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Background

Epilepsy is a disorder that can manifest as abnormalities in neurological or physical function. Stress cardiomyopathy is closely associated with neurological stimulation. However, the mechanisms underlying the interrelationship between epilepsy and stress cardiomyopathy are unclear. This paper aims to explore the genetic features and potential molecular mechanisms shared in epilepsy and stress cardiomyopathy.



Methods

By analyzing the epilepsy dataset and stress cardiomyopathy dataset separately, the intersection of the two disease co-expressed differential genes is obtained, the co-expressed differential genes reveal the biological functions, the network is constructed, and the core modules are identified to reveal the interaction mechanism, the co-expressed genes with diagnostic validity are screened by machine learning algorithms, and the co-expressed genes are validated in parallel on the epilepsy single-cell data and the stress cardiomyopathy rat model.



Results

Epilepsy causes stress cardiomyopathy, and its key pathways are Complement and coagulation cascades, HIF-1 signaling pathway, its key co-expressed genes include SPOCK2, CTSZ, HLA-DMB, ALDOA, SFRP1, ERBB3. The key immune cell subpopulations localized by single-cell data are the T_cells subgroup, Microglia subgroup, Macrophage subgroup, Astrocyte subgroup, and Oligodendrocytes subgroup.



Conclusion

We believe epilepsy causing stress cardiomyopathy results from a multi-gene, multi-pathway combination. We identified the core co-expressed genes (SPOCK2, CTSZ, HLA-DMB, ALDOA, SFRP1, ERBB3) and the pathways that function in them (Complement and coagulation cascades, HIF-1 signaling pathway, JAK-STAT signaling pathway), and finally localized their key cellular subgroups (T_cells subgroup, Microglia subgroup, Macrophage subgroup, Astrocyte subgroup, and Oligodendrocytes subgroup). Also, combining cell subpopulations with hypercoagulability as well as sympathetic excitation further narrowed the cell subpopulations of related functions.





Keywords: stress cardiomyopathy, epilepsy, machine learning, single-cell sequencing, stress cardiomyopathy rat model, metabolic analysis, immuno analysis



1 Introduction

Stress cardiomyopathy (SCM) was initially considered a benign disease because of its reversible and self-limiting clinical manifestations of heart failure, but is now considered to be closely associated with the incidence of serious complications such as ventricular arrhythmias and cardiogenic shock (1). Today, the incidence of stress cardiomyopathy has been increasing due to increasing mental and social stress and increasing awareness and understanding of the disease itself (2), but its exact pathophysiological mechanisms remain unclear (3).

At present, the clinical symptoms of stress cardiomyopathy are mainly manifested as total cardiac dysfunction, retrosternal pain, elevated TNI and other symptoms similar to those of acute myocardial infarction, and its triggers are mostly related to neurological stimulation and systemic stress (4). As we all know, epilepsy is a neurological disorder that affects people of all ages and is one of the most common neurological disorders in the world, and recurrent seizures can have a persistent negative impact on the mental and cognitive functions of patients, and can even be life-threatening (5).Many studies have tried to investigate cardiac-related biomarkers under stressful stimuli (6), and epilepsy as a strong stimulus and the development of cardiovascular disease are particularly close.

The relationship between epilepsy and cardiovascular disease has been studied. For example, the extremely hypoxic environment caused by epilepsy induces elevated expression of P-gp protein in the heart and contributes to increased depolarization of cardiomyocyte membranes, ultimately leading to the development of lethal arrhythmias (7, 8). Under certain hypoxic conditions, not only the expression of P-gp protein is elevated, but also hypoxia-inducible factor-1α (HIF-1α) induces increased expression of EPO and its receptors in the brain as well as in the heart (9). These past findings will help us to decipher the mechanism of interaction between epilepsy and stress cardiomyopathy. In addition, previous studies suggest that seizures impair cardiac function, possibly through microRNA regulation (10). Such studies confirm the plausibility of a research direction to find common biomarkers between epilepsy and cardiovascular disease.

At the same time, it has been shown that the histopathological findings of heart tissue samples from patients who died suddenly and unexpectedly during epilepsy were very similar to those from patients who died during a stress cardiomyopathy episode (11), while at least one in every 1000 patients hospitalized with epilepsy had a comorbid stress cardiomyopathy according to a national study of hospitalization in epilepsy (12). Furthermore, the concept of “The Epileptic Heart” reinforces the possible link between epilepsy and stress cardiomyopathy (13) and further suggests the need for cardiac risk assessment in the clinical management of patients with epilepsy. So it is reasonable to assume that the underlying cause of death in epilepsy was most likely the occurrence of stress cardiomyopathy, but there are no studies on the common developmental mechanisms of these two diseases.

Along with the development of sequencing technology, researchers can more easily and quickly obtain the expression of a large number of genes in various diseases, which helps to understand the changes of diseases at the transcriptional level in a deeper way, and with the popularization of various high-performance machine learning algorithms in medical research (14),researchers can accurately and efficiently obtain the genes that play a key role in the development of diseases by using appropriate algorithms, which greatly advances the progress of medical research in disease mechanisms (15).

