Journal of Inflammation Research Dove

ORIGINAL RESEARCH

|dentification of Shared Immune Cells and
Immune-Related Co-Disease Genes in Chronic
Heart Failure and Systemic Lupus Erythematosus
Based on Transcriptome Sequencing

Ziyue Luo®'*, Guifang Lu@®>*, Qiang Yang(®', Juncan Ding', Tianyu Wang', Pengfei Hu?

'Second Clinical Medical College, Zhejiang Chinese Medical University, Hangzhou, Zhejiang Province, 310053, People’s Republic of China;
2Department of Rheumatology, The Second Affiliated Hospital of Zhejiang Chinese Medical University, Hangzhou, Zhejiang Province, 310005, People’s
Republic of China; 3Department of Cardiology, The Second Affiliated Hospital of Zhejiang Chinese Medical University, Hangzhou, Zhejiang Province,
310005, People’s Republic of China

*These authors contributed equally to this work

Correspondence: Pengfei Hu, Department of Cardiology, The Second Affiliated Hospital of Zhejiang Chinese Medical University, Hangzhou, Zhejiang
Province, 310005, People’s Republic of China, Tel +86 15267037741, Email 20064012@zcmu.edu.cn

Purpose: The purpose was to identify shared immune cells and co-disease genes in chronic heart failure (HF) and systemic lupus
erythematosus (SLE), as well as explore the potential mechanisms of action between HF and SLE.

Methods: A collection of peripheral blood mononuclear cells (PBMCs) from ten patients with HF and SLE and ten normal controls
(NC) was used for transcriptome sequencing. Differentially expressed genes (DEGs) analysis, enrichment analysis, immune infiltration
analysis, weighted gene co-expression network analysis (WGCNA), protein-protein interaction (PPI) analysis, and machine learning
were applied for the screening of shared immune cells and co-disease genes in HF and SLE. Gene expression analysis and correlation
analysis were used to explore the potential mechanisms of co-disease genes and immune cells in HF and SLE.

Results: In this study, it was found that two immune cells, T cells CD4 naive and Monocytes, displayed similar expression patterns in
HF and SLE at the same time. By taking intersection of the above immune cell-associated genes with the DEGs common to both HF
and SLE, four immune-associated co-disease genes, CCR7, RNASE2, RNASE3 and CXCL10, were finally identified. CCR7, as one of
the four key genes, was significantly down-regulated in HF and SLE, while the rest three key genes were all significantly up-regulated
in both diseases.

Conclusion: T cells CD4 naive and Monocytes were first revealed as possible shared immune cells of HF and SLE, and CCR7,
RNASE2, RNASE3 and CXCL10 were identified as possible key genes common to HF and SLE as well as potential biomarkers or
therapeutic targets for HF and SLE.
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Introduction
Heart failure (HF) is a pathological condition of myocardial injury resulting from various etiologies, such as myocardial
infarction, cardiomyopathy, haemodynamic overload, and inflammation, which ultimately results in ventricular pumping
or filling hypoperfusion, generally representing the end-stage of cardiac disease.' Chronic HF is a persistent state of HF
and is characterized by symptoms of jugular venous filling, peripheral oedema, and dyspnoea.2 Despite improvements in
the treatment of cardiovascular diseases, the prevalence and mortality of HF still remains high, causing it becoming one
of the most serious public health problems.?

Systemic lupus erythematosus (SLE) is a chronic autoimmune disease, characterized by the main symptoms of
butterfly rash, arthralgia and photosensitivity. SLE can involve multiple systems and organs, including the
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cardiovascular, neurological, urological and haematological systems, and may progress to moderate to severe multi-organ
damage, resulting in a poor prognosis.” Despite, numerous studies having been conducted, the pathogenesis of SLE
remain poorly understood, with genetic, endocrine, infectious, immune abnormalities and some environmental factors

being implicated. As such, SLE have become a huge burden on public health.®’
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Recent studies have investigated the potential relationship between cardiovascular diseases, specifically HF and SLE.®
Evidence suggests that SLE patients may have a higher burden of cardiovascular risk factors, including an increased risk
of HF, as compared with the general population.’ In addition, HF patients with concomitant SLE have a higher mortality
rate compared to those without SLE.'” These findings suggest a possible link between HF and SLE, as supported by
recent research.

