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Abstract: Heart failure is a global public health problem, and hypertrophic cardiomyopathy

is one of the pathologic processes which can develop into heart failure. The purpose of this

study was to explore changes in typical pathway activity, sift and verify effective biomarkers

for providing a possible way to block disease progression.

The GSE32453 and GSE1145 data sets were analyzed by short time sequence expression

(STEM) and CIBERSORT analysis. The module genes with high correlation were identified

by co-expression network analysis (WGCNA) screening and differential analysis. The

common genes were obtained by intersection analysis. The enrichment analysis of these

genes and the protein interaction network (PPI) analysis were constructed. The area under

the ROC (AUC) was calculated by selecting the genes with the top 100 degrees of

connectivity in the PPI network, and the genes with AUC values greater than 0.99 were

analyzed by intersection again in the GSE36961 and GSE2656 datasets, resulting in a T-test,

and P < 0.05 was considered as a key gene.

The activity of the immune-related pathway was up-regulated, and the activity of substance

transport and signal transduction pathway was down-regulated. Toll and other typical

pathways play an important role in disease development. Five genes, JAK2, PLCE1, CD86,

MYB, and IL13RA1, were considered as biomarkers. Among the 22 immune cells, Naïve B

Cells had the highest abundance, followed by Plasma cells and M2 macrophages.

In the progression of HCM to HF, we identified several potential diagnostic genes and

mechanisms for changes in typical pathway activity.

Keywords: hypertrophic cardiomyopathy; heart failure, bioinformatics; pathway regulation;

biomarker

1. Introduction
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Hypertrophic cardiomyopathy (HCM) is a common hereditary cardiomyopathy [1].

When our body is under a physiological and pathological overload state, the intracellular

hypertrophy signal pathway will be activated, and protein synthesis will increase. A series of

hypertrophy reactions increase the heart burden, which causes the cardiomyocytes to stretch.

Continuous pathological overload will lead to maladaptation and cardiac remodeling, while

some patients with terminal HCM will develop into heart failure (HF)[2] [3].

Previous studies have shown that the global prevalence of HCM is 1:500 to 1:200

[4,5]. Patients with HCM showed difficulty breathing, kinetism decline and chest pain [1],

and HCM is also one of the most common causes of sudden death among teenagers and

athletes. Meantime, some terminal HCM patients may develop into HF. HF is a rapidly

developing public health problem, and its patients have a significant decline in life quality

while HF has an increasing global mortality rate, which brings a heavy burden on the health

care system. Although the cause of HF is related to factors such as age, gender and

environment, studies indicated that most of the cases are preventable [6], and evidence

showed that early intervention contributes to disease prognosis. In this paper, we investigated

the pathway activity changes in HCM progressing to HF, analyzed and explored the

underlying mechanisms. We identified five key genes in this study, which may help discover

and prevent the further development of HCM as well as provide new ideas for relieving or

reversing the treatment of HF.

2. Materials and Methods

2.1 Chip data and processing

The National Center for Biotechnology Information (NCBI,

https://www.ncbi.nlm.nih.gov/ ) created and maintained the GEO public gene expression

database, GSE32453, GSE1145, GSE36961, GSE2656 datasets were downloaded from

which. The GSE32453 dataset included array-based gene expression profiles of the hearts

from eight patients with hypertrophic obstructive cardiomyopathy (HOCM) and five patients

without heart disease. The GSE1145 dataset included hearts from 11 healthy donors and five

patients with HF due to HCM. The GSE36961 dataset included 39 normal heart tissues and

106 patients with HCM. The GSE2656 dataset consisted of 8 normal donor hearts and 4

hearts with HF due to HCM. GSE32453 and GSE1145, GSE36961 and GSE2656 expression

matrices used SVA package (Version3.40.0) to remove the influence of batch effect and

other irrelevant variables, and obtained two mutually independent gene expression matrices

for subsequent analysis ( Supplementary Figure 1、 2). All methods were carried out in

accordance with relevant guidelines.

2.2 Weighted correlation network analysis (WGCNA)



To select module genes of interest, the correlation between different modules and

related clinical traits was shown by Pearson's correlation coefficient. According to the gene

expression in different samples in GSE32453 and GSE1145 datasets, the Pearson correlation

coefficient between the two genes was calculated. Then the β value (soft threshold) when R2

reached 0.85 was selected, the correlation matrix was converted into an adjacency matrix

with the power function. Next, by calculating the connection strength of intergenic with the

common association between genes, the adjacency matrix was converted into topological

overlap matrix (TOM). A hierarchical cluster tree was constructed by the correlation

coefficient between genes and the minimum number of genes in the dendrogram was set to

be greater than 30 to divide genes into different modules. All the stages were exerted by

WGCNA package (Version 1.70-3).