The objectives of this study were to identify pivotal genes associated with pathogenesis between stress cardiomyopathy and epilepsy and common pathogenesis and to attempt to construct a common epilepsy-stress cardiomyopathy gene regulation model. Using gene expression data from the published Gene Expression Omnibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo/),we identified co-expressed genes in stress cardiomyopathy and epilepsy, while clarifying their functional status after enrichment analysis, assessing the diagnostic efficacy of candidate genes by constructing predictive models with machine learning algorithms, as well as applying single-cell data from epilepsy and constructing a rat model of stress cardiomyopathy for parallel validation. To our knowledge, this may be the first study using a systems bioinformatics approach to explore the common genetic signature between stress cardiomyopathy and epilepsy and the associated regulatory mechanisms.



2 Materials and methods


2.1 Construction of a rat model of stress cardiomyopathy

Male Sprague-Dawley rats, weighing 250 to 300 g, were selected to immobilization stress for 6 hours lasting 7 days to establish stress cardiomyopathy (SCM) model.The anesthetized rats were randomly divided into two groups of normal control and SCM. Ventricle tissues were extracted for RNA sequencing. All animal work was performed in accordance with the NIH guidelines for the use of animals in experiments.



2.2 Data sources

Epilepsy microarray and sequencing-related datasets selected from GSE60862 (16), GSE63808 (17), GSE143272 (18) and GSE205661 (19).GSE201048 (20) was selected for the epilepsy single cell dataset,and GSE95368 (21) was selected for the stress cardiomyopathy dataset (Supplementary Table 1).



2.3 Data preprocessing and identification of DEGs

For the epilepsy dataset, differential analysis was performed using the combination of GSE60862 (control group) and GSE63808 (disease group). Considering that the same dataset time and sequencing technology could control the batch effect to some extent (22), the limma package (23) was used to remove the batch effect while performing the differential analysis (24), and by screening (p<0.05&|logFC|>0), we obtained differential genes for up and down regulated genes in epileptic disorders. For stress cardiomyopathy, differential analysis was performed using the control and stress cardiomyopathy groups within the GSE95368 dataset, and differential genes for up-and down-regulated genes in stress cardiomyopathy were obtained by screening (p<0.05&|logFC|>0). To avoid the effect of the common batch effect in multiple datasets, the differential genes generated in the above dual diseases were intersected to obtain the dual disease co-expression differential genes.



2.4 Enrichment analysis to explore biological functions

The ClusterProfiler package (25) was used to perform GO enrichment analysis for dual disease homozygous upregulated genes, and the OmicShare online platform (26) was used to integrate the results of KEGG enrichment analysis and to build a network for the obtained functional pathways.



2.5 PPI network construction and screening of core gene modules

The PPI network was constructed for all co-expressed differential genes, the network was constructed using Cytoscape (27), and the core gene modules were searched for using MCODE (28). In contrast, the candidate genes were narrowed down using cytoHubba (29).Construction of PPI network and enrichment analysis of node genes within the network using the GENEMANIA tool (30) for the co-expressed differential genes.



2.6 Machine learning and rat model validation

For co-expressed differential genes, we used the epilepsy dataset GSE143272 (18), the mlr3 package (31), and tested the model performance by leaving out the cross-validation. The model selected was the Random Forest (32). On the one hand, the tree model has more relaxed requirements for input data, and on the other hand, the Random Forest technique is a classify tree technique that uses bootstrap aggregation and randomization of predictors to achieve a high degree of predictive accuracy. The above two advantages apply well to our input data. Another model choice XGBoost (33). The reason is that XGBoost has excellent performance and an efficient extreme gradient boosting based framework that can handle noise well in the data, widely promoted and used in the medical field. Then we also used XGBoost in the epilepsy dataset GSE205661 (19) for model construction and tested the model performance. Furthermore, test the model performance. Finally, we retained the candidate genes with ROC > 0.6 within the candidate genes to avoid the joint batch effect of the previous multiple datasets. By constructing the animal stress model and selecting the genes with Significant changes in both brain tissue and left ventricle (adjPvalue < 0.05 & |logFC| > 2) as the candidate genes for stress cardiomyopathy, because of the difference in sequencing depth, taking the intersection may lose more information. Conversion of rat genes to human genes by homologous mapping (34). Finally, two partial genes from the screening were extracted to obtain 21 candidate genes with up-regulated and 15 candidate genes with down-regulated expression.



2.7 CIBERSORT and MCPcounter immune infiltration

CIBERSORT (35) and MCPcounter (36) analyses were performed for the epilepsy dataset and the stress cardiomyopathy dataset to demonstrate immune infiltration, correlations with immune cells were calculated for candidate genes, and differences in the same immune cells were calculated by rank-sum test for different subgroups.



