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A B S T R A C T   

Background: Heart failure (HF) is a major public health issue with high mortality and morbidity. This study aimed 
to find potential diagnostic markers for HF by the combination of bioinformatics analysis and machine learning, 
as well as analyze the role of immune infiltration in the pathological process of HF. 
Methods: The gene expression profiles of 124 HF patients and 135 nonfailing donors (NFDs) were obtained from 
six datasets in the NCBI Gene Expression Omnibus (GEO) public database. We applied robust rank aggregation 
(RRA) and weighted gene co-expression network analysis (WGCNA) method to identify critical genes in HF. To 
discover novel diagnostic markers in HF, three machine learning methods were employed, including best subset 
regression, regularization technique, and support vector machine-recursive feature elimination (SVM-RFE). 
Besides, immune infiltration was investigated in HF by single-sample gene set enrichment analysis (ssGSEA). 
Results: Combining RRA with WGCNA method, we recognized 39 critical genes associated with HF. Through 
integrating three machine learning methods, FCN3 and SMOC2 were determined as novel diagnostic markers in 
HF. Differences in immune infiltration signature were also found between HF patients and NFDs. Moreover, we 
explored the potential associations between two diagnostic markers and immune response in the pathogenesis of 
HF. 
Conclusions: In summary, FCN3 and SMOC2 can be used as diagnostic markers of HF, and immune infiltration 
plays an important role in the initiation and progression of HF.   

1. Introduction 

Heart failure (HF) is a complex clinical syndrome that leads to 
structural or functional cardiac abnormalities. It is a terminal condition 
in various cardiovascular diseases and has become a significant public 
health concern due to the high risk of hospitalization and mortality in 
these patients [1]. Despite breakthroughs in the understanding of HF 
etiopathogenesis, the physiopathology that triggers the disease is still 
not completely understood. Therefore, it is crucial to explore novel 
biomarkers to improve the accuracy of diagnosis and prognosis in HF 
patients. 

At present, with the wide use of microarray and high-throughput 
sequencing technology, integrated bioinformatics analyses have 
showed significant advantages in exploring the pathogenesis and 

potential treatments for various diseases [2]. Compared to the conven-
tional methods of differential expression analysis, weighted gene co- 
expression network analysis (WGCNA) has been recognized as an 
effective method used to identifying key hub genes within modules 
related to phenotypic traits [3]. In addition, small sample size is a 
concern with many current microarray datasets, and batch effect has 
presented grand challenges to the integrative analyses across multiple 
datasets. In this context, the robust rank aggregation (RRA) method, 
which can identify the overlapping genes among ranked gene lists, has 
been utilized in various studies to obtain stable biomarkers [4]. 

In recent years, an increasing number of studies have demonstrated 
that immunological dysregulation and deterioration of cardiac function 
are two interdependent phenomena. Single-cell RNA-sequencing tech-
nology has revealed a significant difference in immune cell components 
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between healthy and failing hearts [5]. Therefore, a comprehensive 
analysis of the relationship between immune infiltration and HF may 
provide new references for the diagnosis and treatment of HF. 

By utilizing RRA, WGCNA and three machine learning methods, we 
identified hub genes of HF and constructed a diagnostic model for HF. 
Additionally, we investigated the interaction between immune infiltra-
tion and the hub genes of HF. This work provides new insights into the 
deep exploration of molecular mechanism involved in HF development. 

2. Materials and methods 

2.1. Inclusion criteria for datasets 

Publically available HF microarray datasets were obtained from the 
NCBI Gene Expression Omnibus (GEO) database (https://www.ncbi. 
nlm.nih.gov/geo/). The search results and relevant datasets were fil-
trated according to the following eligibility criteria: (i) the organism was 
set as “Homo sapiens”; (ii) datasets within GEO were filtered by 
“Expression profiling by array”; (iii) the experiments were performed 
with heart samples of HF patients and NFDs, with a minimum of three 
samples investigated. Based on these criteria, six datasets were included 
in our study: GSE16499 [6], GSE26887 [7], GSE42955 [8], GSE57338 
[9], GSE76701 [10], and GSE79962 [11]. The series matrix files of these 
datasets and their corresponding platform files were downloaded as CSV 
files from GEO. In addition, GSE116250 [12] was selected as the 
external validation dataset, which includes 50 HF patients (13 with 
ischemic cardiomyopathy and 37 with dilated cardiomyopathy) and 14 
NFDs. 