Recent advancements in next-generation sequencing technologies and bioinformatics have allowed for the identifica-
tion of potential key genes and targets for diseases. Transcriptome sequencing data is increasingly being utilized to
investigate potential therapeutic targets and their potential mechanism of action in multiple diseases simultaneously.'' >
Although studies have explored the gene targets in HF and SLE individually, there remains a lack of research on the
common targets and mechanisms of action of both diseases.'*'> Therefore, identifying effective therapeutic pathways
and understanding the potential mechanisms of action for HF and SLE is crucial in combating the great threat they pose
to human health. This study aims to identify shared immune cells and co-disease genes and to explore potential
mechanisms of action for HF and SLE through transcriptome sequencing and bioinformatics analysis.

Methods

General Information on the Study Population

This study included patients who were treated at the Second Affiliated Hospital of Zhejiang Chinese Medical University
from October 2022 to January 2023, based on the established inclusion criteria. A total of 10 patients with HF, 10
patients with SLE and 10 normal controls (NC) were included in this study.

Diagnostic Criteria
HF: Patients with chronic HF were diagnosed according to the 2022 AHA/ACC/HFSA Guideline for the Management of
Heart Failure: A Report of the American College of Cardiology/American Heart Association Joint Committee on Clinical
Practice Guidelines.'®

SLE: Patients with SLE were diagnosed according to the 2019 European League Against Rheumatism/American
College of Rheumatology classification criteria for systemic lupus erythematosus.'’

Inclusion Criteria
Patients aged > 18 years; with HF, SLE and other non-acute phase co-morbidities; they themselves or their family
members were willing to participate in the study and agreed to sign an informed consent form.

Exclusion Criteria

Patients with comorbid psychiatric or oncological diseases or in the acute phase of various diseases; patients with critical
or even life-threatening conditions such as cardiogenic shock, malignant arrhythmia, coagulation dysfunction, and
serious infections; patients with other rheumatic diseases such as rheumatoid arthritis, dry syndrome, and gout; patients
have participated in other clinical trials within the last 1 month; patients with impaired consciousness or lacking civil
capacity.

Extraction of Total RNA from Peripheral Blood Mononuclear Cells (PBMCs)

Peripheral blood was collected from the peripheral veins of 30 cases. 10 mL of peripheral blood was collected in EDTA
anticoagulated tubes and PBMCs were extracted within 2 hours of collection at room temperature. The anticoagulated
whole blood diluted with an equal volume of PBS was slowly added to centrifuge tubes prepped with lymphocyte
separation solution, 5 mL per tube. After centrifugation at 2500 rpm for 25 minutes at room temperature, a white film
layer between the plasma layer and the lymphocyte isolate layer, known as the PBMC layer, was carefully aspirated with
a pipette and placed in a clean centrifuge tube. Then, 1 x PBS was added to a full tube and the cells were centrifuged at
1500 rpm for 6 minutes and washed again. The supernatant was discarded, and the cells were resuspended with SmL of
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PBS and washed twice, followed by addition of 1mL of Trizol. The samples were mixed and store at —80°C in the
refrigerator for further use.

Construction of RNA Libraries

Total RNA was extracted using the Trizol method. cDNA was analysed for quantity and purity using Bioanalyzer 2100
and RNA 6000 Nano LabChip Kit. Samples of high quality RNA with RIN number > 7.0 were used to construct
sequencing libraries. The mRNA was purified using Dynabeads Oligo (dT). After purification, the mRNA was frag-
mented into short fragments using divalent cations at high temperature. The fragmented mRNA was used as a template to
synthesise the first strand of cDNA in the M-MuLV reverse transcriptase system, followed by degradation of the RNA
strand with RNaseH and synthesis of the second strand of cDNA in the DNA polymerase I system. The double-stranded
cDNA was then end-repaired and screened for 370—420 bp. After library construction, qRT-PCR was performed to
accurately quantify the effective concentration of the library and ensure the quality of the library.