2.8 Sequencing of single cells in epilepsy combined with metabolic analysis

The Seurat package (37) was used to analyze the epilepsy single-cell dataset GSE201048 (20). Quality control criteria were set: cells with 300 to 5000 genes and mitochondrial percentage reads less than 20 were retained for subsequent analysis, while the remaining normalization, clustering, and search for differential genes were performed using standard procedures by Seurat. Principal component (PC) analysis was performed for 2000 highly variable genes, and 20 PCs were selected as input data for subsequent analysis. tSNE visualization revealed no significant batch effects across samples, so the subsequent analysis did not use algorithms such as single-cell removal of batch effects (20). Cell annotation was performed in three ways for realistic and accurate cell annotation, including manual annotation by CellMarker (38), automatic annotation by SingleR (39), and annotation based on cell surface antibody expression (40). Metabolism-related analysis was performedusing the scMetabolism package (41) to analyze relevant metabolic pathways.




3 Results


3.1 Identification of DEGs in SCM and epilepsy

The flow chart of this study is shown in Figure 1. Combined analysis of GSE60862 and GSE63808 yielded epilepsy-associated differential genes (Figure 2A). Differential analysis of GSE95368 yielded differential genes associated with stress cardiomyopathy (Figure 2B). 48 differential genes co-expressed with up-regulation and 40 differential genes co-expressed with down-regulation were obtained from the intersection of the above two parts of differential genes as the co-expressed genes for our subsequent study.




Figure 1 | Workflow of the analysis.






Figure 2 | (A) Epilepsy-associated differential genes. (B) Stress cardiomyopathy DEGs.





3.2 Co-expressed gene enrichment analysis

GO enrichment analysis was performed against 48 up-regulated co-expressed differential genes (Figure 3A). Specifically, the genes were mainly associated with acute-phase response, platelet alpha granule, protein C inhibitor-PLAT complex, complement binding, response to hydrogen peroxide, response to reactive oxygen species, and serine-type peptidase activity.




Figure 3 | (A) The GO enrichment analysis of co-expressed genes. (B) The KEGG enrichment analysis of co-expressed genes (main class). (C) The KEGG enrichment analysis of co-expressed genes (pathway). (D) Network pathway Construction.



Subsequently, KEGG enrichment analysis was performed on 48 up-regulated co-expressed differential genes to explore the expression of the pathways, and the results were summarized and combined (Figure 3B). We then refined the results of the KEGG enrichment analysis (Figure 3C). We found that the functional alterations of the pathways were mainly in Complement and coagulation cascades, HIF-1 signaling pathway, JAK-STAT signaling pathway, PI3K-Akt signaling pathway, Rap1 signaling pathway, Ras signaling pathway, and MAPK signaling pathway. Functional alterations in these pathways provide a biological reference for refining the mechanisms of stress cardiomyopathy and epilepsy interaction. We will explore these pathways in detail in the Discussion section. Finally, we constructed a network for the pathways obtained from KEGG enrichment analysis (Figure 3D) and found that the central pathways were “Complement and coagulation cascades” and “HIF-1 signaling pathway”. These findings suggest that the main functions of epilepsy and stress cardiomyopathy focus on a series of functional changes caused by hypoxia and hypercoagulation.



3.3 PPI network construction and module analysis

The PPI network was constructed for all co-expressed differential genes, and two core gene modules were obtained by MCODE (Figures 4A, B).To improve the accuracy, the top three algorithms with the best performance were selected for screening hub genes by cytoHubb (Figure 4C). Next,the PPI network was constructed for the hub gene, and the nodes were analyzed for enrichment (Figure 4D). By narrowing down the range of genes to focus their biological functions, we found that the functions of co-expressed genes are focused on regulation of inflammatory response, and serine-type peptidase activity. These results suggest that immune and metabolic responses are involved in disease development and will be analyzed in depth subsequently.




Figure 4 | Signifificant gene module and enrichment analysis. (A, B) Two signifificant gene clustering modules. (C) CytoHubba screening of core genes (using three algorithms). (D) Enrichment analysis.





3.4 Building machine learning models to validate co-expressed genes

To verify whether co-expressed genes have diagnostic effects in epilepsy, we used independent cohorts for parallel validation, assessed the diagnostic potency of candidate genes in epilepsy by constructing random forest models and XGBoost models, and selected any model ROC greater than 0.6 as the co-expressed genes that met the conditions to be retained and visualized the results that partially met the conditions (Figure 5 and Supplementary Figure 1).Then, by constructing a rat model of stress cardiomyopathy and sequencing the left ventricle and brain samples from the same sample,we finally screened for differential genes that were significantly changed in both the left ventricle and brain in stress cardiomyopathy (adjPvalue < 0.05 & |logFC| > 2), and the above two parts of the results were combined as the real dual disease co-expressed genes (Supplementary Table 2).




Figure 5 | Machine learning screens for co-expressed genes with diagnostic validity,using Random Forest and XGBoost.





