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Background: Temporal lobe epilepsy (TLE), the predominant drug-resistant focal epilepsy, involves neuroinflammation and neuronal
hyperexcitability. Cuproptosis—a copper-dependent cell death pathway triggered by mitochondrial copper overload and lipoylated
protein aggregation—remains unexplored in epilepsy. This study investigates its molecular basis, neuroinflammatory crosstalk, and
therapeutic implications in TLE.

Methods: Bulk RNA-seq and single-cell RNA-seq datasets from GEO were analyzed using weighted gene co-expression network
analysis (WGCNA) and consensus clustering to stratify cuproptosis-associated TLE subtypes. Ten machine learning algorithms
identified hub genes linked to cuproptosis-immune crosstalk. Experimental validation in a pilocarpine-induced TLE mouse model
confirmed gene expression changes via Western blot and immunohistochemistry.

Results: Two TLE subtypes were stratified: cuproptosis-related gene (CRG) -high with upregulated cuproptosis drivers, heightened
macrophage/T-cell infiltration, and NF-kB-mediated neuroinflammation, and CRG-low exhibiting disrupted copper homeostasis. Hub
genes (CD44, PDESA, TUBA1A) linked cuproptosis to astrocyte-driven immune interactions, endothelial dysfunction, and neuronal
stress. Single-cell analysis localized CD44 to astrocytes interacting with microglia, while PDESA and TUBA1A correlated with blood-
brain barrier leakage and neuronal hyperexcitability. Experimental validation confirmed decreased CD44 and elevated PDESA/
TUBAIA in TLE mice, aligning with seizure severity.

Conclusion: This study firstly establishes cuproptosis as a mechanistic bridge between copper dysregulation and TLE pathology,
driving neuroinflammation via NF-kB and neuronal-glial dysfunction. The CRG-based subtyping offers novel disease classification,
while CD44, PDESA, and TUBA1A emerge as therapeutic targets to mitigate copper-mediated neurotoxicity. These findings reposition
cuproptosis as a key pathway in epilepsy, providing a roadmap for precision therapy in drug-resistant TLE.
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Introduction

Epilepsy is a neurological disorder characterized by spontaneous and recurrent seizures, mainly occurring in the
hippocampus or cerebral cortex,' with over 68 million people affected worldwide.? Temporal Lobe Epilepsy (TLE) is
the main type of intractable epilepsy in adults, with typical pathological features of hippocampal sclerosis,” manifested as
selective loss of pyramidal neurons in CA1 and CA3 regions, reactive gliosis (predominantly astrocytic proliferation) in
the dentate gyrus granular layer, and mossy fiber sprouting.* Although antiepileptic drugs targeting ion channels (sodium
channel SCN1A) can control seizures in some patients,” many still require surgical resection due to drug resistance,® with
significant risks of postoperative cognitive and emotional dysfunction and only a 50% chance of sustained seizure
freedom.” Recent studies have found that TLE lesions have impaired mitochondrial oxidative phosphorylation function,®
reactive oxygen species accumulation, and iron/zinc metabolism disorders,” suggesting that metal ion homeostasis
imbalance may drive epileptic network remodeling. However, the role of copper metabolism abnormalities and the
novel form of cell death they induce (cuproptosis) has not been fully elucidated.
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Cuproptosis is a new form of cell death. It is a process in which copper ions directly bind to the fatty acylated
components of the mitochondrial respiratory chain and the tricarboxylic acid cycle, causing fatty acylated proteins to
stick together, reducing iron-sulfur cluster proteins, and ultimately leading to cell death.'®!" Notably, copper is not only a
cofactor of oxidative phosphorylation enzymes but also affects neuronal excitability by regulating NMDA receptor gating
and synaptic plasticity.'> Currently, multiple diseases are associated with cuproptosis. Menkes disease is an X-linked
genetic disorder of copper metabolism caused by ATP7A gene mutations,"® and copper overload can lead to Wilson
disease.'® In the nervous system, copper homeostasis imbalance is closely related to Alzheimer’s disease'® and
Parkinson’s disease.'® Clinical evidence shows that ceruloplasmin levels in the cerebrospinal fluid of drug-resistant
epilepsy patients are abnormally elevated,'” but whether copper overload causes irreversible damage to hippocampal
neurons through the cuproptosis pathway remains unknown. Additionally, some neurological diseases have a high degree
of correlation with the immune system. For example, demyelination in multiple sclerosis is directly mediated by
peripheral infiltrating Th17 cells and activated microglia in the central nervous system,'® and inflammation plays an
important role in the pathogenesis of immune-mediated epilepsy.'? Considering the role of cuproptosis and immune cell
infiltration in neurodegenerative diseases, we hypothesize the relationship between them and TLE, which may provide
insights into potential therapeutic targets.

In this study, we employed a multi-omics integration strategy to systematically analyze the mechanism of cuproptosis
in the occurrence and development of TLE. Based on large-scale transcriptome data, we constructed a co-expression
network through WGCNA, screened hub modules highly related to TLE clinical phenotypes and cuproptosis, and further
identified core genes related to cuproptosis using machine learning. We revealed the reprogramming characteristics of
immune cell subsets in the TLE lesion microenvironment and their regulatory associations with cuproptosis genes
through immune infiltration. We also used single-cell to parse the expression patterns of these genes in specific
populations, clarifying the dynamic interaction network between cuproptosis-related molecules and neuroinflammation
and related pathways. This study for the first time establishes a multi-dimensional correlation between cuproptosis and
TLE heterogeneity, providing a new perspective and potential intervention targets for the development of precise
therapeutic strategies targeting copper metabolism imbalance.

