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A B S T R A C T   

Background: The implication of necroptosis in cardiovascular disease was already recognized. 
However, the molecular mechanism of necroptosis has not been extensively studied in coronary 
heart disease (CHD). 
Methods: The differentially expressed genes (DEGs) between CHD and control samples were ac
quired in the GSE20681 dataset downloaded from the GEO database. Key necroptosis-related 
DEGs were captured and ascertained by bioinformatics analysis techniques, including weighted 
gene co-expression network analysis (WGCNA) and two machine learning algorithms, while 
single-gene gene set enrichment analysis (GSEA) revealed their molecular mechanisms. The 
diagnostic biomarkers were selected via receiver operating characteristic (ROC) analysis. More
over, an analysis of immune elements infiltration degree was carried out. Authentication of 
pivotal gene expression at the mRNA level was investigated in vitro utilizing quantitative real- 
time PCR (qRT-PCR). 
Results: A total of 94 DE-NRGs were recognized here, among which, FAM166B, NEFL, POLDIP3, 
PRSS37, and ZNF594 were authenticated as necroptosis-related biomarkers, and the linear 
regression model based on them presented an acceptable ability to different sample types. 
Following regulatory analysis, the ascertained biomarkers were markedly abundant in functions 
pertinent to blood circulation, calcium ion homeostasis, and the MAPK/cAMP/Ras signaling 
pathway. Single-sample GSEA exhibited that APC co-stimulation and CCR were more abundant, 
and aDCs and B cells were relatively scarce in CHD patients. Consistent findings from bioinfor
matics and qRT-PCR analyses confirmed the upregulation of NEFL and the downregulation of 
FAM166B, POLDIP3, and PRSS37 in CHD. 
Conclusion: Our current investigation identified 5 necroptosis-related genes that could be diag
nostic markers for CHD and brought a novel comprehension of the latent molecular mechanisms 
of necroptosis in CHD.   
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change; NRGs, necroptosis-related genes; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; SVM, Support Vector Machine; 
RFE, recursive feature elimination; AUC, area under the curve; NES, Normalized Enrichment Score; PBMC, peripheral blood mononuclear cell. 

* Corresponding author. 
E-mail address: hwq315@163.com (W. Han).  

Contents lists available at ScienceDirect 

Heliyon 

journal homepage: www.cell.com/heliyon 

https://doi.org/10.1016/j.heliyon.2024.e30269 
Received 3 June 2023; Received in revised form 12 April 2024; Accepted 23 April 2024   

mailto:hwq315@163.com
www.sciencedirect.com/science/journal/24058440
https://www.cell.com/heliyon
https://doi.org/10.1016/j.heliyon.2024.e30269
https://doi.org/10.1016/j.heliyon.2024.e30269
https://doi.org/10.1016/j.heliyon.2024.e30269
http://creativecommons.org/licenses/by-nc/4.0/


Heliyon 10 (2024) e30269

2

1. Introduction 

A cardiovascular disease predominantly featured by impaired coronary artery blood supply, coronary heart disease (CHD), is 
globally one of the most common chronic non-communicable diseases. As the demographic ages and the prevalence of poor lifestyles, 
the incidence and mortality of CHD trend upward [1]. As per a recent release from the World Health Organization, the prevalence of 
CHD has increased from 27.3 % to 31.4 % in the past decades [2]. The China Cardiovascular Health and Disease Report 2021 indicated 
that the prevalence of CHD in China was about 11.0 %. Furthermore, urban residents have experienced a mortality rate of 121.59 
deaths per 100,000 due to CHD, while rural residents have seen a rate of 130.14 deaths per 100,000 [3]. These data demonstrate the 
serious burden of the disease on global health. 

Frequent risk factors for CHD have been described, ranging from hypertension, hyperlipidemia, diabetes, obesity, smoking, lack of 
exercise, and familial inheritance [4]. Although therapeutic measures including medications and surgery in CHD have been extensively 
utilized [5,6], there are still limitations and drawbacks, such as difficulty in curing the disease, poor treatment outcomes in patients 
with high-risk factors, and postoperative complications. Modifications of multiple genes and signaling pathways were demonstrated to 
be responsible for controlling CHD progression [7]. However, the lack of precise molecular mapping studies of the CHD process may 
limit the renovation of existing diagnostic and management paradigms for the disease. 

Necroptosis is a novel kind of programmed cell death with characteristics of both necrosis and apoptosis [8]. Previous studies have 
pointed out that necroptosis features an essential character in the immune system, inflammatory response, and the onset and pro
gression of several diseases [9,10]. Necroptosis has been implicated in the pathogenesis and development of cardiovascular diseases, 
such as atherosclerosis, myocardial infarction, and abdominal aortic aneurysm, which may be related to RIP3 [11]. In CHD pro
gression, necroptosis is ascribed as a critical element in plaque formation, stability, and rupture [12,13]. Moreover, necroptosis may 
also trigger an inflammatory response [14], exacerbating CHD progression and deleterious outcomes. Currently, however, the genetic 
landscape related to necroptosis in CHD is not well-established. Presently, the CHD-based genetic landscape associated with nec
roptosis is urgently needed to be elucidated. 

In this study, we dissected a dataset extracted from the GEO database (GSE20681) containing samples from CHD (n = 99) and 
paired healthy individuals (n = 99) to characterize the CHD-related DEGs. Further, WGCNA and superposition analysis were employed 
to figure out the necroptosis-related DEGs in CHD. Machine learning algorithms were followed to ascertain the critical biomarkers and 
elucidate the biological functions of these genes via functional richness analysis. Additionally, we verified the critical biomarkers 
further by subject ROC analysis and RT-PCR analysis. The achievements of this study potentially point to innovative perspectives on 
therapeutic targets for CHD in necroptosis. 

2. Materials and methods 

2.1. Information retrieval 

The RNA-seq data of whole blood cells from 99 CHD patients and 99 control samples were extracted from the GSE20681 dataset 
(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE20681) obtained from the Gene Expression Omnibus (GEO) database. 
The 159 necroptosis genes (Table 1) identified in the hsa04217 pathway were sourced from the Kyoto Encyclopedia of Genes and 
Genomes (KEGG) database. 

2.2. Necroptosis score 

The necroptosis score was computed for each sample in the GSE20681 dataset using the GSVA package (version 1.42.0) [15] via the 
single-sample gene set enrichment analysis (ssGSEA) algorithm. All samples were to be partitioned into high- and low-necroptosis 
scoring groups depending on the median necroptosis score (median = 0.428), and details of the scores and groupings as reviewed 
in Supplementary Table 1. 

