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Atrial fibrillation (AF) is a predominant cardiac arrhythmia with unclear etiology. This study used 
bioinformatics and machine learning to explore the relationship between mitochondrial energy 
metabolism-related genes (MEMRGs) and immune infiltration in AF. The datasets GSE31821, 
GSE41177, and GSE79768 were retrieved from the Gene Expression Omnibus (GEO) database, and 
differential expression analysis identified 59 mitochondrial energy metabolism-related differentially 
expressed genes (MEMRDEGs) associated with AF. Key MEMRDEGs were selected using the least 
absolute shrinkage and selection operator (LASSO) and support vector machine (SVM) methods, and 
a diagnostic model was developed. Immune infiltration was assessed using single-sample gene set 
enrichment analysis (ssGSEA) and the microenvironment cell population counter (MCPcounter). The 
diagnostic model, based on the key genes ACAT1, ALDH1L2, HTT, OGDH, and SLC25A3, achieved 
an area under the curve (AUC) of 0.903. Significant differences in immune cell composition were 
observed between the AF and control groups. ALDH1L2 was positively correlated with most immune 
cells, while SLC25A3 showed a negatively correlated with the monocytic lineage. The findings indicate 
that MEMRGs interact with immune responses in AF, offering insights into the potential molecular 
mechanisms and therapeutic targets for AF.
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Atrial fibrillation (AF) is the predominant sustained arrhythmia and results from the sudden onset of aberrant 
electrical signals in the atria, which override the heart’s natural pacemaker and disrupt its ability to regulate heart 
rhythm1. The frequency and occurrence of AF have been progressively increasing as individuals age and chronic 
condition management has improved. By 2050, the expected incidence of AF is projected to be 6 to 16 million 
in the United States, 14 million in Europe, and at least 72 million in Asia2,3. According to the Seventh National 
Population Census in China, the number of AF patients in 2020 was estimated to exceed 12 million. Considering 
that approximately one-third of these individuals are unaware of their condition, leading to undiagnosed cases 
of paroxysmal AF, it is probable that the actual number of AF patients exceeds the estimated figure mentioned 
above4. AF, a frequently occurring arrhythmia, substantially elevates the risk of severe consequences, including 
stroke, embolism, and heart failure, thus contributing to increased mortality3. Current primary treatments for AF 
include heart rate control, catheter ablation, and anticoagulation therapy. Despite extensive research, outcomes 
remain suboptimal, with AF remaining a significant contributor to mortality and increasing healthcare costs1. 
Moreover, the underlying mechanisms of AF remain unclear. Therefore, developing a model for risk prediction 
and elucidating possible biomarkers and treatment targets for AF is crucial for enhancing diagnostic accuracy, 
intervention efficiency, and overall prognosis for patients with AF.

Mitochondrial energy metabolism refers to the series of biochemical processes within mitochondria, the 
organelles responsible for generating adenosine triphosphate (ATP) through oxidative phosphorylation5. ATP 
is the primary energy currency of cells, and its production is vital for numerous cellular functions. In energy-
demanding tissues such as the heart, mitochondrial energy metabolism plays a critical role in maintaining cellular 
function6. During AF, the repetitive activation of the atrial myocardium increases the ATP demand, potentially 

Department of Cardiology, Zhangzhou Affiliated Hospital of Fujian Medical University, Zhangzhou 363000, Fujian, 
China. email: zganhs@163.com

OPEN

Scientific Reports |         (2025) 15:6681 1| https://doi.org/10.1038/s41598-025-91047-3

www.nature.com/scientificreports

http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-025-91047-3&domain=pdf&date_stamp=2025-2-20


leading to an ATP shortage and the accumulation of reactive oxygen species (ROS), which can disrupt normal 
mitochondrial function and further compromise energy metabolism7,8. Extensive research has been conducted 
on the correlation between mitochondrial dysfunction and AF. Malfunction of mitochondria may result in 
inadequate ATP and excessive ROS generation, damaging calcium ion homeostasis in myocardial cells and the 
excitability of membranes, ultimately leading to AF9,10. Moreover, there is a correlation between mitochondrial 
malfunction and reduced ATP levels, as well as between the deterioration of the mitochondrial membrane 
potential and mitochondrial network fragmentation. These factors ultimately contribute to impaired contractile 
function and the advancement of AF in both experimental and clinical settings7. The current findings indicate 
that mitochondrial dysfunction is a crucial factor in the pathological processes that cause AF. Nevertheless, the 
connection between mitochondrial energy metabolism and AF remains uncertain.

Recent studies have increasingly focused on the roles of mitochondrial dysfunction and immune cell 
infiltration (ICI) in the pathophysiology of AF11,12. Mitochondrial DNA mutations and oxidative stress disrupt 
cellular energetics, contributing to the arrhythmogenic substrate13. Immune infiltration, particularly in the left 
atrial appendage, correlates with structural remodeling and the perpetuation of AF14. While mitochondrial 
dysfunction and immune responses have been studied separately, their synergistic interactions in AF remain 
poorly understood. Most existing AF diagnostic models primarily rely on clinical parameters or single-omics 
features, leaving a gap in integrating mitochondrial energy metabolism-related genes (MEMRGs) with immune 
infiltration dynamics15. This study aims to fill this gap by combining bioinformatics and machine learning 
approaches to investigate the interplay between MEMRGs and immune infiltration in AF pathogenesis, 
providing valuable insights into AF development and potential therapeutic targets.

With rapid advancements in bioinformatics and the accumulation of large amounts of disease data, big 
data-driven approaches have emerged as significant avenues for understanding the biological characteristics 
of diseases. Against this backdrop, advanced machine learning algorithms, including nonnegative matrix 
factorization (NMF)16, least absolute shrinkage and selection operator (LASSO) regression17, and support 
vector machines (SVMs)18, have gained widespread application. These algorithms have demonstrated efficacy in 
screening, diagnosing, prognosticating, and identifying molecular targets for multiple diseases19.

Herein, a thorough analysis of many Gene Expression Omnibus (GEO) gene expression datasets was 
conducted to investigate MEMRGs in AF. Bioinformatics techniques and machine learning approaches were 
integrated to identify the main genes linked to mitochondrial function that may serve as biomarkers for AF 
risk prediction and therapeutic targets. An AF diagnostic model was created and verified, and key genes were 
identified. In addition, we developed interaction networks for messenger RNA‒RNA-binding protein (mRNA-
RBP) and messenger RNA-transcription factor (mRNA-TF) with the ENCORI, CHIPBase, and hTFtarget 
databases20–22. Furthermore, an examination was implemented to ascertain the connection between the number 
of immune cells and these genes. These findings provide a deeper understanding of AF pathogenesis, highlighting 
the potential roles of mitochondrial dysfunction, immune system dysregulation, and their interactions in AF 
development and progression.

Materials and methods
Data download
The gene expression data for cardiac tissues from AF patients were obtained from the GEO database23 ​(​​​h​t​t​p​s​:​/​/​
w​w​w​.​n​c​b​i​.​n​l​m​.​n​i​h​.​g​o​v​/​g​e​o​/​​​​​) via the GEOquery R package24. The specific datasets retrieved included GSE31821, 
GSE4117725, and GSE79768 26.