2.2. Identification of differentially expressed genes (DEGs) by RRA 
method 

The six raw datasets were processed using the Bioconductor package 
limma [13], which included column normalization and log- 
transformation. Next, DEGs were analyzed by the limma package, and 
the ranked lists of both upregulated and downregulated DEGs in each 
dataset were generated based on their fold changes. Finally, we utilized 
the RRA method-based R package “RobustRankAggreg” to integrate the 
results of those six datasets to find the most significant DEGs. Genes with 
an absorbance fold change (logFC) > 1 and adjusted p-value < 0.05 were 
chosen as significantly DEGs in the RRA analysis. 

2.3. Construction of weighted gene co-expression network analysis 

Before merging the six microarray datasets, we corrected for batch 
effects using ComBat from the sva package in order to minimize 
experimental variance prior to subsequent analysis. Principal compo-
nent analysis (PCA) was assessed before and after correction and then 
presented as 2D PCA plots. The final merged dataset had 259 samples 
with 124 HF patients (64 with ischemic cardiomyopathy and 60 with 
dilated cardiomyopathy) and 135 NFDs. 

To explore the gene interactions, we employed a systems biology 
approach called WGCNA using the WGCNA R package on the final 
merged dataset. Firstly, we selected genes with the top 25 % variation 
across samples in the integrated dataset for WGCNA, ensuring the het-
erogeneity and accuracy of bioinformatics statistics for further co- 
expression network analysis. Secondly, genes with a height value > 60 
were considered outlier and excluded. Thirdly, we calculated the adja-
cency matrix from the soft thresholding power β and then converted it 
into a topological overlap matrix (TOM). Fourthly, using the TOM-based 
dissimilarity measure, we divided genes into different modules through 
hierarchical clustering and dynamic tree cutting. Subsequently, modules 
with highly correlated eigengenes were merged with a merge height of 
0.2. Lastly, we defined key genes based on gene significance (GS) and 
module membership (MM) within the target modules. The intersection 
of the genes identified through the RRA and WGCNA methods was 

considered as critical genes in HF. 

2.4. Enrichment analysis of critical genes 

To further investigate the functional and pathway enrichment of the 
critical genes in HF, Gene Ontology (GO) and Disease Ontology (DO) 
enrichment analyses were carried out with the R package “clusterpro-
filer” [14]. Moreover, pathway enrichment analysis of critical genes was 
performed using Gene Set Enrichment Analysis (GSEA) based on Kyoto 
Encyclopedia of Genes and Genomes (KEGG) pathways, and “c2.cp. 
kegg.v7.4.entrez.gmt” was selected as the reference gene set. Adjusted 
p-value < 0.05 were considered statistically significant enrichment. 

2.5. Screening diagnostic markers by machine learning 

In order to determine the diagnostic markers of critical genes for HF, 
three feature selection methods of machine learning were employed. 
The procedure is outlined as follows. Firstly, in order to prevent model 
overfitting, the final merged dataset was divided into the training 
dataset and internal validation dataset at a ratio of 7:3 with the same 
percentage of HF patients, and ten-fold cross-validation was employed. 
Secondly, we used the best subset regression method to identify the 
feature subset that exhibited optimal classification performance with the 
“leaps” R package. Additionally, regularization techniques (ridge, 
elastic net and lasso) were applied to detect the genes that contributed 
the most to the diagnosis of HF using the “glmnet” R package. All three 
models were established on the training dataset, and model performance 
was evaluated by the root mean squared error (RMSE) in the internal 
validation dataset. Genes from the model with the best performance 
were selected. Furthermore, the support vector machine-recursive 
feature elimination (SVM-RFE) method from R package “mlbench” 
was adopted for classification analysis of the selected biomarkers in the 
diagnosis of HF. Finally, the intersection of best subset regression, SVM- 
RFE and the best performing model of regularization technique were 
considered as potential diagnostic markers of HF. 

2.6. Construction and verification of a diagnostic model of HF 

After obtaining the diagnostic markers, a diagnostic model for HF 
was constructed by fitting these genes into a binary logistic regression 
model using the “glm” R package. The model was then visualized using a 
nomogram generated from the “rms” R package. The discriminatory 
capability of the model was evaluated using the receiver operating 
characteristic (ROC) curve, while its calibration was assessed using a 
calibration plot. The calibration plot was generated from the “givitiR” R 
package. This evaluation process was performed in both the final 
merged dataset and external validation dataset. 

