
context dependent manner [20]. MiR-216 that was upregulated in our
study has been implicated in cell proliferation and, under increased
expression conditions, myofibroblast transdifferentiation [45]. Whether
it has a protective or a deleterious role in heart, is not completely un-
derstood. The miR-216 null mice exhibit aggravated cardiac dysfunction
due to impaired endothelial function in pressure-overload and
myocardial infarction models of heart failure while in human cardiac
fibroblasts, overexpression of miR-216 leads to profibrotic phenotype
[45-47]. Similarly, miR-217, which is part of the same cluster, has also
been shown to promote cardiac hypertrophy, fibrosis and dysfunction
[48]. Our analyses also revealed multiple mRNA-miRNA pairs suggest-
ing an overall miRNA-driven gene dysregulation in HF, which needs to
be confirmed experimentally.

Plasma miRNA profiling of a small subset of HFrEF patients revealed
many dysregulated miRNAs. However, only 12 of those showed dysre-
gulation similar to that seen in heart, suggesting potential direct cardiac
contribution to circulation. It is likely that the remaining dysregulated
miRNA may be originating from other organs. This is not unexpected
considering that severely impaired cardiac function leads to systemic
pathological changes. In our study, miR-184 showed strong dysregula-
tion in both cardiac tissue and plasma samples of HFrEF subjects. It has
been linked with cellular apoptosis under oxidative stress and its
oxidized form may worsen myocardial damage under ischemic condi-
tions [49]. miR-184 levels in plasma have also been shown to be pre-
dictive of cardiac damage in a cohort of Anderson-Fabry disease [32].
While our data for miR-184 seem to be promising, its utility as a
biomarker in heart failure needs to be confirmed in a larger patient
cohort.

The ML framework successfully identified the core HF signature. The
top genes from single training cohorts distinguished the HFrEF samples
from controls based on only their expression in other cohorts. This
ability to stratify based on only expression highlights its translatability
as a better biomarker. Expanding the training set to two cohorts further
improved the stratification ability of resulting signature in the remain-
ing cohorts corroborating the effectiveness of ML based method in
identifying the core HF gene signature. A 21 gene consensus HF strati-
fying signature from our study included conserved HF dysregulated
genes like MDK, SMOC2, KCND3, MYH6, OGN, LUM, CCDC69, HMOX2,
FREM]1 and others, which are known to be dysregulated across cohorts
[16].
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5. Limitations

Our study is the first integrated analysis of coding and non-coding
transcriptome in the SA HFIEF patients. One of the limitations was the
small size of the cohort but the findings have largely recapitulated core
elements of HF pathophysiology. Earlier published meta analysis [16]
indicates that the cohorts with smaller size are capable of reflecting the
pathways or genes underlying HFrEF pathophysiology. We acknowledge
that data from a larger patient pool would have been better in predicting
the biomarker potential of multiple dysregulated genes and circulatory
biomarkers. Another limitation was acquisition of normal samples. Our
normal samples were obtained from autopsy patients. The timing of
autopsy upon brain death may have had an impact on ischemia related
genes. Indeed, NPPA was not differentially expressed in our data even
though we observed a trend of higher expression in HF group. The ML
based gene signature generated here shows that HFrEF samples in SA
cohort show dysregulation of core HF genes and that the signature
generated from SA cohort stratifies other cohorts well. Moreover, most
of our findings are in line with the HF literature on other populations
and also, with the consensus HF transcriptional signature generated by
Flores et al. [16]. Lastly, the biological interpretation and hypotheses
presented in this study are based on transcriptomic data and may not
necessarily reflect the changes at protein level. Also, the cellular context
is lost in bulk transcriptomic studies including this study.

6. Conclusions

To our knowledge, this is the first transcriptomic characterization of
heart failure in South Asian subjects. Here, we present a detailed account
of pathways underlying HF pathophysiology in combination with reg-
ulatory non-coding RNA component and a conserved HF gene signature
using machine learning.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.jmccpl.2025.100282.
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