The GSE31821 dataset contains auricular tissues from 4 AF patients and 2 normal controls. GSE41177 
consisted of 38 atrial tissues from 32 AF patients and 6 normal controls. GSE79768 contains 26 heart tissue 
samples, including 14 AF atrial and 12 normal heart tissue samples. All three datasets mentioned were obtained 
from Homo sapiens via the GPL570 [HG-U133_Plus_2] Affymetrix Human Genome U133 Plus 2.0 Array chip 
platform. The data analysis was performed using these samples. Comprehensive information on each dataset is 
provided in Table 1.

The sva R package27 was implemented to debatch the datasets GSE31821, GSE41177, and GSE79768, resulting 
in combined GEO datasets (combined datasets). These combined dataset datasets comprised 50 AF and 20 
normal samples. The combined datasets were subsequently normalized with the R package limma28, and the 
annotation probes were subsequently standardized. Principal component analysis (PCA)29 was then executed 
on the expression matrices prior to and following batch effect elimination to verify its effectiveness. The PCA 
method can decrease data dimensionality and visualize features in 2D or 3D graphs.

Using the GeneCards database (https://www.genecards.org/)30 and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) pathway database31 (https://www.kegg.jp/kegg/pathway.html) database is a collection of 
MEMRGs. Within the GeneCards database, a search was conducted using the term “mitochondrial energy 

GSE31821 GSE41177 GSE79768

Species Homo sapiens Homo sapiens Homo sapiens

Platform GPL570 GPL570 GPL570

Specimens in the AF group 4 32 14

Specimens in the Normal group 2 6 12

PMID 23,183,193 7,494,721

Table 1.  AF data set information list.
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metabolism.” Only the entries classified as “Protein Coding” and MEMRGs with a relevance score exceeding 
1 were retained. Overall, 43 MEMRGs were identified. After merging with the 147 MEMRGs obtained from 
the KEGG pathway database to remove duplicates, 185 MEMRGs were identified, and the particular data are 
presented in Table S1.

AF-related MEMRDEGs
The samples in the merged GEO datasets were classified into AF and normal groups on the basis of their 
characteristics. Research on differential gene expression was executed with limma (R package). Differentially 
expressed genes (DEGs) were identified on the basis that |logFC| had to be greater than 0 and the p value had 
to be less than 0.05 32. Genes with a p value less than 0.05 were categorized into elevated (|logFC| > 0) and 
downregulated (|logFC| > 0) genes.

To identify MEMRDEGs associated with AF, DEGs with |logFC| > 0 and p value < 0.05 were intersected with 
the genes involved in mitochondrial energy metabolism (MEMRGs). The intersection was visualized with a 
Venn diagram. Additionally, volcano and differential sorting plots were created with the ggplot2 R package to 
plot the differential expression study outcomes.

Gene ontology (GO) functional and KEGG pathway enrichment analyses
GO33 is a widely implemented approach for extensive functional enrichment investigations involving biological 
process (BP), cell component (CC), and molecular function (MF) terms. KEGG34 is an extensively applied 
database that contains comprehensive data on genomes, disorders, biological pathways, medications, and 
different linked subjects. The clusterProfiler (R package)35 was used to execute GO functional and KEGG 
pathway enrichment studies of the MEMRDEGs. The enrichment outcomes were ascertained with the criteria of 
a p value < 0.05 and an FDR value (q value) < 0.05.

Gene set enrichment analysis (GSEA) and gene set variation analysis (GSVA)
GSEA36 is implemented to ascertain the gene arrangement in a predetermined gene set inside a gene table, rated 
using their link with the phenotype. This strategy enables researchers to ascertain its impact on the phenotype. 
The genes from the merged datasets were first rated according to their logFC values. Afterward, the R program 
clusterProfiler was used to perform GSEA on all the genes in the merged datasets. GSEA was conducted with 
several parameters: the number of seeds was set to 2020, 1000 computations were performed, any gene set 
had to have a minimum of 10 genes, and fewer than 500 genes were permitted in any gene set. The Molecular 
Signatures Database (MSigDB)37 was accessed via https://www.gsea-msigdb.org/to acquire c2 gene sets (Cp. All. 
V2022.1. Hs. Symbols.). GSEA was conducted via the GMT file, specifically including all canonical pathways, 
which consisted of 3050 gene sets. The GSEA data were filtered on the basis of a significance threshold of a p 
value < 0.05 and a false discovery rate (FDR) of q value < 0.25.

GSVA38 is a nonparametric and unsupervised analytical method. This approach examines gene set enrichment 
in nuclear transcriptome data obtained from microarray analysis. This is accomplished by transforming the gene 
expression matrix, which compares the gene expression levels across several samples, into a matrix that examines 
the expression levels inside each individual sample. Using this approach, we can determine the pathways enriched 
in different samples. The “h.all.v7.4.symbols.gmt” reference gene set was obtained with MSigDB to determine 
changes in gene function in various groups of the GEO dataset (combined datasets). Significant enrichment was 
determined at a p value < 0.05. The expression matrix was subjected to GSVA, and the enriched pathways were 
discovered in the findings of the GSVA enrichment analysis.

Construction of the AF diagnostic model
Logistic regression (LR) research was executed on the MEMRDEGs to construct AF diagnosis models utilizing 
the combined GEO datasets. LR was implemented to investigate the connection between the independent and 
binary dependent variables, which consisted of the AF and normal groups. A significance criterion of P < 0.05 
was implemented to examine the MEMRDEGs. Afterwards, an LR model was constructed. An LR model was 
constructed to investigate the correlation between these variables and AF more thoroughly.

Following the identification of the MEMRDEGs via an LR model, we employed an SVM algorithm (45) to 
construct an SVM classification model. We then optimized the model by selecting a subset of MEMRDEGs 
that yielded the greatest accuracy and the smallest error rate. The LASSO regression method was subsequently 
executed with glmnet (R package)39, with the settings specified as set. seed (500) and family="binomial.” 
The analysis incorporated the MEMRDEGs in the LR model. The LASSO regression method expands upon 
linear regression, addresses the issue of model overfitting, and enhances generalization by including a penalty 
component, which is the product of lambda and the slope absolute value. The LASSO regression study findings 
are shown with a diagnostic model and variable trajectory graphs. The AF diagnostic model was created on the 
basis of the outcomes of the LASSO regression study, with the detected MEMRDEGs being referred to as model 
genes.

Finally, the LASSO risk score was estimated via the LASSO regression analysis risk coefficients. The 
MEMRDEGs identified by the LASSO and SVM methods were overlapped to identify crucial genes (mRNAs) 
for further investigation. The risk score was estimated with the following formula:

	
riskScore =

∑
iCoefficient (genei) *mRNA Expression (genei)
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Validation of the AF diagnostic model
Afterward, a nomogram for the MEMRDEGs was generated with the rms package in R. In a rectangular coordinate 
system, a nomogram is a visual depiction that uses distinct line segments and clusters to highlight the functional 
link between numerous separate elements. This relationship is generated via multivariate regression studies. A 
scale was constructed to characterize each element in the model throughout the multivariate regression analysis. 
A cumulative score was subsequently computed to forecast the probability of an event occurring.