2.7. Immune infiltration analysis 

To evaluate the immune activities involved in HF, we employed 
single-sample gene set enrichment analysis (ssGSEA) to investigate the 
varying degrees of infiltration of 29 immune signatures in HF patients 
and NFDs. Furthermore, we generated a correlation heatmap using the 
“corrplot” R package to illustrate the correlation between 16 immune 
cell types and 13 immune-related functions. Additionally, we used 
“ggplot2” R package to perform PCA clustering analysis on immune 
infiltration matrix data and generate a two-dimensional PCA clustering 
map. Lastly, ssGSEA scores were plotted by “ggplot2” R package to 
compare and visualize the levels of these immune signatures between HF 
patients and NFDs. 

2.8. Correlation analysis between diagnostic markers and immune 
infiltration in HF 

In order to investigate the role for diagnostic markers in modulating 
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HF immune infiltration, we established relationships between diagnostic 
markers and immune signatures in 50 HF samples of the external vali-
dation dataset. Besides, correlation analyses were performed between 
diagnostic markers and other genes, and genes with an absolute corre-
lation coefficient greater than 0.5 and a p-value less than 0.05 were 
defined as diagnostic markers-related genes. To further explore the po-
tential role of the diagnostic markers, KEGG pathway enrichment ana-
lyses of these diagnostic markers-related genes were performed by R 
package “clusterProfiler”. 

2.9. Statistical analysis 

Independent two-sample t-tests were applied to identify DEGs be-
tween samples of HF patients and NFDs if the data were normally 
distributed and had equal variance; otherwise, Mann–Whitney non- 
parametric tests were used. P-values were adjusted for multiple testing 
by the Benjamini Hochberg method, and all P-values were based on two- 
tailed statistical analysis. Genes with an absorbance fold change (logFC) 
> 1 and an adjusted p-value < 0.05 were considered significantly 
differentially expressed. Pearson correlation coefficient was calculated 

when variables were normally distributed, while Spearman rank corre-
lation was used otherwise. Correlation coefficients were interpreted as 
follows: values 0 to 0.3 (0 to − 0.3) indicating negligible correlation, 0.3 
to 0.5 (− 0.3 to − 0.5) indicating low positive (negative) correlation, 0.5 
to 0.7 (− 0.5 to − 0.7) indicating moderate positive (negative) correla-
tion, 0.7 to 0.9 (− 0.7 to − 0.9) indicating high positive (negative) cor-
relation and 0.9 to 1 (− 0.9 to − 1) indicating very high positive 
(negative) correlation [15]. All data analyses in the present study were 
performed using R (version 4.1.2) and Rstudio (version 2021.09.1). 

3. Results 

3.1. Identification of significant DEGs by the RRA method 

Fig. 1 depicts a flow diagram of our study. The sample characteristics 
of these included datasets are summarized in Supplementary Table 1, 
including Dataset ID, study country, number of HF patients and NFDs 
and platform ID. Based on the results of DEGs analysis in each dataset 
(Fig. 2A-2F), a total of 58 up-regulated and 41 down-regulated signifi-
cant DEGs were identified by the RRA method. The top 20 up-regulated 

Fig. 1. Study workflow. Abbreviations: HF, heart failure; GEO, gene expression omnibus; RRA, robust rank aggregation; NFDs, nonfailing donors; WGCNA, weighted 
gene co-expression network analysis; ssGSEA, single-sample gene set enrichment analysis; GS, gene significance; MM, module membership; GO, Gene Ontology; DO, 
Disease Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; SVM-RFE, support vector machine-recursive feature elimination; ROC, receiver operating 
characteristic. 
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and down-regulated DEGs are shown in the heatmap (Fig. 3). 

3.2. Identification of gene co-expression networks and modules 

The merged gene expression matrix of six datasets was presented in a 
two-dimensional PCA cluster diagram before and after removal of batch 
effect (Fig. 4A-4B). The results showed that batch effect between 
different datasets was less obvious after normalization and batch effect 
adjustment, indicating that the final merged dataset can be used in 
subsequent analysis. 

