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ARTICLE INFO ABSTRACT
Keywords: Novel coronavirus pneumonia (COVID-19) is a new type of viral pneumonia caused by severe
COVID-19 acute respiratory syndrome coronavirus 2 (SARS-CoV-2) that has spread rapidly and become a

Heart failure global pandemic. Heart failure (HF) is the ultimate period of the development of various car-

aeécgl\?ies diovascular diseases. There are several research have found that SARS-CoV-2 infection may
Bioinformatics induce cardiac complications including enhanced cardiac stress biomarkers and heart failure. Our

research aims at identifying underlying biological processes and key targets in COVID-19-
associated heart failure via bioinformatics analysis. A total of three heart failure datasets and
three COVID-19 datasets were obtained using the Gene Expression Omnibus (GEO) database.
Batch effects cross each sample were eliminated with surrogate variable analysis algorithm. Then,
we identified key modules of COVID-19 datasets and heart failure datasets through weighted gene
co-expression network analysis. HF-associated as well as COVID-19-associated key modules were
intersected for determining the shared genes of COVID-19-associated heart failure. The pivotal
genes associated with COVID-19-related heart failure were determined by intersecting the shared
genes with the HF-associated hub genes selected through WGCNA. Furthermore, we conducted
GO as well as KEGG enrichment analysis on shared genes of COVID-19-associated heart failure.
Two COVID-19-associated key modules as well as three HF-associated key modules were deter-
mined. In addition, eleven shared genes for COVID-19-associated heart failure were determined.
In conclusion, our work screened two critical genes, namely PYGM and BLM, which may be
possible intervention targets for COVID-19-associated heart failure. According to functional
enrichment results, the shared genes of COVID-19-associated heart failure showed high enrich-
ment in starch and sucrose metabolism, homologous recombination, Fanconi anemia pathway,
and insulin resistance indicate the probably biological processes linked to COVID-19-associated
heart failure. These results provided further insights in possible interventional and therapeutic
targets of COVID-19-associated heart failure.

1. Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), which causes coronavirus disease 2019 (COVID-19) that has

Abbreviations: GEO, Gene expression omnibus; GO, Gene ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; WGCNA, Weighted gene
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spread rapidly and reached a pandemic level [1]. Acute respiratory infections, particularly influenza and respiratory syncytial virus are
recognized causes for cardiovascular disease (CVD) [2,3]. Underlying cardiovascular disease is commonly related to comorbidities,
which may increase the morbidity and severity of infectious diseases [4]. Several epidemiological studies have found that patients with
comorbidity cardiovascular disease (CVD) have a higher rate of progression and mortality than those people without CVD after
diagnosis of COVID-19 [5]. There is increasing evidence that SARS-CoV-2 infection may induce cardiac complications including
enhanced cardiac stress biomarkers, heart failure, and arrhythmias [6]. Heart failure (HF) is the ultimate period of the development of
various cardiovascular diseases. New or existing heart failure in the setting of COVID-19 can present a set of unique challenges [7].
Respiratory infections are the most common cause of heart failure [8]. There are probably a variety of pathophysiological mechanisms
contributing to COVID-19-associated heart failure. However, the possible biological processes in COVID-19-associated heart failure
remains unclear. Nowadays, our knowledge of COVID-19 is still evolving rapidly, and this study discusses underlying biological
processes and key targets in COVID-19-associated heart failure, contributing to further insight into possible interventional and
therapeutic targets of COVID-19-related heart failure.

The SVA package [9] includes functions for eliminating batch effects and other unrequired variations in high-throughput exper-
iments. In particular, the SVA package contains functions for identifying and building directly surrogate variables from
high-dimensional data (like RNA sequencing, gene expression, methylation data) that can be applied to subsequent analyses to adjust
for unmodelled, unclear, or underlying noise sources [9]. Removing batch effects and utilizing surrogate variables in differential
expression analysis has been demonstrated to stabilize error rate estimates , increase repeatability, and decrease dependence [10-12].