3.5 Immune infiltration

To verify the relationship between co-expressed genes and immunity,21 up-regulated co-expressed genes were subjected to immune infiltration analysis, and immune infiltration of co-expressed genes in epilepsy and stress cardiomyopathy was explored by using CIBERSORT as well as the MCPcounter algorithm. (Figures 6A, B).To gain a deeper understanding of the results of immune infiltration, we performed correlation analysis of immune cells with co-expressed genes for CIBERSORT and rank sum tests between immune cells under different groupings for the epilepsy dataset (Figures 6C, D), and similarly, we performed the same operation for the stress cardiomyopathy dataset as for the epilepsy dataset (Figures 6E, F).The results showed that the overall immune infiltration differed between epilepsy and stress cardiomyopathy, with an increased proportion of Neutrophils cells in epilepsy (Pvalue = 0.012) and a strong correlation between the SIRPA gene and Neutrophils cells (r = 0.71) and AKR1A1 also showed a strong correlation with Monocytes cells (r = 0.59), in contrast, the proportion of T.cells and Dendritic.cells were increased in stress cardiomyopathy (Pvalue < 0.05), and some genes, such as the LEP gene were moderately correlated with T.cells (r = 0.45), ALDOA gene was highly correlated with NK.cells (r = 0.61). The above results suggest that the immune mechanisms of the two diseases are not identical, with an increased proportion of neutrophils in epilepsy leading to the release of inflammatory mediators, which in turn can be pro-epileptic factors, and conversely, an increased proportion of T cells in stress cardiomyopathy suggesting that the duration of the disease is not as transient as previously perceived, while obtaining immune-related genes in the respective diseases, the function of which will be the focus of subsequent discussion.




Figure 6 | Immune infiltration analysis. (A) Combined analysis of CIBERSORT and MCPcounter in epilepsy. (B) Combined analysis of CIBERSORT and MCPcounter in SCM. (C) Correlation analysis of immune cells and co-expressed genes in epilepsy. (D) Wilcoxon rank-sum test of immune cells in epilepsy. (E) Correlation analysis of immune cells and co-expressed genes in SCM. (F) Wilcoxon rank-sum test of immune cells in SCM.





3.6 Epilepsy single-cell sequencing

In our preliminary hypothesis, epilepsy plays a “trigger” role in both diseases. To improve our understanding of the immune mechanism of epilepsy, we performed analysis using the epilepsy single-cell dataset, which was derived from six samples with epilepsy single-cell dataset contains 85,780 cells. We obtained a downscaled clustering map by performing the standard procedure of single-cell analysis to generate a total of 26 subgroups. We then annotated the cell subgroups by combining CellMarker database annotation, SingleR annotation, and cell surface antibody annotation, resulting in 8 functional subgroups (Figure 7A). Most single cell suspensions obtained from epileptic brain tissue were annotated with known cell types, including Microglia, T_cells, NVUs, Macrophages, etc (Figure 7B). It can be observed that most of the cell subpopulations were defined as Microglia. By contrast, one distinct cluster was identified as oligodendrocytes in the P1.B, P3.A, and P3.B samples. At the same time, immune cell infiltration is observed in epilepsy samples originating from different individuals and brain regions (Figure 7C). Validation of epilepsy and stress cardiomyopathy co-expressed genes at the single-cell level revealed that ALDOA, CTSZ, ERBBS, HLA-DMB and other genes were validated as double disease significant co-expression genes. As a result of the previous analysis, some genes showed a significant correlation with the proportion of immune cells among the co-expressed genes validated at the single-cell level. Suggesting that immunity may act as a bridge in epilepsy and stress cardiomyopathy functions of these genes and the subgroups they belong will be explored in subsequent discussions.




Figure 7 | Epilepsy single-cell analysis. (A) Single-cell subpopulation clustering and cell annotation. (B) Three-layered complex heatmap of selected co-expressed genes in each cell cluster. Top: Mean expression of co-expressed markers. Middle: Tissue preference of each cluster; Bottom: Relative expression map of known marker genes associated with each cell subset. Mean expression values are scaled by mean-centering, and transformed to a scale from -2 to 2. (C) Average cell number and relative proportion of subsets from tissues of each origin.





3.7 Metabolic analysis

Co-expressed genes were validated at the single cell level, first considering the significance (Pvalue < 0.05) and showing the expression changes of co-expressed genes in eight functional subgroups (Figure 8A), including SPOCK2, CTSZ, HLA-DMB, XRCC6, METAP2, AKR1A1, ALDOA, SFRP1, ERBB3, GNS, ZNF622. The eight single-cell functional subpopulations were enriched separately to identify the functional status of each subpopulation (Figures 8B, C). The enrichment analysis results strongly suggest T-lymphocyte and neuroglial activation, such as regulation of T cell activation, T cell differentiation, astrocyte differentiation, immune response-regulating signaling pathway, response to lipopolysaccharide and astrocyte development. The emerging term “autoimmune epilepsy” highlights the role of the immune system and its dysregulation in epileptogenesis. Our results suggest that the occurrence of epilepsy is the result of a combination of immune mechanisms and structural alterations.