Methods

Study Design

Five datasets were retrieved from the GEO database, comprising four bulk RNA-seq datasets (GSE256068, GSE71058,
GSE217726, GSE190451) and one single-cell RNA-seq dataset (GSE190452). The GSE256068 dataset, annotated using
platform GPL24676, included 13 hippocampal samples (Control Hippocampus 1-13) as controls. The GSE71058 dataset,
annotated using platform GPL11154, comprised 14 hippocampal samples from TLE patients. The GSE217726 dataset,
annotated using platform GPL16791, included 15 hippocampal samples from TLE patients. The GSE190451 dataset,
annotated using platform GPL24676, contained three TLE samples and three control samples. The GSE190452 single-
cell dataset included four TLE samples and four control samples. GSE71058 and GSE256068 were merged as the
training set using the ComBat function from the “sva” R package to adjust for batch effects. The merged GSE217726 and
GSE190451 datasets served as an external validation set.

Differential Expression Gene Analysis

We employed the “DESeq2” R package, tailored for differential expression analysis of genomic data, to identify genes
with significant differential expression across distinct comparison groups, thereby elucidating molecular mechanism
variations in TLE. Differentially expressed genes (DEGs) were determined between control and TLE samples, as well as
between TLE subtypes clustered based on cuproptosis-related gene (CRG) expression. Genes meeting the criteria of
p-value < 0.05 and [log2FC| > 1 were selected as DEGs. To visualize their distribution, volcano plots were generated
using the “ggplot2” R package, and heatmaps were produced using the “pheatmap” R package to illustrate the expression
patterns of DEGs and CRG-related genes (FDX1, LIASLIPT1, DLD, PDHA1, PDHB, MTF1, GLS, CDKN2A, ATP7B,
SLC31A1, ATP7A, DLST, DBT, GCSH).
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Consensus Clustering Analysis

The human bulk RNA-seq datasets GSE256068 and GSE71058, comprising hippocampal samples from TLE patients,
were merged for primary analysis. Consensus clustering was performed using the “ConsensusClusterPlus” R package.
Based on the expression levels of cuproptosis-related genes (CRGs), TLE samples were stratified into two clusters (k=2),
characterized by high and low CRG expression, respectively. The optimal cluster number (k=2) was determined by
evaluating cumulative distribution function (CDF) curves of consensus scores and the consensus matrix heatmap.

Enrichment and Gene Set Variation Analysis

We performed Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses on
DEGs identified from the merged GSE256068 and GSE71058 datasets, comprising hippocampal samples from TLE
patients, using the “clusterProfiler” R package. Results with a p-value < 0.05 were selected, and the top 10 pathways
ranked by GeneRatio were visualized. Gene Set Enrichment Analysis (GSEA) was conducted on all genes using the
“GSEABase” R package, with pathways having a p-value < 0.05 and the top five ranked by enrichment score selected as
significant. Additionally, Gene Set Variation Analysis (GSVA), an unsupervised and non-parametric method, was
employed to evaluate pathway enrichment in the transcriptomes of TLE samples stratified into two clusters (k=2; high
and low CRG expression). Gene sets were retrieved from the Molecular Signatures Database (MSigDB) v7.0, and the
GSVA algorithm was applied to transform gene-level changes into pathway-level scores, assessing the biological
functions of the three hub genes (CD44, PDESA, and TUBA1A). GSVA results with p.adjust < 0.05 were filtered and
visualized to elucidate potential alterations in TLE cuproptosis-related biological processes.

Weighted Gene Co-Expression Network Analysis

To identify co-expression gene modules associated with TLE and CRGs, we conducted weighted gene co-expression
network analysis (WGCNA) using the “WGCNA” R package. The merged bulk RNA-seq datasets GSE256068 and
GSE71058, comprising hippocampal samples from TLE patients and controls, were preprocessed to filter out low-
expression genes (average FPKM < 1). Outlier samples were removed using hierarchical clustering with a height
threshold of h = 80, and batch effects were adjusted using the ComBat function from the “sva” R package. A signed
co-expression network was constructed by calculating Pearson’s correlation coefficients for all gene pairs to generate a
similarity matrix. The soft-thresholding power was set to f = 10 based on the scale-free topology criterion (R? > 0.8) to
optimize network connectivity. Topological overlap matrices (TOMs) were computed, and hierarchical clustering with
dynamic tree cutting identified 13 co-expression modules (minimum module size = 30 genes). Module eigengenes (MEs)
were calculated to represent each module’s expression profile and correlated with clinical traits (clinc), including TLE
subtypes (k=2; high and low CRG expression) and immune infiltration scores for macrophages and T cells. The
MEyellow module showed the highest correlation with TLE clinical traits (r = 1, p < 0.05). Hub genes within the
MEyellow module, particularly those overlapping with CRGs, were identified based on high module membership (MM >
0.8) and gene significance (GS > 0.5). Module-CRG relationships and immune infiltration patterns were visualized using
heatmaps and network plots generated with the “WGCNA” and “ggplot2” R packages.

Machine Learning

Gene set for LASSO analysis was derived from the intersection of DEGs identified through WGCNA, consensus
clustering of TLE subtypes, and DEGs between TLE and control samples. The LASSO algorithm was applied to select
the most relevant features, yielding hub genes strongly associated with cuproptosis in TLE.

Multiple Immune Infiltration Analysis

To characterize the immune microenvironment in TLE, we quantified immune cell infiltration in the merged bulk RNA-seq
datasets GSE256068 and GSE71058, comprising hippocampal samples from TLE patients and controls, using multiple
deconvolution algorithms implemented in the “immunedeconv” R package. Specifically, EPIC and CIBERSORT were
applied to estimate the relative proportions of immune cell types, including T cells, B cells, macrophages, and other immune
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subpopulations. Each algorithm was used to infer cell-type composition, with samples filtered for analysis based on a
significance threshold of p < 0.05. To explore associations between immune infiltration and TLE subtypes (k=2; high and
low CRG expression), correlation analyses were performed to assess the relationships between immune cell proportions and
CRG expression levels. Results were visualized using heatmaps and correlation plots generated with the “ggplot2” R

package to highlight differences in immune infiltration patterns across TLE subtypes.

