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Abstract 15 

Background: Extracellular matrix remodeling and altered tissue mechanics are increasingly 16 

implicated in Alzheimer’s disease (AD), but links between matrix stiffness and AD pathology 17 

remain unclear.  18 

Objective: To identify matrix stiffness-related transcriptomic signatures in AD and characterize 19 

their diagnostic potential, functions, cell-type specificity, and intercellular communication 20 

patterns.  21 
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Methods: Bulk transcriptomic datasets from the Gene Expression Omnibus were integrated 22 

with literature-derived matrix stiffness-related genes. Differential expression analysis, three 23 

machine-learning algorithms, and cross-dataset validation were used to identify candidate genes 24 

and construct a multigene classification model. Functional enrichment and immune-cell 25 

deconvolution analyses were performed. Single-cell RNA sequencing data were analyzed to 26 

assess cell-type-specific expression, inferred astrocyte trajectories, and predicted cell–cell 27 

communication.  28 

Results: Eighty-one differentially expressed matrix stiffness-related genes were identified in 29 

AD brain tissue. FREM3, DUSP4, and FAM107A were selected and showed concordant 30 

differential expression across discovery and validation datasets. The three-gene model achieved 31 

an area under the receiver operating characteristic curve of 0.963 in the discovery cohort. Gene 32 

set enrichment analysis linked all three genes to oxidative phosphorylation, although FAM107A 33 

showed an enrichment direction opposite to DUSP4 and FREM3. Immune deconvolution 34 

suggested associations with immune-cell signatures. Single-cell analysis identified astrocytes 35 

as a major population expressing the three-gene signature. AD astrocytes showed altered 36 

pseudotime distributions and stronger predicted communication with immune cells, particularly 37 

T cells and macrophages.  38 

Conclusions: FREM3, DUSP4, and FAM107A are candidate matrix stiffness-related 39 

transcriptomic signatures in AD and may connect extracellular matrix remodeling with 40 

mitochondrial metabolism, immune dysregulation, and astrocyte-associated changes. 41 

Independent clinical validation and experimental confirmation are required. 42 

Keywords: Alzheimer’s disease, matrix stiffness, extracellular matrix, astrocytes, 43 

neuroimmune remodeling, single-cell RNA sequencing, mechanotransduction 44 

Graphical Abstract 45 
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 46 

1. Introduction 47 

Alzheimer’s disease (AD) is a chronic neurodegenerative condition in which memory, 48 

cognition, executive function, and reasoning progressively deteriorate1. Because AD represents 49 

the leading cause of dementia in older adults, it poses a substantial global health burden and 50 

has been recognized as a public health priority2, 3. Pathologically, the disease is defined mainly 51 

by extracellular β-amyloid (Aβ) plaques and intracellular aggregates of hyperphosphorylated 52 

tau that form neurofibrillary tangles (NFTs)4. These lesions coexist with synaptic failure, 53 

neuronal loss, and gradual disruption of brain networks, ultimately causing irreversible 54 

cognitive impairment. The mechanisms driving AD remain unresolved despite extensive 55 

research. Although anti-amyloid therapies are now available for selected patients, their modest 56 

clinical benefit highlights the need for mechanism-informed biomarkers that can support early 57 



4 

 

stratification5, 6. Current therapeutic limitations also reflect the biological heterogeneity of AD. 58 

Rather than a disorder of protein deposition alone, AD involves neuroinflammation, immune 59 

imbalance, metabolic disturbance, extracellular matrix remodeling, and altered intercellular 60 

communication7, 8. Clarifying these mechanisms is therefore essential for improving early 61 

diagnosis and identifying new therapeutic opportunities. 62 

Matrix stiffness (MS) describes the rigidity or elasticity of the extracellular matrix (ECM) 63 

surrounding cells9. This biomechanical property influences proliferation, differentiation, 64 

migration, and signal transduction, thereby shaping tissue development, repair, and disease 65 

processes10, 11. Earlier MS research has largely addressed cancer and fibrosis, in which altered 66 

matrix mechanics drive cellular remodeling and inflammatory activation12, 13. More recent 67 

studies indicate that MS also contributes to disorders of the central nervous system14. Within 68 

neural tissue, ECM mechanical changes may regulate glial reactivity and neuroinflammatory 69 

signaling through integrin-dependent mechanotransduction and cytoskeletal remodeling15, 16. In 70 

AD, multiple sclerosis, and related neurodegenerative diseases, the mechanical and 71 

inflammatory features of the neural microenvironment are markedly altered, with potential 72 

consequences for glial activation and immune regulation17. Abnormal matrix stiffening has also 73 

been linked to neuroinflammation, ECM remodeling, and impaired neuronal homeostasis 74 

during disease progression18. Nevertheless, the relationship between MS-related genes and AD 75 

has not been fully characterized. It also remains unclear whether matrix stiffness-related genes 76 