To find the key modules most associated with HF, we constructed the 
WGCNA network on the final merged dataset using the “WGCNA” R 
package. The dendrogram and traits of all samples were illustrated in 
Fig. 5A, and when the soft threshold power was set as fourteen, the scale- 
free R2 was 0.862 to obtain a highest average connectivity degree 
(Fig. 5B). Similar modules with a height cut-off value of 0.2 were merged 
(Fig. 5C), and 6 modules marked in turquoise, red, yellow, blue, brown 
and gray were identified using the dynamic branch-cutting approach 
(Fig. 5D). Through the heatmap of module–trait correlations, we found 
that the yellow module (r = 0.75; p < 0.0001) was the most highly 

Fig. 2. Volcano plot of differentially expressed genes in cardiac tissues between HF patients and NFDs. Significant upregulated genes are shown in red (HF patients 
vs. NFDs), downregulated genes in green (HF patients vs. NFDs). The 10 most significantly differentially expressed genes are shown in the boxes. A GSE16499. B 
GSE26887. C GSE42955. D GSE57338. E GSE76701. F GSE79962. Abbreviations: HF, heart failure; NFDs, nonfailing donors. (For interpretation of the references to 
color in this figure legend, the reader is referred to the web version of this article.) 
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correlated module with HF (Fig. 5E), which was considered as key 
module for HF. After calculating correlation between GS and MM in the 
yellow module, significant correlations between GS and MM (r = 0.58; p 
< 0.0001) for HF in the yellow module are presented in Fig. 5F. The 
yellow module contained a total of 211 genes. 39 genes from the 

intersection between the RRA and WGCNA method is considered as 
critical genes in HF and retained for further analysis (Fig. 5G). 

Fig. 3. Heatmap of the top 20 upregulated and the top 20 downregulated genes from RRA analysis of six datasets. Each column represents one dataset and each row 
indicates one gene. The white color ranging from red to blue represents the changing process from up- to down-regulation (HF patients vs. NFDs.) The number in each 
rectangle represents the value of log2 (fold change). The red color represents up-regulation while blue color represents down-regulation. The number in each 
rectangle represents the value of log2 (fold change) in each dataset calculated by the “limma” R package. Abbreviations: RRA, Robust Rank Aggregation; HF, heart 
failure; NFDs, nonfailing donors. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 

Fig. 4. Two-dimensional PCA cluster plot before and after batch effect correction. A Before normalization. B After normalization. Abbreviations: PCA, Principal 
Component Analysis. 
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Fig. 5. Weighted gene co-expression network analysis. A Sample clustering to detect outliers in the merged dataset. B Analysis of the scale-free topology index and 
mean connectivity by setting unequal soft-thresholding power between 1 and 20. C Clustering of module eigengenes. The red line indicates cut height (0.2). D 
Hierarchical cluster dendrogram of all DEGs based on one dissimilarity measure (1-TOM). E Heatmap of the correlation between module eigengenes and clinical 
phenotypes. The yellow module was significantly correlated with HF. F Correlation plot between module membership (X-axis) and gene significance (Y-axis) of genes 
contained in the yellow module. G Venn diagram showing the intersection of genes between the RRA DEGs and the genes in the yellow module of WGCNA. Ab-
breviations: DEGs, differentially expressed genes; HF, heart failure; RRA, Robust Rank Aggregation; WGCNA, Weighted gene co-expression network analysis. (For 
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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3.3. Functional enrichment and pathway analyses of critical genes 

GO functional enrichment analysis indicated that the five most 
enriched GO terms of the critical genes for biological process (BP) were 
the extracellular matrix organization, extracellular structure organiza-
tion, external encapsulating structure organization, muscle system 
process, and positive regulation of inflammatory response. Within the 
cell component (CC) categories, collagen-containing extracellular ma-
trix, secretory granule membrane, vacuolar lumen, collagen trimer, and 
platelet alpha granule were dominant terms. Under the molecular 
function (MF), extracellular matrix structural constituent, glycosami-
noglycan binding, sulfur compound binding, heparin binding, and 
collagen binding were significantly enriched (Fig. 6A). The Disease 
Ontology (DO) enrichment analysis results are shown in Fig. 6B. Dis-
eases enriched by critical genes mainly included coronary artery disease, 
arteriosclerosis, atherosclerosis, arteriosclerotic cardiovascular disease, 
and myocardial infarction. Additionally, GSEA results showed that the 
enriched pathways mainly involved B cell receptor signaling pathway 
and natural killer cell mediated cytotoxicity (Fig. 6C). 