Calibration plots are often implemented to ascertain the model’s predictive performance by graphically 
comparing the actual and expected probabilities across various situations. It is mostly used to perform fitting 
analyses on models generated via the LR method in real-world situations.

Decision curve analysis (DCA) is a valuable approach for determining the practicality of prediction models, 
diagnostic tests, and genetic indicators in a clinical setting. To estimate the effectiveness of our LR model, 
we implemented the ggDCA tool in R to produce a DCA plot. This figure graphically represents the model’s 
precision and its capacity to differentiate between positive and negative instances.

Moreover, the pROC (R package) was used to produce receiver operating characteristic (ROC) curves in the 
GEO datasets and compute the area under the curve (AUC). To ascertain the diagnostic precision of the linear 
predictors in the LR model for forecasting AF occurrence. The AUC values of the ROC curve varied between 0.5 
and 1. The diagnostic performance is deemed superior when the AUC value approaches 1.

mRNA-RBP and mRNA-TF interaction networks
The ENCORI database20 (version 3.0) (https://starbase.sysu.edu.cn/) integrates miRNA-ncRNA, ​m​i​R​N​A​‒​m​R​N​
A​, ncRNA-RNA, RNA‒RNA, RBP-ncRNA, and RBP-mRNA interactions derived from CLIP-seq and DSB-seq 
data (for plants). This application offers a user-friendly interface for investigating possible microRNA targets. We 
applied the ENCORI database to identify RBPs that potentially interact with our pivotal genes (mRNAs). On the 
basis of the database results, we then built a network that depicts these mRNA–RBP interactions.

The CHIPBase database21 (version 3.0) (https://rna.sysu.edu.cn/chipbase/) contains ChIP-seq data for ​D​N​
A​-​b​i​n​d​i​n​g proteins. It is utilized to identify numerous binding sites and base sequence matrices and anticipate 
millions of transcription factors (TFs) and interactions with gene transcription control. The hTFtarget database, 
which can be accessed at http://bioinfo.life.hust.edu.cn/hTFtarget, is an extensive repository of information 
concerning the regulation of human TFs and their target genes. We searched for TFs with binding affinity for 
crucial genes (mRNAs) via the CHIPBase (version 3.0) and hTFtarget databases.

Differential expression analysis of key genes
To elucidate potential mechanisms, biological features, and pathways underlying DEGs in AF, we executed a 
differential expression analysis with the Wilcoxon rank-sum test. The critical gene expression levels between the 
AF and normal sample groups in the merged GEO datasets in this test were evaluated. The ggplot2 package in R 
was subsequently employed to visualize the DEGs.

On the basis of the differential expression analysis, we selected crucial genes and further plotted ROC curves 
in the GEO dataset (combined datasets) for further analysis and visualization. The ROC curve40 is a visual tool 
that ascertains the most effective model, eliminates less effective models, or establishes appropriate thresholds 
within a given model. The ROC curve visually depicts the sensitivity and specificity of the continuous variables. 
The AUC of the ROC curve varies from 0.5 to 1, with larger AUC values suggesting superior diagnostic ability. 
AUC values between 0.5 and 0.7 suggest poor accuracy, whereas values between 0.7 and 0.9 suggest good 
accuracy. Values over 0.9 imply an elevated accuracy level. The proc package in R was used to visualize the ROC 
curves of the filtered key genes in the GEO dataset (combined datasets) and calculate the area under the curve 
(AUC) to evaluate the diagnostic effectiveness of the expression of the MEMRDEGs for patients with AF.

Immune infiltration analysis (ssGSEA)
The ssGSEA41 approach was implemented to ascertain the proportionate abundance of each immune cell. First, 
many types of ICIs have been identified, including activated CD8 T cells, activated dendritic cells, gamma-
delta T cells, natural killer (NK) cells, regulatory T cells, and different human immune cell subtypes. Afterward, 
ssGSEA enrichment scores were applied to determine the relative abundance of each immune cell in each 
sample. Patients with a p value less than 0.05 were excluded from the ICI matrix. The group comparison plots 
show the changes in the amount of ICI used between the AF and normal groups. In addition, the pheatmap R 
package was used to create correlation heatmaps depicting the outcomes of the correlation study conducted on 
immune cells and MEMRDEGs in AF.

Immune infiltration assay (MCPcounter)
MCPcounter42 was used to ascertain the ICI and different stromal cells from the expression data. MCPcounter 
is capable of calculating abundance estimates for eight different immune cell groups, incorporating CD4 + T, 
CD8 + T, and NK cells; B lymphocytes; and monocytes, dendritic cells, neutrophils, and cytotoxic lymphocytes 
(which include CD8 + T and cytotoxic innate lymphocyte NK cells). Furthermore, this approach was applied to 
compute the prevalence of two nonimmune stromal cell groups, namely, fibroblasts and endothelial cells, that 
lack immunity. We assessed the correlation between the abundance estimates generated by MCPcounter and the 
antigen gene expression levels with Spearman’s rank correlation coefficient p value less than 0.05 was considered 
significant.

Functional similarity analysis
GO annotation semantic comparison is used to quantify the similarity of genes and genomes, serving as a crucial 
basis for several bioinformatics analytic techniques. We used the GOSemSim (version 50) program to compute 
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the semantic similarity of the GO concepts linked to our primary genes. This analysis considered all three aspects 
of GO: BP, CC, and MF. To obtain each gene pair’s single similarity score, we computed the geometric mean of 
the similarity values across these three GO aspects. Finally, we implemented the ggplot2 package in R to create 
visualizations that effectively communicate the outcomes of our functional similarity analysis.

Statistical analysis
The data were examined and processed with R software (version 4.2.2). To assess the significance of normally 
distributed continuous variables between two groups, an independent Student’s t-test was applied unless 
otherwise specified. The Wilcoxon rank sum test was employed to detect discrepancies among normally 
distributed variables. The Kruskal‒Wallis test was used to compare three or more groups. Spearman correlation 
analysis was applied to estimate the correlation coefficient among distinct compounds. All p values were two-
sided unless otherwise stated, and a p value less than 0.05 was deemed significant.

Results
Technology roadmap (Fig. 1).

Data collection and correction
The sva R tool was implemented to alleviate batch effects in the AF datasets GSE31821/41,177/79,768, involving 
the generation of merged GEO datasets. Gene expression distribution boxplots were employed to compare 
datasets before and after batch effect removal (Fig. 2A-B). PCA plots were subsequently utilized to assess the 
distribution of low-dimensional features prior to and following batch effect removal (Fig. 2C-D). The presence 
of batch effects in each sample from the AF dataset was significantly mitigated after using batch elimination 
techniques, as shown by the distribution box and PCA plots.