(MSRGs) mainly influence AD through glial mechanotransduction, mitochondrial stress, or 77 

neuroimmune remodeling. 78 
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Here, we filtered AD transcriptomic datasets to extract MSRGs-overlapping expression 79 

signatures to identify diagnostic biomarkers related to matrix stiffness using a comprehensive 80 

bioinformatics framework. Molecular regulatory network analysis, functional enrichment, and 81 

immune infiltration evaluation were then used to characterize the biological relevance and 82 

potential clinical implications of these biomarkers. Single-cell RNA sequencing (scRNA-seq) 83 

was further applied to annotate cell populations and identify disease-associated key cells. By 84 

combining cell-cell communication analysis with pseudotime trajectory inference, we 85 

examined biomarker expression and regulatory behavior within relevant cellular subsets. This 86 

work offers a mechanobiological framework for understanding AD pathology and provides 87 

theoretical support for therapeutic strategies targeting ECM mechanical microenvironment 88 

remodeling. 89 

2. Materials and methods 90 

2.1 Data sources 91 

AD-related transcriptomic data were obtained from the GEO database 92 

(https://www.ncbi.nlm.nih.gov/geo/). Three datasets were included. GSE44770 (GPL4372), 93 

containing brain tissue transcriptomes from 129 AD patients and 101 controls(prefrontal cortex, 94 

visual cortex and cerebellum), was used as the training set for DEG identification. GSE5281 95 

(GPL570), comprising 87 AD and 74 control brain tissue samples, served as the validation set 96 

for biomarker confirmation (entorhinal cortex, hippocampus, medial temporal gyrus, posterior 97 

cingulate, superior frontal gyrus and primary visual cortex). GSE175814 (GPL24676), which 98 

included single-cell transcriptomic profiles from 2 AD and 2 control human brain tissue 99 

samples(three regions: BA41/42, BA6/8, and anterior hippocampal cortex), was used to identify 100 
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key cell populations, and no samples were excluded. GSE138260 (GPL13497), comprising 17 101 

AD and 19 control brain tissue samples, served as an independent external validation set and 102 

was not used at any stage of candidate gene selection. These datasets were used as independent 103 

validation cohorts to assess cross-dataset reproducibility across different brain regions and 104 

populations. In addition, 1,417 MSRGs were collected from the literature 19 and accessed on 105 

April 1, 2026 (Table S1). 106 

2.2 Acquisition of candidate genes 107 

DEGs between AD and control samples were screened in the training set using the "limma" R 108 

package (v3.58.1)20. The thresholds were |log2 fold change (FC)| > 0.25 and P-value < 0.05, and 109 

genes meeting these criteria were defined as DEGs. Volcano plots were generated with the 110 

"ggplot2" R package (v3.5.1)21. The top 10 upregulated and top 10 downregulated DEGs 111 

(ranked by |log₂FC|) are shown for visualization purposes. Heatmaps of the 10 most upregulated 112 

and 10 most downregulated genes across samples were drawn using the "ComplexHeatmap" R 113 

package (v2.21.1)22. Candidate genes were then obtained by intersecting DEGs with MSRGs 114 

in a Venn diagram generated by the "ggvenn" R package (v1.2.2)23. 115 

2.3 Functional analysis of candidate genes 116 

GO and KEGG enrichment analyses were conducted to investigate the biological functions and 117 

signaling pathways associated with candidate genes in AD. These analyses were performed with 118 

the "clusterProfiler" R package (v4.8.3)24. using the whole transcriptome as the background 119 

gene set. GO terms were assessed across BP, CC, and MF categories, and BH-adjusted P (FDR) 120 

< 0.05 was used as the significance cutoff for GO and KEGG analysis. To characterize protein-121 

level interactions, candidate gene-encoded proteins were submitted to the STRING database 122 
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(http://string-db.org). A Protein-Protein Interaction (PPI) network was constructed using a 123 

confidence score threshold of ≥ 0.4. 124 

2.4 Machine learning analysis identifies candidate biomarkers 125 

Machine-learning approaches were used to narrow the characteristic genes and select candidate 126 

AD biomarkers. In the training set (GSE44770), LASSO feature selection was performed 127 

between AD and control groups with the "glmnet" R package (v4.1.8)25, using alpha = 1 and 128 

nfold = 5. Pairwise Spearman correlations were calculated among the LASSO-selected genes. 129 

The RF model was built with the "randomForest" R package (v4.7-1.1)26. SVM-RFE was 130 

applied using the "caret" R package (v6.0-94)27, and five-fold cross-validation was used to 131 

evaluate the classification performance of selected gene combinations. Elastic Net sensitivity 132 

analysis (α = 0.5, binomial logistic regression, five-fold cross-validation, λ = λmin) was 133 

performed on the same samples and candidate genes. Intersections among the gene sets 134 

generated by these algorithms were displayed using the "ggvenn" R package (v1.2.2)28 and were 135 

defined as candidate biomarkers. Biomarkers were further screened by comparing candidate 136 

biomarker expression between AD and control groups in both training and validation datasets 137 

using the Wilcoxon rank-sum test (P < 0.05). Genes with significant differential expression and 138 

consistent trends in both datasets were retained as biomarkers. To evaluate individual 139 

discriminative performance, ROC analysis was performed using normalized expression as 140 

continuous predictors and AD/control status as the outcome (pROC v1.18.5). AUCs and 95% 141 