3.4. Determination of diagnostic markers 

To determine the critical diagnostic biomarkers of HF, feature se-
lection was further performed in our study. Under the result of best 
subset regression, the model of six features (AEBP1, FCN3, MYH6, 
NPPA, SGPP2, and SMOC2) showed the lowest BIC score (BIC =
− 216.5151) (Fig. 7A-7B). For the regularization technique, the binomial 
deviance curve of LASSO regression, ridge regression and elastic net 
regression was shown in Fig. 7C–7E, and mean squared error was 
calculated for each α value in the elastic net regression (Supplementary 
Table 2. The least mean squared error was obtained when the value for α 
was set at 0.33. By comparing performance of these three models of 
regularization technique in the internal validation dataset through 
RMSE, we can obtain the conclusion that LASSO regression is the 
optimal model (Fig. 7F). In addition, two critical genes were identified 
using the SVM-RFE algorithm as diagnostic markers (Fig. 7G). With the 
intersection of best subset regression, LASSO regression and SVM-RFE 
algorithm, FCN3 and SMOC2 were finally obtained as diagnostic 
markers of HF (Fig. 7H). 

3.5. Construction and validation of the diagnostic model 

In order to understand the relationship between the expression of 
two diagnostic markers and HF, a multivariate logistic regression model 
was constructed. Forest plot demonstrated that two of the diagnostic 
markers were independently associated with HF (Fig. 8A), and a 
nomogram was established based on the logistic regression analysis 
(Fig. 8B). In the merged dataset, the nomogram yielded an AUC of 0.985 
(95 % CI, 0.974–0.996) while in the external validation dataset, the 
nomogram exhibited an AUC of 0.976 (95 % CI, 0.945–0.999). Of note, 
the diagnostic accuracy of the nomogram was superior to that of B-type 
natriuretic peptide (BNP) (Fig. 8C-8D). Furthermore, the GiViTI cali-
bration belt revealed that there was no significant deviations in both 
datasets (P = 0.236, P = 0.857) (Fig. 8E-8F), indicating that the logistic 
regression model showed good fit between the predicted and observed 
probabilities. Meanwhile, the differential expression of FCN3 and 
SMOC2 was validated in the GSE116250 database, which further 
demonstrated their diagnostic value for HF (Fig. 8G-8H). 

To further illuminate the roles of these two diagnostic markers in HF, 
Pearson correlation was applied to examine the correlation between the 
mRNA expression of these markers and left ventricular ejection fraction 
(LVEF) in 15 HF patients of GSE16499. As showcased in Supplemen-
tary Fig. 1, the expression of SMOC2 was negatively correlated with 
LVEF in HF patients, indicating that SMOC2 may be associated with 
deterioration of cardiac function in HF patients. 

3.6. Immune infiltration results 

To further identify the immune status between HF patients and 
NFDs, ssGSEA was used to quantify the infiltrating scores of diverse 
immune cell subpopulations and immune-related functions. The PCA 
results showed that there was a notable difference in immune infiltration 
between HF and NFDs (Fig. 9A-9B). Correlation heatmap of 16 immune 
cell types indicated that TIL was highly positively related with Macro-
phages (r = 0.73), Neutrophils (r = 0.82) and T helper cells (r = 0.77). 
For immune-related functions, the following pairs showed a high posi-
tive correlation: APC co inhibition and T cell co inhibition (r = 0.83), 
parainflammation and inflammation promoting (r = 0.71), para-
inflammation and CCR (r = 0.84), parainflammation and Check-point (r 
= 0.78), check-point and APC co stimulation (r = 0.72), check-point and 
CCR (r = 0.85), check-point and T cell co inhibition (r = 0.78) (Fig. 9C- 
9D). The bar graph of the immune cell infiltration demonstrated that the 
score of aDCs, B cells, CD8+ T cells, iDCs, macrophages, mast cells, 
neutrophils, NK cells, Th1 cells, Th2 cells, TIL, and Treg was signifi-
cantly different between HF and NFDs. Similarly, there was a different 
infiltration of immune-related functions in APC co inhibition, check- 
point, cytolytic activity, HLA, inflammation promoting, T cell co inhi-
bition, T cell co stimulation, Type I IFN response between HF patients 
and NFDs (Fig. 9E-9F). 

3.7. Analysis of diagnostic markers and immune infiltration 

To further investigate the relationship between diagnostic markers 
and immune infiltration, the correlations between FCN3, SMOC2 and 29 
immune signatures were explored. In terms of immune cells, FCN3 was 
positively correlated with Treg (r = 0.37) and negatively correlated with 
aDCs (r = − 0.40), as well as mast cells (r = − 0.45); while SMOC2 was 
positively correlated with mast cells (r = 0.49) and negatively correlated 
with macrophages (r = − 0.31). For immune-related functions, FCN3 
showed positive correlation with T cell co inhibition (r = 0.53), as well 
as APC co inhibition (r = 0.45) and negative correlation with Type I IFN 
response (r = − 0.55), inflammation promoting (r = − 0.50), HLA (r =
− 0.43), as well as cytolytic activity (r = − 0.36); while SMOC2 showed 
positive correlation with type I IFN response (r = 0.49), inflammation 
promoting (r = 0.48), HLA (r = 0.42), as well as cytolytic activity (r =
0.35) and negative correlation with T cell co inhibition (r = − 0.48), as 
well as APC co inhibition (r = − 0.43) (Fig. 10A–10D). 