Single-Cell RNA Sequencing Analysis

Sample Preparation and Sequencing

Brain tissues from four TLE patients and four healthy controls (GSE190452) were processed for scRNA-seq. Tissues were
rapidly extracted, flash-frozen on dry ice, and RNA was isolated using Trizol reagent (Invitrogen, Carlsbad, CA, USA).
Sequencing libraries were constructed from 1 ug total RNA using the Illumina TruSeq RNA Sample Prep Kit (Cat#FC-122-
1001, Illumina, San Diego, CA, USA). Single nuclei were captured using the 10xGenomics Chromium Single Cell 3’ Solution
(10xGenomics, Pleasanton, CA, USA), and libraries were prepared according to the manufacturer’s protocol. High-through-
put sequencing was performed on an Illumina Novaseq6000 platform, generating 150-bp paired-end reads.

Data Processing and Quality Control

Downstream analysis was conducted using the Seurat R package (v5.3.0). Quality control (QC) was performed by
calculating the percentage of mitochondrial and ribosomal gene expression. Cells with >15% mitochondrial gene content
or ribosomal gene expression below the first quartile (Q1) were excluded (Figure S1). Additional filters included a
minimum of 300 features and presence in at least three cells (min.cells = 3, min.features = 300). Doublets were removed
using the DoubletFinder R package (v2.0.6), and ambient RNA contamination was corrected with the decontX R package
(v1.6.0). After QC, 23,098 cells were retained for further analysis (Figure S2).

Data Integration and Dimensionality Reduction

Gene expression data were normalized via log-transformation with a scale factor of 10,000. A total of 2000 highly
variable genes were identified, and data were scaled using Seurat’s Scale Data function, regressing out the effect of total
unique molecular identifiers (UMIs). Principal component analysis (PCA) was conducted, and the top 30 principal
components (PCs) were selected. To integrate TLE and control samples, multiple methods (CCA, RPCA, JointPCA, and
Harmony) were evaluated using Seurat’s IntegrateLayers function. Harmony demonstrated superior performance in
clustering resolution and was selected for final integration, yielding a unified dataset. Subsequent correction for cell
cycle analysis (Figure S3). This dataset was used to investigate cell-type heterogeneity and differential expression of
CRGs in the hippocampal microenvironment.

Pseudotime Analysis

Build Monocle Project

To explore dynamic cellular transitions in TLE, pseudotime analysis was conducted on the integrated scRNA-seq dataset
using Monocle (v2.36.0). A CellDataSet object was constructed with the newCellDataSet function, utilizing the log-
normalized gene expression matrix from the previously integrated Seurat dataset. Genes expressed in at least 10 cells
with a minimum expression threshold of 0.05 were retained. Cell metadata, including cluster annotations and TLE/

control conditions, were incorporated.

Dimensionality Reduction and Cell Ordering

Dimensionality reduction was performed using the reduceDimension function with the DDRTree method to project cells
into a low-dimensional space. Cells were ordered along pseudotime trajectories using the orderCells function, with the root
state determined by expression of marker genes for hippocampal cell types. Trajectories were visualized using Monocle’s

plotting functions to depict branching patterns and pseudotime progression in the hippocampal microenvironment.
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Differential Gene Analysis and Visualization

DEGs along pseudotime trajectories were detected using the differentialGeneTest function, applying a g-value threshold
of <0.05 for statistical significance. Genes associated with CRGs, such as CD44, PDESA, and TUBAIA, were
prioritized. A branched heatmap of significant genes was generated using the plot genes branched heatmap function
to illustrate expression dynamics at developmental nodes, highlighting regulatory genes driving TLE cellular transitions.

Cell-Cell Communication Analysis

Following scRNA-seq analysis of the GSE190452 (four TLE patients and four healthy controls), key cellular subpopula-
tions were identified, as described previously. Cells highly expressing hub genes (CD44, PDESA, TUBA1A) associated
with CRGs were extracted for further analysis. To explore intercellular signaling within the hippocampal microenviron-
ment, CellChat (v1.6.1) was applied with default parameters to infer ligand-receptor interactions based on a curated
database of signaling molecule pairs. Particular emphasis was placed on communication networks between Astrocytes
and immune cell populations. Interaction strengths were quantified, and significant signaling pathways were visualized
using CellChat’s integrated plotting tools to elucidate their contributions to TLE pathogenesis.

Statistical Analysis

All statistical analyses were conducted using R (v4.2.2). For comparisons between two groups, Student’s #-test or
Wilcoxon rank-sum test was applied, depending on data distribution. Relationships between variables, such as CRG
expression and immune cell proportions, were evaluated using Pearson or Spearman correlation coefficients. Statistical
significance was defined at P < 0.05, with the following notation: *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001.

Pilocarpine-Induced TLE Mouse Model

Reagent Preparation

Pilocarpine solution (30 mg/mL) was freshly prepared by dissolving 100 mg pilocarpine in 3.333 mL of 0.9% sterile
saline. Scopolamine stock solution (10 mg/mL) was prepared by dissolving 100 mg scopolamine in 10 mL of 0.9%
sterile saline, aliquoted, and stored at —80°C. The working solution (0.1 mg/mL) was made by diluting 100 pL stock in
10 mL of 0.9% sterile saline, aliquoted, and stored at —20°C. Diazepam solution (1 mg/mL) was prepared by diluting 1
mL of 5 mg/mL diazepam with 4 mL of 0.9% sterile saline, aliquoted, and stored at —20°C in the dark.