Table 1 
159 necroptosis genes extracted from hsa04217 pathway.  

Necroptosis genes 

TNF, TNFRSF1A, TRADD, TRAF2, TRAF5, RIPK1, BIRC2, BIRC3, XIAP, RBCK1, RNF31, SHARPIN, SPATA2L, SPATA2, CYLD, FADD, CASP8, CFLAR, RIPK3, CYBB, 
CAMK2A, CAMK2D, CAMK2B, CAMK2G, SLC25A4, SLC25A5, SLC25A6, SLC25A31, PPID, VDAC1, VDAC2, VDAC3, GLUD2, GLUD1, GLUL, PYGL, PYGM, 
PYGB, MAPK8, MAPK10, MAPK9, FTH1, FTL, PLA2G4E, PLA2G4A, JMJD7-PLA2G4B, PLA2G4B, PLA2G4C, PLA2G4D, PLA2G4F, ALOX15, CAPN1, CAPN2, 
SMPD1, MLKL, PGAM5, DNM1L, NLRP3, PYCARD, CASP1, IL1B, CHMP2A, CHMP2B, CHMP3, RNF103-CHMP3, CHMP4B, CHMP4A, CHMP4C, CHMP6, 
VPS4B, VPS4A, CHMP1B, CHMP1A, CHMP5, CHMP7, TRPM7, IL1A, IL33, HMGB1, TNFSF10, TNFRSF10A, TNFRSF10B, FASLG, FAS, FAF1, IFNA1, IFNA2, 
IFNA4, IFNA5, IFNA6, IFNA7, IFNA8, IFNA10, IFNA13, IFNA14, IFNA16, IFNA17, IFNA21, IFNB1, IFNG, IFNAR1, IFNAR2, IFNGR1, IFNGR2, JAK1, JAK2, 
JAK3, TYK2, STAT1, STAT2, STAT3, STAT4, STAT5A, STAT5B, STAT6, IRF9, EIF2AK2, TLR4, TICAM2, TICAM1, TLR3, ZBP1, USP21, SQSTM1, HSP90AA1, 
HSP90AB1, TNFAIP3, PARP1, BID, BAX, AIFM1, H2AX, H2AC20, H2AC12, H2AC1, H2AC25, H2AB3, H2AC8, H2AC4, MACROH2A2, MACROH2A1, H2AC19, 
H2AJ, H2AB1, H2AC17, H2AC18, H2AC11, H2AC21, H2AZ2, H2AC7, H2AZ1, H2AC15, H2AC6, H2AC13, H2AC14, H2AC16, H2AB2, PPIA, BCL2  
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2.3. Filtering for key module genes by WGCNA 

Utilizing WGCNA package (version 1.71) [16], we performed WGCNA analysis based on RNA sequencing data from the GSE20681 
dataset. The necroptosis score was the specific trait of interest in this study. Briefly, first, we assessed the correlation of all samples 
included (CHD: 99; healthy controls: 99) by cluster analysis. Based on outlier characteristics, we excluded samples GSM518964, 
GSM519036, and GSM519070 (healthy control group) from consideration in subsequent WGCNA analyses to ensure the reliability of 
the results. Subsequently, the adjacency matrix was utilized to construct a co-expression network that followed a scale-free topology, 
employing a soft-thresholding parameter β. Importantly, this parameter served to amplify strong correlations between genes while 
simultaneously downplaying weaker associations, thus enhancing the network’s overall cohesiveness [17]. Next, to group genes 
exhibiting comparable expression profiles, we executed a hierarchical clustering analysis with the aim of identifying modules, each 
characterized by no fewer than 30 genes (minModuleSize = 30). Then, similar modules were merged according to mergeCutHeight =
0.3. Ultimately, we checked out the connections between modules and phenotypic traits, subsequently electing the module displaying 
a |correlation coefficient (cor)| exceeding 0.3 and a P-value under 0.05 as the module of interest and labeled the genes inside it as 
necroptosis-related genes (NRGs). 

2.4. Analysis of differential expression 

Based on the defined significance threshold: |log2 fold change (FC)| > 0 and P < 0.05, CHD-related DEGs were confirmed by R 
package limma (version 3.50.3) [18] in the CHD group (n = 99) vs. healthy control group (n = 99). The volcano map was drawn with 
the ggplot2 package (version 3.3.6) [19], and employed the pheatmap package (version 1.0.12) [20] to generate the heatmap. 

2.5. Recognition of duplicated elements 

We utilized the Jvenn online tool [21] to conduct Venn diagram analysis in order to identify the overlap between the CHD-related 
DEGs and the NRGs list, which we defined as DE-NRGs. 

2.6. Function annotation 

The potential biological processes of the identified DE-NRGs were annotated by Gene Ontology (GO) and the Kyoto Encyclopedia of 
Genes and Genomes (KEGG) analysis in the R-based clusterProfiler package (version 3.14.3), which can search for common functions 
of many genes and related pathways within the target gene set [22,23]. 

2.7. Machine learning algorithms 

In this study, we leveraged two distinct machine learning approaches - LASSO algorithm and SVM-RFE algorithm - to sift for 
characteristic genes in the GSE20681 dataset. LASSO Cox regression, a popular approach for selecting high-dimensional predictors, 
was implemented in this study using the glmnet (version 4.1–4) package [24]. The parameters were set to family = ‘binomial’, type. 
measure = ‘class’, nfold = 10, which means 10-fold cross-validation. We produced a cross-validation fit plot and determined the 
threshold value for lambda (λmin) as the minimum point on the curve. Support Vector Machine (SVM) is a supervised learning 
approach that serves as a generalized linear classifier, optimizing the margin between different classes in a high-dimensional space 
during the binary classification of data [25]. The above DE-NRGs were screened for feature genes by the SVM algorithm using R 
package e1071 (version 1.7–11) [26]; then, the importance and ranking of each gene were obtained using the recursive feature 
elimination (RFE) method (specifically, RFE refers to the iterative process of gradually reducing from the combination of all input 
genes to one gene combination, calculating the importance ranking of each iteration, and removing the unimportant genes, using the 
remaining genes to rank the importance again, and so on); meanwhile, the error rate of each combination of iterations was collated; 
finally, the best gene combination with the lowest error rate was selected, and the corresponding gene was extracted as the signature 
gene. 