The analysis of gene differential expression typically greater focus on respective genes expression impacts, whereas neglecting the
interactions among genes in intricate biological gene networks, also without establishing the connection between genes as well as
diseases. However, we can employ weighted gene co-expression network analysis (WGCNA) [13] to address the problems. WGCNA is a
biological method for analyzing gene expression patterns of multiple samples, which can assess the interaction between specific
features, genes, and modules, as well as gives deep insights of low-expressed variation genes, and eventually identifying potential
biological processes and crucial genes [14]. In this present study, the gene expression network, which follows a scale-free distribution
was constructed by applying the WGCNA algorithm. Then, we established a hierarchical clustering tree via calculating the dissimilarity
coefficients of different nodes. In addition, we classified genes with high similarity into the same type modules and genes with low
similarity into the modules of different types as well as visualized the modules. In our study, bioinformatics analysis of transcriptome
sequencing was performed to reveal the key genes of COVID-19-associated heart failure in patients, offering novel insights into the
diagnosis and treatment of the disease.

2. Methods
2.1. Data source and processing

The Data source were showed in Table 1. The design of this study design is illustrated, as shown in Fig. 1. Three COVID-19-
associated expression information were downloaded from the GSE156754, GSE169241, GSE151879 datasets exploiting the GEO
public database (https://www.ncbi.nlm.nih.gov/geo/), of which the GSE156754 dataset had 9 COVID-19 cases and 3 normal samples;
GSE169241 dataset had eight samples (COVID-19: Normal = 3:5); GSE151879 dataset had twelve samples (COVID-19: Normal = 1:1).
Three heart-failure-related raw sequence data were downloaded from the GSE46224, GSE116250, GSE135055 datasets, of which the
GSE46224 dataset had 31 heart failure cases and 8 normal samples; GSE116250 dataset had 50 heart failure cases as well as 14 normal
samples; GSE135055 dataset included 21 heart failure cases and 9 normal samples. To obtain expression matrices, raw sequence data
from three heart failure GEO datasets were processed with the following steps: (1) Reads with average quality score less than Q20 and a
length <36 bp were removed with fastp (version 0.23.2) [15] to obtain high-quality reads; (2) Sample quality results were assessed and
aggregated with FastQC (version 0.11.7) [16] as well as MultiQC (version 1.13) [17]. (3) The clean reads were then aligned against the
human reference genome hg38 using STAR (version 2.7.9) [18]. (4) The gene counts of mapped reads were summarized with fea-
tureCounts (version 2.0.1) [19]. (5) The Entrez IDs of gene expression matrix were reannotated to gene symbols using the org.Hs.eg.db
(version 3.15.0) [20] package for subsequent analysis.

2.2. Elimination of batch effects

For batch effects, the surrogate variable analysis (SVA, version 3.44) [9] method was used to remove batch effects between each

Table 1

Details for GEO datasets.
Number Condition GEO Accession Number of samples Platform
1 COVID-19 GSE156754 12 GPL18573
2 COVID-19 GSE169241 8 GPL24676
3 COVID-19 GSE151879 12 GPL18573
4 Heart Failure GSE46224 39 GPL11154
5 Heart Failure GSE116250 64 GPL16791
6 Heart Failure GSE135055 30 GPL16791
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Fig. 1. The process of data preparation and analysis. WGCNA: weighted gene co-expression network analysis.

sample. The results before and after elimination of batch effects for each sample in the COVID-19 as well as heart failure datasets were
represented via PCA graph. Subsequently, the common genes from the three COVID-19 expression matrices were combined into a new
gene expression profile. The heart failure datasets were merged, the shared genes from the three datasets were gathered to form a novel
gene expression matrix.