CIs were calculated using the DeLong method. 142 

2.5 Construction and validation of the nomogram model 143 

A nomogram was constructed with the "rms" R package (v6.5-0)29 to evaluate the predictive 144 
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value of all biomarkers for AD in training-set AD and control samples (GSE44770). Model 145 

calibration was assessed by calibration curves generated with the same package; a slope close 146 

to 1 indicated better agreement between predicted and observed probabilities. A Hosmer-147 

Lemeshow (HL) P > 0.05 was considered evidence of acceptable calibration. The "pROC" R 148 

package (v1.18.5)30 was used for ROC analysis, and the AUC was calculated, with AUC > 0.7 149 

indicating predictive value. 150 

2.6 Molecular regulatory network analysis 151 

To examine biomarker-miRNA relationships, biomarker-associated miRNAs were obtained 152 

from the StarBase (v3.0) database (https://starbase.sysu.edu.cn/), and only miRNAs with 153 

pancancerNum > 6 were retained. TFs potentially interacting with biomarkers at the 154 

transcriptional level were identified using the Transcriptional Regulatory Relationships 155 

Unraveled by Sentence-based Text mining (TRRUST) database 156 

(http://www.grnpedia.org/trrust). 157 

2.7 Gene set enrichment analysis (GSEA) 158 

Biomarker-related pathways and biological processes in AD were examined by GSEA. The 159 

c2.cp.kegg.v7.5.1.symbols.gmt gene set was downloaded from the MSigDB (https://www.gsea-160 

msigdb.org/gsea/msigdb/) and used as the reference set. In the training set (GSE44770), 161 

Spearman correlation coefficients between each biomarker and all other genes were calculated 162 

with the "cor" function in the "stats" R package (v4.2.2)31. Genes were ordered from highest to 163 

lowest correlation coefficient, and pathway enrichment was performed with the 164 

"clusterProfiler" R package (4.8.3), with P < 0.05 as the threshold. 165 

2.8 Subcellular localization 166 
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For subcellular localization prediction, amino acid sequences of proteins encoded by the 167 

biomarkers were downloaded from the NCBI database (https://www.ncbi.nlm.nih.gov/). 168 

Sequence completeness and accuracy were checked before submission to the Wolf Proteome 169 

Localization Prediction by WoLF PSORT (WoLF PSORT) database (https://wolfpsort.hgc.jp/). 170 

Localization information reported by this platform was then recorded. 171 

2.9 Immune infiltration analysis 172 

Immune-cell infiltration in AD and normal samples was estimated in the training dataset with 173 

the "CIBERSORT" R package (v0.1.0)32, which quantified the relative abundance of 22 174 

immune cell types. Samples with P > 0.05 were removed. The Wilcoxon test was used to 175 

compare infiltration differences between groups, and P < 0.05 was set as the significance 176 

threshold. Immune cells with significant abundance differences were considered differential 177 

immune cells. Spearman analysis was then used to assess correlations between biomarkers and 178 

differential immune infiltrating cells, as well as correlations among differential immune cells 179 

(|cor| > 0.3 and P < 0.05). 180 

2.10 Single-cell sequencing 181 

The GSE175814 dataset was analyzed with the "Seurat" R package (v 5.1.0)33. Quality control 182 

excluded genes expressed in fewer than 3 cells, cells with fewer than 200 or more than 10,000 183 

detected genes (nFeature_RNA), cells with mitochondrial transcript proportions (percent.MT) > 184 

15%, possible doublets, and cells with total UMI counts (nCount_RNA) below 200 or above 185 

30,000. Data were log-normalized with NormalizeData, and highly variable genes were 186 

selected with FindVariableFeatures. After ScaleData normalization, principal component 187 

analysis (PCA) was conducted on the highly variable genes. Significant principal components 188 
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were evaluated by the JackStraw permutation test (P < 0.05), and the ElbowPlot was used to 189 

guide component selection. Batch effects were corrected using Harmony. Cell clustering was 190 

then performed with FindClusters across resolution values from 0.1 to 1, and clustree was used 191 

to visualize clustering stability. After a resolution was selected, DimPlot generated the UMAP 192 

visualization. A stacked bar plot summarized the cell number of each sample. In GSE175814, 193 

the chi-square test compared cell-type proportions between groups (P < 0.05), and the Wilcoxon 194 

test assessed biomarker expression (P < 0.05) to identify key cells. 195 

2.11 Functional enrichment, differentiation trajectory, and cell-cell communication analysis 196 

Reactome GSVA analysis was applied to characterize biological pathways and functions across 197 

different cell types in AD. Reactome metabolic pathway data were retrieved using the 198 