2.3 Short-term Sequence Analysis (STEM)

The gene expression levels of module genes of WGCNA were averaged under normal,

HCM and HF samples. For data under different disease gradients, Mfuzz package (Version

2.52.0) was used to analyze trends in gene expression based on Fuzzy C-Means Clustering

(FCM). Genes with similar expression patterns were divided into clusters to help understand

the dynamic patterns of inferred biological molecules and their relationship with function.

2.4 CIBERSORT

The characteristics of gene expression data of 22 kinds of immune cells were

downloaded from website (https://www.nature.com/articles/nmeth.3337) . Simultaneously,

the CIBERSORT official R code was downloaded from

(https://rdrr.io/github/singha53/amritr/src/R/supportFunc_cibersort).R web page.

CIBERSORT analysis was performed on the expression matrix of GSE32453 and GSE1145

data combined to explore the correlation between HCM and the immune system in the

process of progression to HF.

2.5 Difference Analysis

For differential analysis, two gene datasets, GSE32453 and GSE1145, were combined

to select the expression data of two clinical traits about HCM and HF. The limma package

(Version 3.48.3) was used in R (Version 4.1.0) to calculate all genes, P-value and fold change.

By setting the p-values < 0.05 and | log2FC | > 0.5 as judgment threshold value interval of

differentially expressed genes, cut on the selected genes, and module of WGCNA gene

intersection, get common gene for subsequent analysis.

2.6 The GO/KEGG And GSVA Enrichment Analysis

After the differential analysis, the up-and down-regulated genes were exerted pathway

enrichment by gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG)



using clusterProfiler package (Version 4.0.5). Significantly enriched pathways with P < 0.05

were selected for gene set variation analysis (GSVA) using GSVA package (Version 1.40.1).

The enrichment results were further analyzed by limma (Version 3.48.3) to obtain the logFC

values of GSVA scores under each pathway, those with logFC > 0 were up-regulated

pathways, or vice versa were down-regulated pathways, and the results were visualized using

ggplot2 (Version 3.3.5) package.

2.7 Gene Set Enrichment Analysis (GSEA)

By ranking the logFC values of common genes from the MSigDB database

(gsea-msigdb.org), the biological process gene set file of GO was obtained. The gene set

enrichment analysis was performed with the fuse package (Version 1.18.0) to select

pathways enriched to P<0.05, ES value can demonstrate whether all genes under the gene set

were Increased at the top or bottom of this ranked list—— If ES>0, it indicates a functional

gene set was enriched in front of the ranked sequence, and the gene set was an up-regulation

trend, conversely, if enhanced at the bottom, it was a down-regulation trend. The results of

GSEA help to infer that certain genes have similar expression patterns and further validate

the enrichment of related pathways.

2.8 PPI Network Analysis(PPI)

Common genes were identified and retrieved from the STRING ( https://string-db.org

Version 11.5), a minimum interaction score of 0.9 was set for protein interaction (PPI)

analysis, a protein interaction network was constructed using Cytoscape software, and the

connectivity between proteins was calculated using the cytoHubba plugin. The top 100 genes

in intergenic connectivity were selected, and the area AUC value under the receiver

operating characteristic (ROC) curve was calculated using the pROC package (Version

1.18.0). Genes with AUC values greater than 0.99 were considered to have high diagnostic

values in patients.

2.9 Hub genes

The expression levels of these genes in each sample of GSE36961 and GSE2656 were

obtained after the intersection of genes with Hub genes AUC value greater than 0.99 with the

data obtained after merging with GSE36961 and GSE2656. T test was performed on the

expression levels of hypertrophic cardiomyopathy and heart failure groups. Box plot

visualization using R language showed that the genes with P<0.05 were regarded as the key

genes regulating HCM and HF.

3. Results

3.1 Chip merge



Combining GSE32453 and GSE1145 expression matrices, we obtained 10041 common

genes and 29 sample gene expression matrices. And we used them to analyze the changes of

typical pathways and search for essential genes during the development of HCM to chronic

HF. GSE36961 and GSE2656 expression matrices were combined to obtain 2015 common

genes and 157 samples of two gene expression matrices (figure1) for screening and

validating key genes.