Sequencing Analysis

After library inspection, 2x150bp paired-end sequencing was performed on an Illumina Novaseq™ 6000. bcl file was
converted to fastq file using bcl2fastq software (v 2.19) and default parameters. Quality control and filtering was
performed using fastp software (v 0.20.1) and default parameters. The sequencing data were compared to the reference
genome using hisat2 software (v 2.2.1) based on the GRCh38 genome file from the UCSC database. The sam files were
converted to bam files using samtools software (v 1.13). The Rsubread package (v 2.12.3) of R software (v 4.2.3) was
used to analyse the expression of the sequencing data based on the UCSC database Homo sapiens.GRCh38.108.gtf
annotation file, retaining the protein-coding gene expression files for subsequent analysis. The amount of sequencing data
is detailed in Supplementary Table 1.

Differentially Expressed Genes (DEGs) Analysis

For expression files, genes with mean expression values > 0 were retained. DEG analysis was performed using the edgeR
package (v 3.40.2), setting the threshold to |logFC|>1 and FDR<0.05, based on HF vs NC, SLE vs NC, respectively.
Volcano map analysis and heatmap analyses were performed using the enhanced volcano package (v 1.16.0) and the
pheatmap package (v 1.0.12), respectively. The Venn package (v 1.11) was used for Venn diagram analysis in order to
obtain the intersected DEGs.

Enrichment Analysis

Enrichment analysis was conducted using several R packages, including org.Hs.eg.db (v 3.16.0), clusterProfiler (v 4.6.2),
enrichplot (v 1.18.3) and ggplot2 (v 3.4.1), to perform Gene set enrichment analysis (GSEA) which based on Gene
Ontology (GO)-biological process (BP) and Kyoto encyclopedia of genes and genomes (KEGG), setting a threshold of
corrected P-value < 0.05, and the top 10 enriched pathways were mapped. GO and KEGG analyses were performed on
common DEGs using the same packages and threshold, and the enrichment bubbles were plotted.

Immuno-Infiltration Analysis

The CIBERSORT package (v 1.0.4) was used to perform immuno-infiltration analysis, with a perm value of 1000.
Samples with a P-value < 0.05 were selected for subsequent analysis based on the immuno-infiltration results.
Histograms were plotted against the immuno-infiltrate results and immune cell correlations were analysed using the
corrplot package (v 0.92). Differential expression between immune cell groups was analysed using violin plots generated
by the vioplot package (v 0.4.0).

Weighted Gene Co-Expression Network Analysis (WGCNA)

WGCNA was performed separately for HF and SLE using common differential immune cells as the signature module.
The top 15,000 genes with the largest variance values were selected for subsequent analysis using the WGCNA package
(v 1.72-1). Samples were first clustered to remove outliers, and re-clustered and analysed in conjunction with clinical
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features. A soft threshold was selected using the pickSoftThreshold method based on the average connectivity R"2
greater than 0.85. Based on this soft threshold, set mergeCutHeight = 0.2 and minModuleSize = 30 to build the co-
expression network, divide the modules, and merge similar modules. The correlation coefficient matrix between module
feature vectors and clinical traits was calculated and a correlation heat map was drawn. Venn diagram analysis was
performed using the venn package (v 1.11) to obtain interested genes.

Protein-Protein Interaction (PPl) Analysis

The STRING database was used for PPI analysis of intersecting genes. Key genes were identified from the PPI results
using 5 algorithms (Degree, DMNC, EPC, MCC, MNC) in Cytoscape software (v 3.9.1) The results were visualized
using the UpSet plots of the 5 algorithms using the UpSetR package (v 1.4.0).

Machine Learning

Machine learning analyses were respectively performed, including Lasso analysis using the glmnet package (v 4.1-7) for
key genes; SVM analysis using the e1071 package (v 1.7-13) and caret package (v 6.0-94); and random forest analysis
using the randomForest package (v 4.7—1.1). Setting ntree from 1 to 500, followed by setting ntree to the minimum error
value for random forest analysis again. Key genes were obtained based on MeanDecreaseGini values > 1, and the final
key genes were obtained by venn diagram analysis.

Receiver Operating Characteristic Curve (ROC) Analysis and Correlation Analysis
Expression box plotting was performed for the key genes and ROC analysis was performed using the pROC package (v
1.18). Spearman correlation analysis was performed to identify key genes specific to HF and SLE respectively, and
correlation analysis and lollipop plots were conducted for key genes and immune cells using the ggpubr package.

Results

Basic Patient Data

The study population consisted of 10 patients with HF (age: 64.30+14.26), 10 patients with SLE (age: 62.50£11.65), and
10 NCs (age: 62.50+9.85). There was no significant difference in the basic information of the cases between groups (p >
0.05). General information of the enrolled cases was shown in Supplementary Table 2.