"AnnotationDbi" R package (v1.64.1)34, and cell-type-specific enrichment was assessed with 199 

the "GSVA" R package (v1.50.0)35. Pathways containing fewer than 10 or more than 500 genes 200 

were excluded to reduce excessive noise or overly broad signals, and GSVA scores (enrichment 201 

scores, ES) were generated. For key cells, secondary clustering was performed at resolution = 202 

0.2. Cell trajectory and pseudotime analyses were then conducted on key cell clusters using the 203 

"monocle" package (v 2.26.0)36. The plot_genes_in_pseudotime function was used to display 204 

biomarker expression across pseudotime stages, thereby showing changes during cell 205 

differentiation. 206 

Cell-cell communication among all annotated cell types, as well as between key cells and other 207 

cell types, was analyzed in GSE175814 with the "CellChat" R package (v1.6.1)37. Potential 208 

ligand-receptor interactions were inferred to estimate communication signals among cell 209 

populations, using P < 0.05 and log2mean ≥ 0.1 as cutoffs. Communication networks were 210 
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visualized with the "netVisual_circle" function. 211 

2.12 Statistical analysis 212 

Bioinformatics analyses were conducted in R software (v4.3.1). Between-group comparisons 213 

were evaluated with the Wilcoxon test, and P < 0.05 was considered statistically significant. 214 

3. Results 215 

3.1 Identification of candidate genes associated with MSRGs in AD 216 

In GSE44770, differential expression analysis compared AD brain tissue samples with control 217 

brain tissue samples. This analysis identified 509 DEGs, including 293 genes that were 218 

upregulated and 216 genes that were downregulated in the AD group. A volcano plot was 219 

generated for these DEGs. Based on log2FC ranking, CRH, RPS4Y1, and other genes were 220 

among the top ten downregulated genes, whereas S100A8, SERPINA3, and others were among 221 

the top ten upregulated genes in AD (Fig. 1A). Figure 1B shows the top 10 upregulated and top 222 

10 downregulated DEGs (ranked by |log₂FC|) for illustrative purposes; the full DEG list 223 

meeting the significance threshold is provided in Table S2. Intersecting DEGs (n = 509) with 224 

MSRGs (n = 1,417) yielded 81 candidate genes (Fig. 1C) (Table S3). 225 
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 226 

Figure. 1 Identification of candidate genes. (A) Volcano plot of 509 DEGs, including 293 227 

upregulated and 216 downregulated genes, in AD samples compared with control samples. (B) 228 

Heatmap showing the top 10 most significantly upregulated and downregulated genes in AD 229 

group samples. Orange indicates high expression of the gene in a specific sample, while blue 230 

indicates low expression. (C) Venn diagram of DEGs and MSRGs. 231 

3.2 Exploration of the biological functions of candidate genes 232 

GO enrichment analysis of candidate genes identified 729 significant terms (FDR < 0.05), 233 

including 641 BP terms, 40 CC terms, and 48 MF terms (P < 0.05) (Fig. 2A). The five leading 234 

BP terms were taxis, chemotaxis, ERK1 and ERK2 cascade, wound healing, and regulation of 235 

ERK1 and ERK2 cascade. The five leading CC terms included collagen-containing 236 

extracellular matrix, focal adhesion, vesicle lumen, cytoplasmic vesicle lumen, and secretory 237 

granule lumen. The five leading MF terms were actin binding, extracellular matrix structural 238 

constituent, endopeptidase inhibitor activity, integrin binding, and serine-type endopeptidase 239 

inhibitor activity. KEGG analysis identified 52 significant pathways (FDR < 0.05), including 240 
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chemokine signaling pathway and complement and coagulation cascades (Fig. 2B). The chord 241 

diagram displayed the relationships between candidate genes and enriched pathways (Fig. 2C). 242 

Detailed GO and KEGG results with nominal P and corresponding FDR values are provided in 243 

Table S4 and Table S5. These findings indicate that protein regulation is closely connected with 244 

signal transduction pathways and AD-related pathology. 245 

The PPI network contained 63 gene-encoded proteins and 282 interaction relationships (Fig. 246 

2D). Within this network, inflammation-related genes, such as S100A8, S100A9, and 247 

SERPINA3, and ECM-associated genes, including COL8A1, COL8A2, and OGN, formed 248 

dense interaction clusters. These patterns suggest that candidate genes are mainly involved in 249 

inflammatory responses and ECM remodeling during AD progression. Thus, MSRGs may 250 

contribute to AD through coordinated involvement in multiple pathological pathways rather 251 

than acting independently. 252 
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 253 

Figure. 2 Exploration of the biological functions of candidate genes. (A) GO enrichment 254 

analysis entry chart of candidate genes. (B) KEGG enrichment analysis entry chart of candidate 255 

genes. (C) Chord diagram of KEGG enrichment analysis of candidate genes. (D) PPI network 256 

of candidate gene-encoded proteins.  257 

3.3 Identification of FREM3, DUSP4, and FAM107A as biomarkers for AD  258 

LASSO feature selection, RF, and SVM-RFE were applied to candidate genes to identify AD-259 

associated characteristic genes and improve model performance. LASSO selected features at a 260 

lambda value of 0.0286 and identified eight characteristic genes: FREM3, DUSP4, CHI3L1, 261 