2.3. WGCNA construction and disease-associated key module recognition

WGCNA R package (version 1.71) [13] was utilized to construct a co-expression network by considering the gene expression profile
previously obtained as input expression information and HF or COVID-19 and normal as trait information. Initially, samples were
clustered to detect outliers by the hclust function, and the method parameter was configured to "average" for calculating the distance.
Next, the pickSoftThreshold function was performed to determine the approximate soft threshold(p) for scale-free topology analysis.
Additionally, adjacency matrix was obtained using adjacency function. Further, the adjacency matrix was converted to topological
overlap matrix performing the TOMsimilarity function. The topological overlap matrix was hierarchical clustered using dissimilarity
between genes, and then the tree was divided into separate modules using the dynamic shear tree method. Moreover, the mod-
uleEigengenes function was utilized to determine module eigengene values. Pearson correlation analyses were used between the traits
of samples and the module eigengene values of blocks. Eventually, the modules with correlation coefficient >0.4 and P values < 0.05
were identified as COVID-19- or heart failure-related key modules. The hub genes of key blocks were screened according to the
following criteria: (1) Gene Significance (GS) within the genes and trait >0.2; (2) Module Membership (MM) value > 0.8; (3) weighted
correlation <0.01.

2.4. Identification of common and key genes in COVID-19-associated heart failure

The shared genes of COVID-19-associated heart failure was determined via overlapping COVID-19-associated key modules with
HF-associated key modules. Besides, the STRING website (https://cn.string-db.org/) was utilized for constructing its protein-protein
interaction (PPI) network with a confidence level of 0.4. Further, we imported the relationship pairs into Cytoscape (version 3.9.1)
[21] software for visualization and selected out hub nodes with a high degree of connectivity as hub genes of heart failure-associated
key modules in the network. The key genes of COVID-19-associated heart failure were determined via intersecting shared
COVID-19-associated heart failure genes and heart failure-associated hub genes.

2.5. Functional enrichment of common genes in COVID-19-associated heart failure

The org.Hs.eg.db (version 3.15.0) [20] and clusterProfiler (version 4.4.4) [22] R packages were applied for GO as well as KEGG
enrichment analyses of shared genes in COVID-19-associated heart failure. The cutoff for determining significant enrichment was set
with P value < 0.05. The top twenty GO as well as top ten KEGG signaling pathways were visualized with the dotplot function of the R
package.
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3. Results
3.1. Construction of WGCNA

The surrogate variable analysis algorithm was utilized to eliminate batch effects in COVID-19 as well as heart failure datasets, as
displayed in Fig. 2A-D. We performed WGCNA to determine co-expressed gene modules for the COVID-19- and heart failure-associated
datasets. The scale-free topological index was 0.75 and 0.8 while the soft threshold values regarding COVID-19 and heart failure were
12 as well as 16, separately, as determined from Fig. 3A and B. Consequently, the two networks both follow a power-law distribution.
The dynamic shear tree algorithm was performed to segment the modules with the set min module size of 30 to get eight modules and
eleven modules for the COVID-19 and heart failure datasets, respectively. (Fig. 3C and D).

3.2. Disease-associated key module identification

In view of the hierarchical clustering and Person correlation analyses, the most relevant modules to disease were identified. The
correlation between module eigengene values and traits showed that the green (r = 0.59, P = 4E — 04) and red (r = —0.5, P = 0.003)
modules were deeply connected with COVID-19, whereas black (r = 0.72, P = 9E — 22), green (—0.59, P = 2E — 13) and purple (—0.43,
P = 4E — 07) modules were markedly correlated with heart failure (Fig. 4A and B). Thus, the green and red modules were identified as
COVID-19-associated key modules, and the black, green as well as purple blocks were determined as heart failure-associated key
modules.