In order to further investigate the potential associations between 
diagnostic markers and immune response in the pathogenesis of HF, we 
performed GSEA on the HF samples of the external validation dataset. 
GSEA results showed that the enriched immune-related pathways of 
FCN3 mainly involved in complement and coagulation cascades, he-
matopoietic cell lineage, and natural killer cell mediated cytotoxicity. As 
for SMOC2, Fc epsilon RI signaling pathway, Fc gamma R-mediated 
phagocytosis, and leukocyte transendothelial migration were meaning-
ful immune-related pathways (Fig. 10E-10F). 

4. Discussion 

In the present study, we performed an integrated bioinformatics 
analysis using six publicly available HF microarray datasets (GSE16499, 
GSE26887, GSE42955, GSE57338, GSE76701, and GSE79962). By 
combining the RRA with WGCNA method, we identified 39 critical 
genes in HF. Through integrating three feature selection methods 
including best subset regression, regularization technique and SVM-RFE, 
FCN3 and SMOC2 were determined as diagnostic markers in HF. Addi-
tionally, ssGSEA analysis was conducted to explore the association be-
tween inflammation and HF. 

HF is a complex clinical syndrome characterized by impaired cardiac 
pump function and reduced tissue perfusion and metabolism. Despite 
the constant advancement in treatment modalities, the mortality of HF is 
increasing annually, imposing a heavy burden on families and society 
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Fig. 6. Enrichment analysis of critical genes. A Bubble plot of top 5 enriched GO terms of critical genes in each category. B Bubble plot of top 5 enriched DO terms of 
critical genes. C GSEA analysis based on the KEGG pathway database. Abbreviations: GO, Gene Ontology; BP, biological process; CC, cellular components; MF, 
molecular functions; DO, Disease Ontology; GSEA, Gene Set Enrichment Analysis; KEGG, Kyoto Encyclopedia of Genes and Genomes. 
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Fig. 7. Machine-learning model to identify diagnostic markers. A Bayesian information criterion score by feature inclusion. B Model performance based on different 
feature subsets. C LASSO regression algorithm to screen diagnostic markers. D Ridge regression algorithm to screen diagnostic markers. E Elastic net regression 
algorithm to screen diagnostic markers. F Root mean squared error of three models of regularization technique in the internal validation dataset. Red dot stands for 
root mean square of residuals. G SVM-RFE algorithm to detect diagnostic markers. H Venn diagram showing the intersected genes of best subset regression, LASSO 
regression and SVM-RFE algorithm. Abbreviations: LASSO, least absolute shrinkage and selection operator; SVM-RFE, Support vector machine-recursive feature 
elimination. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 
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Fig. 8. Development and validation of diagnostic model for HF. A Forest plot of FCN3 and SMOC2 in a multivariate logistic regression analysis. B Nomogram for the 
2-variable prediction model of HF probability. The ROC curve of the nomogram in the merged dataset (C) and external validation dataset (D). The GiViTi calibration 
belt of the nomogram in the merged dataset (E) and external validation dataset (F). The FCN3 (G) and SMOC2 (H) expression in the external validation dataset. ns: no 
significance, *p < 0.05, **p < 0.01, ***p < 0.001. Abbreviations: HF, heart failure; ROC, receiver operating characteristic. 