Concurrently applying the two machine learning algorithms, we performed a gene screening process that allowed us to identify a 
set of key genes (referred to as necroptosis-related biomarkers), which were obtained through Venn analysis. Then, we constructed a 
ROC and calculated the area under the curve (AUC) to estimate the predictive value of the critical biomarkers. Afterthat, the linear 
regression model was constructed based on the necroptosis-related biomarkers to differentiate normal and CHD samples using bio
markers as a whole. 

2.8. Single-gene GSEA analysis of biomarkers 

To determine the enriched regulatory pathways and biological functions of each necroptosis-related biomarker, we implemented 
single-gene GSEA using clusterProfiler package (version 3.14.3). We only considered gene sets with |Normalized Enrichment Score 
(NES)| > 1, adjusted (adj.) P < 0.05, and q < 0.25 as significant. The top 5 results for GO and KEGG significance were visualized 
separately. 
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2.9. Immuno-infiltration and correlation analysis 

We utilized the ssGSEA approach available in the gsva R package [27] to evaluate the infiltrating status of 29 immune elements. 
Moreover, we conducted a Pearson correlation analysis to explore the association between immune cells and essential biomarkers. 

2.10. Clinical specimen collection 

Fasting whole blood samples were collected from ten patients diagnosed with CHD and ten healthy volunteers without clinical 
evidence of CHD, and their clinical characteristics were exhibited in Table 2. These samples were obtained from the left median cubital 
vein and stored at − 80 ◦C for subsequent experimentation. All CHD patients were obtained from in the Shaanxi Provincial People’s 
Hospital, Xi’an, Shaanxi, China. Approval for conducting the study was obtained from the Ethics Review Committee of the hospital, 
and written informed consent was acquired from all patients before their participation in the study. 

2.11. RNA isolation and quantitative real-time polymerase chain reaction (qRT-PCR) 

The peripheral blood mononuclear cell (PBMC) separation solution with the same volume of blood was added to the centrifuge 
tube, and centrifuged at 2000g for 20 min to obtain PBMC located in the second layer. Then, TRIzol reagent was used to lyse the PBMCs 
and total RNA was extracted in accordance with the instructions provided by the manufacturer. The concentration of RNA was 
measured with a NanoPhotometer N50. For cDNA synthesis, the SureScript First strand cDNA synthesis kit (Servicebio, Wuhan, China) 
was utilized to reverse transcribe the extracted RNA. The qRT-PCR reaction involved combining 3 μL of the reverse transcription 
product with 5 μL of 2xUniversal Blue SYBR Green qPCR Master Mix, as well as 1 μL each of the forward and reverse primers. All primer 
sequence information were shown in Table 3. To determine the relative expression of genes, we used the 2− ΔΔCT method [28], with the 
GAPDH gene serving as an internal control. Statistical analysis was carried out using unpaired t-tests, using GraphPad Prism V6 
(GraphPad Software, La Jolla, CA, USA) to compare the expression of 5 key mRNAs between normal and CHD samples. Results were 
reported as * for P < 0.05 and ** for P < 0.01 to indicate statistical significance. 

2.12. Statistical analysis 

All bioinformatics analyses were undertaken in R language. Significance was set at P < 0.05, unless specified otherwise. 

3. Results 

3.1. Identification of key module associated with necroptosis scores in the GSE20681 dataset 

To identify the key module strongly associated with necroptosis scores, WGCNA was performed on the expression profile of 198 
samples in the GSE20681 dataset. The co-expression modules’ mean connectivity followed a scale-free network distribution in 
accordance with a soft threshold power of β = 13 (scale-free R2 = 0.90), as illustrated in Supplementary Fig. 1A. Upon cluster merging, 
we identified sixteen modules composed of genes with similar connection strength patterns to other genes (Supplementary Fig. 1B). 
Based on the relationship heatmap between modules and necroptosis score traits, the MEorange (|cor| = 0.39, P = 2e-08), MEblue (| 

Table 2 
Clinical characteristics of clinical samples used for PCR analysis.  

Group Disease status Gender Age Ethnicity 

Control 1 healthy volunteer male 77 Chinese, xanthoderm 
Control 2 healthy volunteer male 66 Chinese, xanthoderm 
Control 3 healthy volunteer male 76 Chinese, xanthoderm 
Control 4 healthy volunteer female 60 Chinese, xanthoderm 
Control 5 healthy volunteer male 59 Chinese, xanthoderm 
Control 6 healthy volunteer female 66 Chinese, xanthoderm 
Control 7 healthy volunteer male 50 Chinese, xanthoderm 
Control 8 healthy volunteer male 49 Chinese, xanthoderm 
Control 9 healthy volunteer male 69 Chinese, xanthoderm 
Control 10 healthy volunteer male 64 Chinese, xanthoderm 
CHD 1 acute myocardial infarction male 54 Chinese, xanthoderm 
CHD 2 acute myocardial infarction male 71 Chinese, xanthoderm 
CHD 3 acute myocardial infarction male 59 Chinese, xanthoderm 
CHD 4 acute myocardial infarction female 69 Chinese, xanthoderm 
CHD 5 acute myocardial infarction male 38 Chinese, xanthoderm 
CHD 6 acute myocardial infarction male 50 Chinese, xanthoderm 
CHD 7 acute myocardial infarction male 52 Chinese, xanthoderm 
CHD 8 acute myocardial infarction male 82 Chinese, xanthoderm 
CHD 9 acute myocardial infarction male 54 Chinese, xanthoderm 
CHD 10 acute myocardial infarction female 76 Chinese, xanthoderm  
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cor| = 0.37, P = 9e-08), and MElightyellow (|cor| = 0.35, P = 5e-07) modules were tightly linked to necroptosis scores (Supplementary 
Fig. 1C), which were considered as key modules of interest to be explored in subsequent analyses. Collectively, a total of 4794 NRGs 
(Supplementary Table 2) were extracted from the MEorange (1255 modular genes), MEblue (3007 modular genes), and MElightyellow 
(532 modular genes) modules. 

3.2. Recognition of DE-NRGs in CHD patients 

To identify the DEGs between the CHD patients and healthy samples, we comprehensively analyzed the gene expression microarray 
dataset obtained from the GSE20681 dataset. There were 859 DEGs in CHD patients compared with healthy samples, of which 548 
were up-regulated and 311 were down-regulated (Fig. 1A, Supplementary Table 3). To further identify the DEGs strongly associated 
with necroptosis, we combined the NRGs with DEGs. The Venn diagram illustrated 94 intersecting genes between DEGs and NRGs 
(Fig. 1B), which were defined as DE-NRGs (up-regulated: 26, down-regulated: 68; Fig. 1C; Table 4), for subsequent analysis. 