Animals

Specific pathogen-free C57BL/6N male mice (18-22 g, 6-8 weeks old) were obtained from Beijing Vital River
Laboratory Animal Technology Co., Ltd. All procedures were approved by the Institutional Animal Care and Use
Committee. Mice received an intraperitoneal (i.p.) injection of scopolamine (1 mg/kg) to reduce peripheral cholinergic
effects, followed 30 minutes later by an i.p. injection of pilocarpine (340 mg/kg). Mice were placed in a transparent
chamber for behavioral observation. Seizure severity was evaluated using the Racine scale: 0, normal; I, facial twitching
(chewing, blinking), immobility, whisker trembling; II, rhythmic head nodding; III, unilateral limb clonus; IV, bilateral
forelimb clonus with rearing; V, generalized tonic-clonic seizures with loss of balance. If seizures did not reach stage IV
or higher, additional pilocarpine doses (60 mg/kg, i.p.) were administered every 30 minutes (up to two doses) until stage
IV or higher was achieved. Status epilepticus (SE) was defined as stage IV or higher seizures persisting for >30 minutes
or recurring without full recovery. Diazepam (4 mg/kg, i.p.) was administered 90 minutes after SE onset to reduce
mortality. Mice that died or failed to reach stage IV were excluded. The control (CON) group received saline instead of
pilocarpine, with identical handling. After SE, the mice were returned to their home cages and continuously video-EEG
monitored. Only animals that exhibited spontaneous recurrent seizures (SRS) between days 7 and 15 post-SE were
enrolled in the chronic TLE model. Mice were euthanized by CO[l asphyxiation (30-70% chamber volume min ')
followed by cervical dislocation in accordance with the AVMA Guidelines; animal procedures are reported following the
ARRIVE guidelines.
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Tissue Preparation

Following anesthesia, the abdominal cavity was opened to expose the heart. A perfusion needle was inserted into the
cardiac apex, and a small incision was made in the right auricle. Mice were perfused with 0.9% saline until the liver
turned pale. Brains were rapidly extracted, and bilateral hippocampal tissues were dissected, snap-frozen in liquid
nitrogen, and stored at —80°C for Western blot and biochemical assays.

Western Blot Analysis

Hippocampal tissues were homogenized in RIPA lysis buffer (Beyotime, Shanghai, China) containing protease and
phosphatase inhibitors (Roche, Basel, Switzerland). Protein concentrations were determined using a BCA Protein Assay
Kit (Thermo Fisher Scientific, Waltham, MA, USA). Equal amounts of protein (30 pg) were separated by 10% SDS-
PAGE and transferred onto PVDF membranes (Millipore, Burlington, MA, USA). Membranes were blocked with 5%
non-fat milk in TBST for 1 hour at room temperature and incubated overnight at 4°C with primary antibodies against
CD44 (1:1000, Abcam, Cambridge, UK), PDE5SA (1:1000, Abcam), TUBA1A (1:2000, Abcam), and GAPDH (1:5000,
Sigma-Aldrich, St. Louis, MO, USA) as a loading control. After washing with TBST, membranes were incubated with
HRP-conjugated secondary antibodies (1:5000, Jackson ImmunoResearch, West Grove, PA, USA) for 1 hour at room
temperature. Protein bands were visualized using an enhanced chemiluminescence kit (Thermo Fisher Scientific) and
quantified by densitometry with ImageJ software (NIH, Bethesda, MD, USA). Relative protein expression was normal-
ized to GAPDH.

Immunohistochemistry Analysis

Paraffin-embedded brain sections (5 pm) were deparaffinized in xylene and rehydrated through a graded ethanol series.
Antigen retrieval was performed by heating sections in citrate buffer (pH 6.0) at 95°C for 20 minutes. Endogenous
peroxidase activity was blocked with 3% H,O, for 10 minutes, and non-specific binding was blocked with 5% bovine
serum albumin (BSA) for 1 hour at room temperature. Sections were incubated overnight at 4°C with primary antibodies
against CD44 (1:300), PDESA (1:300), and TUBA1A (1:300). After washing with PBS, sections were incubated with
HRP-conjugated secondary antibodies (1:500, Jackson ImmunoResearch) for 1 hour at room temperature, followed by
visualization with 3,3’-diaminobenzidine (DAB) (Dako, Glostrup, Denmark). Sections were counterstained with hema-
toxylin, dehydrated, and mounted. Images were captured using a light microscope (Olympus, Tokyo, Japan) and analyzed
with ImagelJ software to quantify staining intensity in the hippocampal CA1l and dentate gyrus regions.

Results

Functional and Molecular Alterations in Temporal Lobe Epilepsy

We analyzed gene expression profiles from hippocampal tissue samples of TLE patients and healthy controls (14 cases
each) obtained from the GEO. Differential expression analysis revealed 1190 upregulated and 872 downregulated genes
in TLE compared to controls (Figure 1A). Reactome enrichment analysis (Figure 1B) suggested that TLE progression is
linked to metabolic pathways, including the tricarboxylic acid (TCA) cycle and oxidative phosphorylation. Notably,
CRGs exhibited significantly elevated expression in TLE (Figure 1C and D). GO enrichment analysis (Figure 1E)
indicated that TLE pathogenesis is associated with biological processes including the external side of the plasma
membrane, metal ion transmembrane transporter activity, immune response-regulating cell surface receptor signaling
pathways, and immune response-regulating signaling pathways. Immune infiltration analysis identified macrophages and
T cells as key immune cell types involved in TLE development (Figure 1F). Specific CRGs, including DLD, PDHAI,
ATP7B, ATP7A, and DBT, showed marked differential expression (Figure 1G). In particular, M2 macrophages, activated
dendritic cells, and CD8+ T cells displayed strong positive correlations with CRG expression (Figure 1H), highlighting
their potential roles in mediating cuproptosis-associated immune responses in TLE.