Screening for Shared DEGs in HF and SLE

DEG analysis identified 1276 genes in HF vs NC, including 491 up-regulated genes and 785 down-regulated genes. The
above DEGs in HF were plotted for volcano map (Figure 1A) and heat map (Figure 1B). Similarly, a total of 541 genes
were obtained in SLE vs NC, including 359 up-regulated genes and 182 down-regulated genes. The above DEGs in SLE
were plotted for volcano map (Figure 1C) and heat map (Figure 1D). A total of 288 co-morbid genes were obtained by
taking intersection of the DEGs of HF and SLE using Venn (Figure 1E).

Enrichment Analysis

GO-BP and KEGG-based GSEA were performed for all the genes in HF and SLE, respectively. Genes in HF were
significantly enriched in BP such as defense response and innate immune response, as well as in Neutrophil extracellular
trap formation, NOD-like receptor signaling pathway and other KEGG pathways (Figure 2A and B). Genes in SLE were
significantly enriched in BP such as cellular response to biotic stimulus and humoral immune response, as well as in IL-
17 signaling pathway, NOD-like receptor signaling pathway, Toll-like receptor signaling pathway and other KEGG
pathways (Figure 2C and D). GO enrichment results showed significant enrichment of the common DEGs in response to
virus, humoral immune response and other biological processes (BP); vesicle lumen, primary lysosome and other cellular
components (CC); endopeptidase activity, sulfur compound binding and other molecular functions (MF) (Figure 2E-G).
KEGG enrichment results showed that these common DEGs were significantly enriched in NOD-like receptor signaling
pathway, coronavirus disease-COVID-19, IL-17 signaling pathway and other pathways (Figure 2H).
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Figure | Screening of DEGs in HF and SLE. (A) Volcano plot showing DEGs in HF vs NC. (B) Heat map showing DEGs in HF vs NC. (C) Volcano plot showing DEGs in SLE
vs NC. (D) Heat map showing DEGs in SLE vs NC. (E) Venn plot showing the intersection of DEGs in HF and SLE.
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Figure 2 Results of functional enrichment analysis of HF and SLE. (A) Results of GSEA enrichment of all the genes in HF based on GO-BP. (B) Results of GSEA enrichment
of all the genes in HF based on KEGG. (C) Results of GSEA enrichment of all the genes in SLE based on GO-BP. (D) Results of GSEA enrichment of all the genes in SLE based
on KEGG. (E) GO-BP enrichment results of the common DEGs in HF and SLE. (F) GO-CC enrichment results of the common DEGs in HF and SLE. (G) GO-MF
enrichment results of the common DEGs in HF and SLE. (H) KEGG enrichment results of the common DEGs in HF and SLE.

Identification of the Shared Immune Cells in HF and SLE

Immune infiltration analysis indicated significant differences in the expression of 3 immune cells, B cell naive, T cell
CD4 naive, and Monocytes in HF vs NC. A high correlation was observed between T cell CD4 naive and Monocytes (cor
=—0.52) (Figure 3A—C). Similarly, in SLE vs NC, the expression of 4 immune cells, Plasma cells, T cell CD4 naive, NK
cells resting, and Monocytes, showed significant differences in expression in SLE vs NC, with a high correlation
observed between T cell CD4 naive and Monocytes (cor = —0.52) (Figure 3D-F).
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Figure 3 Immuno-infiltration analysis of HF and SLE. (A) Barplot showing immune cell expression in HF vs NC. (B) Correlation of immune cells in HF. (C) Violin plot
showing the difference in immune cell expression in HF vs NC. (D) Barplot showing immune cell expression in SLE vs NC. (E) Correlation of immune cells in SLE. (F) Violin
diagram demonstrating the difference in immune cell expression in SLE vs NC.
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Identification of the Shared Immune Cell-Related Genes in HF and SLE

The results of WGCNA showed that using the two common differential immune cells, T cells CD4 naive and Monocytes,
as characteristic modules in HF, three modules, lightyellow (92), darkred (63), turquoise (3381), were identified to be
highly correlated with T cells CD4 naive based on module correlations > 0.6. We also obtained darkgrey (39), darkred
(63), tan (153), which are three modules highly correlated with Monocytes based on module correlations > 0.6
(Figure 4A—F). Similarly, in SLE, the yellow module (1123), was the only one module highly correlated with T cells
CD4 naive based on module correlations > 0.6. Five modules, pink (456), magenta (389), yellow (1123), green (828), and
turquoise (3204) modules, were highly correlated with Monocytes based on module correlations > 0.6 (Figure SA—F). In
total, 4300 genes associated with T cells CD4 naive and 5690 genes associated with Monocytes were obtained in both
diseases after removing duplicates.