3.2 WGCNA

By setting R2 to 0.85, the soft threshold is 12. The genes are clustered, the similar genes

are clustered into a branch (figure 2-A), the genes are divided into 18 modules, different

colors represent the different modules. The results showed that the pink and salmon modules

had the strongest positive association with HCM, and the salmon modules had the strongest

negative association with HCM (figure 2-B). Therefore, we selected 446 pink and salmon

modules genes for further analysis.

3.3 Difference Analysis

Through the differential analysis of myocardial hypertrophy and heart failure groups in

the combined data set of GSE32453 and GSE1145, we constructed the volcanic map to

reveal 2962 significantly differentially expressed genes (1437 down-regulated and 1525

up-regulated) (Figure 3-A). The hierarchical cluster analysis of heat map display genes

(Figure 3-B) was used to cross-over analyze the 446 module genes obtained by WGCNA

with 2962 differential genes; we obtained 352 common genes.

3.4 Enrichment Analysis

The results of KEGG enrichment showed that NK cell-mediated cytotoxicity pathway,

leukocyte cross endothelial migration, complement and coagulation cascade, Toll-like

receptor signal transduction, and Nod-like receptor signaling were up-regulated (Figure 4-A).

The activities of entrapment interactions, Fatty acid metabolism, insulin signaling pathways,

and glycosphingolipid biosynthetic ganglion series in vesicle transport were decreased

(Figure 4-B). GO bioprocess enrichment results showed that neuroglia proliferation and

regulation, type 2 immune response and regulation, and interleukin-mediated response

pathway were up-regulated (Figure 4-C), the activity of the pathways involved in

neurotransmitter transport, regulation, absorption, and metabolism decreased (figure 4-D).

GSEA of GO biological function also showed similar results. The activity of the

immune-related pathway was up-regulated, and the activity of substance transport and signal

transduction pathway was down-regulated (figure 4-E).

3.5 Hub genes



The PPI network (Figure5-A) was constructed using common genes, and the AUC

values of the 100 genes in GSE32453 and GSE1145 were calculated. The AUC values of the

100 genes in GSE32453 and GSE1145 were higher than 0.99. The expression levels of JAK2,

CD86, MYB, IL13RA1, and PLCE1 were all less than 0.05 in GSE36961, and GSE2656

combined expression matrix, p < 0.05 generally has a significant difference, with statistical

significance, maybe in HCM and HF between the two diseases have the regulatory role

(Figure 6).

3.6 Short time series analysis (STEM)

Genes with the same expression pattern were clustered into four groups by

Short Time-Series Expression (STEM), in which Cluster1 was almost unchanged from

control to HCM, and was up-regulated in the process of HF, cluster2, on the other hand, fell

quickly after leveling off. Cluster3 and 4 showed the opposite trend, with Cluster3 moving

up and then down and Cluster4 moving down and then up (Figure 7). JAK2, PLCE1 in

Cluster3, CD86, IL13RA1, MYB in Cluster4, the expression trend of four key genes is the

same as the corresponding STEM cluster (Supplementary Figure 3).

3.7 CIBERSORT

B cells had the highest naive abundance in all samples, and the others were Plasma cells,

Macrophages M2, and other immune cells (figure 8-A). Under different characters, we can

observe that the resting abundance of naïve B Cells and Mast Cells changed greatly. In

addition, the immune cells of M2 macrophages, Mast cells activated, Monocytes, and

activated CD4 + memory T cells also showed significant fluctuation (figure 8-B) in normal,

HCM, and HF samples.

4.Discussion

In this study, we predicted the potential biomarker of the progression from HCM to HF

by employing bioinformatics methods such as WGCNA, differential analyses and PPI.

Through enrichment analysis, we found increased activity of immune-related pathways and

decreased activity of transport-related and signaling-related pathways, which may help to

infer the relation between HCM and HF and to guide treatment.