AF-related MEMRDEGs
Data from integrated GEO datasets were allocated into AF and normal groups. The differential analysis of the 
integrated GEO datasets was executed with the limma R package, which compared the gene expression levels of 

Fig. 1.  Technology roadmap. PCA Principal Component Analysis, GSEA Gene Set Enrichment Analysis, 
GSVA Gene Set Variation Analysis, DEGs Differentially Expressed Genes, MEMRGs Mitochondrial Energy 
Metabolism-Related Genes, MEMRDEGs Mitochondrial Energy Metabolism-Related Differentially Expressed 
Genes, GO Gene Ontology, KEGG Kyoto Encyclopedia of Genes and Genomes, LASSO Least Absolute 
Shrinkage and Selection Operator, SVM Support Vector Machine, ROC Receiver Operating Characteristic, 
RBP RNA-binding protein, TF Transcription Factor.
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the AF and normal groups to identify DEGs between the two groups. There were 7618 DEGs in the combined 
GEO datasets that matched the criterion of having a logFC over 0 and a p value below 0.05. According to the 
volcano plots, a total of 3636 genes were upregulated, matching the requirements of logFC > 0 and p value < 0.05. 
Additionally, the expression of 3982 genes decreased, matching the criteria of logFC < 0 and p value < 0.05 
(Fig. 3A).

MEMRDEGs were identified based on the criteria of |logFC| > 0 and a p value < 0.05. The intersection of 
DEGs and MEMRGs was then determined with a Venn diagram (Fig. 3B). A total of 59 MEMRDEGs were 
subsequently identified (Table S2). The changes in MEMRDEG expression between the AF and normal groups 
in the integrated GEO datasets were further analyzed. The pheatmap R package was used to plot a heatmap of 
the emerging differential sequences (Fig. 3C).

GO and KEGG enrichment studies
GO and KEGG enrichment studies were applied to further explore the relationships between BPs, CCs, MFs, 
and biological pathways of the 59 MEMRDEGs and AF (Table  2). We found that the 59 MEMRDEGs were 
enriched mostly in BPs associated with AF, including the production of precursor metabolites and energy, small 
molecule catabolic processes, ATP metabolic processes, and energy derivation via organic molecule oxidation. 
In terms of CCs, the MEMRDEGs were significantly enriched in many CCs, including the mitochondrial matrix, 
mitochondrial inner membrane, oxidoreductase complex, and mitochondrial protein-containing complex.

In the case of MFs, the MEMRDEGs were enriched in oxidoreductase activity, namely, reactions involving 
aldehyde or oxo group donors and nicotinamide adenine dinucleotide or nicotinamide adenine dinucleotide 
phosphate as acceptors. They were also shown to have active transmembrane transporter activity and electron 
transfer activity. A KEGG enrichment study revealed that the MEMRDEGs were enriched in oxidative 
phosphorylation, diabetic cardiomyopathy, Huntington’s disease, chemical carcinogenesis-reactive oxygen 
species, Parkinson’s disease, amyotrophic lateral sclerosis, pathways of neurodegeneration-multiple diseases, 
carbon metabolism and different biological pathways.

The outcomes of the GO and KEGG pathway enrichment studies are displayed with bubble plots (Fig. 4A-
B). Simultaneously, network plots for BPs, CCs, MFs, and biological pathways were generated with the GO 

Fig. 2.  Debatching of the dataset. (A, B) Boxplots plot of GEO Datasets (Combined Datasets) before to (A) 
and after (B) normalization. (C, D) PCA plots of GEO datasets (Combined Datasets) before (C) and after 
(D) batch effect elimination. PCA: Principal Component Analysis. Blue represents the GSE31821 dataset, red 
represents the GSE41177 dataset, and purple indicates the GSE79768 dataset.
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and KEGG enrichment studies (Fig. 4C-D). The connecting lines depict the links between molecules and their 
accompanying annotations, whereas larger nodes indicate a greater number of molecules in the relevant entry.

Gene set enrichment analysis (GSEA)
Next, GSEA was applied to ascertain all gene expression implications in merged GEO datasets on AF and the BPs 
contributing. The link between the CCs and MFs affected is depicted in Fig. 5A; Table 3.

We concluded that the genes present in the integrated GEO datasets were significantly enriched in various 
pathways, including the Wnt, Hedgehog, Janus kinase (JAK)-signal transducer and activator of transcription 
(STAT), transforming growth factor-beta (TGF-β), and phosphatidylinositol 3-kinase complex I (PI3KCI) 
pathways (Fig.  5b-F). Additionally, these genes were linked to different biologically related functions and 
signaling pathways.

Ontology ID Description GeneRatio BgRatio P value P adjust

BP GO:0006091 Generation of precursor metabolites and energy 23/59 494/18,800 1.6165 e − 21 2.65107 e − 18

BP GO:0044282 Small molecule catabolic process 16/59 376/18,800 2.39412 e − 14 1.30878 e − 11

BP GO:0046034 ATP metabolic process 15/59 273/18,800 4.12777 e − 15 3.38478 e − 12

BP GO:0015980 Energy derivation by oxidation of organic compounds 14/59 321/18,800 8.98767 e − 13 2.45663 e − 10

BP GO:0009060 Aerobic respiration 12/59 187/18,800 4.9 e − 13 1.61 e − 10

CC GO:0005759 Mitochondrial matrix 20/58 473/19,594 2.40332 e − 18 2.83592 e − 16

CC GO:0005743 Mitochondrial inner membrane 15/58 491/19,594 8.6356 e − 12 1.019 e − 10

CC GO:1,990,204 Oxidoreductase complex 13/58 120/19,594 2.19009 e − 17 1.29216 e − 15

CC GO:0098798 Mitochondrial protein-containing complex 13/58 281/19,594 1.45933 e − 12 1.91334 e − 11

CC GO:0045271 Respiratory chain complex I 9/58 49/19,594 1.71 e − 14 4.03 e − 13

MF GO:0016620 Oxidoreductase activity, acting on the aldehyde or oxo group of donors, 
NAD or NADP as acceptor 14/58 38/18,410 1.58514 e − 26 3.3605 e − 24

MF GO:0016903 Oxidoreductase activity, acting on the aldehyde or oxo group of donors 14/58 46/18,410 3.86258 e − 25 4.09433 e − 23

MF GO:0022804 Active transmembrane transporter activity 11/58 404/18,410 4.47588 e − 08 6.32591 e − 07

MF GO:0009055 Electron transfer activity 10/58 125/18,410 5.7263 e − 12 2.42795 e − 10

MF GO:0009055 Electron transfer activity 10/58 125/18,410 5.73 e − 12 2.43 e − 10

KEGG hsa00190 Oxidative phosphorylation 14/52 134/8164 5.38814 e − 14 7.65115 e − 12

KEGG hsa05415 Diabetic cardiomyopathy 13/52 203/8164 2.56227 e − 10 7.27683 e − 09

KEGG hsa05016 Huntington disease 13/52 306/8164 3.80312 e − 08 5.40043 e − 07

KEGG hsa05208 Chemical carcinogenesis-reactive oxygen species 12/52 223/8164 1.01025 e − 08 1.7932 e − 07

KEGG hsa05012 Parkinson disease 12/52 266/8164 7.21678 e − 08 9.3162 e − 07

Table 2.  Outcomes of GO and KEGG enrichment study for MEMRDEGs. GO Gene Ontology, BP Biological 
Process, CC Cellular Component, MF Molecular Function, KEGG Kyoto Encyclopedia of Genes and Genomes.