Identification of Co-Morbid Genes Associated with the Shared Immune Cells in HF
and SLE and PPI Analysis

By taking intersections of the genes in the WGNCA key module (cor > 0.6) with DEGs common to both diseases, a total
of 207 intersected genes were obtained between T cells CD4 naive and DEGs (Figure 6A). By applying PPI analysis for
the analysis of the above genes using five algorithms, 22 T cells CD4 naive-related co-morbid genes were obtained
(Figure 6B and C). Similarly, 162 intersected genes were identified for Monocytes and DEGs (Figure 6D), PPI analysis
was performed, and 26 Monocytes-associated co-morbid genes were finally obtained with the aid of the 5 algorithms
(Figure 6E and F).

Machine Learning Analysis of the Key Genes Common to HF and SLE

From the 22 co-morbid genes associated with T cells CD4 naive, five key genes were identified by lasso analysis
(Figure 7A and B), four by SVM analysis (Figure 7C) and three by random forest analysis (Figure 7D and E). RNASE2
and CXCL10 were found to be the only two genes after intersection (Figure 7F). From the 26 co-morbid genes associated
with Monocytes, five key genes were identified by lasso analysis (Figure 7G and H), four by SVM analysis (Figure 71),
and four by random forest analysis (Figure 7J and K). CCR7, RNASE2 and RNASE3 were finally obtained after taking

intersection (Figure 7L).

Validation of the Differential Expression of the Key Genes

To validate the differential expression of key genes in HF vs SLE, corresponding expression box plots were plotted.
CCR7 was shown to be significantly down-regulated in HF and SLE, while RNASE2, RNASE3 and CXCL10 were
significantly up-regulated in HF and SLE (Figure 8 A—H). The similar expression trend of these four key genes in HF vs
SLE in part suggests that these key genes may be associated with similar underlying mechanisms of action in both
diseases.

The Diagnostic Value of the Key Genes

The ROC analysis showed that in HF, the AUC of CCR7, RNASE2, RNASE3, and CXCL10 was 1.00, 0.96, 0.94, and
0.99, respectively (Figure 9A-D). In the SLE, the value of their AUCs was 0.93, 0.94, 1.00, and 0.99, respectively
(Figure 9E-H). The above results confirm the good diagnostic value of these key genes in both HF and SLE.

Correlation Analysis

The correlation analysis revealed significant associations between the four key genes and immune cells in HF, CCR7 was
significantly correlated with T cells CD4 naive and B cells naive (Figure 10A); RNASE2 was significantly correlated
with T cells CD4 naive and B cells naive (Figure 10B); RNASE3 was correlated with T cells CD4 naive significantly
(Figure 10C); CXCL10 was correlated with T cells CD4 naive, Monocytes, B cells naive, NK cells activated, T cells CD4
memory activated significantly (Figure 10D). In SLE, CCR7 was correlated with T cells CD4 naive and Monocytes
significantly (Figure 10E); RNASE2 was correlated with T cells CD4 naive and T cells CD4 memory resting significantly
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A DEGs T cells CD4 naive B
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Figure 6 Identification of the shared immune cell-related co-morbidity genes in HF and SLE. (A) Venn diagram showing the intersection of DEGs and T cell CD4 naive-
related genes common to HF and SLE. (B) PPI network of 207 intersected genes. (C) Upset plot showing intersected genes obtained by 5 algorithms in PPl analysis. (D) Venn
diagram showing the intersection of DEGs and Monocytes-related genes common to HF and SLE. (E) PPl network of 162 intersected genes. (F) Upset plot showing the
intersected genes obtained by 5 algorithms in PPl analysis.