AEBP1, IGF1, FAM107A, PRELP, and CLU (Fig. 3A,B). RF ranked IGF1, HSPB1, FREM3, 262 

FAM107A, DUSP4, PAK1, SERPING1, CBLN4, LCP1, and S100A10 as the top 10 263 
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characteristic genes (Fig. 3C,D). SVM-RFE selected 18 characteristic genes (Fig. 3E,F; Table 264 

S6). Intersecting the three feature sets produced four overlapping genes, FREM3, IGF1, DUSP4, 265 

and FAM107A, which were defined as candidate biomarkers (Fig. 3G). The eight LASSO-266 

selected genes showed moderate-to-strong correlations (maximum ρ = 0.89, FREM3–IGF1; Fig. 267 

S1A). Elastic Net retained all eight genes, including all three final biomarkers (100% retention), 268 

supporting robustness across regularization methods (Fig. S1B, C) 269 

 270 

Figure. 3 Identification of key genes. (A)LASSO regression path plot. (B) LASSO regression 271 

cross-validation curve. (C, D) Random Forest model and selected feature genes. (E, F) SVM-272 

RFE analysis. (G) Venn diagram of the three gene sets. 273 

3.4 Expression validation and discriminative performance of biomarkers 274 

Candidate biomarker expression was evaluated in both GSE44770 and GSE5281. FREM3, 275 

DUSP4, and FAM107A showed significant differences with concordant expression trends in 276 

the two datasets; consequently, these genes were identified as biomarkers (P < 0.05) (Fig. 4A,B). 277 

Individual ROC analysis showed AUCs of 0.947 (95% CI: 0.920–0.973), 0.938 (0.905–0.972), 278 
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and 0.936 (0.905–0.966) for FREM3, DUSP4, and FAM107A, respectively, in GSE44770 （Fig. 279 

4C), versus 0.637 (0.548–0.726), 0.750 (0.672–0.828), and 0.627 (0.541–0.713) in GSE5281 280 

(Fig. 4D). 281 

 282 

 283 

Figure. 4 Expression levels and discriminative performance of key genes. (A) Expression 284 

levels of key genes in the training set. (B) Expression levels of key genes in the validation set. 285 

*P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001 (Wilcoxon rank-sum test). (C) Individual 286 

ROC curves for FREM3, DUSP4, and FAM107A in GSE44770. (D) Individual ROC curves 287 

for the three biomarkers in GSE5281. AUC values with 95% confidence intervals (DeLong 288 

method) are shown for each gene. 289 
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3.5 Biomarkers demonstrate excellent predictive value for AD 290 

A nomogram based on biomarker expression values was used to estimate AD risk. When the 291 

total score was 180 points, the predicted AD probability reached 0.706, indicating a relatively 292 

high estimated risk according to the model (Fig. 5A). Calibration and ROC analyses were then 293 

used to assess model performance. The H-L test in the calibration curve yielded P = 0.528, 294 

showing no significant difference between predicted and observed probabilities and indicating 295 

good model fit (Fig. 5B). ROC analysis showed an AUC of 0.963 (training set, GSE44770), 296 

demonstrating excellent classification accuracy for the nomogram (Fig. 5C). Applied without 297 

refitting to GSE5281, the model yielded an AUC of 0.756 (95% CI: 0.681–0.831), with 65.5% 298 

sensitivity, 74.3% specificity, and 69.6% accuracy (Fig. 5D). In the independent GSE138260 299 

(n = 36), AUC was 0.604 (95% CI: 0.412–0.796), with 88.2% sensitivity, 42.1% specificity, 300 

and 63.9% accuracy(Fig. 5E); the wide CI reflects the small sample size. 301 
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 302 

Figure. 5 The Predictive Value of Biomarkers for AD. (A) Nomogram for AD prediction based 303 

on biomarkers. (B) Calibration curve. (C) ROC curve of the nomogram in the training set 304 

(GSE44770; AUC = 0.963). (D) ROC curve in GSE5281, showing an AUC of 0.756 (95% CI: 305 

0.681–0.831. (E) ROC curve in the external GSE138260 cohort (n = 36), showing an AUC of 306 

0.604 (95% CI: 0.412–0.796). 307 

3.6 Biological information of biomarkers 308 

Molecular regulatory network analysis predicted 26 miRNAs for DUSP4 and 10 miRNAs for 309 

FAM107A, whereas no miRNA was predicted for FREM3. Five miRNAs, hsa-miR-193a-5p, 310 

hsa-miR-194-3p, hsa-miR-4727-5p, hsa-miR-5001-3p, and hsa-miR-615-5p, were shared by 311 

two biomarkers. After duplicate entries were removed, 31 miRNAs remained for network 312 

visualization (Fig. 6A; Table S7). The network suggested that hsa-let-7b-5p may target both 313 