Table 3 
qRT-qPCR primers for genes.  

Gene Primer sequence 

FAM166B Forward CATGTCAGGCTTCACTGGCTAT 
Reverse GTGCTTCTGCCCAAATTCCT 

NEFL Forward CTGGAAATCGAAGCATGCCG 
Reverse GCGGGTGGACATCAGATAGG 

POLDIP3 Forward TTAATGCCAGACCGGGAGTT 
Reverse CACAGGGTCCACATGCATTCT 

PRSS37 Forward CCTGCTCCCTATTTGGTGTACC 
Reverse CGGACGATCTGAATGGGGT 

ZNF594 Forward GACCGCAGGAGGATGTAGGC 
Reverse TACCCACAGGAGGGAACTGG 

GAPDH Forward CGAAGGTGGAGTCAACGGATTT 
Reverse ATGGGTGGAATCATATTGGAAC  

Fig. 1. Differentially expressed necroptosis-related genes (DE-NRGs) in CHD patients (CHD group) and healthy individuals (Control group). A. 
Volcano plot of 859 differentially expressed genes (DEGs). The red dots in the picture represent significantly up-regulated genes, blue dots represent 
significantly down-regulated genes, black dots represent genes that are not differentially expressed, and the five biomarkers identified in this study 
are marked. B. In the Venn diagram of DEGs and NRGs, the intersection part is considered as DE-NRGs. C. The heatmap of 94 DE-NRGs. Red 
represents up-regulated genes and blue represents downregulated genes. CHD, coronary heart disease. 
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3.3. Functional enrichment analysis on DE-NRGs 

Potential functions of 94 DE-NRGs were predicted using GO and KEGG pathway analysis. Following P < 0.05, the enrichment 
analysis revealed that DE-NRGs were addressed in a total of 115 BP items, 14 CC items, 26 MF items (Supplementary Table 5 (Sheet 1)), 
and 9 KEGG pathways (Supplementary Table 4 (Sheet 2)). The top 10 enrolled in the GO-BP category were displayed in Fig. 2A, 
indicating that these DE-NRGs were specifically relevant to the endoplasmic reticulum stress-/mitochondrial outer membrane 
permeability-induced/involved apoptosis (‘negative regulation of endoplasmic reticulum stress-induced intrinsic apoptotic signaling 
pathway’, P = 0.002722; ‘regulation of mitochondrial outer membrane permeabilization involved in apoptotic signaling pathway’, P 
= 0.003001; ‘regulation of endoplasmic reticulum stress-induced intrinsic apoptotic signaling pathway’, P = 0.006895). Meanwhile, 
GO results hinted that DE-NRGs may serve molecular functions such as ‘ATP hydrolysis activity’ (P = 0.003083), ‘helicase activity’ (P 
= 0.00386), and ‘hydrolase activity, hydrolyzing O-glycosyl compounds’ (P = 0.006902) (Fig. 2B) in mitochondrial membrane 
components (‘intrinsic component of mitochondrial inner membrane’, P = 0.020059; ‘integral component of mitochondrial inner 
membrane’, P = 0.020059; ‘integral component of mitochondrial membrane’, P = 0.045126; ‘intrinsic component of mitochondrial 
membrane’; P = 0.046061) (Fig. 2C). KEGG enrichment analysis disclosed the most pronounced enrichment in the ’MAPK signaling 
pathway’ (P = 0.004542; count = 5) (Fig. 2D). Consistently, GO-BP highlighted that these genes were abundant in the ’negative 
regulation of MAPK cascade’ (P = 0.033288), which may provide additional molecular evidence that necroptosis controls CHD by 
participating in the regulation of the MAPK signaling pathway. 

Table 4 
Expression of the identified 94 DE-NRGs in the GSE20681 dataset.  

Gene name Changed 

HIST2H2BD, JADE1, HSPA1A, HERPUD1, MAN2A2, HIST1H2AD, ARFGAP3, NEFL, RLIM, HIST1H3B, NRDC, HIST1H3D, LASP1, NEU1, HIST3H2A, 
FAM212B, MOSPD3, CASC2, MAGEC1, F11R, SAP30, IGLON5, ATXN1, SERINC1, HEIH, DUSP9 

up 

CD83, CYP2U1, PRSS37, MEIG1, TRMT61A, LOC145783, DDX51, ILF3, DZIP3, ELK4, FCMR, FAM117B, SLC25A32, CHD6, ZNF235, ZNF594, SLC7A6, 
SPIN4, LOC286191, THAP9, EVL, NSMF, C1orf228, HLA-DPA1, OR12D2, PCED1B, WNT10B, SCML1, SFXN2, ATP9B, FAM221A, ARHGEF19, 
IGSF8, BRAT1, AES, KLRB1, ZNF550, CEP57, LOC101929147, ST6GAL1, HSF2, APOBEC3C, IDUA, 2-Mar, DDX39A, FAM166B, SMPD2, C1orf35, 
PRMT7, FLT3LG, PPRC1, NT5E, ACSF2, ADGRA3, MCM7, INTS6L, ZNF879, POLDIP3, CSF3, CHCHD10, CLINT1, ZNF526, C1orf159, KLF12, 
FMR1NB, TMC8, ABLIM1, MYC 

down  

Fig. 2. GO and KEGG analyses of differentially expressed necroptosis-related genes (DE-NRGs) in CHD samples. GO-BP (A), -MF (B), and –CC (C) 
analysis for the major targets of DE-NRGs. D. KEGG analysis for the major targets of DE-NRGs. CHD, coronary heart disease; BP, biological process; 
CC, cellular component; MF, molecular function. 
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3.4. Identification and evaluation of necroptosis-related biomarkers 

To obtain the key biomarkers for CHD, we used two machine learning algorithms, LASSO and SVM-RFE, to downscale 94 DE-NRGs 
in the GSE20681 dataset. In the LASSO regression analysis, 63 signature genes were screened by the ten-fold cross-validation method 
based on λmin = 0.004 (Fig. 3A and B; Table 5). Meanwhile, the SVM-RFE combined with the ten-fold cross-validation screened 5 
signature genes (FAM166B, NEFL, POLDIP3, PRSS37, and ZNF594), at which point the SVM-RFE model had the lowest error rate (error 
rate = 0.24) (Fig. 3C). Finally, we combined the results of the two machine-learning algorithms and identified a total of five true 
signature genes, namely FAM166B, NEFL, POLDIP3, PRSS37, and ZNF594 (Fig. 3D). 