(Figure 10F); RNASE3 was correlated with T cells CD4 naive, Monocytes, and T cells CD4 memory resting significantly
(Figure 10G); CXCL10 was correlated with Monocytes, T cells CD4 naive, Mast cells activated, B cells naive
significantly (Figure 10H). The above findings were also consistent with the immuno-infiltration analysis and
WGCNA results of this study. In addition, correlation analysis was performed between key genes. In HF, RNASE2
had a high correlation with RNASE3 (cor = 0.8) and CCR7 had a high correlation with CXCL10 (cor = —0.76)
(Figure 10I). In SLE, RNASE2 had a high correlation with RNASE3 (cor = 0.79), CXCL10 had a high correlation
with RNASE3 (cor = 0.67); CCR7 had an equally significant correlation with CXCL10 (cor = —0.63), and a high
correlation with RNASE3 (cor = —0.62) (Figure 10J). A line graph of the 4 key genes and immune cells was shown in
Supplementary Figures 1 and 2.

Discussion

HF is a growing global epidemic affecting at least 260,000 individuals worldwide and has now become increasingly
common.'® Despite advances in treatment strategies for chronic HF, the survival rate of patients with HF remains very
low.'? SLE is a global health problem with prevalence, morbidity and mortality increasing in Asia according to recent
epidemiological reports.”’ There is no denying that HF and SLE pose significant threats to human health. Previous
studies have indicated that acute cardiac manifestations of SLE can result in cardiac dysfunction and increase the risk of
HF in SLE.>! Moreover, numerous studies have confirmed the essential involvement of the immune response in the
pathogenesis of HF or SLE.?*?? In this study, transcriptome sequencing was used to identify the shared immune cells and
co-morbid genes between HF and SLE, aiming to elucidate the potential mechanisms of action underlying these
conditions.

This study identified 288 common DEGs in HF and SLE through DEG analysis. Enrichment analysis indicated that
these DEGs were significantly associated with inflammatory signalling pathways, such as NOD-like receptor signaling
pathway, and IL-17 signaling pathway. NOD-like Receptors (NLRs) are known to regulate inflammasome formation,
which in turn play a role in inflammatory responses.”* NOD-like Receptor Pyrin Domain-containing Protein 3 (NLRP3)
has been extensively studied and found to regulate the synthesis and secretion of inflammatory factors, making it crucial
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in the development of intrinsic immunity and inflammatory diseases.”> On the other hand, studies related to SLE suggest
that NLRP3 inflammatory vesicles are important in the pathogenesis of cardiovascular diseases, including HF, and
inhibition of NLRP3 inflammatory vesicle-related signalling pathways is predicted to provide new interventional
mediators for treating HFE.**?” In contrast, in studies related to SLE, NLRP3 may be closely associated with the
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Figure 8 Validation of the differential expression of key genes between groups. (A-D) Box plots showing the expression of CCR7, RNASE2, RNASE3, and CXCLI10 in HF
vs NC. (E-H) Box plots showing the expression of CCR7, RNASE2, RNASE3, and CXCLI0 in SLE vs NC.
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Figure 9 Analysis of the diagnostic value of the key genes. (A-D) ROC analysis of the diagnostic value of CCR7, RNASE2, RNASE3, and CXCLI0 in HF. (E-H) ROC
analysis of the diagnostic value of CCR7, RNASE2, RNASE3, and CXCLI0 in SLE.

progression of Lupus Nephritis (LN), and inhibition of the activated NLRP3 inflammatory vesicle pathway may be
a novel therapeutic approach for SLE and LN.?*2° IL-17, produced mainly by activated T cells, is an inflammatory
cytokine involved in the inflammatory processes.*® Numerous studies have confirmed the association of IL-17 with the
pathogenesis of inflammatory diseases such as HF and autoimmune diseases such as SLE.*'~** Based on the results of the
present study, immune dysfunction was revealed as a common pathophysiological feature of HF and SLE, with the NOD-
like receptor and IL-17 as potential mechanisms of action in HF and SLE.
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Figure 10 Correlation analysis of the key genes with immune cells. (A-D) Lollipop plot showing the correlation between CCR7, RNASE2, RNASE3, and CXCLI0 with
immune cells in HF. (E-H) Lollipop plot demonstrating the correlation of CCR7, RNASE2, RNASE3, and CXCLI0 with immune cells in SLE. (I) Correlation of CCR7,
RNASE2, RNASE3, and CXCLI0 in HF. (J) Correlation of CCR7, RNASE2, RNASE3, and CXCLI0 in SLE.

