Received: 13 April 2024 | Revised: 27 May 2024 | Accepted: 4 July 2024 | Published online: 11 July 2024

RESEARCH ARTICLE

Interactome Based Computational Dy, Vol X0 15
i iati DOI: 10.47852/bonviewMED IN42023102
Approach to Identify Association

Between Cardiomyopathy and
Cardiovascular Disease

)

BON VIEW PUBLISHING

Tammanna R. Sahrawat™+, Muskan®, Rijul Sharma’, Suhani Dange’, Ritika Patial’ and S.K.
Gahlawat®

1 Centre for Systems Biology and Bioinformatics, Panjab University, India
2 Department of Biotechnology, Chaudhary Devi Lal University, India

*Corresponding author: Tammanna R. Sahrawat, Centre for Systems Biology and Bioinformatics, Panjab University, India. Email: tammanna@pu.ac.in

Abstract: Cardiovascular diseases (CVD), including heart failure (HF), represent a major global health concern, with significant
indisposition and mortality rates. Cardiomyopathy is a myocardial disease that impedes the heart's ability to efficiently pump
blood throughout the body, ultimately leading to heart failure. For the identification of critical genes and proteins linking
different diseases, computational biology tools and "omics" play a significant role. Therefore, the present study was undertaken
to identify underlying molecular factors responsible for cardiomyopathy to decipher its molecular association with CVD and
heart failure using an integrative network system biology approach. Microarray and RNA-seq datasets for cardiomyopathy were
retrieved from the Gene Expression Omnibus database and 51 common DEGs were identified. Subsequently, a Protein-Protein
Interaction (PPI) network was constructed using STRING, followed by its analysis using various Cytoscape plug-ins. Nine hub
genes, namely LPA, APOA2, ABCAL, LCAT, APOB, APOA4, CLU, APOC3, and APOA1 were identified that were found to be
involved in cholesterol metabolism, fat digestion and absorption, lipid metabolism, and atherosclerosis pathways. Therefore, the
proteins identified in the present study belonging to the APO family and their associated proteins may prove as useful biomarkers
for cardiomyopathy and therapeutic targets to prevent CVD and heart failure.

Keywords: cardiomyopathy, cardiovascular disease, inflammation, interactome, network systems biology, computational
biology, hub genes

1. Introduction

A leading cause of death in humans is cardiovascular disease, which includes heart failure, hypertension, congenital heart
disease, coronary heart disease, and other heart-related conditions with heart failure being the clinically most prevalent
cardiovascular condition. Globally, it is estimated that 64.3 million individuals experience heart failure [1]. A study claims that
cardiovascular disease (CVD) causes more deaths annually than any other illness, with 17.9 million deaths annually—roughly
31% of all deaths globally. Heart disease and stroke will account for 23.6 million of CVD-related deaths by 2030 [2].Heart
failure (HF) is becoming more widespread like a pandemic. The persistent nature of age-related illnesses like rheumatoid heart
disease and the rise in recent diseases like coronary artery disease heighten the risk of heart failure [3].

Cardiomyopathy is a pathologic and anatomic diagnosis that refers to muscle or electrical dysfunction in the heart. This
diverse group of illnesses result in heart failure that worsens over time and has a notable morbidity and mortality rate [4]. Primary
(genetic, mixed, or acquired) and secondary categories of cardiomyopathy can be distinguished, leading to a variety of
phenotypes such as dilated, hypertrophic, and restrictive patterns. The most prevalent primary cardiomyopathy, hypertrophic
cardiomyopathy, can result in heart failure, abrupt cardiac death, atypical chest pain, exertional dyspnea, and presyncope. Dilated
cardiomyopathy usually manifests as classic heart failure symptoms with a low ejection percentage while much less common
form of restrictive cardiomyopathy is frequently linked to systemic illness, and can be genetic or acquired [5]. Secondary
cardiomyopathy is the term used to describe heart muscle disease that arises from an extra cardiovascular cause. There are
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numerous categories into which secondary causes can be divided, such as endocrine, infectious, toxic, autoimmune, nutritional,
and neuromuscular [5].

Genetics is the primary cause of cardiomyopathy. Ciarambino et al. [6] reported that mutations in the TTN gene, which
codes for the protein titin that connects actin and myosin, and the LMNA gene, which codes for the protein lamins A and C, are
specifically associated with dilated cardiomyopathies. Hypertrophic cardiomyopathy has been linked to mutations in genes such
as MYBPC3 (which codes for cardiac myosin-binding protein C of the intermediate filament) and MYH7 (which codes for beta-
myosin heavy chain of the thick filament). They have further reported that desmosome gene mutations are the most significant
ones associated with arrhythmogenic cardiomyopathy while other significant genes include JUP, DSP, PKP2, DSG2, and
DSC2.A study published by Da Dalt et al. [7] reported that PCSK9 deficiency alters the heart's ability to produce energy and
metabolise lipids, which causes the left ventricular wall to thicken and heart failure with preserved ejection fraction to develop.