Figure 8 | Functional enrichment analysis and metabolic analysis at the level of single-cell subpopulations. (A) Expression of co-expressed genes on functional subgroups. (B, C) Enrichment analysis of single cell subpopulations. (D) Metabolic pathway expression quantification for single-cell subpopulations. (E) Quantification of metabolic pathways and metabolism-related gene expression.



On the other hand, the enrichment analysis results laterally verified our cellular annotation accuracy.In addition, enrichment analysis results for pathways suggest alterations in the immune system, such as the IL-17 signaling pathway, Natural killer cell mediated cytotoxicity, and alterations in the coagulation system (Complement and coagulation cascades) play a role in the progression of the disease. The follow-up will be an integrated exploration of the two diseases.

From our previous work, we know that the release of catecholamine hormone in large amounts may be one of the potential mechanisms in the pathogenesis of stress cardiomyopathy,we considered that the release of catecholamines might also be one of the common pathogenic mechanisms in epilepsy and stress cardiomyopathy, so we performed metabolic correlation analysis on single cell functional subpopulations (Figure 8D). By selecting three metabolic pathways, Glycolysis/Gluconeogenesis, Phenylalanine metabolism and Tyrosine metabolism, and then evaluating the functional subgroups. The results suggest that NVUs, Macrophage and Oligodendrocytes may be the focus of our subsequent studies on metabolism-related changes. Finally, we demonstrated the metabolism-related pathways and metabolism-related genes at the single-cell level (Figure 8E).

Finally, the subpopulations to which the screened co-expressed genes belonged were mainly T_cells, NVUs, Microglia, Oligodendrocytes, Astrocyte, Macrophage, and combined with the results of metabolic analysis, NVUs, Macrophage and Oligodendrocytes were finally identified. Our findings identified and obtained the genes that play a major role in epilepsy and stress cardiomyopathy and the Biological functions of disease development and also refined the results to obtain the cellular subpopulation to which the gene belongs (Supplementary Table 3).




4 Discussion

This study is the first to focus on the common disease mechanisms between epilepsy and stress cardiomyopathy. A review of previous literature found that the cardiac pathology of patients with sudden death in epilepsy is very similar to that of stress cardiomyopathy (11). The brain-center interaction mechanism is also widely recognized in stress cardiomyopathy (42). These findings inspired us to try to find a common pathogenic mechanism between epilepsy and stress cardiomyopathy.

By merging two large epilepsy datasets and performing differential analysis, we believe that excessive removal of batch effects by the algorithm may remove most of the biological differences (43), so here we use the built-in function of the limma package to remove batch effects and take the intersection with the results of the stress cardiomyopathy differential analysis to try to circumvent some of the batch effects. For the genes generated by the intersection, we define them as co-expressed genes in epilepsy and stress cardiomyopathy (48 genes up-regulated,40 genes down-regulated).

To clarify the common biological functions of epilepsy and stress cardiomyopathy, an Enrichment analysis was performed. GO enrichment analysis showed the genes were mainly associated with acute-phase response, platelet alpha granule, protein C inhibitor-PLAT complex, complement binding, response to hydrogen peroxide, response to reactive oxygen species, and serine-type peptidase activity (Figure 3A). In our preliminary hypothesis, epilepsy as a strong stressful stimulus leads to the development of stress cardiomyopathy. In cardiac tissue, hyperactivity of the coagulation system leads to left ventricle thrombus formation (4), and the clinical manifestations of stress cardiomyopathy confirm the correctness of our conclusion that there is coagulation system activation in the development of stress cardiomyopathy due to epilepsy.

Moreover, the hyperactivity of the immune system can be elaborated separately from the heart and the brain, in the heart mainly shows the activation of the immune system, and the later analysis will focus on exploring. In brain tissue, the relationship between epilepsy and immunity has been studied (44), and existing findings prefer immunity as a component of epilepsy pathogenesis. Subsequent analyses will explore changes in cell subpopulations through single-cell-level data.

Finally, the appearance of oxidative stress function suggests, on the one hand, the existence of a hypoxic environment in the interaction mechanism of epilepsy leading to stress cardiomyopathy. On the other hand, oxidative stress can damage endothelial cells and lead to abnormal cardiac function. Our results strongly point to epilepsy causing stress cardiomyopathy being plausible from a biological functional point of view. In contrast, the triad “hypoxia - oxidative stress - inflammation” is a vicious circle where anyone can initiate the activation of others (45). At the same time, the hypercoagulation system contributes to the formation and aggravation of the hypoxic environment of the body.

KEGG enrichment analysis revealed that the pathway alterations were mainly concentrated in Complement and coagulation cascades, HIF-1 signaling pathway, JAK-STAT signaling pathway, PI3K-Akt signaling pathway, Rap1 signaling pathway, Ras signaling pathway, and MAPK signaling pathway. The core pathway is the Complement and coagulation cascades and the HIF-1 signaling pathway (Figures 3B–D).