DUSP4 and FAM107A. This interaction may influence the MAPK signaling pathway and 314 
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neuronal apoptosis during AD progression through coordinated post-transcriptional regulation. 315 

At the transcriptional level, TFs were predicted to interact with biomarkers. Four TFs were 316 

predicted for FAM107A, two for FREM3, and five for DUSP4, giving 11 TFs in total. These 317 

TFs were displayed in the regulatory network (Fig. 6B; Table S8). FAM107A was regulated by 318 

GATA2, CREB1, FOXC1, and NFKB1, whereas FREM3 was regulated by YY1 and FOXL1. 319 

The network also indicated that E2F1 and E2F6 may jointly regulate DUSP4 expression, 320 

potentially affecting cell cycle progression and neuronal survival through an E2F-mediated 321 

transcriptional axis in AD. 322 

 323 

Figure. 6 Molecular Network Regulation Analysis of Biomarkers. (A) miRNA-mRNA 324 

regulatory network containing 33 nodes and 36 edges. (B) TF-mRNA regulatory network 325 

containing 14 nodes and 11 edges. 326 

3.7 GSEA enrichment analysis of three biomarkers 327 

GSEA identified 71 pathways enriched for DUSP4 (Table S9), including Oxidative 328 

phosphorylation (Fig. 7A). FAM107A was enriched in 65 pathways (Table S10), including 329 
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Ribosome (Fig. 7B). FREM3 was enriched in 64 pathways (Table S11), including Cytokine-330 

cytokine receptor interaction (Fig. 7C). All three biomarkers were jointly enriched in 55 331 

pathways (Table S12), including Oxidative phosphorylation and Ribosome (Fig. 7D). In most 332 

pathways, DUSP4 and FREM3 displayed similar expression patterns, whereas FAM107A 333 

showed the opposite trend, suggesting that DUSP4 and FREM3 may have closer biological and 334 

functional similarity. 335 

 336 

Figure. 7 GSEA analysis. (A) GSEA enrichment analysis of DUSP4. The top 5 pathways 337 

ranked by P value from smallest to largest were: Oxidative phosphorylation, Parkinson's disease, 338 

Cytokine-cytokine receptor interaction, Complement and coagulation cascades, and Ribosome. 339 

(B) GSEA enrichment analysis of FAM107A. The top 5 pathways ranked by P-value from 340 

smallest to largest were: Oxidative phosphorylation, Ribosome, Parkinson's disease, Cytokine-341 

cytokine receptor interaction, and Huntington's disease. (C) GSEA enrichment analysis of 342 

FREM3. The top 5 pathways ranked by P-value from smallest to largest were: Oxidative 343 

phosphorylation, Parkinson's disease, Ribosome, Cytokine-cytokine receptor interaction, and 344 
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Huntington's disease. (D) Enrichment pathway correlation heatmap. 345 

3.8 Subcellular localization of biomarkers 346 

Subcellular localization prediction indicated that all three biomarkers might localize to the 347 

nucleus (Fig. 8). Additional predicted distributions differed among markers. DUSP4 showed 348 

notable plasma membrane localization and modest mitochondrial localization. FREM3 was 349 

mainly cytoplasmic, with extracellular and endoplasmic reticulum localization consistent with 350 

its secretory function and minor Golgi localization related to secretory processing. FAM107A 351 

showed prominent cytoplasmic and mitochondrial accumulation, suggesting involvement in 352 

cytoplasmic signaling and mitochondrial homeostasis; minor lysosomal and plasma membrane 353 

localization also suggested a possible role in intracellular trafficking. 354 

 355 

Figure. 8 Bar chart of biomarker gene subcellular localization results. 356 

3.9 Immune infiltration analysis 357 

Immune infiltration analysis suggested that the immune microenvironment was associated with 358 

AD diagnosis. The enrichment scores of different immune cells across samples are shown in 359 
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Fig. 9A,B, and 13 immune cell types differed significantly between groups. Violin plots 360 

confirmed distinct immune infiltration patterns, using P < 0.05 as the significance threshold. 361 

Correlation analysis showed that DUSP4 and FREM3 were positively correlated with CD8 T 362 

cells (cor = 0.53, P < 0.05; cor = 0.65, P < 0.05, respectively) and plasma cells (cor = 0.60, P < 363 

0.05; cor = 0.57, P < 0.05, respectively). FAM107A was positively correlated with resting 364 

Natural Killer (NK) cells (cor = 0.54, P < 0.05). Activated CD4 memory T cells were positively 365 

correlated with CD8 T cells (cor = 0.45, P < 0.05), and resting NK cells were positively 366 

correlated with resting CD4 memory T cells (cor = 0.33, P < 0.05). In contrast, resting CD4 367 

memory T cells were negatively correlated with CD8 T cells (cor = -0.51, P < 0.05) (Fig. 9C). 368 

 369 

Figure. 9 Immune infiltration analysis. (A) Immune scores of 28 immune cell types in the two 370 

groups. (B) Immune enrichment scores of 28 immune cell types in the two groups. (C) 371 