Cardiac diseases are complex diseases that exhibit a variety of phenotypes resulting from multiple pathologies, such as
cardiomyopathies, which if left untreated ultimately cause heart failure [8]. Network biology has provided new avenues for better
understanding of complex systems such as protein-protein interactions and disease-disease links. Disease network analysis
facilitates and projects a basic understanding of the relative risks of diseases and features of their shared architecture, which is
useful in the field of disease epidemiology [9]. The fields of clinical medicine and cardiology have benefited greatly from the
advances in systems biology, which have led to a better understanding of molecular systems, complex biological networks, and
biological constructs [10]. Some studies have reported genes associated with either cardiomyopathy or different types of CVD. Si
[11] reported association of RPS4Y1 and MYH6 genes with cardiomyopathy based on a PPI interaction network of transcriptome
data. In a recent study, Yan et al. [12] have identified genes namely C3, F5, FCGR3A, APOB, PENK, LUM, CHRDL1,
FCGR3A, CIQB, and FMOD, in cardiomyopathy using a bioinformatics approach. The mechanism underlying molecular
association of cardiomyopathy and heart failure is poorly understood. Network-centric approaches to study interactomes of
diseases provide an opportunity to identify critical targets that can act both as biomarkers and therapeutic targets which must be
studied using a network systems biology approach for their better understanding [13]. Therefore, the present study was
undertaken to identify underlying molecular factors and pathways responsible for cardiomyopathy which may lead to CVD using
an integrative network system biology approach.

2. Research Methodology

2.1. Data collection

NCBI GEO database was used for the retrieval of multiple omics datasets (GSEs) to collect RNA-seq and microarray data
related to cardiomyopathy. The inclusion criteria for both datasets were selected as follows: (i) three control and three
experimental samples; (ii) platforms owned by Affymetrix, Illumina, or Agilent manufacturers; (iii) human datasets. Studies
using gene therapies or interfering molecules like sSiRNAs or miRNAs and manipulated datasets were not included.

2.2. Preprocessing microarray data and DEGs identification

The microarray dataset GSE120895 [14], consisting of 47 dilated cardiomyopathy (DCM) patients and 8 healthy controls,
was based on the Platform GPL570 [HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array. The gene expression
profile was downloaded using the R platform's GEOquery package [15]. For downstream analysis, the following packages were
used: (i) affy for Affymetrix-derived datasets;[16] (ii) rma method [17] in the affy package to correct background, normalise, and
summarise expression values for each probe set of the dataset; (iii) limma [18] and Biobase [19] packages for differential gene
expression analysis. DEGs were identified with the threshold set as P<0.05. The DEGs with log2FC <—1 were considered as
down-regulated genes, while the DEGs with log2FC>1 were considered as up-regulated genes. To identify DEGs between
cardiomyopathy patients and control samples and to control the false discovery rate (FDR) of the test statistics, Moderated t-test
and Benjamini—-Hochberg (BH) method were applied respectively. The volcano plot of the DEGs was generated using RStudio.

2.3. Preprocessing RNA-Seq data and DEGs identification

The gene expression profile of RNA-Seq dataset GSE230585, on account of GPL21697 Platform NextSeq 550 (Homo
sapiens), including 11 samples of patients with hypertrophic cardiomyopathy and 5 heart-healthy donors, was obtained from the
NCBI GEO database. DESeq2 R package [20] was used for the differential gene expression analysis. The DEGs between samples

were determined by the threshold set as |log2FC[>1 with the Benjamini-Hochberg for FDR correction of p < 0.05 followed by the
construction of a volcano plot using RStudio.

2.4. PP network construction and analysis

Interactions among the DEGs were examined with the STRING database [21] followed by an analysis of the interaction
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network using Cytoscape 3.10.1 software [22] and its various plugins namely CytoCluster [23], MCODE [24] and CytoHubba
[25].

2.5. Functional and pathway enrichment analysis

KEGG pathway analysis and functional annotation were done using the enrichment tool, Enrichr [26]. It uses
Clustergrammer to visualize high-dimensional data as a hierarchically clustered matrix with colored matrix-cells and produces
dynamic heatmaps of enriched terms as columns and user input genes as rows.

3. Results

3.1. Identification of DEGs

The Microarray dataset and the RNA-seq dataset with accession numbers GSE120895 and GSE230585 respectively were
preprocessed followed by data normalisation to identify the DEGs. A total of 859 DEGs were identified in the microarray dataset
(GSE120895) out of which 7 genes were up-regulated and 852 genes were down-regulated (Figure 1A). RNAseq dataset
(GSE230585) had 973 DEGs out of which 639 were up-regulated and 334 were down-regulated genes (Figure 1B). Fifty-one
common DEGs associated with cardiomyopathy were identified using Venn diagram from the two datasets (Figure 1C).

3.2. PPl interaction and modular analysis

The protein-protein interaction network of the 51 genes previously identified from the DEG analysis was constructed in
STRING (Figure 2A) and had 48 nodes (representing the genes) and 32 edges (representing the interactions between the genes)
with enrichment P-value of less than 1.0e-16, indicating high degrees of gene interaction. The interaction network was further
built in STRING to identify interacting partners of the 51 proteins and the resulting network having 98 nodes and 486 edges was
imported to Cytoscape for further analysis (Figure 2B).