 

Fig. 3.  Differential gene expression analysis. (A) Volcano plot of DEGs analysis comparing the AF and normal 
groups in GEO Datasets (Combined Datasets). (B) Venn diagram of DEGs and MEMRGs in GEO Datasets 
(Combined Datasets). (C) Heatmap of differential expression of MEMRDEGs in GEO datasets (Combined 
Datasets). DEGs Differentially Expressed Genes, MEMRGs Mitochondrial Energy Metabolism-Related Genes, 
MEMRDEGs Mitochondrial Energy Metabolism-Related Differentially Expressed Genes.
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Creation of an AF diagnostic model
First, a univariate LR was performed to estimate the diagnostic significance of the 59 MEMRDEGs in AF. The 
results revealed that 52 MEMRDEGs were significant in the LR model (P < 0.05) (Table S3).

The 52 MEMRDEGs were subsequently utilized to construct a LASSO regression model through LASSO 
regression analysis, which served as the diagnostic model for AF. The LASSO regression model and the 
LASSO variable trajectory diagrams (Fig. 6A-B) were applied to display the LASSO regression model. Sixteen 
MEMRDEGs, referred to as model genes, were incorporated into the LASSO regression model, including 
ACAT1, ALDH18A1, ALDH1A1, ALDH1L2, ALDH4A1, CYP2U1, HADHA, HTT, IDH3G, NDUFB7, NDUFS3, 
NDUFS6, OGDH, SLC25A3, TANGO2, and TP53.

Finally, we built an SVM model using the 52 MEMRDEGs and the SVM technique. We identified the genes 
that had the smallest mistake rate (Fig. 6C) and the greatest accuracy (Fig. 6D). The outcomes indicated that the 
SVM model manifested the maximum accuracy level when the number of genes was 8. The eight MEMRDEGs 
included SLC25A3, OGDH, HTT, ACAT1, ACSBG2, ALDH1L2, GPI, and NFATC4.

Fig. 4.  GO and KEGG enrichment analysis for MEMRDEGs. (A, B) GO and pathway (KEGG) enrichment 
analysis results of the MEMRDEGs illustrated through bubble plots: BP, CC, MF, and biological pathways 
(KEGG). The GO and KEGG terms are visualized on the abscissa. In the bubble plot, the bubble size reflects 
the gene count, whereas the color signifies the p value: red denotes a smaller p value, indicating greater 
significance, whereas blue indicates greater p values, suggesting lower significance. (C, D) GO and pathway 
(KEGG) enrichment analysis findings network diagram of the MEMRDEGs: BP, CC, MF (C), and KEGG (D). 
The red nodes correspond to objects, the blue nodes reflect molecules, and the lines depict the links between 
items and molecules. MEMRDEGs Mitochondrial Energy Metabolism-Related Differentially Expressed Genes, 
GO Gene Ontology, KEGG Kyoto Encyclopedia of Genes and Genomes, BP Biological Process, CC Cellular 
Component, MF Molecular Function. The screening criteria for GO and pathway (KEGG) enrichment analysis 
were a p value < 0.05 and an FDR value (q value) < 0.05.
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The intersection of the MEMRDEGs in the LASSO regression and the SVM models was utilized to identify 
key genes, yielding five key genes (ACAT1, ALDH1L2, HTT, OGDH, and SLC25A3) that were used for subsequent 
analysis. A Venn diagram was generated for visualization (Fig. 6E).

Confirmation of the AF diagnostic model
To further confirm the significance of the AF diagnosis model, a nomogram was developed according to model 
genes with the integrated GEO datasets to highlight their interrelationships (Fig. 7A). The outcomes revealed 
that the OGDH expression level was significantly involved in the utility of the AF diagnostic model compared 
with the other model genes.

ID setSize
Enrichment 
score NES P value P adjust Q value

PID_PI3KCI_PATHWAY 48 0.526241366 1.902979751 0.000316305 0.005227469 0.003626965

WP_TGFBETA_SIGNALING_PATHWAY 130 0.434116916 1.881095121 2.36252 
e − 05 0.000949283 0.00065864

KEGG_JAK_STAT_SIGNALING_PATHWAY 152 0.350965836 1.555886391 0.003481729 0.02400078 0.016652417

KEGG_HEDGEHOG_SIGNALING_PATHWAY 53 0.427894225 1.763376505 0.003651019 0.024661785 0.017111041

PID_WNT_SIGNALING_PATHWAY 25 0.470035443 1.576725027 0.025066248 0.090450114 0.062756836

WP_MYOMETRIAL_RELAXATION_AND_CONTRACTION_PATHWAYS 151 0.4905739 2.172918 2.65 e − 09 1.09 e − 06 7.59 e − 07

WP_B_CELL_RECEPTOR_SIGNALING_PATHWAY 97 0.5479025 2.287827 4.08 e − 09 1.44 e − 06 1e − 06

REACTOME_PLATELET_ACTIVATION_SIGNALING_AND_AGGREGATION 251 0.4162391 1.951032 1.1 e − 08 3.41 e − 06 2.37 e − 06

KEGG_LEUKOCYTE_TRANSENDOTHELIAL_MIGRATION 112 0.5087909 2.165120 1.81 e − 08 4.98 e − 06 3.46 e − 06

REACTOME_DISEASES_OF_SIGNAL_TRANSDUCTION_BY_GROWTH_
FACTOR_RECEPTORS_AND_SECOND_MESSENGERS 413 0.3632047 1.795639 2.64 e − 08 6.54 e − 06 4.54 e − 06

Table 3.  Outcomes of GSEA for merged datasets. GSEA Gene Set Enrichment Analysis.

 

Fig. 5.  GSEA for combined datasets. (A) GSEA 5 biological function mountain maps of the GEO datasets 
(combined datasets). (B–F) GSEA showing that the MEMRDEGs were significantly enriched in the Wnt 
(B), Hedgehog (C), JAK-STAT (D), and WNT (B) pathways. TGF-beta (E), and PI3KCI pathways (F). GSEA 
gene set enrichment analysis. The selection standards of GSEA were a p value < 0.05 and an FDR value (q 
value) < 0.25.
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A calibration study was subsequently conducted to ascertain the accuracy and discriminative ability of the 
AF diagnostic model. This incorporated construction of a calibration curve (Fig. 7B). Although the calibration 
curve slightly deviates from the ideal model’s diagonal line, it demonstrates a good fit overall, indicating the 
reliable predictive performance of the model.

Moreover, DCA was applied to ascertain the clinical usefulness of the AF diagnostic model using the 
integrated GEO datasets. The results revealed that the model net benefit was greater within a certain range 
and remained consistently superior to the “all positive” and “all negative” scenarios (Fig.  7C), suggesting its 
promising clinical application potential.

Additionally, ROC curves were generated for the linear predictors of the LR model in the AF and normal 
groups on the basis of integrated GEO datasets (Fig.  7D). ROC curve analysis revealed that the diagnostic 
performance of the LR model on the basis of the GEO dataset was satisfactory.