Differential immune cell correlation matrix plot. 372 

3.10 Single-cell sequencing analysis 373 

Before quality control, the dataset included 28,759 cells and 28,104 genes. After filtering, 374 
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26,468 cells and 28,104 genes were retained for downstream analysis (Fig. 10A,B). A scatter 375 

plot comparing RNA features with RNA counts showed a strong positive linear relationship, 376 

indicating satisfactory quality control for the single-cell dataset (Fig. 10C). Highly variable 377 

genes were then selected, and the top 2,000 genes were prioritized for analysis. The 10 genes 378 

with the largest variation, including FLT1 and RELN, were labeled (Fig. 10D). The first 15 PCs 379 

were used for subsequent clustering (Fig. 10E,F). A resolution of 0.6 was finally selected, 380 

resulting in 22 cell clusters (Fig. 10G,H). 381 

 382 

Figure. 10 Single-cell data processing. (A) Single-cell data before quality control. (B) Single-383 

cell data after quality control. (C) Correlation between nFeature RNA and nCount RNA after 384 

quality control. (D) Filter highly variable genes. (E) PCA Permutation Test Plot. (F) Principal 385 

Component Scatter Plot. (G) Single-cell resolution clustering tree diagram. (H) UMAP plot of 386 

cell cluster classification.  387 

3.11 Cell clustering, annotation, and proportion analysis 388 

After annotation, the expression distribution of marker genes across different cell types was 389 
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displayed (Table 1) (Fig. 11A). UMAP dimensionality reduction was used to classify cell 390 

clusters, and 10 cell types were annotated, including Oligodendrocyte, Neuron, and other 391 

populations (Fig. 11B). A stacked bar chart quantified the cell composition of AD and control 392 

samples, and group differences in cell proportions were also summarized (Fig. 11C,D). 393 

 Table 1. Characteristic gene information corresponding to each cell type. 394 

No. Celltype Marker gene 

1 Oligodendrocyte MYRF, MOG, ASPA, FA2H 

2 Neuron LINC00507, PDGFD, LHX6, NXPH1 

3 Neutrophil FLT1, VWF, CLDN5, NOSTRIN, CDH5 

4 Astrocyte SLCO1C1, SLC14A1, BMPR1B, F3 

5 Endothelial cell HLA-DMB, CIITA, CSF1R 

6 T cell TNC, PAX6 

7 Glial progenitor C1QC, CX3CR1, TAL1, HLA-DQB1, LILRB4 

8 Microglial cell GLI3, SLC1A2, SPON1, WIF1 

9 Fibroblast LHFPL3, MEGF11, GPR17, MYT1 

10 Macrophage IL1RAPL2','TSHZ2','SCHLAP1','OTOGL' 
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 395 

Figure. 11 Characteristic gene information corresponding to each cell type. (A) Bubble plot of 396 

marker gene expression in various cell types. (B) UMAP visualization of cell clusters in the 397 

dataset GSE175814. (C) Stacked chart of the proportion of various cell clusters. (D) Differences 398 

in the cell proportions between the AD group and the control group. (Asterisks indicate 399 

significance: *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001; ns, not significant) 400 

3.12 Identification of key cells, pathway enrichment, and astrocyte differentiation trajectory 401 

In the single-cell dataset, cell-type proportions were compared between AD patients and normal 402 

controls using the chi-square test (P < 0.05). Except for macrophages, the other nine cell types 403 

differed significantly in proportion between groups (Fig. 12A). Expression comparison of the 404 

three biomarkers across cell clusters showed that astrocytes expressed all three biomarkers 405 

significantly (P < 0.05), so astrocytes were defined as the key cell type (Fig. 12B). Reactome 406 

GSVA analysis of all annotated cell types revealed cell-type-specific pathway enrichment. The 407 

activation pathway of Na+ permeable kainate receptors was highly enriched in fibroblasts, 408 

endothelial cells, and microglial cells (Fig. 12C). Pseudotime analysis was then performed for 409 
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astrocytes. The first 12 principal components were selected by principal component analysis 410 

(Fig. 12D,E), and secondary clustering at resolution = 0.2 identified 10 astrocyte subclusters 411 

(Fig. 12F). The differentiation trajectory showed that astrocytes from the AD group were 412 

concentrated in early differentiation stages, whereas astrocytes from controls were more 413 

enriched in middle and late stages (Fig. 12G). For biomarker dynamics, DUSP4 and FREM3 414 

showed a “low-high-low” trajectory, while FAM107A increased continuously from a low level 415 

(Fig. 12H). These results suggest that astrocyte differentiation is altered in AD and may involve 416 

early-stage accumulation or delayed maturation. The dynamic patterns of DUSP4, FREM3, and 417 

FAM107A also indicate possible stage-specific regulatory roles during astrocyte differentiation 418 

in AD. 419 

 420 

Figure. 12 Single‑cell atlas, pathway enrichment, and astrocyte differentiation trajectory in AD. 421 