We have identified blood hypercoagulability as one of the functional alterations in stress cardiomyopathy due to epilepsy (46). Meanwhile, combined with the hypoxic environment leading to increased expression of hypoxia-inducible factor 1α (HIF-1α), as well as the clinical symptoms of stress cardiomyopathy and previous studies, we suggest that hypoxia-inducible factor induces elevated P-gp protein expression in the hypoxic environment caused by epilepsy, and high expression in the brain may then lead to the development of drug resistance, while high expression in the heart leads to increased myocardial cell membrane depolarization, resulting in lethal the development of arrhythmias (7), which is consistent with the complications of stress cardiomyopathy, and this acute hypoxic environment also promotes cardiac EPO/EPO-R expression, which protects the myocardium to some extent (9).

We found activation of the JAK/STAT signaling pathway during epilepsy-induced stress cardiomyopathy, a pathway thought to be associated with the stress response, and to date, various vascular stressors have been linked to this pathway, including angiotensin II effects, oxidative stress, and immune responses (47), which combined with the clinical manifestations of stress cardiomyopathy, lead us to believe that the JAK/STAT signaling pathway reasonable view is that epilepsy-induced stress stimuli create a hypoxic environment that activates hypoxia-inducible factor 1α (HIF-1α) and upregulates their associated pathways and induces activation of the JAK/STAT signaling pathway thereby mediating the regulation of cardiovascular smooth muscle cells and endothelial cells by angiotensin II and oxidative stress as well as the neuroprotective function of EPO (48).

However, We suggest that homeostatic mechanisms exist in the organism even under extreme conditions, and the Epac2-Rap1 signaling pathway antagonizes the effects of oxidative stress on cardiovascular endothelial cells (49). In contrast, activation of the Ras signaling pathway may exacerbate the hypoxic environment in the brain and heart, potentially pushing the above balance toward an imbalance. In contrast, activation of the Ras signaling pathway (50) and MAPK signaling pathway (51) may promote an increased hypoxic environment in the brain and heart as well as an increased level of oxidative stress, potentially tipping the balance towards an imbalance.

Constructing a core module for PPI network discovery will give us a preliminary shaping of the molecular interaction mechanism between epilepsy and stress cardiomyopathy (Figures 4A, B). Next, we used cytoHubb to narrow down the gene range and selected three algorithms that have been demonstrated to perform better in the literature for screening genes (29) (Figure 4C). The enrichment analysis of the nodal genes in the PPI network allowed further insight into the biological functions hidden by numerous genes, and inflammatory immune mechanisms were found in the interaction between epilepsy and stress cardiomyopathy, suggesting that immunity may play a “maintenance” function in both diseases. This part of the results will be discussed in conjunction with the subsequent immune infiltration analysis (Figure 4D).

In previous studies, serine-type peptidase activity has been associated with coagulation and complement activation (52). It is interesting to note that coagulation has been repeatedly implicated in the functional mechanisms of epilepsy and stress cardiomyopathy.We believe that in patients with coronary artery disease, epilepsy leading to stress cardiomyopathy may be a stimulating factor that leads to further damage to the originally abnormal coronary arteries and the occurrence of acute coronary syndrome. So patients with coronary artery abnormalities do not exclude the possibility of stress cardiomyopathy, and even stress cardiomyopathy is a contributing factor to the acute coronary syndrome (46). Meanwhile, the relationship between stroke and epilepsy has been studied (53), so it is reasonable to assume that epilepsy leads to stress cardiomyopathy and increases the frequency and duration of epilepsy through a combination of abnormal coagulation mechanisms and hemodynamic disturbances resulting in further cerebrovascular damage.

Because of the popularity of machine learning in clinical research and its high performance (15), we chose the integrated learning model random forest and the extreme gradient boosting XGBoost, which has good performance in clinical diagnosis. Because of the mismatch in the number of genes due to the different sequencing depths of different datasets, we selected two datasets for model construction. We constructed the model using a cross-validation method. Selected genes with ROC greater than 0.6 are to be retained (Figure 5).

Considering the batch effect and sequencing depth, we constructed a rat model of stress cardiomyopathy and sequenced the brain and left ventricle separately. In our previous work, there is a theory of heart-brain interaction in stress cardiomyopathy (1). This supports our combined analysis and reasonable for constructing a model of stress cardiomyopathy to sequence both brain and heart samples. We retained the overexpressed genes in the brain and heart (adjPvalue < 0.05 & |logFC| > 2) and validated the genes detected in stress cardiomyopathy. Homologous mapping of genes by biomart. By combining the above two parts, we further screened and finally obtained 21 candidate genes with up-regulated and 15 candidate genes with down-regulated expression.