GSVA was applied to all the genes in the merged GEO datasets to explore the h.all.v7.4.symbols.gmt gene set 
differential expression between high and low (high/Low) groups of linear predictors in the LR model, and the 
outcomes are shown in Table 4. The GSVA results revealed significant distinctions between the high/low groups 
of linear predictors in the LR model in gene sets encompassing the following hallmark p53 pathway: tumor 
necrosis factor-alpha (TNF-α) signaling/nuclear factor-kappa B (NF-κB), epithelial‒mesenchymal transition, 
early estrogen response, inflammatory response, oxidative phosphorylation, interleukin 2 (IL2)/STAT5 signaling, 
and late estrogen response (P < 0.05).

Finally, the differential expression patterns between the high/low groups of linear predictors in the LR model 
were analyzed on the basis of the GSVA results and visualized via a heatmap (Fig. 7E).

Creation of mRNA–RBP and mRNA–TF interaction networks
mRNA-RBP data from the ENCORI database were utilized to anticipate the interaction between RBPs and the 
five key genes (ACAT1, ALDH1L2, HTT, OGDH, and SLC25A3). The Cytoscape program was subsequently 
implemented to create a graphical depiction of the mRNA‒RBP interaction network (Fig. 8A), revealing that 
the five key genes interact with 26 RBPs, forming 65 pairs of mRNA‒RBP interaction connections (Table S4).

Fig. 6.  Creation of a diagnostic model for AF. (A) Diagnostic model plot of the MEMRDEGs of the LASSO 
regression in the merged datasets. (B) Visualization of the LASSO diagnostic model’s variable trajectories. 
(C) The SVM method identified the genes with the lowest error rate. (D) The gene number with the greatest 
accuracy was acquired via the SVM method. (E) Venn diagram illustrating the overlap between the LASSO 
and SVM methods. LASSO Least absolute shrinkage and selection operator, SVM Support Vector Machine, 
MEMRDEGs Mitochondrial energy metabolism-related differentially expressed genes.
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Fig. 7.  Diagnostic and validation analysis of AF. (A) Nomograms of model genes in combined GEO datasets 
for atrial fibrillation (AF) diagnostic models. (B, C) Calibration curve (B) and DCA plot (C) of model genes 
in integrated GEO datasets (combined datasets) for the AF diagnostic model. (D) ROC analysis of linear 
predictors of LR models in GEO datasets (combined datasets). (E) Heatmap of the GSVA outcomes between 
the high/low groups of linear predictors in the LR model. GSVA, gene set variation analysis. The selection 
standards of GSVA were a p value < 0.05 and an FDR value (q value) < 0.25. Red and blue colors reflect the 
high/low groups of linear predictors of the LR model, respectively. The blue and red colors represent mitigated 
and elevated values, respectively, in the heatmaps. The vertical axis of the calibration curve reflects the net 
benefit, whereas the horizontal axis reflects the threshold or threshold risk. DCA, decision curve analysis; 
ROC, receiver operating characteristic; AUC > 0.9 manifested elevated accuracy. AUC, area under the curve; 
logistic regression, LR.
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Furthermore, TFs that interact with the five essential genes were identified by searching the CHIPBase and 
hTFtarget databases. The mRNA‒TF interaction network was subsequently created with Cytoscape software 
(Fig. 8B). Ultimately, three key genes (ALDH1L2, OGDH, and SLC25A3) interact with 15 TFs, forming 21 pairs 
of mRNA‒TF interaction connections (Table S5).

Differential expression analysis of key genes between the AF and normal groups in 
integrated GEO datasets
Violin plots ((Fig.  9A) were generated to illustrate the differential expression of five key genes (ACAT1, 
ALDH1L2, HTT, OGDH, and SLC25A3) between the AF and normal groups in the merged GEO datasets. The 
results revealed that the expression levels of the five key genes exhibited highly significant differences between 
the two groups.

Moreover, a correlation analysis was executed with the full expression matrix of the five essential genes in the 
integrated GEO datasets. This analysis resulted in the generation of a correlation heatmap (Fig. 9B). OGDH was 
shown to be positively correlated with ACAT1, SLC25A3, and HTT, whereas SLC25A3 was negatively correlated 
with ALDH1L2, OGDH, and HTT.

Afterward, a functional similarity analysis was performed on the five critical genes. GOSemSim, an R 
program, was employed to determine the semantic similarity of gene products, gene clusters, sets, and terms of 
GO. The obtained findings were then shown graphically via boxplots (Fig. 9C). OGDH was determined to have 
the greatest functional similarity with the other important genes.

Fig. 8.  mRNA-RBP, mRNA-TF interaction network. (A) Key gene-RBP interaction network. (B) Key gene-
transcription factor interaction network. Yellow oval genes are mRNAs. The blue ovals represent RBP, and the 
purple ovals represent TF. RBP: RNA-binding protein. TF: transcription factor.

 

logFC AveExpr t P value P value Val

HALLMARK_P53_PATHWAY 0.278887569 0.011096731 4.725420653 8.24 e − 06 0.00041207

HALLMARK_TNFA_SIGNALING_VIA_NFKB 0.328011508 0.015949751 4.455253292 2.36 e − 05 0.000589922

HALLMARK_EPITHELIAL_MESENCHYMAL_TRANSITION 0.278832352 3.70 e − 06 3.811956589 0.000249289 0.00335539

HALLMARK_ESTROGEN_RESPONSE_EARLY 0.234050634 0.014744024 3.790724012 0.000268431 0.00335539

HALLMARK_INFLAMMATORY_RESPONSE 0.260485335 0.003078582 3.500958707 0.000717586 0.007175859

HALLMARK_OXIDATIVE_PHOSPHORYLATION 0.259621514 0.025119587 3.305580479 0.00135313 0.010914029

HALLMARK_IL2_STAT5_SIGNALING 0.211750199 0.009732158 3.267284917 0.001527964 0.010914029

HALLMARK_ESTROGEN_RESPONSE_LATE 0.190095698 0.020669081 3.117324339 0.00243684 0.01523025

Table 4.  GSVA findings for merged datasets. GSVA Gene Set Variation Analysis.
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Fig. 9.  Differential expression analysis of key genes between AF and normal groups in integrated GEO 
datasets. (A) Analysis of the main genes between the AF and normal groups in merged GEO datasets. (B) 
The results of correlation heatmaps for essential genes in integrated GEO datasets. (C) Functional similarity 
analysis of important genes. (D–H) ROC curve analysis of the crucial genes SLC25A3 (D), OGDH (E), HTT 
(F), ACAT1 (G), and ALDH1L2 (H) in the integrated GEO datasets. ***P < 0.001 denotes highly statistically 
significant; *P < 0.05 reflects statistical significance. Diagnostic performance improves as AUC approaches 
1. An AUC value greater than 0.9 suggests a high accuracy level, whereas an AUC value between 0.7 and 0.9 
suggests a moderate accuracy level. Red represents and signifies the AF and normal groups, respectively. ROC 
receiver operating characteristic, AUC area under the curve, AF atrial fibrillation.
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Finally, ROC curves for the five key genes (ACAT1, ALDH1L2, HTT, OGDH, SLC25A3) in the integrated 
GEO datasets were plotted (Fig.  9D-H). SLC25A3 had high accuracy between the two groups (AUC > 0.9), 
whereas OGDH, HTT, ACAT1, and ALDH1L2 exhibited moderate accuracy (0.7 < AUC < 0.9).