Clustering was performed using two different Cytoscape plug-ins, CytoCluster and MCODE to identify and validate the
significant clusters to further identify the critical hub genes. ClusterONE (Clustering with Overlapping Neighbourhood
Expansion) is an algorithm of CytoCluster plug-in, that was used to identify highly overlapping regions i.e. cluster modules based
on a P-value of <0.05 [13] while MCODE (Molecular Complex Detection) detects clusters on the basis of topology i.e. a
maximum number of nodes and edges. Ten clusters were obtained following analysis of the imported PPI network from STRING
(Figure 2B) with CytoCluster, out of which only 2 clusters were significant (Table 1A). Both these clusters were merged and had
51 genes which were analyzed with the CytoHubba plugin of Cyctoscape using Maximal Clique Centrality scoring method and
nine hub genes namely LPA, APOA2, ABCAL, LCAT, APOB, APOA4, CLU, APOC3 and APOAL were found (Table 2, Figure
3A). To validate the hub genes, the imported PPI network (Figure 2B) was also analyzed with MCODE which returned 5 cluster
modules out of which only 2 clusters were selected that had a significant number of nodes and edges (Table 1B). These two
clusters having 40 genes were merged and analyzed with CytoHubba and the nine hub genes obtained (Table 2, Figure 3B) were
identical to the results of CytoCluster and CytoHubba, thereby validating the genes obtained using two different analysis
approaches.
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Figure 1. Volcano plot for up- and down- regulated genes for datasets GSE120895 (A) and GSE230585; (B) Blue color
represents down regulated genes, red color represents up regulated genes while black color represents non-significant
genes based on the cutoff criteria: adjusted P-value<0.05 and |log2FC|>1; (C) Venn diagram representing common DEGs
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Figure2. (A) Protein-Protein Interaction network generated using STRING having 48 nodes and 32 edges; (B)
Representation of interacting partners of the 48 proteins generated from STRING having 98 nodes and 486 edges, in

Cytoscape.
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Table 1. Selection of two ClusterOne (A) and MCODE; (B) clusters based on P-value of <0.05 and high number of nodes
respectively.

A) ClusterOne B) MCODE
CLUSTERS DETAILS CLUSTERS NODES EDGES SCORE
Nodes: 32
Density: 0.500
Quality: 0.70

P-value: 0.000

20 94 9.895

Nodes: 19
Density: 0.509
Quality: 0.439

P-value: 0.008

20 72 7.579
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Figure 3. Graphical view of ranked hub nodes of (A) ClusterOne; (B) MCODE cluster obtained from Cytohubba with
color-coding (Red - highly essential genes and Yellow — less essential genes.
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Table 2. Top 9 dyresgulated genes and their expression values

Gene
Symbol
LPA
LCAT
CLU
ABCA1l
APOA1
APOA2
APOA4
APOC3

LogFC

-1.48308
2.579948
1.263447
-1.445242
-1.135203
-1.228575
-1.799703
-2.644425

AveExpr t P.Value
6.756596 -3.44763 0.00108
1.019443 3.82005 0.00257
4.097684 2.21768 0.03118
4.500200 -4.50207 3.49E-05
3.828202 -3.61844 0.00064
4.159338 -3.616529 0.00067
4.660992 -3.635174 0.000679
1.723289 -3.840097 0.00072

Adj.p.value

0.03007

0.042554
0.144357
0.008551
0.025039
0.025534
0.025534
0.025986

B

-0.92127
-1.40249
-3.79878
2.19224

-0.44848
-0.45587
-0.46190
-0.47700

Direction

Down
UP
UP

Down

Down

Down

Down
Up

3.3. Gene enrichment

The diseasome association network for the 9 hub genes identified in the present study for cardiomyopathy, was constructed
using STRING and a highly connected PPI interaction network was obtained (Figure 4). To further understand the biological
roles of the common hub genes between cardiomyopathy, KEGG Pathway analysis was carried out and all the genes identified in
the present study were found to be involved in Cholesterol metabolism, fat digestion and absorption, Lipid and atherosclerosis
and PPAR signaling pathway, and showed a direct or indirect association with cardiovascular diseases with may result in heart

failure (Figure 5 and Table 3).
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Figure 4. Interactome network of the hub genes obtained from STRING
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Figure 5. Heatmap showing the top 9 key hub genes involved in KEGG pathway analysis
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Table 3. KEGG pathway analysis of hub genes

Pathway Genes In Pathway P-Value Enrsigggent
Cholesterol metabolism APOCinIZ%AiPI(_)IZAlIACBACLf POB, 7.599e-21 176031.05
Fat digestion and absorption APOB, APOA4, APOAL, ABCA1 2.315e-9 8137.98
Vitamin digestion and absorption APOB, APOA4, APOAL1 1.269e-7 7550.44
Lipid and atherosclerosis APOB, APOA4, APOA1, ABCAl 0.000001569 1002.34
PPAR signaling pathway APOC3, APOA2, APOA1L 0.000004019 1742.91
Complement and coagulation cascades CLU 0.03761 97.18

4. Discussion

In the present study to identify underlying molecular factors responsible for cardiomyopathy which may lead to heart failure,
9 proteins were identified from the interactome obtained from the analysis of the DEG associated with both the medical
conditions. Common causes of heart failure have been identified as atrial fibrillation, myocardial infarction, ischemic heart
disease, valvular heart disease, and cardiomyocytes [27]. All the proteins identified in the study (Table 3) are involved in
pathways involved in metabolism, absorption or transport of fatty acids with most of them belonging to apolipoprotein family.