Molecular Function Analysis of the CRGs High-Expression TLE
Consensus Clustering Analysis: TLE disease samples were divided into CRGs high-expression and low-expression
groups based on consensus clustering (Figure 2A). DEGs between CRGs high- and low-expression groups revealed 554
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upregulated and 430 downregulated genes (Figure 2B). GO enrichment analysis of these differentially expressed genes
(Figure 2C) indicated that the CRGs high-expression TLE group was primarily associated with biological processes such
as the external side of the plasma membrane, immune response-regulating cell surface receptor signaling pathway, and
DNA-binding transcription activator activity (RNA polymerase II-specific). In the CRGs high-expression TLE subtype,
copper-related ferroptosis genes, including DLD, DLAT, PDHA1, MTF1, CDKN2A, SLC31A1, ATP7B/A, and DBT,
were prominently enriched (Figure 2D). KEGG pathway analysis (Figure 2E) highlighted the activation of key pathways,
including the Chemokine signaling pathway and the PI3K-Akt signaling pathway. WGCNA was performed on the
normalized expression matrix of TLE samples. The results identified the MEyellow module (comprising 1271 genes) as
having the strongest correlation with copper-related ferroptosis gene expression, TLE disease progression, and T cell/
macrophage activity (Figure 2F and G).

Identification of Hub Genes Driving Cuproptosis in Temporal Lobe Epilepsy

To identify key genes associated with cuproptosis in TLE, we performed an integrative analysis of gene expression data. DEGs in
TLE, genes from the MEyellow module identified by WGCNA, and DEGs between TLE CRG subtypes (Cluster 1 vs Cluster 2)
were intersected, yielding 77 overlapping genes (Figure 3A). A machine learning approach using LASSO regression was applied
to the 77 genes, further narrowing down to 55 candidate genes (Figure 3B). These 77 genes were subjected to Cox multivariate
regression analysis, identifying 53 genes as prognostic factors, with 26 as risk factors (HR > 1, p < 0.05) and 27 as protective
factors (HR < 1, p <0.05) for TLE progression (Figure 3C). A nomogram model was constructed based on these genes, achieving
a total point score of 550 and a predicted risk probability of 0.692 (Figure 3D). Among these, three hub genes—CD44 (HR <1, p
<0.05), PDESA (HR > 1, p <0.05), and TUBA1A (HR > 1, p < 0.05)—were identified as critical regulators potentially driving
cuproptosis-mediated mechanisms in TLE (Figure 3E).

Functional Roles of Hub Genes in Temporal Lobe Epilepsy Pathogenesis
To elucidate the biological roles of hub genes in TLE, we investigated the functional implications of TUBA1A, PDESA, and
CD44, which exhibited high expression in TLE. TUBA1A upregulation was associated with activation of the P53 pathway,
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Figure | Functional and Molecular Alterations in Temporal Lobe Epilepsy. (A) Volcano plot illustrating differential gene expression in hippocampal tissue from TLE patients
(n=14) versus healthy controls (n=14), with | 190 upregulated and 872 downregulated genes. (B) Bar plot of Reactome pathway enrichment analysis (C) Heatmap displaying
the expression profiles of selected DEGs and CRGs in TLE patients compared to healthy controls. (D) Volcano plot highlighting significant differential expression of CRGs in
TLE versus control samples. [Alternative: Bar plot comparing expression levels of CRGs between TLE patients and controls. (E) Bar plot of GO enrichment analysis. (F)
Combined heatmap immune cell infiltration in TLE, inferred using multiple computational methods, with macrophages and T cells as predominant cell types. (G) Violin plot
showing marked differential expression of specific CRGs in TLE versus control samples. (H) Correlation heatmap demonstrating strong positive correlations between CRG
expression and immune cell subsets, including M2 macrophages, activated dendritic cells, and CD8+ T cells, in TLE. *, **¥ *¥¥ and **** jndicate P < 0.05, P < 0.0, P < 0.001,
and P < 0.0001, respectively; NS, not significant.

apoptosis, and TGF-f signaling, while suppressing fatty acid metabolism, oxidative phosphorylation, unfolded protein
response, and E2F target genes. Additionally, TUBA1A high expression correlated with biological processes linked to TLE
progression, including inflammatory response, locomotion, response to bacterium, regulation of response to external stimulus,
and secretory granule activity (Figure 4A). PDESA overexpression was found to activate myogenesis and apical junction
pathways, while inhibiting WNT/B-catenin signaling and G2M checkpoint. PDESA high expression showed synergistic
relationships with processes such as anchoring junction, cell morphogenesis, cell motility, locomotion, regulation of cell
junction assembly, and regulation of locomotion in TLE (Figure 4B). Conversely, CD44 upregulation activated Notch
signaling, IL2/STATS signaling, unfolded protein response, and oxidative phosphorylation. CD44 was also implicated in
TLE-related processes, including cellular response to biotic stimulus, defense response, locomotion, cellular response to lipid,
and cellular response to organic substance (Figure 4C). These findings suggest that TUBA1A, PDESA, and CD44 play distinct
yet complementary roles in driving cuproptosis-associated mechanisms and disease progression in TLE.
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Figure 3 Identification of Hub Genes Regulating Cuproptosis in TLE. (A) Venn diagram illustrating the intersection of DEGs in TLE, MEyellow module genes from WGCNA, and
genes differentially expressed between TLE CRG subtypes (Cluster | vs Cluster 2), yielding 77 overlapping genes. (B) LASSO regression coefficient plot showing the selection of 55
candidate genes from the 77 intersecting genes associated with TLE prognosis. (C) Forest plot of Cox multivariate regression analysis, identifying 53 prognostic genes from the 77
intersecting genes, including 26 risk factors (HR > |, p < 0.05) and 27 protective factors (HR < |, p < 0.05). (D) Nomogram predicting TLE progression risk based on the 55
candidate genes, with a total point score of 550 corresponding to a risk probability of 0.692. (E) Circle plot of Hub Genes chromosomal locations.