Then, we evaluated the ability of the above five signature genes to distinguish CHD and healthy control samples by ROC curve 
analysis in the GSE20681 dataset. The results were shown in Fig. 3E, and the 5 signature genes were not satisfactory in identifying 
sample types with all AUC <0.6. However, the linear regression model based on these 5 signature genes had an AUC of 0.75 in the 
GSE20681 dataset (Fig. 3F), indicating the satisfactory ability of the 5-gene model in distinguishing CHD samples from healthy control 
samples. This evidence suggested that five signature genes were of potential diagnostic value and they were defined as necroptosis- 
related biomarkers for subsequent analysis. 

3.5. Exploring the potential molecular mechanisms of the necroptosis-related biomarkers 

We revealed the potential biological pathways of the necroptosis-related biomarkers by single-genes GSEA. In the GO analysis, 
FAM166B was enriched in a total of 861 GO terms (BP: 566, CC: 140, MF: 155; Supplementary Table 5 (Sheet1)); NEFL was enclosed in 
a total of 1131 GO terms (BP: 803, CC: 174, MF: 154; Supplementary Table 5 (Sheet2)); POLDIP3 was enrolled in 658 GO terms (BP: 
425, CC: 118, MF: 115; Supplementary Table 5 (Sheet3)); PRSS37 was involved in a total of 1024 GO terms (BP: 665, CC: 176, MF: 183; 
Supplementary Table 5 (Sheet4)); ZNF594 was enriched to a total of 1272 GO terms (BP: 881, CC: 194, MF: 197; Supplementary 
Table 5 (Sheet5)). Fig. 4 presented the principal five GO terms associated with FAM166B (Fig. 4A), NEFL (Fig. 4B), POLDIP3 (Fig. 4C), 
PRSS37 (Fig. 4D), and ZNF594 (Fig. 4E). In this study, we concentrated on these biomarker-enriched GO-BP terms. The combined 
analysis revealed that they were jointly enriched for a total of 178 BP terms (Supplementary Table 6), among which, interestingly, 
blood circulation (‘blood circulation’, ‘regulation of blood circulation’, and ‘regulation of systemic arterial blood pressure’), membrane 
potential (‘regulation of membrane potential’, ‘regulation of postsynaptic membrane potential’, ‘action potential’, etc.), catecholamine 
regulation (‘catecholamine transport’, ‘catecholamine secretion’, ‘regulation of catecholamine secretion’, etc.), and calcium regulation 
(‘cellular calcium ion homeostasis’, ‘calcium ion transport into cytosol’, ‘regulation of calcium ion transport’, etc.) were significantly 
enriched; additionally, ‘cell-cell adhesion via plasma-membrane adhesion molecules’, ‘positive regulation of MAPK cascade’, and 
‘somatic diversification of immune receptors’ were also tightly linked to the identified biomarkers. 

KEGG analysis was also performed by GSEA against individual necroptosis-related biomarkers to reveal the pathways in which they 
were involved. FAM166B was involved in a total of 51 KEGG pathways (Supplementary Table 7 (Sheet1)), NEFL was significantly 
associated with 102 KEGG pathways (Supplementary Table 7 (Sheet2)), POLDIP3 was enriched for a total of 76 pathways (Supple
mentary Table 7 (Sheet3)), PRSS37 was related to 54 KEGG pathways (Supplementary Table 7 (Sheet4)), and ZNF594 was involved in 
60 pathways (Supplementary Table 7 (Sheet5)). The comprehensive analysis highlighted that all these necroptosis-related biomarkers 
were engaged in pathways associated with cardiac disease progressions, such as the ‘cAMP signaling pathway’, ‘Calcium signaling 
pathway’, and ‘Ras signaling pathway’; meanwhile, these genes were also intimately correlated with ’Dilated cardiomyopathy’. Fig. 5 
depicted the five foremost pathways linked with FAM166B (Fig. 5A), NEFL (Fig. 5B), POLDIP3 (Fig. 5C), PRSS37 (Fig. 5D), and ZNF594 
(Fig. 5E). In conclusion, we believe that the above significantly enriched pathway enriched by biomarkers will inform further 
exploration of its potential mechanism of action in CHD. 

3.6. Intergroup differences in immune elements and correlation with biomarkers 

We evaluated the abundance of immune infiltrating elements in 99 CHD and 99 healthy control samples from the GSE20681 dataset 
by means of ssGSEA. Using the Wilcoxon rank sum test, we observed significantly higher levels of APC co-stimulation and CCR in the 

Fig. 3. Screening and assessment of the diagnosis-related DE-NRGs A. Tenfold cross-validation for tuning parameter selection in the LASSO model. 
B. LASSO coefficient profiles of 63 diagnostic DE-NRGs for CHD. C. The error rate of the estimate generation for the SVM-RFE algorithm. D. The 
intersection feature selection between LASSO and SVM-RFE algorithms. Evaluation of the prediction efficiency of the 5 signature genes (E) and the 
linear regression model (F) using ROC analysis in GSE20681. DE-NRGs, differentially expressed necroptosis-related genes; CHD, coronary heart 
disease; LASSO, least absolute shrinkage and selection operator; SVM-RFE, support vector machine recursive feature elimination. 

Table 5 
List of 63 signature genes screened by LASSO.  