3.3. Identification of shared and key genes in COVID-19-associated heart failure

The hub genes of the heart failure-associated key module were screened out according to the criteria mentioned in the preceding
method. Then, the common genes were obtained by intersecting the COVID-19-associated module genes with the heart failure-
associated module genes. Consequently, totally eleven common genes were determined, as shown in Fig. 5A. To display their
protein-protein interactions, a PPI network was generated based on the eleven common genes using the STRING website. After
excluding unlinked proteins (namely WDR62, BLM, LINC00964, and ALKBH7, which did not have interaction with other proteins),
seven pairs were obtained (Supplementary Fig. S1). A gene network cluster was identified exploiting MCODE analysis as seen in
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Fig. 2. PCA of before and after elimination of batch effect for all samples from the COVID-19 and heart failuredatasets. (A, B) Represent the
distribution of COVID-19 samples before and after elimination of batch effect, respectively. (C, D)Represent the distribution of heart failuresamples
before and after eliminating the batch effect, respectively.
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Fig. 5B, including PYGM, ALPK3, XIRP2, and FNDC5 key genes. Additionally, PYGM and BLM were obtained by intersecting the hub
genes of heart failure-associated key module with the common genes, indicating that the two genes are more vital than additional
shared genes in these biological processes of COVID-19-associated heart failure. Consequently, PYGM and BLM have been determined
as key genes implicated in COVID-19-associated heart failure.

3.4. Functional enrichment analysis on shared genes of COVID-19-associated heart failure

We performed GO and KEGG enrichment analyses on shared COVID-19-associated heart failure genes to explore the potential
biological process of COVID-19-associated heart failure. In respect of the common genes implicated in COVID-19-associated heart
failure, the GO terms of biological process indicated that they were mainly enriched in cardiac muscle tissue morphogenesis, car-
bohydrate transmembrane transporter activity, positive regulation of DNA damage response, response to muscle stretch, negative
regulation of DNA biosynthetic process, myoblast differentiation, and response to muscle activity. According to cellular components,
relevant genes were mainly concentrated in the filamentous actin, precatalytic spliceosome, U5 snRNP, precatalytic spliceosome, stress
fiber, peroxisomal membrane, catalytic step 2 spliceosome, spindle pole, Z disc, and centriole. In regard to molecular function, the
common genes were mainly enriched in titin binding, alpha-actinin binding, R-SMAD binding, RNA polymerase II transcription
coactivator activity, dioxygenase activity, RNA polymerase II transcription factor binding, p53 binding, pyridoxal phosphate binding,
and nucleotide binding (Fig. 6A). Moreover, KEGG terms were enriched in starch and sucrose metabolism, homologous recombination,
Fanconi anemia pathway, glucagon signaling pathway, insulin resistance, insulin signaling pathway, and necroptosis (Fig. 6B).