The primary structural and functional protein constituent of high-density lipoprotein (HDL), or good cholesterol in plasma,
is apolipoprotein A-1 (APOA1) which constitutes about 70 % of it. It is known for regulating cholesterol trafficking and
protecting against CVD. Gordon et al. [28] also reported its role in modulating inflammatory and immune responses. It facilitates
the efflux of cholesterol from tissues into the liver for excretion as a cofactor for lecithin cholesterol acyl transferase (LCAT),
which is required for the synthesis of most plasma cholesteryl esters [29]. LCAT is a key enzyme in the metabolism of HDL and
is essential for the reverse cholesterol transport that occurs in macrophages [30]. It has been reported that LCAT activity may be
linked to increased formation of triglyceride-rich lipoproteins (TRLs), which in turn reduces the size of LDL particles in patients
at high risk for atherosclerotic cardiovascular disease (ASCVD) [31]. The second major protein constituting 20% of high-density
lipoprotein cholesterol (HDL-C) particles is apolipoprotein A2 (APOA2), which has been reported to have an antagonistic effect
on the efflux of cholesterol from cells by regulating the enzymes involved in the remodelling of HDL-C, a known risk factor for
coronary artery disease (CAD) [32].

According to a study, APOA2 independently predicts the risk of CVD and the need for future revascularization in patients
with stable hearts suggesting that APOA2 is directly linked to the burden and progression of atherosclerosis rather than
cardioprotection in humans [33]. The smaller apolipoprotein APOA3, is mostly found on TRLs and HDL in the bloodstream,
with a smaller amount on LDL [34]). According to recent research, APOC3 levels on lipoproteins may increase their
atherogenicity and act as a risk indicator for CVD in people [35]. Lipid-binding apolipoprotein A-IV (APOAA4) is found on
HDLs, chylomicron remnants, and in lipid-free form and is reported to regulate a variety of physiological processes, including
lipid absorption and metabolism, anti-atherosclerosis, platelet aggregation and thrombosis [36]. APOB, is an apolipoprotein that
forms a crucial part of VLDLs and the metabolites LDLs and IDLs by providing a framework, that is essential to preserve the
lipoprotein's structural stability [37].

Lipoprotein (a) (LPA) is a modified LDL particle and has physiological roles in wound healing, tissue repair promotion, and
vascular remodelling. Its elevated plasma concentration is an independent predictor of atherosclerotic CVD and peripheral
arterial disease [38]. Tsimikas et al. [39] reported that LPA is a causative mediator of calcific aortic valve disease (CAVD) and
CVD based on pathophysiological, epidemiological, and genetic studies.

The protein known as ATP-binding cassette transporter A1 (ABCAL1) is crucial for preserving cholesterol homeostasis and is
known for mediating the nascent high-density lipoprotein biogenesis. Therefore, decreased ABCAL function may have a
significant impact on reverse cholesterol transport and cholesterol homeostasis [40]. Therapeutic strategies aimed at removing
excess cholesterol from tissues and preventing CVD now have ABCAL as a promising new target, regardless of the way
numerous atherogenic factors combine to produce cholesterol deposits in arterial macrophages [41].
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Clusterin (CLU) also known as apolipoprotein J, is a ubiquitous, multifunctional glycoprotein that can be found in nearly all
of the body's fluids and multiple places within the intracellular matrix and has been proposed to play a protective role during
pathological stresses [42, 43]. Park et al. [44] reported that the serum level of CLU is significantly increased in subjects with type
Il diabetes and heart failure.

Erdmann et al. [45] performed Genome-Wide Association Studies (GWAS) and reported that APOA1, APOC3, APOA4,
APOB, and LPA genes and their mutations are linked to CAD that may cause heart failure. Libby[46] reported that in the genesis,
progression, and manifestation of CVD, inflammation plays a critical role. Clinical trial and observational cohorts reported the
high prevalence of residual inflammatory risk in patients with CVD [47].Navarro et al. [48] reported that there may be
differences in the regulation of the ApoA-1/C-11I/A-1V gene clusters depending on the type of response and the temporal frame of
study, such as steady-state mMRNA or plasma levels. They further reported that hepatic and plasma Apo C-IlI levels are similar,
which correspond with plasma triglycerides. These findings suggest that inflammation plays a significant role in all processes
related to the expression of the ApoA-1/C-11I/A-1V gene cluster. The elimination of ApoA-I might heighten the inflammatory
reaction and may contribute to chronic inflammation [49]. The first conclusive evidence of ApoA-IV's novel anti-inflammatory
and inhibitory effect on P-selectin expression, which regulates leukocyte and platelet adhesive interactions was found in a study
using a murine model of DSS colitis [50].

This is the first study based on analysis of the diseasome association network obtained for cardiomyopathy that shows the
association of ABCA1, LCAT and CLU with the Apoliprotein family which ias an inframmorty marker being associated with
CVD. The genes identified in the present study namely LPA, APOA2, ABCAL, LCAT, APOB, APOA4, CLU, APOC3, and
APOAL1 were found to be involved in cholesterol metabolism, fat digestion and absorption, lipid and atherosclerosis and PPAR
signaling pathway, and showed a direct or indirect association with cardiovascular diseases leading to CVD which may result in
heart failure

5. Limitations and Recommendations

The approach used in the present study aimed to elucidate the association between cardiomyopathy and cardiovascular
disease. The study lacks direct clinical validation of the identified hub genes though notably, the subsequent validation of the
identified genes implicated in cardiomyopathy and their relevance to CVD outcomes was analysed through text-mining.