Considering the involvement of immune mechanisms in the common biological functions of epilepsy and stress cardiomyopathy, immune infiltration analysis was performed separately for epilepsy and stress cardiomyopathy, and the correlation between the ratio of co-expressed genes and immune cells was performed (Figure 6). The available data shows that the immune response in the heart and brain tissue is not the same. We believe that immunity is a systemic response, so it is likely that the immune response acts as another bridge between epilepsy and stress cardiomyopathy. According to our results, in epilepsy-induced stress cardiomyopathy, the proportion of neutrophils in the brain tissue increases and releases inflammatory mediators leading to the further persistence of epilepsy (54). This step is initiated by establishing a hypoxic environment and elevated expression of HIF-1α. At the same time, immune inflammation in the brain causes sympathetic excitation, affecting cardiac function via the nervous system (55).

At the same time, in the heart, the increased proportion of monocytes and the imaging findings in stress cardiomyopathy demonstrate that systemic inflammation may play a key role in the pathology of the disease (56). We observed a decrease in the proportion of M2 macrophages, suggesting that inflammatory mechanisms do not play a transient role in the disease (57). As previously perceived and that as inflammatory mechanisms act in the heart, the effects on cardiac ejection function lead to a further exacerbation of the hypoxic environment in the organism, which ultimately leads to a further exacerbation of immune inflammation as well as oxidative stress in the brain.

By correlating co-expressed genes as well as immune cell ratios, we obtained genes with significant correlation with immune cell ratios (SIRPA, AKR1A1, LEP, ALDOA) that will be validated in epilepsy data at the single cell level in an attempt to find immune genes that link heart and brain tissue.

Next, we tried to obtain a more comprehensive biological interpretation by enhancing the sequencing depth. We used the epileptic single-cell dataset to get a more comprehensive understanding of our candidate genes. Through the standard Seurat process, we clustered 85780 epileptic cells into 26 subgroups (Figure 7A). Cellular annotation is a difficult part of single-cell analysis, and this step is highly subjective. We used three dimensions of information to annotate the cells comprehensively. On the one hand, we obtained the top ten differential genes for each subpopulation by differential analysis of 26 subpopulations. We manually annotated them by combining the differential genes with the Cellmarker database. On the other hand, we used SingleR for automatic annotation. Although the accuracy of SingleR annotation is not as good as that of manual annotation, it provides us with references and helps to select the results from Cellmarker annotation. The last aspect is that we selected CITE-seq technology, which is a technique to obtain both intracellular gene expression and protein expression, CD45 protein expression level can distinguish immune cells from non-immune cells, CD19 and CD20 protein expression levels can mark B cells, CD14 can help us to mark macrophages, and finally, we mark neurovascular unit (NVU) for non-immune cells by marker genes (20).

We visualized the expression of some co-expressed genes in different subpopulations (Figure 7B). We found that the expression of candidate genes in different subpopulations is distinct, which also tells us that only some cell subpopulations may be involved in the pathogenesis of dual diseases. We also validated the co-expressed genes at the single-cell level. Considering that a hard threshold may hurt the results, we considered two sets of screening metrics separately: on the one hand, we limited the candidate genes to meet Pvalue < 0.05 in the single-cell data set, so we obtained 12 co-expressed genes, and on the other hand, we limited the candidate genes to meet Pvalue < 0.05 and |logFC| > 1 in the single-cell data set, so that we obtained 6 candidate genes. We considered the relationship between pvalue, logFC and pct. We considered logFC as the most important reference in single-cell sequencing, so in defining the subpopulation to which the candidate gene belongs, we selected the subpopulation to which the candidate gene belongs with pvalue < 0.05 and |logFC| >1, and if there are multiple subpopulations, we considered the subpopulation to which the candidate gene belongs with pct > 0.5. In this way, we successfully narrowed down the candidate genes and localized the specific functional subgroups to which they belonged (Supplementary Table 3).

Thus, we obtained the co-expressed genes of epilepsy and stress cardiomyopathy and the cellular subgroups they belong to in brain tissue, including the co-expressed up-regulated genes (SPOCK2 in the T_cells subgroup, CTSZ in the Microglia subgroup, HLA-DMB in the Microglia subgroup, ALDOA was expressed in NVUs and Macrophage and Astrocyte subgroups, SFRP1 in the Oligodendrocytes subgroup, ERBB3 in the Oligodendrocytes subgroup) and the co-expressed down-regulated genes (PRKCA in the Macrophages subgroup, C3 in the Microglia subgroup, GSTM3 in the Astrocyte subgroup).

According to the previous results, in stress cardiomyopathy, the ALDOA gene is positively associated with NK cells but negatively associated with M2 macrophages. At the same time, in epileptic brain tissue, it is mainly expressed in macrophages and astrocytes. It has been demonstrated that the ALDOA gene is associated with macrophage and T lymphocyte infiltration (58), while astrocytes are also associated with central nervous system inflammation (59). Our results allow us to hypothesize that the ALDOA gene is involved in neuroinflammation through astrocytes and macrophages, affecting sympathetic and metabolic activities through neuroinflammation. Meanwhile, high ALDOA expression in the heart is accompanied by a decrease in the proportion of M2 macrophages, leading to an inflammatory manifestation with extensive infiltration in the heart, which is consistent with clinical manifestations of stress cardiomyopathy are consistent.