LASSO signature genes 

HIST2H2BD, SCML1, JADE1, SLC7A6, OR12D2, HSPA1A, CYP2U1, PRMT7, ACSF2, HSF2, FAM166B, HEIH, F11R, SAP30, ILF3, CHD6, CD83, SPIN4, AES, DZIP3, 
SLC25A32, CLINT1, SFXN2, DUSP9, INTS6L, HLA-DPA1, LOC145783, ZNF235, KLRB1, C1orf159, HERPUD1, TMC8, ATP9B, FAM221A, LOC286191, DDX39A, 
ADGRA3, FCMR, PRSS37, MEIG1, ZNF594, MARC2, POLDIP3, FAM117B, TRMT61A, ABLIM1, LOC101929147, PCED1B, NEFL, RLIM, IDUA, ATXN1, 
CHCHD10, C1orf228, HIST1H3B, NRDC, NSMF, IGSF8, ARHGEF19, FLT3LG, FAM212B, MOSPD3, THAP9  

H. You and W. Han                                                                                                                                                                                                   



Heliyon 10 (2024) e30269

9

CHD group compared to the healthy control group, while aDCs and B cells were more prevalent in the latter (Fig. 6A). Next, we 
computed the Pearson correlation coefficients between 5 necroptosis-related biomarkers and the four immune infiltrating elements 
that exhibited significant differential abundances as previously described. The results were shown in Fig. 6B. ZNF594 exhibited a 
significant moderate negative relationship with CCR (cor = − 0.50745, P = 2.35e-4) and a weak positive association with B cells (cor =
0.30665, P = 1.11e-5); POLDIP3 had a weak negative association with aDCs (cor = − 0.33743, P = 1.17e-6) (Table 6). Moreover, the 
heat map of the correlation between immune infiltrating elements was displayed in Fig. 6C. Analysis of the four elements with dif
ferential abundance revealed that B cells had a weak positive correlation with aDCs (cor = 0.374868, P = 6.71e-8) and a weak negative 
interaction with CCR (cor = − 0.30993, P = 9.82e-6). Detailed information on the results of the correlation analysis between all el
ements was retrieved in Supplementary Table 8. Therefore, we hypothesized that alterations in the immune microenvironment may 
play an important role in the developmental process of CHD, and in particular, the four differential immune cells may provide new 
insights in the search for therapeutic targets for CHD. 

3.7. Validation of necroptosis-related biomarkers by qRT-PCR 

In order to further verify the expression of necroptosis-related biomarkers, we conducted qRT-PCR experiments using clinical 
samples. The results depicted in Fig. 7 demonstrate a significant increase in mRNA levels of NEFL in the CHD group compared to the 
normal group (Fig. 7A; P < 0.01), and a marked decrease in mRNA levels of FAM166B and POLDIP3 in the CHD group (Fig. 7B and C; P 
< 0.05). These findings were consistent with our bioinformatic analysis and provide additional evidence to support the role of nec
roptosis in CHD. Furthermore, although the mRNA levels of PRSS37 were not statistically significant between the CHD and normal 
groups, a downward trend consistent with bioinformatic analysis was still detected (Fig. 7D). However, discordantly, qRT-PCR 
signaled that mRNA levels of ZNF594 were seriously upregulated in the CHD group (Fig. 7E; P < 0.05), which may be explained by 
the heterogeneity of the samples. 

Fig. 4. Single gene GSEA-GO for the 5 necroptosis-related biomarkers. Enrichment in GO collection by FAM166B (A), NEFL (B), POLDIP3 (C), 
PRSS37 (D), and ZNF594 (E). Each line represents one gene set with unique color. Gene sets were considered significant only when |NES| > 1, P <
0.05, and q < 0.05. Only several leading gene sets (Top 5) were displayed in the plot. GSEA, gene set enrichment analysis; GO, Gene Ontology; NES, 
normalized enrichment score. 
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4. Discussion 

Although substantial progress has been made in exploring the progression of CHD [29], with inflammatory factors such as 
C-reactive protein and interleukin-6 (IL-6) receiving the limelight [30,31], however, the clinically available therapeutic strategies have 
failed to prevent or reverse the cardiac injury [32,33]. Noticeably, mounting evidence points to necroptosis as an essential factor 
associated with ischemic cardiac injury [34–39]. Nevertheless, the landscape of necroptosis genes in CHD is ambiguous. Therefore, this 
study aimed to recognize and filter necroptosis-related genes that might be diagnostic markers for CHD based on public databases 
using bioinformatics techniques and to reveal their potential molecular mechanisms. 

In the present study, we obtained a total of 94 DE-NRGs based on the GSE20681 dataset by ssGSEA, WGCNA, and DEG analysis. GO- 
BP analysis revealed that these DE-NRGs were significantly enriched in ‘regulation of mitochondrial outer membrane permeabilization 
involved in apoptotic signaling pathway’, ‘mitochondrial outer membrane permeabilization’, ‘positive regulation of mitochondrial 
membrane permeability involved in apoptotic process’, ‘mitochondrial outer membrane permeabilization involved in programmed 
cell death’, ‘positive regulation of mitochondrial membrane permeability’, ‘regulation of mitochondrial membrane permeability 
involved in apoptotic process’, and ‘regulation of mitochondrial membrane permeability’. Interestingly, the crucial for regulating 
necroptosis in cardiomyocytes subjected to diverse stimuli, investigations already demonstrate, is the receptor-interacting protein 3- 
(RIPK3-) mediated mitochondrial permeability transition pore (mPTP) opening signaling pathway [34,40,41]. More precisely, the 
opening of mTPPs triggers the dissipation of the proton gradient, which in turn modulates oxidative phosphorylation and ATP syn
thesis, leading to mitochondrial swelling and eventually rupture. This chain of events ultimately results in cardiomyocyte necroptosis 
[42,43]. The results of our analysis seemed to indirectly demonstrate the involvement of DE-NRG in the process of CHD by regulating 
mitochondrial permeability to induce cardiomyocyte apoptosis. Normally, cardiomyocytes have a wealth of endoplasmic reticulum 
(ER) that is necessary for contractile and metabolic processes [44,45]. Consequently, cardiomyocytes would be extremely vulnerable 
to endoplasmic reticulum stress (ERS) induced by exogenous injury (e.g., ischemia and hypoxia), leading to cell death [45]. 

Fig. 5. Single gene GSEA-KEGG for the 5 necroptosis-related biomarkers. The enriched gene sets in KEGG collection by FAM166B (A), NEFL (B), 
POLDIP3 (C), PRSS37 (D), and ZNF594 (E). Each line represents one gene set with unique color. Only gene sets with |NES| > 1, P < 0.05, and q <
0.05 were considered significant. Only several leading gene sets (Top 5) were displayed in the plot. GSEA, gene set enrichment analysis; KEGG, 
Kyoto Encyclopedia of Genes and Genomes; NES, normalized enrichment score. 