HCM is a complex process in which the energy metabolism in cardiac myocytes,

apoptosis, proinflammatory cytokine production, increase in fibrosis of the extracellular

matrix (ECM), vascular changes are implicated [7-9]. The Toll-like receptors (TLRs) belong

to the class of pattern recognition receptors (PRRs) and are known to mediate innate immune

response by the release of pathogen-associated molecular patterns (PAMPs) and

damage-associated molecular patterns (DAMPs) [10,11]. So far, there are 11 TLRs identified



in mammals, 10 of which are expressed in humans. TLR can be divided into two broad

categories based on its subcellular localization: TLR1, TLR2, TLR4, R5, TLR6 and TLR11

are expressed on the plasma membrane, TLR3, TLR7, TLR8 and TLR9 are visible in the

endosome[10]. The TLR4 among them is expressed on the surface of immune cells, such as

macrophages and dendritic cells, and it plays a role in regulating inflammation. TLR4 is at

the same time expressed on several tissue-resident cell populations and is used for cellular

defence in the context of infection and to modulate its fibrotic phenotype in the context of

tissue damage [12]. Myocardial fibrosis is one of the most common features of HCM, which

caused by the accumulation of ECM components produced by fibroblasts in cardiac muscle

cells. Fibroblasts maintain a normal cellular level by secreting of cytokines, growth factors,

but they secrete transforming growth factor beta (TGF-β) and tumor necrosis factor-alpha

(TNF-α) under the stimulation of pathological factors, which can cause cardiac fibrosis and

induce protein deposition, influence the diastolic function of heart, further increase the

burden of heart and the risk of developing HF[2,7]. Under pathological stimuli,

TLR-mediated signalling pathway activates the immune system, which could be beneficial in

the early stage, continued activation may exacerbate myocardial tissue damage and lead to

cardiac remodelling and the development of HF [11,12], which is consistent with enrichment

results: GO biological process enrichment and up-regulation of immune-related gene

expression, activity up-regulates of Toll like receptor signalling pathway in KEGG pathway

enrichment analysis.

TLR4 is the most abundantly expressed TLR in the heart [13]. Most studies inferred

that the process of TLR4-mediated cardiac remodelling leading to HF may be caused through

inflammatory cytokine production and matrix degradation[11,12,14]. TLR4 is expressed on

cardiomyocytes, cardiac fibroblasts and cardiac macrophages and can activate cardiac

macrophages and fibroblasts, which lead to pro-inflammatory and pro-fibrotic responses,

respectively [10,12]. TLR4 signalling may lead to activation of the transcription factor

NF-κB and induce the expression of pro-inflammatory cytokines and chemokines, such as

TNF-α, IL-1β, and IL-6 [2,12]. In experiments conducted by Leo Timmers et al, the

TLR4-deficient mice decrease the degree of left ventricular remodelling [14]. Experiments

performed by Tuanzhu Ha et al it was further suggested a pressure overload-induced

reduction of cardiac hypertrophy in TLR4-deficient mice[15]. Likewise, TLRs-mediated

innate immune activation is also manifested in HF[10]. The hyperimmunization mediated by

Toll-Like Receptors (TLRs) is a key signalling molecule of HCM and HF. There is an

association between polymorphisms of TLRs and various signalling pathways, which makes

TIRs closely related to a variety of diseases such as autoimmune disease, and cardiovascular

disease[16]. Regulation of Toll-like signaling pathways through a variety of means could be

a potential target in therapeutic management of cardiovascular diseases [11,17].



On the other hand, we identified 5 key genes that may influence the further

development of hypertrophic cardiomyopathy into heart failure. JAK2 constitutes the Janus

kinase/signal transducer and activator of the transcription (JAK/STAT) signaling pathway.

JAK/STAT signaling is involved in multiple aspects of cellular homeostasis, cardiac

development, and inflammation in the body. Previous studies have shown that the

JAK/STAT signaling pathway plays a vital role in the growth and developmental signaling

and cardiac transduction stress observed in HCM patients. The JAK/STAT pathway also

transduces signals for various cytokines and growth factors associated with HCM. JAK plays

a significant role in cardiac function, and the down-regulation of its activity may contribute

to severe pathological phenotypes such as HCM [18]. In heart failure, JAK2 is equally

significant [19]. Notably, mutations in JAK2 occur in some HCM and HF patients [18,19] ,

and studies have shown an overall positive trend of JAK2 sequence variants associated with

HF risk [19]. Further exploration of the role of JAK2 may provide new ideas for the

treatment of heart disease.