To further validate the biomarkers identified in the present study based on this predictive analysis using a network systems
biology approach, animal and clinical studies would provide additional scientific evidence for the clinical application of these
biomarkers.

The research strategy used in the present study offers a holistic understanding of the molecular factors influencing

cardiomyopathy and its connection to cardiovascular diseases. By adopting an interactome-based computational approach, the
research advances our understanding of the complex molecular mechanisms involved in cardiovascular diseases.

6. Conclusion

Cardiomyopathies are an important cause of heart failure and a comprehensive understanding of their association at the
molecular level can have a significant impact on disease prognosis. The hub genes identified in the present study, including LPA,
APOA2, ABCA1, LCAT, APOB, APOA4, CLU, APOC3, and APOAL, emerge as potential biomarkers and therapeutic targets
for cardiomyopathy and cardiovascular diseases.The APO family of proteins identified in this study, together with the proteins
they are linked to, may serve as helpful biomarkers for cardiomyopathy leading to CVD that may result in heart failure. This in
turn may guide personalized therapeutic interventions for modulation of cardiomyopathy to prevent CVD and heart failure.
Acknowledgement

The authors would like to acknowledge Panjab University, Chandigarh for providing the infrastructure for the research work.

Funding Support

Grant no. HSCIT/ R&D/2023/4294 dated 02.03.2023 Haryana State Council for Science, Innovation and Technology,
Haryana.

Ethical Statement

This study does not contain any studies with human or animal subjects performed by any of the authors.



MedinformaticsVol. XX Iss. XX yyyy

Conflicts of Interest

The authors declare that they have no conflicts of interest to this work.

Data Availability Statement

The data that support the findings of this study are openly available in Gene Expression Omnibus at GSE120895
(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE120895) and GSE230585
(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE230585).

References

[1] Fan, S., & Hu, Y. (2022). Integrative analyses of biomarkers and pathways for heart failure.BMC Medical Genomics,15(1),
72.https://doi.org/10.1186/s12920-022-01221-z

[2] Thupakula, S., Nimmala, S. S. R., Ravula, H., Chekuri, S., & Padiya, R. (2022). Emerging biomarkers for the detection of
cardiovascular diseases.The Egyptian Heart Journal,74(1), 77.https://doi.org/10.1186/s43044-022-00317-2

[3] Harikrishnan, S., Koshy, L., Ganapathi, S., Jeemon, P., Kumar, R. K., Roy, A., ...,& Kartha, C. C. (2023). Charting a roadmap
for heart failure research in India: Insights from a qualitative survey.Indian Journal of Medical Research,158(2), 182-
189.https://doi.org/10.4103/ijmr.ijmr 2511 21

[4] Wexler, R., Elton, T., Pleister, A., & Feldman, D. (2009). Cardiomyopathy: an overview.American family physician,79(9),
778-784 https://www.ncbi.nlm.nih.gov/pmc/articles/PMC2999879/

[5] Brieler, J. A. Y., Breeden, M. A., & Tucker, J. (2017). Cardiomyopathy: an overview.American family physician,96(10), 640-
646.https://www.aafp.org/pubs/afp/issues/2017/1115/p640.html

[6] Ciarambino, T., Menna, G., Sansone, G., & Giordano, M. (2021). Cardiomyopathies: an overview.International journal of
molecular sciences,22(14), 7722.https://doi.org/10.3390/ijms22147722

[7] Da Dalt, L., Castiglioni, L., Baragetti, A., Audano, M., Svecla, M., Bonacina, F., ... & Norata, G. D. (2021). PCSK9
deficiency rewires heart metabolism and drives heart failure with preserved ejection fraction.European heart journal,42(32),
3078-3090.https://doi.org/10.1093/eurheartj/ehab431

[8] Kang, J. H., Lee, H. S., Kang, Y. W., & Cho, K. H. (2016). Systems biological approaches to the cardiac signaling
network.Briefings in bioinformatics,17(3), 419-428.https://doi.org/10.1093/bib/bbv039

[9] Chauhan, P. K., & Sowdhamini, R. (2022). Integrative network analysis interweaves the missing links in cardiomyopathy
diseasome.Scientific Reports,12(1), 19670.https://doi.org/10.1038/s41598-022-24246-x

[10] Louridas, G. E., & Lourida, K.G. (2015). Progressive nature of heart failure and systems biology.International
Cardiovascular Forum Journal, 3,5-9.http://dx.doi.org/10.17987/icfj.v3i0.88

[11] Si, W. (2023). Analysis of Associated Genes and Biological Pathways Between Inflammatory Dilated Cardiomyopathy and
Ischemic  Cardiomyopathy by  Bioinformatics.E  Journal of  Cardiovascular  Medicine,11(1),  31-
38.https://doi.org/10.32596/ejcm.galen0s.2023.2022-12-054