H. You and W. Han                                                                                                                                                                                                   



Heliyon 10 (2024) e30269

11

Fig. 6. Analysis and visualization of immune cell infiltration A. Comparison of the ssGSEA scores of 13 immune-related functions and 16 immune 
cells between the CHD and normal groups. B. Heat map of the correlation of five necroptosis-related biomarkers with four differentially expressed 
immune elements. C. Correlation heatmap showing the association of various immune cell subsets. *P < 0.05; **P < 0.01; ***P < 0.001. ssGSEA, 
single-sample gene set enrichment analysis; CHD, coronary heart disease. 
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Consistently, GO-BP analysis revealed that DE-NRGs were intimately tied to ERS responses (‘negative regulation of response to 
endoplasmic reticulum stress’ and ‘regulation of response to endoplasmic reticulum stress’), ERS-induced apoptotic pathways 
(‘negative regulation of endoplasmic reticulum stress-induced intrinsic apoptotic signaling pathway’, ‘regulation of endoplasmic re
ticulum stress-induced intrinsic apoptotic signaling pathway’, and ‘intrinsic apoptotic signaling pathway in response to endoplasmic 
reticulum stress’), and ‘endoplasmic reticulum membrane organization’. Meanwhile, researchers have demonstrated that ERS inhi
bition improves cardiac function and reduces adverse remodeling and cardiac apoptosis [46,47]. Accordingly, these results implied 
that controlling DE-NRGs-regulated ERS and downstream necroptosis holds promise as an important route to retard CHD progression. 

Subsequently, the five true signature genes, family with sequence similarity 166 member B (FAM166B), neurofilament light chain 
(NEFL), DNA polymerase delta interacting protein 3 (POLDIP3), serine protease 37 (PRSS37), and zinc finger protein 594 (ZNF594), 
filtered by intersecting two machine learning algorithms (LASSO and SVM-RFE), proceeded to undergo ROC analysis to identify 
necroptosis-related biomarkers. Although the independent ROC results for the above 5 genes were not satisfactory (all AUC <0.6), the 
5-gene-based linear regression model exhibited acceptable power in differentiating CHD from healthy control samples (AUC = 0.75). 
Moreover, considering the lack of exploration of necroptosis gene profiles in CHD, we considered the above-mentioned 5 true signature 
genes as potential diagnostic necroptosis-related biomarkers for CHD. 

With our knowledge, all the above five necroptosis-related biomarkers are protein-coding genes and are the first to be assigned 

Table 6 
Correlation of 5 necroptosis-related biomarkers with the differential abundance of immune elements.  

immune_cells gene cor p.value 

aDCs FAM166B − 0.05 0.45 
aDCs PRSS37 − 0.034 0.65 
aDCs ZNF594 0.25 0.00 
aDCs POLDIP3 − 0.34 0.00 
aDCs NEFL 0.19 0.01 
APC_co_stimulation FAM166B − 0.09 0.23 
APC_co_stimulation PRSS37 − 0.04 0.57 
APC_co_stimulation ZNF594 − 0.01 0.94 
APC_co_stimulation POLDIP3 − 0.18 0.01 
APC_co_stimulation NEFL 0.10 0.15 
B_cells FAM166B − 0.06 0.42 
B_cells PRSS37 − 0.13 0.07 
B_cells ZNF594 0.31 0.00 
B_cells POLDIP3 − 0.13 0.06 
B_cells NEFL 0.18 0.01 
CCR FAM166B 0.19 0.01 
CCR PRSS37 0.24 0.00 
CCR ZNF594 − 0.51 0.00 
CCR POLDIP3 0.23 0.00 
CCR NEFL − 0.26 0.00  

Fig. 7. mRNA expression of necroptosis-related biomarkers qRT-PCR validation of the expression of NEFL (A), FAM166B (B), POLDIP3 (C), PRSS37 
(D), and ZNF594 (E) in 10 pairs of CHD and healthy samples. *P < 0.05, **P < 0.01, and ns P > 0.05. qRT-PCR, quantitative real-time polymerase 
chain reaction; CHD, coronary heart disease. 
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significance as diagnostic markers for CHD. By reviewing the available literature, it was found that increased FAM166B expression 
relates to a favorable prognosis in breast cancer (BRCA) and is likely to be an independent prognostic factor [48]. Besides, this gene 
was shown to be significantly upregulated (3.693-fold) in multiple symmetric lipomatosis (MSL) [49]. Presently, perturbations of NEFL 
have been documented as a trigger for motor neuron diseases (e.g. Charcot-Marie-Tooth) [50,51]. Except for affecting the nervous 
system, NEFL is also recognized as a tumor suppressor, and its loss of heterozygosity (LOH) is relevant to the carcinogenic effect of 
several cancers (BRCA, colorectal cancer, prostate cancer, etc.) [52–54]. Until now, studies related to POLDIP3 have emphasized its 
involvement in the development of neurological diseases (amyotrophic lateral sclerosis) [55], immune diseases (systemic vasculitis) 
[56], and carcinomas (colorectal adenocarcinoma, hepatocellular carcinoma, gastric carcinoma, etc.) [57–59]. Previously, PRSS37, 
also known as TRYX2, was identified as one of the potential genes associated with increased susceptibility to colorectal cancer. The 
identification was based on the occurrence of rare mutations resulting in premature protein truncation in two or three families affected 
by the disease [60]. More commonly, however, studies related to this gene have centered on male infertility [61,62]. Previous studies 
have revealed that one of the zinc finger genes, ZNF594, is strongly connected with airway remodeling in asthma patients [63]. 
Furthermore, it has been hypothesized that ZNF594 may influence the usefulness of inhaled 2-adrenergic receptor agonists in the 
treatment of asthma [64]. A recent study suggested that the ZNF594 variant may be a new genetic marker for prothrombin time (PT) 
[65]. 

As mentioned previously, the molecular mechanisms of these necroptosis-related biomarkers in CHD progression remain ambig
uous. Therefore, we utilized GSEA for each biomarker to reveal their underlying molecular mechanisms. In the present study, we 
concentrated on the GO-BP terminology and KEGG pathway that were co-enriched by the five biomarkers. In the GO-BP analysis, we 
noticed that blood circulation-related terms were significantly enriched. CHD is caused by plaque aggregation in the coronary artery 
wall. As plaque continues to accumulate, the lumen of the artery continues to narrow, which can lead to partial or complete blood 
circulation impairment and eventually induce angina pectoris, myocardial infarction, and heart failure [66]. Therefore, improving 
blood circulation may achieve the reversal of damaged heart function. Meanwhile, these biomarkers were also tightly linked to 
biological processes related to membrane potential, catecholamine secretion, and calcium ion (Ca2+) homeostasis. Conclusive evi
dence is that the inward transmembrane flow of Ca2+ is an integral part of myocardial action potential formation. Then, as an 
intracellular messenger, Ca2+ binds to troponin in the myocardium and activates the contractile process. Therefore, Ca2+ plays an 
extremely important role in the excitation-contraction coupling process of the myocardium [67–69]. Besides, investigations have 
illustrated that catecholamines can generate membrane potential oscillations characteristic of post-depolarization by enhancing Ca2+