An immune infiltration analysis was subsequently performed to investigate the involvement of immune cells in HF
and SLE. The results showed that both diseases exhibited aberrant expression of T cell CD4 naive and Monocytes, which
displayed a high correlation. T cell CD4 naive can differentiate into different effector cell subpopulations, such as Th17
and Treg in response to different cytokines and environments, thus regulating the Th17/Treg ratio.** Furthermore, the
expression of T cell CD4 naive is significantly reduced in both HF and SLE,***> and that Th17/Treg balance is impaired
in rats with congestive HF and can affect the progression of HF in rats by regulating LOX expression.**>* Monocytes,
on the other hand, are a subpopulation of leukocytes that play a key role in maintaining balance, pathogen recognition
and clearance, and inflammation.>* The subpopulations of Monocytes are key to the inflammatory cascade response in
HF, and targeting inflammation-associated immune cells such as Monocytes would hold promise for the treatment of
HF.***! In addition, Monocytes are also involved in the progression of inflammation in SLE, and have been suggested as
a potential biomarker for cardiovascular risk in SLE.**** Overall, it is undeniable that both T cell CD4 naive and
Monocytes are possible shared immune cells in HF and SLE, and may even be involved in similar mechanisms of action.

To further identify key genes associated with the shared immune cells in HF and SLE, WGCNA, PPI, and machine
learning were collectively employed. CCR7, RNASE2, RNASE3, and CXCL10 were finally screened out as co-morbid
genes closely related to shared immune cells. These genes have been shown to be involved in the pathological processes
that exacerbate the inflammatory state of diseases such as autoimmune diseases, chronic inflammation and cancer.**
Specifically, CCL21 has been found to directly influence the prognosis of HF after myocardial infarction by interfering
with its expression, thus highlighting its potential as a prognostic biomarker for HE.*> Furthermore, CCR7 expression on
Monocytes has been reported to represent the disease activity score of rheumatoid arthritis (RA),* and in SLE, CCR7
has also been shown to be regulated by IncRNA-AC007278.2, which affects the auto immune activity.*” RNASE2 and
RNASE3 encode proteins that belong to the same family of ribonucleases and can be involved in the innate immune
response of the body.*® RNASE2 has been identified as a potential key gene in ischaemic cardiomyopathy, which can
progress to chronic HF, and may have relevance to HF.* Overexpression of RNASE?2 in SLE patients have also been
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found to influence the processes of SLE by mediating the secretion of cytokines and chemokines from Monocytes.*® In
contrast, although less studied in HF and SLE, RNASE3 has been shown to be differentially expressed in a variety of
inflammatory diseases such as asthma and allergic contact dermatitis.’’>*> CXCL10 encodes a pro-inflammatory cytokine
that plays a key regulatory role in immune responses by regulating T cell migration.>® Elevated circulating levels of
CXCL10 have been associated with the progression of HF, mainly expressed on CD4+ Th1 cells,’* and its presence may
predominate in patients with advanced HF.>> CXCL10 is also important in the mechanism of action of SLE and its
associated complications.’® Serum and urine CXCLI10 levels may be useful in monitoring disease activity in SLE and
LN.>7 In conclusion, the identification of CCR7, RNASE2, RNASE3, and CXCL10 as shared genes between HF and
SLE highlights their involvement in the similar immune mechanisms of action underlying the two diseases. These
findings provide novel ideas for the development of targeted therapies to improve disease outcomes of HF and SLE,
reducing the incidence of relevant complications, and improving disease prognosis.

Despite the findings presented in the current study, several limitations should be acknowledged. Firstly, transcriptome
sequencing in this study was only performed on 30 included samples, thus the results needs to be validated in a larger
cohort. Secondly, this study only performed bioinformatics analysis on the transcriptome data, with no in-depth
investigation into the mechanism of action of HF and SLE. Further studies are needed to provide a more comprehensive
understanding of the shared immune mechanisms between these two diseases.

Conclusion

The present study firstly revealed T cells CD4 naive and Monocytes as potential shared immune cells in HF and SLE, and
identified candidate genes such as CCR7, RNASE2, RNASE3 and CXCL10 as possible key genes common to HF and
SLE that may serve as biomarkers or potential therapeutic targets for both diseases.
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