[12] Yan, R., Song, J., Guo, M., & Hao, M. (2023). Bioinformatics analysis of differentially expressed genes in ischemic
cardiomyopathy using GEO Database.Cellular and Molecular Biology,69(1), 98-
103.https://doi.org/10.14715/cmb/2022.69.1.17

[13] Sahrawat, T. R. (2022). Systems Biology Approaches to Study Disease Comorbidities. InR. C. Sobti, &A.
Sobti(Eds.),Biomedical Translational Research: Technologies for Improving Healthcare(pp. 97-105). Singapore: Springer
Nature Singapore.https://doi.org/10.1007/978-981-16-4345-3 6

[14] Witt, E., Hammer, E., Dérr, M., Weitmann, K., Beug, D., Lehnert, K,, ... & Ameling, S. (2019). Correlation of gene
expression and clinical parameters identifies a set of genes reflecting LV systolic dysfunction and morphological
alterations.Physiological genomics,51(8), 356-367.https://doi.org/10.1152/physiolgenomics.00111.2018

[15] Davis, S., & Meltzer, P. S. (2007). GEOquery: a bridge between the Gene Expression Omnibus (GEO) and
BioConductor.Bioinformatics,23(14), 1846-1847.https://doi.org/10.1093/bioinformatics/btm254

[16] Gautier, L., Cope, L., Bolstad, B. M., & Irizarry, R. A. (2004). affy—analysis of Affymetrix GeneChip data at the probe
level.Bioinformatics,20(3), 307-315.https://doi.org/10.1093/bioinformatics/btg405

[17] McCall, M. N., Bolstad, B. M., & Irizarry, R. A. (2010). Frozen robust multiarray analysis (fFRMA).Biostatistics,11(2), 242-
253.https://doi.org/10.1093/biostatistics/kxp059

[18] Ritchie, M. E., Phipson, B., Wu, D., Hu, Y., Law, C. W., Shi, W., & Smyth, G. K. (2015). limma powers differential
expression  analyses  for  RNA-sequencing and  microarray  studies.Nucleic  acids  research43(7),
e47.https://doi.org/10.1093/nar/gkv007

[19] Huber, W., Carey, V. J., Gentleman, R., Anders, S., Carlson, M., Carvalho, B. S., ... & Morgan, M. (2015). Orchestrating
high-throughput genomic analysis with Bioconductor.Nature methods,12(2), 115-121.https://doi.org/10.1038/nmeth.3252

[20] Love, M. 1., Huber, W., & Anders, S. (2014). Moderated estimation of fold change and dispersion for RNA-seq data with
DESeq2.Genome biology,15, 1-21.https://doi.org/10.1186/s13059-014-0550-8



https://doi.org/10.1186/s12920-022-01221-z
https://doi.org/10.1186/s43044-022-00317-2
https://doi.org/10.4103/ijmr.ijmr_2511_21
https://doi.org/10.3390/ijms22147722
https://doi.org/10.1093/eurheartj/ehab431
https://doi.org/10.1093/bib/bbv039
https://doi.org/10.1038/s41598-022-24246-x
https://doi.org/10.32596/ejcm.galenos.2023.2022-12-054
https://doi.org/10.14715/cmb/2022.69.1.17
https://doi.org/10.1007/978-981-16-4345-3_6
https://doi.org/10.1152/physiolgenomics.00111.2018
https://doi.org/10.1093/bioinformatics/btm254
https://doi.org/10.1093/bioinformatics/btg405
https://doi.org/10.1093/biostatistics/kxp059
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1038/nmeth.3252
https://doi.org/10.1186/s13059-014-0550-8

MedinformaticsVol. XX Iss. XX yyyy

[21] Mering, C. V., Huynen, M., Jaeggi, D., Schmidt, S., Bork, P., & Snel, B. (2003). STRING: a database of predicted
functional associations between proteins.Nucleic acids research,31(1), 258-261.https://doi.org/10.1093/nar/gkg034

[22] Shannon, P., Markiel, A., Ozier, O., Baliga, N. S., Wang, J. T., Ramage, D., ... & Ideker, T. (2003). Cytoscape: a software
environment for integrated models of biomolecular interaction networks.Genome research,13(11), 2498-
2504.https://doi.org/10.1101/gr.1239303

[23] Li, M., Li, D., Tang, Y., Wu, F., & Wang, J. (2017). CytoCluster: a cytoscape plugin for cluster analysis and visualization of
biological networks.International journal of molecular sciences,18(9), 1880.https://doi.org/10.3390/ijms18091880

[24] Bader, G. D., & Hogue, C. W. (2003). An automated method for finding molecular complexes in large protein interaction
networks.BMC bioinformatics,4, 1-27.https://doi.org/10.1186/1471-2105-4-2

[25] Chin, C. H., Chen, S. H., Wu, H. H., Ho, C. W,, Ko, M. T., & Lin, C. Y. (2014). cytoHubba: identifying hub objects and
sub-networks from complex interactome.BMC systems hiology,8, 1-7.https://doi.org/10.1186/1752-0509-8-S4-S11

[26] Chen, E. Y., Tan, C. M., Kou, Y., Duan, Q., Wang, Z., Meirelles, G. V., ... & Ma’ayan, A. (2013). Enrichr: interactive and
collaborative HTMLS5 gene list enrichment analysis tool.BMC bioinformatics,14, 1-14.https://doi.org/10.1186/1471-2105-
14-128