currents and consequent sodium-calcium ion exchange, which may be related to the development of atrial fibrillation [70]. Notably, 
the ‘mitochondrial gene expression’, ‘mitochondrial translation’, and ‘mitochondrial ATP synthesis coupled electron transport’ were 
also the five biomarkers commonly enriched to BP terms. Studies have indicated that mitochondria are the engine that drives cardiac 
pumping and plays a key role in the development and progression of various types of heart disease [71,72]. Moreover, mitochondrial 
dysfunction is widely recognized as an important cause of necrotic and apoptotic cell death, while Ca2+ treatment contributes to 
mitochondrial dysfunction and mPTP opening [73,74]. Combined with the previous discussion, the opening of mPTP is a critical 
mechanism leading to cardiomyocyte necroptosis. Therefore, the above evidence hinted that the identified necroptosis-related bio
markers may affect mPTP opening by regulating Ca2+ homeostasis, catecholamine secretion, and mitochondria-related biological 
processes, which could control necroptosis of cardiac myocytes and thus influence the course of CHD. Furthermore, five biomarkers 
co-involved in the KEGG pathway, such as the ‘cAMP signaling pathway’, ‘Calcium signaling pathway’ [75–77], and ‘Ras signaling 
pathway’ [78–80], have been extensively studied to demonstrate their robust association with cardiac disease. Therefore, selective 
targeting of these pathways could serve as an innovative approach to developing necroptosis gene therapy in heart disease. 

Accumulating evidence suggests that immune cell infiltration may play a decisive role in the pathology of CHD [81] and, perhaps, 
that some immune changes are already existing before observable pathology [82]. Therefore, assessment of immune cell infiltration is 
important to elucidate the molecular mechanisms behind CHD [83]. The results indicated that antigen-presenting cell (APC) 
co-stimulation and CC chemokine receptor (CCR) abundance were significantly higher in the CHD group (both P < 0.05). The in
flammatory response of concern in CHD treatment in recent years has been evidenced throughout the initiation & progression of 
atherosclerosis (AS; the main cause of CHD) and plaque rupture and thrombosis [84], while APC is involved in the inflammatory 
response to AS [85]. Meantime, it has been established that immune cells rely on co-stimulation in the presence of APC to activate the 
immune response [86,87]. Such evidence might corroborate that AS may be the result of the interaction between inflammation and the 
immune system [88]. Chemokines are a small, highly basic family of proteins that includes four subfamilies (i.e., C, CC, CXC, and 
CX3C) [89,90]. CCRs are mainly expressed by T cells and monocyte-macrophages and are relevant to chronic inflammation [91]. The 
interaction of chemokines and CCR stimulates the migration of lymphocytes, neutrophils, and endothelial cells and influences 
angiogenesis and metastasis [92]. Genes encoding CCRs, such as CCR2 and CCR5, have been proposed as genetic hallmarks of coronary 
artery disease [93,94]. In addition, cumulative studies suggest that high expression of CC-Chemokine Ligand 2 (CCL2) in CHD patients 
is strongly correlated with poor cardiac outcomes and high persistent mortality [95,96]. Our results also provide a theoretical basis for 
an increased abundance of APC and CCR causing AS progression and driving CHD development. Furthermore, the reduced infiltration 
of activated dendritic cells (aDCs) and B cells (both P < 0.05) in the CHD group were APCs, of which DCs were the most effective 
specialized APCs. Currently, both DCs and B cells are considered to play a key role in atherogenesis and may be valuable therapeutic 
modalities for the prevention of cardiovascular disease [97,98]. In contrast to our results, studies have shown an increase in the 
number of DCs in the early development of atherosclerotic lesions [99], and similar studies are available for the expression of B cells 
[100,101]. We regarded the immune microenvironment as a double-edged sword that can both promote the progression of cardiac 
disease and take a critical part in cardiac injury repair. Recent findings suggest that dendritic cells (DCs) play a key role in regulating 
the recruitment of monocytes and macrophages during the repair of cardiac injury. Moreover, the recruitment of eosinophils and mast 
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cells has been associated with the release of biological mediators that contribute to coronary vasoconstriction, as well as leukocyte 
recruitment. On the other hand, B cells appear to have a protective effect against myocardial injury by preserving cardiac function 
during the resolution of inflammation, and by regulating wound healing and tissue remodeling after myocardial injury [102]. 
Meanwhile, the level of immune cell infiltration should be dynamic during the disease process. Inspired by this, we speculated here 
that the reduced abundance of aDCs and B cells might be correlated with the organism’s autonomous repair while leaving these two 
immune cells depleted, however, the mechanisms underlying this need to be investigated and confirmed further. 

In this study, we have screened the critical necroptosis-related genes for CHD. Our findings unveiled the robust predictive capa
bility of the biomarker-based model and initially explored the potential mechanisms of these diagnostic markers in CHD, also capturing 
the correlation with immune infiltration. However, several limitations of this study should also be noticed. First, our results relied on a 
public dataset, which could restrict the predictive ability of the filtered genes and the constructed model, and new evidence from future 
studies may update the current results. Second, qRT-PCR analysis in clinical samples detected genes with expression trends opposite to 
the bioinformatics analysis results. This was probably related to sample size, ethnicity, and disease status. It was suggested that follow- 
up studies should expand the sample size and compare the effect of baseline characteristics such as ethnicity and disease status on 
biomarker expression. Finally, our study was the first to explore necroptosis-related genes in CHD, and the analysis was mainly based 
on public databases, so further studies will be needed to investigate the detailed molecular mechanisms. 

5. Conclusion 

In this study, we identified five differentially expressed necroptosis-related genes in CHD using combined WGCNA, LASSO, and 
SVM-RFE approaches, and developed a linear regression model with satisfactory diagnostic power. Our findings have significant 
implications for CHD diagnosis and understanding its pathogenesis. The proposed diagnostic model may accurately diagnose CHD in 
clinical settings and inform personalized treatment strategies. In conclusion, this study provides robust support for CHD diagnosis and 
treatment, laying a foundation for future research in related fields. 
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