CTLA-4 is a negative regulator of T-cell immune responses that shares CD86 ligands

with the stimulatory receptor CD28. CD86 is acquired from antigen-presenting cells through

T cell receptor (TCR) involvement in stimulation [20]. And CD86 is associated with cardiac

inflammation [21]. Tzu-Hao Chang et al. found that mRNA expression was significantly

down-regulated in patients with mitral regurgitation (MR) of the PLCE1 gene. Moreover,

atrial myocyte size was considerably larger in MR patients than in standard samples. Thus,

PLCE1 may play a key role in MR patients for atrial myocyte hypertrophy [22], similar to

the change in the healthy trend to HCM in our STEM study. Meanwhile, indicating other

studies, PLCE1 gene can enhance human macrophage activity [23]. In HCM to HF, the

PLCE1 gene may cause cardiac injury by over-immunization.

For other key genes, in previous studies, MYB is highly expressed as a transcription

factor in hematopoietic cells, thymus, and neural tissues, playing a crucial role in T and B

lymphocyte development and red lineage maturation [24]. HCM and HF often exhibit

chronic and persistent inflammation, suggesting disruption of immune system mechanisms

[25]. T and B immune cells were highly abundant in all samples in our study. Therefore,

MYB may also be an essential regulatory gene in the progression of HCM to HF. Also, it has

been shown that IL13RA1 deficiency reduces fibrosis and hypertrophy during stress

overload. IL13RA1 gene expression is reduced in failing hearts compared to standard

samples, and IL13RA1 deficiency relates to reduced myocardial ECM, leading to severe

myocardial dysfunction. As expected, many sets of downregulated genes in

IL13RA1-deficient hearts are associated with inflammatory and immune responses [26]. Not

only that, IL13Ra1 plays a vital role in mediating the mammalian DNA synthesis response to

IL13 signaling[5]. This may contribute to a transcriptional reversal in cardiomyocytes during



cardiac regeneration, by studying IL13RA1 to develop novel protection and maintenance of

cardiac homeostasis.

There are few studies on HCM and HF, and our study has research value. In addition,

this topic involves cardiac tissue, and most studies are small. In our study, we collected

multiple GSE32453, GSE1145, GSE36961, and GSE2656 datasets in GEO with a high

number of samples, which ensured the reliability of the results to some extent. Since HCM

and HF involve multiple signals, we used multiple enrichment methods, such as GO, KEGG,

GSVA, and GSEA, focusing on combining changes in pathway type and pathway activity in

disease progression. And there are limitations to our study. First, our research data came

from a public database with a small sample size, which may affect the accuracy of the results

to a certain extent. But the existing research results verified some of the findings, which

reflected the reliability of the results to some extent. Second, this study lacks corresponding

experimental validation, and further experiments are needed to supplement.

5. Conclusions

In this study, we found and discussed the activity changes and regulatory roles of some

pathways in the progression of HCM to chronic HF. However, the specific role and some of

these signals’ function in the disease remain further studied. Meanwhile, five genes that may

play an important role in disease development are proposed to help discover and prevent the

further development of HCM. It may help provide new ideas for relieving or reversing the

treatment of HF.
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Figure legends

Figure1: Using the online Venn diagram Tool

(http://www.bioinformatics.com.cn/static/), different colors represent different data sets, and

on the left is the Venn diagram of GSE32453 and GSE1145, who cross-referenced the

number of genes in each segment, on the right is Wayne's map of GSE36961 and GSE2656.

Figure 2: (A) The left horizontal coordinate is the soft threshold value, vertical

coordinates scale-free fit index, signed R2. The Red Line is signed R2 for 0.85, the

horizontal coordinate is the soft threshold (B) Each branch is a gene, and the vertical

coordinate's height is cluster distance. Different modules are represented in different colors,

and genes of the same module usually have similar functions. (C) Correlation between

modules and clinical features. Each row represents a different module; each column

represents a different clinical phenotype. The values in the cells represent the calculated

correlation values and p-value between each trait and each module's eigenvalues. Red

indicates a positive correlation; Blue indicates a negatively correlated one. The darker the

color, the stronger the correlation.

Figure 3: (A) A volcanic map of gene expression data. Red is for up-regulated genes;

blue is for down-regulated genes; gray is for non-differentially expressed genes. (B)

Hierarchical cluster thermograms of differentially expressed genes (genes in the first 30 of

the logFC value).

Figure 4: (A) Left side is an up-regulation of the KEGG pathway in HCM relative to HF.



The size of the bubbles represents the number of enriched genes, and the color represents -1*

log10(p-value). The right bar graph is the quantitative analysis of GSVA. The column length

reflects the logFC of GSVA. Different colors correspond to different pathways on one side.