Validation of Cuproptosis-Related Genes and Immune Infiltration in TLE

To validate our findings, we analyzed gene expression profiles from an independent TLE validation cohort. Differential
expression analysis confirmed that CRGs exhibited significantly higher expression in TLE compared to healthy controls
(Figure 5A). GO enrichment analysis of differentially expressed genes revealed enrichment in biological processes such
as metal ion transmembrane transporter activity, external side of the plasma membrane, and immune response-regulating
cell surface receptor signaling pathways (Figure 5B). The expression of hub genes TUBA1A, PDESA, and CD44 was
significantly elevated in the TLE validation cohort compared to controls (Figure 5C—E). Analysis of hippocampal tissue
samples revealed significant differential expression of genes between TLE and healthy groups. Specifically, a subset of
differentially expressed genes, including key CRGs such as DLD, PDHA1, ATP7B, ATP7A, and DBT, was examined.
Results demonstrated significantly higher expression of CRGs in the TLE group compared to the normal group. Validated
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previous research findings (Figure 5F). The validation dataset further confirmed that cuproptosis-related genes are
associated with the degree of immune cell infiltration, particularly showing a significant positive correlation with M1
macrophages, activated T cells, and other immune cell types (Figure 5G).

Immune Infiltration Analysis and CRG Correlations in the Validation Set

Immune infiltration analysis of the RNA-seq validation dataset for TLE was performed using multiple methods
(CIBERSORT and EPIC). Results revealed significantly higher infiltration of CD4+ T cells, macrophages, NK cells,
and granulocytes in the TLE group compared to the healthy control group (p < 0.05) (Figure 6A and B). These findings
are highly consistent with the immune infiltration results from the RNA-seq test set. Comparative analysis of CRG
expression between the two groups further confirmed that most CRGs, including DLD, PDHB, PDHAI1, MTF1,
SLC31A1, ATP7A, DLST, and DBT, were significantly upregulated in the TLE group (Figure 6C). Correlation analysis
between hub genes and CRGs indicated significant associations: TUBA1A showed positive correlations with ATP7A (Rs
=0.55, p <0.05) and SLC31A1 (Rs = 0.43, p < 0.05); PDESA exhibited positive correlations with DBT (Rs = 0.42, p <
0.05), DLST (Rs = 0.32, p < 0.05), PDHA1 (Rs = 0.31, p < 0.05), and PDHB (Rs = 0.49, p < 0.05); conversely, CD44
displayed negative correlations with DBT (Rs = —0.65, p < 0.05), DLAT (Rs = —0.29, p < 0.05), DLD (Rs = —0.17, p <
0.05), DLST (Rs = —0.30, p < 0.05), PDHA1 (Rs = —0.32, p < 0.05), and PDHB (Rs = —0.76, p < 0.05) (Figure 6D).
These correlation results align closely with those observed in the test set.

Single-Cell Analysis of TLE and Functional Enrichment

Single-cell RNA sequencing of TLE samples was conducted to explore cellular heterogeneity and differential expression
profiles. UMARP plots visualized cell clustering and group comparisons between TLE and control samples (Figure 7A and B).
Cell abundance distribution analysis revealed significantly higher proportions of astrocytes, macrophages, and microglial cells in
TLE samples compared to controls (Figure 7C). Biological function enrichment analysis of cell subpopulations confirmed their
distinct functional roles (Figure 7D). ClusterTree analysis determined the optimal clustering resolution (Figure 7E). Cell
populations were annotated using classical markers, identifying the following cell types: oligodendrocytes, radial glial cells,
astrocytes, macrophages, inhibitory neurons, neurons, microglial cells, endothelial cells, and T cells (Figure 7F). FeaturePlot and
violin plots further demonstrated that hub genes TUBA1A, PDESA, and CD44 exhibited significantly elevated expression in
astrocytes compared to other cell subpopulations, highlighting their prominent biological roles in astrocytes (Figure 7G and H).

Single-Cell Analysis of Astrocyte Subpopulations in TLE

Single-cell analysis of astrocytes identified seven distinct subtypes based on gene expression profiles: ADAMTS18+
Astrocyte, GADD45G+ Astrocyte, HBB+ Astrocyte, KDM5D+ Astrocyte, PLCG2+ Astrocyte, SLC9A7+ Astrocyte, and
ZIC1+ Astrocyte (Figure 8A). Comparative analysis of astrocyte subtype distribution between TLE and control groups
revealed significantly higher proportions of GADD45G+ Astrocyte, HBB+ Astrocyte, and KDM5D+ Astrocyte subtypes
in the TLE group compared to controls (Figure 8B and C). The astrocyte population was extracted and re-annotated into
subpopulations based on their gene expression profiles (Figure 8D). Expression analysis of hub genes showed that
PDESA and CD44 were predominantly expressed in the GADD45G+ Astrocyte subtype, while TUBA1A exhibited
higher expression in the ZIC1+ Astrocyte subtype (Figure 8E and F).

Pseudotime Analysis of Astrocyte Subpopulations in TLE

To identify astrocyte subpopulations critically associated with TLE progression, we performed pseudotime analysis on
astrocyte subsets. By integrating the distribution of astrocyte subpopulations, cellular developmental states, and pseu-
dotime developmental trajectories (Figure 9A), we identified GADD45G+ Astrocytes (State 1) as the terminal differ-
entiation state in TLE progression. Other astrocyte subpopulations diverged from Node 1, progressively differentiating
toward the GADD45G+ astrocyte state as TLE advanced. To further investigate the cellular differentiation dynamics
following Node 1, we conducted pseudotime analysis and identified three distinct gene expression patterns (Clusters 1, 2,
and 3) associated with the progression toward GADD45G+ Astrocytes (Figure 9B). The purple module (Cluster 1)
exhibited a progressive increase in gene expression during TLE development, including key genes such as TUBA1A and
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Figure 6 Immune Infiltration and Correlation Analysis of Hub Genes with CRGs. (A) CIBERSORT Analysis. (B) EPIC Analysis. (C) CRGs Expression in the TLE Validation
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PDESA. Functional enrichment analysis revealed activation of the AMPK signaling pathway, TGF-beta signaling
pathway, and related biological processes in this module (Figure 9C). In contrast, the blue module (Cluster 3) displayed
a decreasing expression trend, with CD44 as a representative gene, and was associated with activation of the NF-kappa B
signaling pathway, p53 signaling pathway, and apoptosis (Figure 9C).
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Cell-Cell Communication Analysis in TLE