ICI treatment via SsGSEA and MCPcounter
The ssGSEA method was employed to ascertain 28 ICI levels between the AF and normal groups on the basis 
of integrated GEO datasets. The abundances of 28 ICIs in the AF and normal groups were compared via a 
boxplot (Fig. 10A). The results revealed that 21 immune cells, including myeloid-derived suppressor T cells, 
effector memory CD8 T cells, neutrophils, mast cells, monocytes, central memory CD8 T cells, regulatory T 
cells, immature B cells, plasmacytoid dendritic cells, NK cells, central memory CD4 T cells, activated dendritic 
cells, activated CD8 T cells, immature dendritic cells, eosinophils, memory B cells, CD56bright NK cells, gamma 
delta T cells, type 1 T helper cells, activated CD4 T cells, and macrophages, were significantly different between 
the two groups (P < 0.05).

The correlation heatmap revealed that five key genes (ACAT1, ALDH1L2, HTT, OGDH, and SLC25A3) were 
correlated with the abundance of 21 significant (P < 0.05) ICIs (Fig. 10B). ALDH1L2 was positively correlated 
with most immune cells, whereas SLC25A3 was inversely correlated with most immune cells.

The MCPcounter method was implemented to compute the connection between the five pivotal genes and 
the amount of ICI in both the AF and normal groups via integrated GEO datasets (Fig. 10C). The results revealed 
a link between the five essential genes and ten distinct kinds of immune cells, namely, B lineage, CD8 T, cytotoxic 
lymphocyte, endothelial, fibroblast, monocytic lineage, myeloid dendritic, neutrophil, NK, and T cells. HTT and 
OGDH were associated with favorable connections between CD8 + T cells and myeloid dendritic cells. SLC25A3 
and HTT were negatively correlated with the monocyte lineage.

Discussion
AF is a complicated cardiac arrhythmia with poorly understood molecular mechanisms. Recent research has 
indicated that inflammation and oxidative stress are significant factors in structural and electrical changes in 
atrial tissues, which are involved in the development of AF43,44. Inflammation induced by the immune response 
can lead to tissue damage and fibrosis, disrupting normal electrical conduction in the atria. Oxidative stress arises 
from an imbalance between ROS generation and the protective antioxidant defense system, further exacerbating 
cellular damage. As vital organelles for cellular energy production, mitochondria play critical roles in myocardial 
energy metabolism and the redox state45,46. During energy metabolism, mitochondria generate ROS, excessive 
levels of which might result in cellular damage and the onset of arrhythmias47. Therefore, a better understanding 
of the connection between mitochondrial energy metabolism and AF might offer novel insights and therapeutic 
concepts from an energy metabolism perspective.

To further explore the pathogenesis of AF, we conducted a comprehensive analysis using GEO datasets and 
a mitochondrial energy metabolism-related gene set, yielding 59 MEMRDEGs. GO and KEGG enrichment 
studies revealed that these genes were enriched primarily in various mitochondrial components and participated 
in processes related to energy metabolism and ATP synthesis. These abnormalities might lead to the occurrence 
of AF, indicating their potentially significant roles in regulating energy metabolism processes during AF onset 
and progression. These findings emphasize the importance of mitochondria in AF development. In addition, a 
GSVA enrichment study was performed to further elucidate the molecular pathways implicated in AF. These 
genes were significantly enriched in Wnt, Hedgehog, JAK-STAT, TGF-beta, and PI3KCI in AF, suggesting their 
pivotal roles in cardiovascular system homeostasis and pathophysiology. These outcomes offer more evidence 
that AF etiology involves numerous molecular pathways beyond mitochondrial energy metabolism alone. 
Notably, the PI3KCI pathway regulates critical BPs, including cell proliferation, survival, and metabolism48, with 
its enrichment in AF potentially indicating the significance of dysregulated cell proliferation and metabolism in 
disease progression.

The 59 MEMRDEGs were analyzed via a single-factor LR model to ascertain their diagnostic value in AF and 
construct a corresponding diagnostic model. Fifty-two genes exhibited statistical significance in the LR model. 
Subsequently, LASSO algorithms and SVM methods were employed to screen the 52 genes further, ultimately 
identifying five key genes: ACAT1, ALDH1L2, HTT, OGDH, and SLC25A3. To integrate the results from both 
models, we selected genes that were identified by both the LASSO regression and SVM algorithms, ensuring that 
the selected genes had robust and consistent support from multiple models. These genes likely play pivotal roles 
in the pathogenesis of AF.

ACAT1, expressed in macrophages, promotes the accumulation of intracellular cholesterol esters, playing 
a critical role in early atherosclerotic lesions49. Although direct evidence linking ACAT1 to AF is lacking, its 
heightened expression in the AF group suggests its potential involvement in disease pathogenesis, possibly 
through its association with the proinflammatory state in AF. This conclusion is consistent with that of Li et 
al.50. HTT, well-known for its association with Huntington’s disease, is involved in cellular stress responses and 
mitochondrial dynamics51,52. Mounting evidence suggests that HTT not only plays critical roles in embryonic 
development and neural maturation but also may be important in cardiovascular diseases53–55. While no reports 
currently link HTT to AF, the current investigation revealed significant hindrance in HTT expression in the AF 
group compared with the normal group, suggesting a potential association between HTT deficiency or mutation 
and AF occurrence. OGDH, an key enzyme in the tricarboxylic acid cycle, plays a critical role in cellular 
energy metabolism56. Its dysregulation may disrupt the tricarboxylic acid cycle, affecting the energy supply and 
metabolic balance in cardiac cells. The upregulation of OGDH not only activates the mitogen-activated protein 
kinase signaling pathway but also upregulates the expression of proinflammatory cytokines, crucial risk factors 
in AF57,58. Our data also revealed that OGDH was highly expressed in the AF group and was positively correlated 
with myeloid dendritic cells, suggesting its significant role in metabolic‒immune interactions in AF. Finally, 
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Fig. 10.  Immune infiltration analysis with ssGSEA and MCPcounter. (A) ssGSEA of 28 immune cells between 
the AF and normal groups according to integrated GEO datasets. (B) Heatmap for the connection between 
the abundance of ICIs and essential genes of the ssGSEA algorithm (P < 0.05). (C) Heatmap showing the 
connections between key genes and ICI abundance calculated using the MCPcounter algorithm. The red circles 
indicate a positive association between important genes and the amount of ICI, with a larger circle indicating 
a greater correlation. The blue circles indicate a negative correlation between genes and the amount of ICI, 
with a larger circle indicating a greater correlation. ns indicates not significant (P > 0.05); *P < 0.05 indicates 
significance; **P < 0.01 indicates great significance; ***P < 0.001 indicates statistical significance. ssGSEA single-
sample gene set enrichment analysis, MCPcounter microenvironment cell population counter.
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SLC25A3, a mitochondrial phosphate transporter, is essential for ATP synthesis and mitochondrial function59. 
Dysregulation of SLC25A3 may impair ATP production, thereby contributing to AF development.