4. Discussion

(1) In this research, we utilized the WGCNA package to explore the possible biological processes as well as crucial genes related to
COVID-19 heart failure. Eleven shared genes were discovered in COVID-19- as well as heart failure-associated key modules,
suggesting that they are the most probably to have several biological functions in COVID-19-associated heart failure. According
to GO enrichment results, we found that the shared genes were predominantly related to cardiac muscle tissue morphogenesis,
carbohydrate transmembrane transporter activity, positive regulation of DNA damage response, response to muscle stretch,
negative regulation of DNA biosynthetic process, myoblast differentiation, and response to muscle activity. Additionally, these
common genes were basically enriched in starch as well as sucrose metabolism, homologous recombination, Fanconi anemia
pathway, glucagon signaling pathway, insulin resistance, insulin signaling pathway, and necroptosis. Moreover, studies in
humans and animal models have revealed that heart failure is associated with generalized insulin resistance [23]. According to
our enrichment results, we also found that these common genes were enriched in insulin resistance, indicates that insulin
resistance may be associated with COVID-19-related heart failure.
There may be some possible limitations in this study. First, the potential two key targets in COVID-19-associated heart failure
that we identified may require experimental validation to better support our findings. Second, the datasets do not contain
relevant information such as co-morbidity and co-medications, and cannot be analyzed to explore the clinical relevance. Despite
its preliminary character, this study can clearly indicate further insight into possible interventional and therapeutic targets.
(3) Previous study has found that the OAS gene family which is associated with the antiviral immune responses of COVID-19 is
highly expressed in both SARS-CoV-2 infected cardiomyocytes and failing hearts acting as an important mediator of HF in
COVID-19 [24]. The OAS gene family encode interferon (IFN)-induced antiviral proteins. Recent study has indicated cardiac
SARS-CoV-2 infection is associated with pro-inflammatory transcriptomic alterations [25]. These studies provide further in-
vestigations on SARS-CoV-2 infection may regulate the heart failure-associated genes. In our study, it is notable that PYGM and
BLM were revealed to be the key genes for COVID-19-associated heart failure, indicating that they display a key part in
COVID-19-associated heart failure. PYGM (cardiomyocyte-related muscle glycogen phosphorylase) is a protein-coding gene.
which catalyzes and regulates the breakdown of glycogen to glucose-1-phosphate during glycogenolysis. This metabolic
pathway is necessary for the generation of ATP during physical activity [26]. Briefly, it plays a central role in maintaining
cellular and organismal glucose homeostasis. BLM (BLM RecQ Like Helicase) is a protein coding gene. Among its related
pathways are homologous DNA pairing and strand exchange and resolution of D-loop structures through holliday junction
intermediates [27]. It is an ATP-dependent DNA helicase that unwinds single- and double-stranded DNA in a 3-5' direction,
participates in DNA replication and repair [28,29]. ALPK3 (Alpha Kinase 3) is a protein coding gene, which predicted to enable
ATP binding activity, protein serine kinase activity, and predicted to be involved in cardiac muscle cell development, implicated
in hypertrophic cardiomyopathy. Moreover, cardiomyopathy was observed in ALPK3 deficient mice, which were otherwise
normal phenotypically [30]. The ALPK3 signaling pathway and its implications on HF might provide insight to new therapeutic
chances [31]. FNDCS5 (Fibronectin Type III Domain Containing 5) is a gene that codes glycosylated transmembrane protein [32].
Previous findings suggest that FNDC5 could preserve mitochondrial function, attenuate oxidative damage and cell apoptosis
[33]. In addition, recent studies also indicated that FNDC5 was involved in the regulation of several cardiovascular diseases,
such as atherosclerosis, myocardial ischemia, and cardiac hypertrophy [34]. Xirp2 encodes xin actin-binding repeat containing
2, a muscle-specific actin binding protein, which is highly expressed in human heart tissues [35]. Several studies have
discovered the role of Xirp2 on cardiac morphology and function. Additionally, Mutations in Xin loci are reported in different
types of heart failure [36].
(4) Although COVID-19 was originally considered a respiratory disease, it has rapidly become clear that a multiorgan involvement
was common, especially the heart usually represents a target organ as well as patients may develop heart failure. Notably, the
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connection between COVID-19 and heart failure is more complex [37-40]. Firstly, a risk element for a more serious clinical
course of COVID-19 is history of heart failure. Furthermore, COVID-19-related myocardial damage may cause heart failure. In
the present study, we performed bioinformatics analysis to explore the potential biological processes and key targets that might
be implicated in the progression of COVID-19-associated heart failure, contributing to further insight into possible interven-
tional and therapeutic targets of COVID-19-related heart failure. However, further investigations are required to define the
precise molecular mechanism of key targets in COVID-19-related heart failure for fully understanding and appropriately apply

in cardiovascular disease and respiratory disease.

5. Conclusions

The present study was designed to determine the underlying biological processes and key targets in COVID-19-related heart failure.
For this task, totally eleven shared genes possibly be participated in several processes of COVID-19-associated heart failure via their
involvement in starch and sucrose metabolism, homologous recombination, Fanconi anemia pathway, and insulin resistance. In
addition, PYGM and BLM possibly be viable intervention targets for COVID-19-associated heart failure.
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