To elucidate the role of the immune microenvironment in TLE progression, single-cell cell-cell communication analysis
was performed using CellChat. Compared to controls, TLE samples exhibited enhanced interactions between T cells and
astrocytes (Figure 10A). Further analysis of interactions between astrocyte subpopulations and immune cells revealed
that GADD45G+ astrocytes displayed stronger communication with T cells and macrophages compared to other
astrocyte subtypes (Figure 10B). Additional characterization of immune microenvironment interactions across astrocyte
subpopulations supported these findings (Figure 10C). Within the GADD45G+ astrocyte population, representing a
terminally differentiated state in TLE, cells were stratified based on hub gene expression (TUBA1A, PDESA, and CD44)
into TUBAIA PDESA CD44 Up and TUBAIA PDESA CD44 Down GADDA45G+ astrocytes (Figure 10D).
TUBA1A PDESA CD44 Up GADDA45G+ astrocytes showed significantly stronger interactions with macrophages,
microglia, and T cells, mediated predominantly by BMP, FGF, and SEMA3 signaling pathways (Figure 10E).

Validation of Hub Gene Expression in a TLE Mouse Model

To validate the tissue expression of hub genes (TUBA1A, PDESA, and CD44), we established a mouse model of TLE
(Figure 11A). Hippocampal tissues were extracted for WB analysis, which revealed that TUBA1A and PDESA expression
levels were significantly higher in the TLE model group compared to the control group, while CD44 expression was lower
(Figure 11B). IHC experiments confirmed consistent expression trends with the WB results (Figure 11C).

Discussion

TLE, the most common drug-resistant focal epilepsy, poses a significant challenge for the development of effective treatment
strategies due to its complex pathophysiological mechanisms.'® This study, by integrating multiple bioinformatics analysis
methods, aims to deeply explore the molecular landscape of TLE, identify key driver genes, and reveal their potential cellular
and molecular mechanisms. Our research not only confirmed extensive transcriptomic alterations and significant neuroin-
flammatory features in TLE but also successfully screened and validated TUBA1A, PDESA, and CD44 as key molecules in
TLE, and preliminarily explored their potential roles in specific cell types and cell communication networks.
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Figure 10 Cell-Cell Communication Analysis in TLE. (A) Circle plot and heatmap illustrating cell-cell communication patterns in TLE compared to the control group. (B) Circle
plot and heatmap depicting interactions between astrocyte subpopulations and immune cells. (C) Dot plot highlighting differences in the immune microenvironment between
GADDA45G+ Astrocytes with high and low expression of CRGs. (D) Results of cell-cell communication pathways among different CRG-based subtypes of GADD45G+Astrocytes.
(E) Results of cell-cell communication pathways between macrophages, microglia, and T cells with different CRG-based subtypes of GADD45G+ Astrocytes.

Our bulk transcriptome analysis revealed a large number of differentially expressed genes between TLE patients and
controls, which were enriched in key pathways such as neuronal function, inflammatory response, and extracellular
matrix remodeling. This is highly consistent with previous research results, indicating that the pathological core of TLE
involves neuronal excitability imbalance, persistent neuroinflammation, and tissue structural changes."''” Notably,
although the direct role of ferroptosis in TLE is not yet clear, metal ion homeostasis imbalance, especially copper and
zinc, has been confirmed to be related to the occurrence and development of epilepsy.?® > To explore the potential
mechanism of ferroptosis in TLE, we analyzed the expression patterns of ferroptosis-related genes in patients. Our
findings suggest that further research is needed to determine whether these key genes are involved in TLE pathology by
affecting copper metabolism or other metal ion-dependent cellular processes.

A large number of studies have shown that neuroinflammation, including the activation of microglia/macrophages and
the infiltration of peripheral immune cells into the brain, is a key factor in the occurrence and maintenance of TLE.'**?
Similarly, we further confirmed and refined the complex immune microenvironment in TLE tissues. We observed

changes in the infiltration patterns of various immune cells, especially macrophages and T cell subsets, in TLE tissues.
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Figure 11 Validation of Hub Gene Expression in a TLE Mouse Model. (A) Schematic diagram illustrating the experimental workflow for establishing the TLE mouse model.
(B) WB analysis of TLE and control groups. (C) Immunohistochemistry staining of hippocampal tissues from TLE and control groups, showing expression patterns of
TUBAIA, PDESA, and CD44.

The dynamic changes of these immune cells and their potential associations with key genes suggest the importance of
immune regulation in TLE and may provide targets for immunotherapy. In addition, in addition to the diseases we
mentioned earlier, tuberculosis, cancer, and cardiovascular diseases are also associated with ferroptosis, and immune
responses play an important role in them.**2® Through WGCNA and consensus clustering analysis, we identified two
different molecular subtypes that may exist in TLE, which differ in specific pathway activities and immune features, such
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as chemokines, protein absorption and degradation, cytokine receptor interactions, and PI3K-AKT signaling pathways.
This provides a potential direction for precise classification and personalized treatment of TLE. Interestingly, type 1
diabetes and autoimmune thyroid disease were also enriched, suggesting a potential comorbidity mechanism with TLE.

We screened out three key genes, TUBA1A, PDESA, and CD44, through machine learning and validated them in an
independent external dataset.