D. Tu et al.                                                                                                                                                                                                                                       



IJC Heart & Vasculature 51 (2024) 101335

11

Fig. 9. Evaluation and visualization of immune infiltration in HF. Two-dimensional PCA cluster plot of immune cell (A) and immune-related function (B) infiltration 
between cardiac tissues of HF patients and NFDs. Correlation matrix of the immune cell (C) and immune-related function (D) infiltration. Red indicates positive 
correlation and blue indicates negative correlation. The darker the color, the stronger the correlation. The scores of immune cells (E) and immune-related functions 
(F) between cardiac tissues of HF patients and NFDs. ns: no significance, *p < 0.05, **p < 0.01, ***p < 0.001. Abbreviations: HF, heart failure; PCA, Principal 
Component Analysis; NFDs, nonfailing donors. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of 
this article.) 
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Fig. 10. Association between FCN3, SMOC2 and immune infiltration in HF. Correlation between FCN3 (A), SMOC2 (B) and immune cell infiltration. Correlation 
between FCN3 (C), SMOC2 (D) and immune-related function infiltration. Significant correlations are indicated in bold. Top 3 gene sets (according to GSEA 
enrichment score) enriched in the HF samples of FCN3 (E) and SMOC2 (F). Abbreviations: HF, heart failure; GSEA, Gene Set Enrichment Analysis. 
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[16]. The occurrence and development of HF involve multiple biological 
mechanisms, such as inflammatory responses, activation of the neuro-
endocrine system, oxidative stress, and so on. Finding novel molecular 
biomarkers is essential for clarifying the pathogenesis of HF. 

With the advancement of high-throughput sequencing and micro-
array technology in recent years, integrated bioinformatics methods 
have emerged as efficient tools for identifying potential biomarkers for 
the diagnosis, treatment, and prognosis of HF. DEGs analysis is a bio-
informatics approach that has been widely and successfully applied for 
the detection of disease biomarkers. A limitation of the conventional 
DEGs analysis is that the difference in many genes do not reach statis-
tical significance after correction for multiple tests. In our research, we 
used the RRA method to address this limitation. This method in-
corporates the differential expression ranking of each gene across all 
datasets and performs a hypothesis test based on the ranking vector. The 
resulting p-value is then used to determine whether the gene has a 
robust differential expression. Additionally, we employed WGCNA, a 
widely used method for biological network analysis, to detect coex-
pression modules and hub genes in HF. It can dissect genes into network 
modules and find the robust gene modules that are significantly asso-
ciated with clinical traits. RRA and WGCNA method can complement 
each other and narrow down potential diagnostic marker candidates. To 
our knowledge, our study is the first to use RRA combined with WGCNA 
to explore novel diagnostic markers associated with HF. 

As an efficient tool for data mining, machine learning is currently 
receiving enormous attention and being used in bioinformatics and its 
related fields. Feature selection is a necessary step for the construction of 
machine learning models. The greatest advantage of feature selection is 
to help improving model accuracy and reducing model complexity, as it 
can remove redundant and irrelevant features to reduce the input 
dimensionality and help us identify the underlying mechanism that 
connects gene expression with relevant diseases [17]. In our study, 
feature selection was performed through best subset regression and 
three regularization methods: LASSO regression, ridge regression and 
elastic net. All three models were established on the training dataset and 
evaluated in the internal validation dataset by the RMSE value, which is 
a goodness-of-fit indicator. SVM-RFE is another classic feature selection 
method used in our research. It can rank the genes by training a SVM 
model and selects critical genes using recursive feature elimination al-
gorithm. With these machine learning models we have determined FCN3 
and SMOC2 as diagnostic markers of HF. 

In current clinical guidelines, BNP is the gold standard biomarkers 
for the diagnosis and assessment of HF. Nonetheless, a recent study 
found that very low BNP levels (<50 pg/ml) were observed in 4.9 % of 
HF patients, and a small proportion (0.1 % to 1.1 %) had BNP levels even 
below detection limits [18]. In our established diagnostic model, 
compared with BNP alone, the combination of FCN3 and SMOC2 had a 
better diagnostic value and significantly improved the diagnostic accu-
racy. FCN3 is a glycoprotein which consists of a N-terminal collagen-like 
domain and a C-terminal fibrinogen-like domain [19]. It can activate the 
complement system via the lectin pathway, giving rise to both anti- 
microbial defense and homeostatic balance. Previous studies have 
shown that the expression of FCN3 in many types of cancerous tissues 
was significantly decreased such as squamous cell lung carcinoma [20], 
hepatocellular carcinomas [21], and ovarian cancer [22]. In addition, 
the expression level of FCN3 has a certain connection with cardiovas-
cular diseases. Lower FCN3 serum levels were observed in rheumatic 
heart disease patients when compared to controls [23], while increased 
FCN3 levels were observed in abdominal aortic aneurysm patients’ 
plasma, suggesting it is associated with the presence and progression of 
abdominal aortic aneurysm [24]. SMOC2, which is a secreted, matri-
cellular protein, belongs to the SPARC/osteonectin/BM40 family pro-
teins. It is involved in various pathophysiological processes such as 
angiogenesis, tumorigenesis, tissue fibrosis and calcification [25–27]. 
Silencing of SMOC2 expression slows the progression of renal failure by 
repressing fibroblast to myofibroblast differentiation through inhibition 

of multiple cellular signaling pathways including MAPKs, Smad, and Akt 
[28]. Besides, SMOC2 can act as an inhibitor of calcification and 
mineralization. Endogenous SMOC2 can stimulate bone healing and 
attenuate age-related bone loss [29]. 