Taking together our results and previous literature, we found that SFRP1 protects cardiomyocytes in the heart by inhibiting the Wnt signaling pathway (60). The regulation of SFRP1 in epileptic disorders has also recently started to receive attention (61). However, there are still relatively few relevant studies, and our results could help to target the cellular subpopulation of SFRP1 in epilepsy and refine the antagonistic role of SFRP1 in epilepsy.

Previous studies have found that ERBB3 expression in the heart is associated with an adaptive response to stress, which is identical to our results (62), and studies in the brain with ERBB3 and Obstructive sleep apnea syndrome (OSAS), which also shaped the hypoxic environment and confirmed that ERBB3 was involved in and reduced the hypoxia-induced inflammatory response (63), but ERBB3 has not yet been studied in epilepsy, which will be the direction of our subsequent studies. No studies in the same field have confirmed the role of SPOCK2, CTSZ and HLA-DMB in epilepsy or stress cardiomyopathy. However, it has been demonstrated that SPOCK2 acts as a susceptibility gene for bronchial dysplasia (64) and exacerbates hyperoxia-related lung injury (65). Our results provide directions for subsequent studies on the interaction mechanism between epilepsy and stress cardiomyopathy.

Our results found that C3 expression is reduced in the interaction between epilepsy and stress cardiomyopathy. It has been shown that blocking C3 protects against neuronal damage in Although Alzheimer’s disease (AD) (66). Interestingly, C3 activates the JAK2/STAT3 pathway and is associated with the progression of gastric cancer (67), these two patterns of regulation of different pathways of the same gene in different tissues give us a hint that reduced C3 gene expression in Epilepsy and stress cardiomyopathy may have an important role. We conclude that C3 reduction protects neurons from damage during stressful conditions.

Next, we performed enrichment analysis by cell subpopulation, and the GO enrichment analysis results showed a high consistency between subpopulation and function, which also illustrates the accuracy of the previous cell annotation (Figure 8B). The results of GO enrichment analysis were T cell activation, response to lipopolysaccharide, and astrocyte development. Firstly, T cell activation suggests that in the interaction between epilepsy and stress cardiomyopathy, lymphocytes are predominant in the brain (44). We believe that epilepsy acts as a “trigger” in both diseases. Hence, it suggests that T-cell targeted therapy is promising in the co-development of both diseases. Our results also suggest that epilepsy is a product of immune mechanisms and organic changes (44).

Secondly, the response to lipopolysaccharide is compared to our previous results, where we found reduced expression of PRKCA in epilepsy and stress cardiomyopathy. PRKCA was associated with lipopolysaccharide (LPS) induced neuroinflammatory response (68), and PRKCA in the brain is localized to the macrophage subpopulation. It has been found that the protective mechanism of PRKCA is achieved by inhibiting the release of pro-inflammatory cytokines through macrophages and the MAPK signaling pathway (69). Our results suggest that this protective mechanism may be inhibited in both disease interactions.

Finally, we performed KEGG enrichment analysis showing alterations in the IL-17 signaling pathway, Natural killer cell mediated cytotoxicity, and Complement and coagulation cascades, among which Microglia cell subpopulation, as well as Macrophages cell subpopulation, may play important functions in epilepsy causing stress cardiomyopathy according to our results (Figure 8C).

Meanwhile, in order to explore the remaining possible mechanisms of epilepsy causing stress cardiomyopathy, we conducted metabolic-related analyses (Figures 8D, E), and based on our preliminary results, we believe that sympathetic excitation is a more plausible explanation for the mechanisms by which the brain affects the heart, so we selected three metabolic pathways for analysis based on this, and eventually targeted three cell subpopulations in the brain, namely, NVUs, Macrophage, and Oligodendrocytes. Moreover, we went on to try to expand our results to obtain highly metabolic genes with corresponding cell subpopulations (GOT1, ALDOB, TAT, LDHAL6B).

In conclusion, our work proposes that epilepsy causes stress cardiomyopathy and explores a possible common mechanism for this dual disease for the first time. There are two major functional pathways, including the Complement and coagulation cascades and the HIF-1 signaling pathway. We believe that the two functional alterations, coagulation, and hypoxia, affect each other, but hypoxia is the initiating signal. This is followed by a “hypoxia - oxidative stress - inflammation” in the brain, where there are pathways that act as stimulators and inhibitors, followed by immune mechanisms in the brain and heart that are elucidated in epilepsy-induced stress cardiomyopathy. Finally, the localization of co-expressed genes at the single-cell level. I believe our work will contribute to the study of stress cardiomyopathy due to epilepsy and the study of brain-heart interaction.
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