[27] Jamaly, S., Carlsson, L., Peltonen, M., Andersson-Assarsson, J. C., & Karason, K. (2021). Heart failure development in
obesity: underlying risk factors and mechanistic pathways.ESC Heart Failure,8(1), 356-
367.https://doi.org/10.1002/ehf2.13081

[28] Gordon, S. M., Hofmann, S., Askew, D. S., & Davidson, W. S. (2011). High density lipoprotein: it's not just about lipid
transport anymore.Trends in Endocrinology & Metabolism,22(1), 9-15.https://doi.org/10.1016/j.tem.2010.10.001

[29] Mangaraj, M., Nanda, R., & Panda, S. (2016). Apolipoprotein Al: a molecule of diverse function.Indian Journal of Clinical
Biochemistry,31(3), 253-259.https://doi.org/10.1007/s12291-015-0513-1

[30] Calabresi, L., & Franceschini, G. (2010). Lecithin: cholesterol acyltransferase, high-density lipoproteins, and
atheroprotection in humans.Trends in cardiovascular medicine,20(2), 50-53.https://doi.org/10.1016/j.tcm.2010.03.007

[31] Yokoyama, K., Tani, S., Matsuo, R., & Matsumoto, N. (2018). Association of lecithin-cholesterol acyltransferase activity
and low-density lipoprotein heterogeneity with atherosclerotic cardiovascular disease risk: a longitudinal pilot study.BMC
Cardiovascular Disorders,18, 1-10.https://doi.org/10.1186/s12872-018-0967-1

[32] Bandarian, F., Daneshpour, M. S., Hedayati, M., Naseri, M., & Azizi, F. (2016). Identification of sequence variation in the
apolipoprotein A2 gene and their relationship with serum high-density lipoprotein cholesterol levels.Iranian biomedical
journal,20(2), 84-90.https://doi.org/10.7508/ibj.2016.02.003

[33] Tang, W. W., Allayee, H., Hartiala, J., Wu, Y., & Hazen, S. L. (2010). Elevated Apolipoprotein A2 Adjusted for High-
Density Lipoprotein is Associated with Atherosclerotic Burden and Progression in Stable Cardiac Patients.Circulation,122,
A18732.https://www.ahajournals.org/doi/abs/10.1161/circ.122.suppl_21.A18732

[34] Borén, J., Packard, C. J., & Taskinen, M. R. (2020). The roles of ApoC-Ill on the metabolism of triglyceride-rich
lipoproteins in humans.Frontiers in endocrinology,11, 541643.https://doi.org/10.3389/fend0.2020.00474

[35] Kohan, A. B. (2015). Apolipoprotein C-111: a potent modulator of hypertriglyceridemia and cardiovascular disease.Current
Opinion in Endocrinology, Diabetes and Obesity,22(2), 119-125.https://doi.org/10.1097/MED.0000000000000136

[36] Qu, J., Ko, C. W., Tso, P., & Bhargava, A. (2019). Apolipoprotein A-1V: a multifunctional protein involved in protection
against atherosclerosis and diabetes. Cells, 8(4), 319.https://doi.org/10.3390/cells8040319

[37] Behbodikhah, J., Ahmed, S., Elyasi, A., Kasselman, L. J., De Leon, J., Glass, A. D., & Reiss, A. B. (2021). Apolipoprotein
B and cardiovascular disease: biomarker and potential therapeutic target. Metabolites,11(10),
690.https://doi.org/10.3390/metabo11100690

[38] Orso, E., & Schmitz, G. (2017). Lipoprotein (a) and its role in inflammation, atherosclerosis and malignancies.Clinical
research in cardiology supplements,12, 31-37.https://doi.org/10.1007/s11789-017-0084-1

[39] Tsimikas, S., Fazio, S., Ferdinand, K. C., Ginsberg, H. N., Koschinsky, M. L., Marcovina, S. M., ... & Liu, L. (2018).
NHLBI Working Group Recommendations to Reduce Lipoprotein(a)-Mediated Risk of Cardiovascular Disease and Aortic
Stenosis.Journal of the American College of Cardiology,71(2), 177-192.https://doi.org/10.1016%2Fj.jacc.2017.11.014

[40] Wang, J., Xiao, Q., Wang, L., Wang, Y., Wang, D., & Ding, H. (2022). Role of ABCAL in cardiovascular disease.Journal of
Personalized Medicine,12(6), 1010.https://doi.org/10.3390/jpm 12061010

[41] Oram, J. F. (2002). The cholesterol mobilizing transporter ABCAL as a new therapeutic target for cardiovascular
disease.Trends in cardiovascular medicine,12(4), 170-175.https://doi.org/10.1016/S1050-1738(02)00159-7

[42] Rodriguez-Rivera, C., Garcia, M. M., Molina-Alvarez, M., Gonzalez-Martin, C., & Goicoechea, C. (2021). Clusterin:
Always  protecting.  Synthesis, function and potential issues. Biomedicine &  Pharmacotherapy,134,
111174.https://doi.org/10.1016/j.biopha.2020.111174