TUBALIA, as one of the main subtypes of a-tubulin, is crucial for neuronal development, morphological maintenance,
and axonal transport.’ Its role in neurodevelopmental disorders has been reported.?® In this study, TUBA1A was found
to be upregulated in TLE tissues, and GSVA analysis indicated that its high expression was significantly associated with
inflammatory response pathways, such as TNF-a and IL-6 signaling pathways. We discovered that TUBA1A is expressed
in multiple cell types, suggesting that its role in TLE may involve neuronal stress responses, structural remodeling of
glial cells, or inflammation-mediated cytoskeletal alterations. Dynamic changes in the microtubule network have been
shown to affect the assembly and activation of inflammasomes,” and the upregulation of TUBAIA may be involved in
the neuroinflammatory process of TLE through such mechanisms.

PDESA is a cGMP-specific phosphodiesterase that mainly regulates intracellular cGMP levels and plays a role in
vascular dilation and neurotransmission.’® PDESA inhibitors, such as sildenafil, have been used to treat various
cardiovascular diseases®’ and have shown potential neuroprotective effects.*> Our study found that PDESA was
upregulated in TLE and was enriched in endothelial cells or specific neuronal subpopulations. GSVA analysis also
suggested that it was mainly associated with angiogenesis pathways. Considering that TLE is often accompanied by
blood-brain barrier dysfunction and changes in cerebral blood flow,>* the upregulation of PDE5SA may reflect adaptive or
decompensatory changes in the vascular system in TLE lesions. The ¢cGMP signaling pathway is also involved in
regulating neuronal excitability and synaptic plasticity,”* so the alteration of PDESA may directly or indirectly affect the
epileptic susceptibility in TLE.

CD44 is a well-known cell surface adhesion molecule that acts as the main receptor for hyaluronic acid and plays a central
role in inflammation, immune responses, cell migration, and tissue repair.*> In the nervous system, CD44 is a marker of
reactive Astrocytes and is deeply involved in neuroinflammation and glial scar formation.*®*’ Our study consistently observed
a significant upregulation of CD44 in TLE tissues, and it was localized in reactive Astrocytes and microglia/macrophages.
GSVA analysis showed that high expression of CD44 was closely related to key inflammatory and fibrotic pathways such as
cell adhesion, ECM interaction, IL-6/JAK/STAT3, and TGF-B. This further solidified the position of CD44 as a core
participant in neuroinflammation and glial cell activation in TLE. Our cell communication analysis also revealed that CD44
may mediate interactions between Astrocytes and immune cells such as T cells through its ligands, thereby amplifying the
inflammatory cascade and promoting the formation and maintenance of epileptic networks.

We dissected the complexity of TLE through single-cell analysis, not only identifying the main cell types in TLE
brain tissues and their proportion changes, but more importantly, through the subpopulation segmentation of Astrocytes,
revealing their high heterogeneity in TLE. Different astrocyte subpopulations may have different functional phenotypes;
for example, subpopulations with high expression of CD44 may exhibit stronger pro-inflammatory characteristics, while
others may be involved in neuroprotection or repair processes. Understanding this heterogeneity is crucial for targeted
astrocyte therapy in TLE.*® Pseudo-temporal analysis further simulated the state transitions of Astrocytes during the
pathological process of TLE and identified the key genes and pathways driving these transitions, providing clues for
understanding the dynamic process of disease progression. Additionally, we found that the interactions of specific ligand-
receptor pairs between different cell types were enhanced or weakened, and these changes may collectively shape the
pathological microenvironment of TLE. For instance, the enhanced communication pathways involving CD44, cytokines
(TNF and IL-1B) and their receptors among Astrocytes, microglia and infiltrating immune cells may drive the persistent
inflammatory response and neuronal damage.>

Our findings suggest potential translational opportunities for TLE therapeutics through three exploratory pathways.
First, targeting prioritized hub genes—such as CD44 and PDE5SA—may offer subtype-specific intervention via small-
molecule inhibitors or CRISPR-based modulation. Second, drug repositioning strategies targeting copper homeostasis—
such as trientine, an FDA-approved copper chelator—could be explored for cuproptosis-high subtypes showing ATP7A
downregulation and mitochondrial copper overload. Lastly, emerging technologies like siRNA-loaded nanoparticles or
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CRISPR-interference may offer avenues to locally modulate hub genes, with preclinical studies needed to assess their
efficacy in disrupting the cuproptosis-NF-kB-NLRP3 axis. Future clinical investigations integrating multi-omics profiling
would be valuable to evaluate these hypotheses in subtype-specific cohorts.

Although this study has achieved many valuable findings, there are still some limitations. Firstly, our research is
mainly based on transcriptome data, and changes in gene expression levels do not necessarily fully correspond to changes
at the protein level and function. Subsequent proteomic and functional experiments are needed for verification. Secondly,
an inherent limitation is that control specimens were obtained from non-epileptic surgical patients rather than truly
healthy brains. These samples may harbor occult comorbidities, peri-operative medications, or chronic systemic disease
that can subtly shift gene-expression profiles, ion-channel function, or synaptic protein levels. Additionally, the surgically
resected TLE tissues usually come from drug-resistant patients, which may represent the late stage of the disease.
Whether their molecular characteristics can be generalized to the early stage of TLE or other subtypes requires further
research. Finally, although we have conducted in-depth analyses of key genes and pathways, the exact causal relationship
and specific regulatory mechanisms of these genes in the occurrence and development of TLE still need to be
functionally verified through in vitro cell models and in vivo animal models in the future.

In summary, through multi-integration analysis, this study successfully screened and verified TUBA1A, PDESA and
CD44 as potential key biomarkers and therapeutic targets for TLE. We systematically depicted the immune infiltration
characteristics, cellular heterogeneity (especially the diversity of Astrocytes) and cell communication networks of TLE,
providing new insights into the pathogenesis of TLE. These findings not only enrich our understanding of the molecular
pathology of TLE, but also lay an important theoretical foundation for the future development of precise diagnostic tools
and innovative therapeutic strategies for TLE. Future research should focus on in-depth functional verification of these
key genes and explore the therapeutic potential of targeting these molecules or their related pathways.
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