(B) The down-regulation of KEGG and GSVA. (C) The left side is a map of the

up-regulation pathway of HCM relative to the biological function of GO in patients with HF,

and the right side is a bar graph quantified by GSVA. (D) GO biological function and GSVA

down-regulation pathway. (E) We adjusted the GSEA enrichment pathway involved in GO

biological function up and down to select the first ten pathways (p < 0.05).

Figure 5: (A) A PPI network of the 100 most connected genes, with darker colors

indicating higher connectivity.

Figure 6: T-test of the five genes between HCM and HF patients, presented as box plots,

connecting the median line of the box plots under the three traits, and p < 0.05 was

considered significant.

Figure 7: The trend map for STEM genes is divided into four clusters. The yellow and

green lines represent genes with small differences in expression over time, while the red and

purple lines represent genes with large differences over time.

Figure 8: (A) Box plot of the abundance of immune cells in all samples in 22. The

different colors represent the corresponding cell types, and the ordinate is estimated

proportion, which reflects the abundance of immune cells. (B) Box plot of the abundance of

immune cells under different traits. Green represents HCM, purple represents HF, and blue

represents the normal sample. Asterisk reflects p-value.

Supplementary file legend

Supplementary Figure 1：Gene expression levels in merge datasets after batch correction

by GSE32453 and GSE1145.

Supplementary Figure 2：Gene expression levels in merge datasets after batch correction

by GSE36961 and GSE2656.

Supplementary Figure 3：Box plot of mean expression of four key genes in the control

group, HCM, and HF. The median was linked by black lines to reflect the gene expression

trend.
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Figures

Figure 1

Using the online Venn diagram Tool (http://www.bioinformatics.com.cn/static/), different colors
represent different data sets, and on the left is the Venn diagram of GSE32453 and GSE1145, who cross-
referenced the number of genes in each segment, on the right is Wayne's map of GSE36961 and
GSE2656.



Figure 2

(A) The left horizontal coordinate is the soft threshold value, vertical coordinates scale-free �t index,
signed R2. The Red Line is signed R2 for 0.85, the horizontal coordinate is the soft threshold (B) Each
branch is a gene, and the vertical coordinate's height is cluster distance. Different modules are
represented in different colors, and genes of the same module usually have similar functions. (C)
Correlation between modules and clinical features. Each row represents a different module; each column
represents a different clinical phenotype. The values in the cells represent the calculated correlation
values and p-value between each trait and each module's eigenvalues. Red indicates a positive
correlation; Blue indicates a negatively correlated one. The darker the color, the stronger the correlation.



Figure 3

(A) A volcanic map of gene expression data. Red is for up-regulated genes; blue is for down-regulated
genes; gray is for non-differentially expressed genes. (B) Hierarchical cluster thermograms of
differentially expressed genes (genes in the �rst 30 of the logFC value).



Figure 4

(A) Left side is an up-regulation of the KEGG pathway in HCM relative to HF. The size of the bubbles
represents the number of enriched genes, and the color represents -1* log10(p-value). The right bar graph
is the quantitative analysis of GSVA. The column length re�ects the logFC of GSVA. Different colors
correspond to different pathways on one side. (B) The down-regulation of KEGG and GSVA. (C) The left
side is a map of the up-regulation pathway of HCM relative to the biological function of GO in patients



with HF, and the right side is a bar graph quanti�ed by GSVA. (D) GO biological function and GSVA down-
regulation pathway. (E) We adjusted the GSEA enrichment pathway involved in GO biological function up
and down to select the �rst ten pathways (p < 0. 0.05).

Figure 5

(A) A PPI network of the 100 most connected genes, with darker colors indicating higher connectivity.



Figure 6

T-test of the �ve genes between HCM and HF patients, presented as box plots, connecting the median line
of the box plots under the three traits, and p < 0.05 was considered signi�cant.

Figure 7

The trend map for STEM genes is divided into four clusters. The yellow and green lines represent genes
with small differences in expression over time, while the red and purple lines represent genes with large



differences over time.

Figure 8

(A) Box plot of the abundance of immune cells in all samples in 22. The different colors represent the
corresponding cell types, and the ordinate is estimated proportion, which re�ects the abundance of



immune cells. (B) Box plot of the abundance of immune cells under different traits. Green represents
HCM, purple represents HF, and blue represents the normal sample. Asterisk re�ects p-value. 
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