[43] Figueroa, D. M., Gordon, E. M., Yao, X., & Levine, S. J. (2019). Apolipoproteins as context-dependent regulators of lung
inflammation. InR. A. Johnston, &B. T. Suratt (Eds.),Mechanisms and manifestations of obesity in lung disease(pp. 301-
326). Academic Press.https://doi.org/10.1016/B978-0-12-813553-2.00013-0

[44] Park, S., Mathis, K. W., & Lee, |. K. (2014). The physiological roles of apolipoprotein J/clusterin in metabolic and
cardiovascular diseases.Reviews in Endocrine and Metabolic Disorders,15, 45-53.https://doi.org/10.1007/s11154-013-9275-
3

10


https://doi.org/10.1093/nar/gkg034
https://doi.org/10.3390/ijms18091880
https://doi.org/10.1186/1471-2105-4-2
https://doi.org/10.1186/1752-0509-8-S4-S11
https://doi.org/10.1186/1471-2105-14-128
https://doi.org/10.1186/1471-2105-14-128
https://doi.org/10.1002/ehf2.13081
https://doi.org/10.1016/j.tem.2010.10.001
https://doi.org/10.1007/s12291-015-0513-1
https://doi.org/10.1016/j.tcm.2010.03.007
https://doi.org/10.1186/s12872-018-0967-1
https://doi.org/10.7508/ibj.2016.02.003
https://www.ahajournals.org/doi/abs/10.1161/circ.122.suppl_21.A18732
https://doi.org/10.3389/fendo.2020.00474
https://doi.org/10.1097/MED.0000000000000136
https://doi.org/10.3390/cells8040319
https://doi.org/10.3390/metabo11100690
https://doi.org/10.1007/s11789-017-0084-1
https://doi.org/10.1016%2Fj.jacc.2017.11.014
https://doi.org/10.3390/jpm12061010
https://doi.org/10.1016/S1050-1738(02)00159-7
https://doi.org/10.1016/j.biopha.2020.111174
https://doi.org/10.1016/B978-0-12-813553-2.00013-0
https://doi.org/10.1007/s11154-013-9275-3
https://doi.org/10.1007/s11154-013-9275-3

MedinformaticsVol. XX Iss. XX yyyy

[45] Erdmann, J., Kessler, T., Munoz Venegas, L., & Schunkert, H. (2018). A decade of genome-wide association studies for
coronary artery disease: the challenges ahead.Cardiovascular research,114(9), 1241-
1257.https://doi.org/10.1093/cvr/cvy084

[46] Libby, P. (2006). Inflammation and cardiovascular disease mechanisms.The American journal of clinical nutrition,83(2),
456S-460S.https://doi.org/10.1093/ajcn/83.2.456S

[47] Lu, Y., Zhou, S., Dreyer, R. P., Spatz, E. S., Geda, M., Lorenze, N. P., ... & Krumholz, H. M. (2017). Sex differences in
inflammatory markers and health status among young adults with acute myocardial infarction: results from the VIRGO
(variation in recovery: role of gender on outcomes of young acute myocardial infarction patients) study.Circulation:
Cardiovascular Quality and Outcomes,10(2), e003470.https://doi.org/10.1161/CIRCOUTCOMES.116.003470

[48] Navarro, M. A., Carpintero, R., Acin, S., Arbonés-Mainar, J. M., Calleja, L., Carnicer, R., ... & Osada, J. (2005). Immune-
regulation of the apolipoprotein AI/C-III/A-IV gene cluster in experimental inflammation.Cytokine,31(1), 52-
63.https://doi.org/10.1016/j.cyt0.2005.03.002

[49] Georgila, K., Vyrla, D., & Drakos, E. (2019). Apolipoprotein Al (ApoA-I), immunity, inflammation and cancer. Cancers,
11(8), 1097.https://doi.org/10.3390/cancers11081097

[50] Vowinkel, T., Mori, M., Krieglstein, C. F., Russell, J., Saijo, F., Bharwani, S., ... & Kalogeris, T. J. (2004). Apolipoprotein
A-1V inhibits experimental colitis. The Journal of clinical investigation,114(2), 260-269.https://doi.org/10.1172/JC121233

How to Cite: Sahrawat, T. R., Muskan, Sharma, R., Dange, S., Patial, R., & Gahlawat, S. K. (2024). Interactome Based
Computational Approach to ldentify Association Between Cardiomyopathy and Cardiovascular Disease. Medinformatics.
https://doi.org/10.47852/bonviewMED IN42023102

11


https://doi.org/10.1093/cvr/cvy084
https://doi.org/10.1093/ajcn/83.2.456S
https://doi.org/10.1161/CIRCOUTCOMES.116.003470
https://doi.org/10.1016/j.cyto.2005.03.002
https://doi.org/10.3390/cancers11081097
https://doi.org/10.1172/JCI21233

	1. Introduction
	2. Research Methodology
	2.1. Data collection
	2.2. Preprocessing microarray data and DEGs identification
	2.3. Preprocessing RNA-Seq data and DEGs identification
	2.4. PPI network construction and analysis
	2.5. Functional and pathway enrichment analysis
	3. Results
	3.1. Identification of DEGs
	3.2. PPI interaction and modular analysis
	3.3. Gene enrichment
	4. Discussion
	5. Limitations and Recommendations
	6. Conclusion
	Acknowledgement
	Funding Support
	Ethical Statement
	Conflicts of Interest
	Data Availability Statement
	References