Systemic inflammation has been recognized as a common patho-
biologic characteristic of HF. To further investigate the role of immune 
infiltration in HF, we conducted ssGSEA to quantify the immune infil-
tration based on 16 immune cell types and 13 immune-related functions. 
The results showed that seven immune cells (aDCs, CD8+ T cells, iDCs, 
Mast cells, NK cells, Th1 cells, and Th2 cells) infiltrated higher in HF 
group. Single-cell RNA sequencing from recent studies revealed that the 
majority innate immune cell subpopulations, including mast cells, 
monocytes and macrophages, neutrophils, DCs, and NK cells underwent 
extensive activation in pressure overload-induced HF in mice [5]. Pre-
vious studies have found that in the myocardial infarction (MI) model of 
mice, activation of cytotoxic CD8+ T cells by DCs contributes to 
aggravation of post-ischemic inflammatory damage of the myocardium 
and corresponding decreased cardiac function [30]. Furthermore, 
Ngkelo et al. [31] found that mast cells accumulate in the heart at day 7 
after MI, and mast cells can improve cardiomyocyte contractility via 
alteration of PKA-regulated force-Ca2+ interactions in response to post- 
MI HF mice. Conversely, the score of B cells, Macrophages, Neutrophils, 
TIL, and Treg was lower in HF group. In mouse models of HF, induction 
of neutropenia could reduce the influx of monocytes and the activation 
of macrophages in the myocardium, resulting in mitigation of cardiac 
hypertrophy and dysfunction [32]. Additionally, the proinflammatory 
and antiangiogenic effect of Tregs played an essential role in the pro-
gression of immune activation and pathological left ventricular remod-
eling. Restoration of proper Treg function may be a promising approach 
to therapeutic immunomodulation in HF [33]. Based on the immune- 
related functions results, type I IFN infiltrated higher in HF group. 
Previous study revealed that through initiation of the STING-IRFs-type I 
IFN signaling cascade, The cGAS/STING pathway is associated with the 
early inflammatory response during pressure overload-induced HF [34]. 

In addition, the two diagnostic markers are correlated with immune 
response. FCN3 is a pattern-recognition molecule with the ability to 
activate the lectin pathway of complement. Low FCN3 levels were 
intimately related to increased complement activation product C3a and 
accordingly decreased concentrations of complement C3 [35]. Tissue 
injury, fibrosis, and inflammation are tightly interwoven processes. 
SPARC serves as a critical regulator of collagen processing and deposi-
tion. The interaction between SMOC2 and TGF-β1 in hepatocyte can 
modulate hepatic inflammation and fibrogenesis through the nuclear 
factor-κB signal pathway [36]. By analyzing the correlation between 
FCN3, SMOC2, and immune cells, it was found that FCN3 was negatively 
correlated with Mast cells, while there was positive correlation between 
SMOC2 and Mast cells. The bulk of evidence has shown that myocardial 
Mast cells exert a prominent role in HF pathogenesis. It can promote 
cardiac hypertrophy and fibrosis through the mechanism of releasing 
platelet-derived growth factor, proteases, and cytokines, which can 
induce cardiomyocyte hypertrophy and cardiac cell death [37]. 

Several limitations of our study should be admitted. Firstly, the study 
sample size was small due to low heart specimen numbers taken from HF 
patients. Secondly, molecular biology experiments, such as reverse 
transcription-polymerase chain reaction and western blotting, should be 
carried out to verify our bioinformatic findings. Thirdly, the concrete 
mechanism of FCN3 and SMOC2 in HF was obscure. Most importantly, 
our research was a retrospective investigation and further experiments 
are required to explore the detailed mechanisms through which FCN3 
and SMOC2 regulate cellular responses in HF, as well as the role of 
immune infiltration in HF. 

5. Conclusion 

In summary, we constructed and validated a novel diagnostic 
signature of HF by combining RRA, WGCNA, and feature selection 
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methods. Besides, we found that immune infiltration plays a critical role 
in the onset and progression of HF. Our findings may provide promising 
targets for the treatment of HF. More studies should be carried out to 
verify our findings and clarify the fundamental mechanisms of immune 
infiltration in HF development. 
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