Further correlation analysis of the five key genes revealed that OGDH was positively correlated with ACAT1, 
SLC25A3, and HTT. SLC25A3 was negatively correlated with ALDH1L2, OGDH, and HTT, suggesting potential 
shared regulatory mechanisms or interactions among them during the process of AF. Additionally, functional 
similarity analysis indicated that, compared with other important genes, OGDH presented greater functional 
similarity. The construction of an interaction network based on ALDH1L2, OGDH, and SLC25A3 revealed 
complex interactions with RBPs and TFs, providing clues for further understanding their regulatory roles in AF 
pathogenesis.

Furthermore, GSVA revealed several biological pathways crucial for AF pathogenesis, including the p53, 
TNF-α/NF-κB, inflammatory response, oxidative phosphorylation, and the IL-2/STAT5 signaling pathways. 
Inflammation is an AF risk factor, and the immunological response associated with inflammation contributes to 
AF initiation and progression58,60. Investigations have shown that macrophages act primarily through cytokine 
release, with TNF-α and IL-1β being the most important60. Neutrophils serve as major sources of ROS and 
myeloperoxidase (MPO), which are involved in the promotion of fibrosis in the pathogenesis of AF61. Mast cells 
might be involved in AF occurrence through platelet-derived growth factor subunit A (PDGF-A) mediation11. 
The roles of T and B cells in AF remain insufficiently studied; T cells are involved mainly in modulating innate 
immune responses, and B cells potentially exert their effects through self-antibody secretion60.

The ssGSEA methodology revealed significant disparities in 21 distinct immune cell types between patients 
with AF and control patients. The AF patients manifested a significant increase in the presence of effector and 
central memory CD8 + T cells, neutrophils, mast cells, and monocytes, which contrasted with the findings of 
the normal group. Conversely, AF patients manifested a significant hindrance in the quantity of regulatory T, 
immature B, NK, and central memory CD4 T cells. These results indicate that some types of immune cells may 
exhibit greater activity levels in AF patients, possibly contributing to the development and progression of the 
illness. Elevated levels of neutrophils and macrophages exacerbate AF by promoting fibrosis and inflammation, 
whereas decreased regulatory T cells may fail to control abnormal immune responses, furthering disease 
development. Additionally, reduced levels of NK cells and plasmacytoid dendritic cells may indicate weakened 
antiviral and antitumor immune functions in AF patients. Overall, these variations revealed the crucial 
involvement of the immune response in the pathological mechanisms of AF.

Afterward, the connections between the five essential genes and these immune cells were examined. The 
results revealed a positive correlation between ALDH1L2 and most immune cells, but SLC25A3 exhibited a 
negative correlation with most immune cells. Further validation via the MCPcounter algorithm revealed 
positive correlations between HTT and CD8 T cells and OGDH and myeloid dendritic cells and negative 
correlations between SLC25A3 and the monocytic lineage, underscoring the interplay between MEMRGs 
and the immunological response in AF. AF is a complex arrhythmia with multiple contributing factors. While 
mitochondrial dysfunction and immune responses have been studied separately, this research uniquely integrates 
both aspects by analyzing MEMRGs and immune cell dynamics in AF60,62. This integrated approach provides 
a comprehensive understanding of the multifactorial mechanisms underlying AF pathogenesis, revealing 
how mitochondrial energy metabolism disruption, coupled with immune cell infiltration, amplifies AF onset 
and progression. To enhance the predictive accuracy of our AF progression and risk model, we incorporated 
immune cell dynamics alongside mitochondrial gene expression profiles. By examining correlations between 
immune cells and key mitochondrial genes, we refined our model to better capture the complex interactions 
between immune responses and mitochondrial dysfunction. This significantly increased the model’s accuracy, 
as immune infiltration is key to AF pathogenesis. Moreover, the integration of immune cell changes allowed for 
more personalized risk assessments, offering insights into potential therapeutic targets. However, the precise 
molecular mechanisms underlying this interaction warrant further investigation.

In addition, the value of the AF diagnostic model was verified, and its effectiveness was evaluated. Calibration 
curve analysis revealed that predicted probabilities closely matched actual outcomes. DCA showed significant 
net benefits across various risk thresholds, suggesting the model can enhance clinical decision-making by 
accurately identifying at-risk patients. ROC analysis yielded an AUC of 0.903 (95% confidence interval: 0.823–
0.983), indicating excellent discriminatory power. These results suggest the model improves prediction accuracy 
over traditional methods, enabling earlier, more precise identification of potential AF patients, especially those 
without clinical symptoms. It highlights immune responses’ critical role in AF pathogenesis, offering new 
strategies for personalized therapy. While the model showed excellent performance in the current datasets, 
data heterogeneity and distinct feature distributions across datasets may affect performance. Future studies will 
incorporate independent datasets for external validation to assess the model’s robustness and generalizability. 
Additionally, exploring different analysis methods will ensure the model maintains high diagnostic performance 
across various conditions.

Despite the strong potential of this study, several limitations exist, which may act as barriers to the clinical 
translation of the model. Data integration from three platforms may introduce batch effects, potentially affecting 
findings’ robustness. The limited sample size of the GEO datasets necessitates further power analysis and 
sample size expansion for validation. The lack of appropriate GEO datasets prevents distinction of AF clinical 
subtypes, which should be addressed in future research. The absence of experimental validation, such as reverse 
transcription PCR or Western blotting, limits the clinical confirmation. Although the model shows strong 
potential, further experimental studies and clinical validation are required to confirm its clinical applicability 
and performance.
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Conclusions
This study integrated MEMRDEGs with machine learning to construct an AF prediction model, identifying five 
genes (ACAT1, ALDH1L2, HTT, OGDH, and SLC25A3) strongly associated with AF risk. Immune infiltration 
analysis linked these genes to immunological responses in AF, offering new perspectives on AF development 
and therapeutic targets. By using LASSO and SVM algorithms, our model is the first to integrate mitochondrial 
function and immune response into the AF diagnostic framework. Quantifying immune cell dynamics optimized 
the model’s predictive power, providing valuable perspectives for personalized risk assessment and treatment 
strategies. Future research is essential to confirm the clinical applicability and generalizability of these findings, 
particularly for therapeutic interventions based on these discoveries.

Data availability
The data that support the findings of this study are available from the corresponding author upon reasonable 
request.The datasets supporting the results of this study are publicly available and can be accessed as follows: 
Gene expression data: The data used in this study are available from the Gene Expression Omnibus (GEO) re-
pository, accessible at the following links: GSE31821: https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi? ​a​c​c​=​G​S​
E​3​1​8​2​1 GSE41177: https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi? acc=GSE41177 GSE79768: ​h​t​t​p​s​:​/​/​w​w​w​.​n​
c​b​i​.​n​l​m​.​n​i​h​.​g​o​v​/​g​e​o​/​q​u​e​r​y​/​a​c​c​.​c​g​i​? acc=GSE79768 KEGG pathway gene sets: The gene sets hsa00190, hsa05415, 
hsa05016, hsa05208, and hsa05012 were sourced from KEGG (Kyoto Encyclopedia of Genes and Genomes), and 
permission to use these materials has been obtained from KEGG. The KEGG database can be accessed at https://
www.kegg.jp.
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