(A) Bar plot showing the proportion of each cell type in AD patients and normal controls. (B) 422 

Expression levels of three biomarkers across different cell clusters. (C) Reactome‑based GSVA 423 

enrichment analysis. (D, E) Principal component analysis (PCA) of astrocytes. (F) Clustering 424 
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of astrocytes. (G) Pseudotime trajectory analysis of astrocyte differentiation. (H) Dynamic 425 

expression patterns of three biomarkers along the differentiation trajectory. 426 

3.13 Cell communication 427 

CellChat analysis showed that astrocytes communicated with all other cell types in both AD 428 

and control groups. However, astrocyte-T cell communication was stronger in the AD group 429 

than in controls, whereas astrocyte communication with T cells and macrophages was weaker 430 

in the control group (Fig. 13A-D). Ligand-receptor analysis indicated that the pathways with 431 

the highest communication probability in both groups were microglial cell-glial progenitor cells 432 

and microglial cell-neurons (Fig. 13E-F). These results suggest that astrocyte communication 433 

differs in AD, while microglia-mediated communication pathways remain dominant in both 434 

groups. 435 

 436 

Figure. 13 Cell‑cell communication analysis of astrocytes in AD. (A‑D) CellChat analysis 437 

illustrating the communication network between astrocytes and other cell types (A, C: control 438 

group; B, D: AD group). (E, F) Ligand‑receptor interaction analysis in the control and AD 439 
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groups. 440 

4. Discussion 441 

ECM remodeling and altered tissue mechanics are increasingly recognized in 442 

neurodegenerative disease, but the contribution of MSRGs to AD remains insufficiently 443 

characterized. In this study, integrated transcriptomic analysis, machine learning, immune 444 

infiltration assessment, and single-cell analysis identified FREM3, DUSP4, and FAM107A as 445 

diagnostic biomarkers related to AD. The biomarker-based nomogram reached an AUC of 446 

0.963, indicating strong diagnostic performance. At the mechanistic level, these markers were 447 

linked to oxidative phosphorylation, inflammatory signaling, and astrocyte-associated 448 

processes, suggesting that ECM stiffness sensing may influence AD through mitochondrial 449 

dysfunction and neuroimmune remodeling. 450 

The enrichment profile of the identified biomarkers indicates that oxidative phosphorylation 451 

and inflammatory signaling may be important downstream processes of matrix stiffness-452 

associated changes in AD. The shared oxidative phosphorylation signal supports a link between 453 

MSRG-related mechanical remodeling and mitochondrial energy stress, which is increasingly 454 

recognized in AD-related neurodegeneration38. ECM stiffening is not simply a structural 455 

consequence of disease15, 39. It can also guide cellular behavior through integrins, focal adhesion 456 

kinase (FAK), cytoskeletal remodeling, and nucleus-cytoskeleton coupling40, 41. Consistent 457 

with this concept, the present functional enrichment results highlighted focal adhesion, integrin 458 

binding, and regulation of the actin cytoskeleton, all of which are core components of 459 

mechanosensing. In AD, persistent ECM stiffening may disrupt mechanosensitive signaling 460 

and thereby alter glial activation, inflammatory output, and neuronal metabolic adaptation. 461 
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These observations suggest that abnormal ECM mechanics may actively contribute to 462 

neurodegeneration rather than merely reflect secondary tissue damage. 463 

FREM3, DUSP4, and FAM107A may connect ECM mechanical changes with AD pathology 464 

through complementary mechanisms. FREM3 belongs to the FRAS1-related ECM protein 465 

family and is involved in neuronal development, synaptic organization, and ECM interactions42. 466 

Dysregulated FREM3 expression has been reported in neurological disorders, suggesting a 467 

possible role in neurodegeneration. Because ECM stiffness strongly affects neuronal behavior 468 

and glial activation, altered FREM3 expression may reflect extracellular microenvironment 469 

remodeling in AD43. In this study, FREM3 showed the strongest positive correlation with CD8470 ⁺ T-cell infiltration (r = 0.65). This finding suggests a potential link between ECM remodeling 471 

and adaptive immune infiltration in AD. Since CD8⁺ T-cell accumulation may contribute to 472 

neuronal injury and blood-brain barrier disruption, FREM3-associated ECM changes could 473 

participate in neuroimmune remodeling during disease progression. 474 

DUSP4 is a dual-specificity phosphatase that negatively regulates MAPK signaling44. By 475 

dephosphorylating ERK1/2 and p38 MAPKs, it contributes to cellular stress responses and 476 

inflammatory regulation45, 46. Reduced DUSP4 expression may prolong MAPK activation, 477 

thereby enhancing oxidative stress, neuroinflammation, and neuronal apoptosis in AD47, 48. 478 

Sustained MAPK signaling has also been associated with amyloid-β  accumulation, tau 479 

hyperphosphorylation, and synaptic dysfunction. Therefore, DUSP4 may act as a regulatory 480 

node linking stiffness-related signaling abnormalities to classical AD pathological processes. 481 

Among the three biomarkers, DUSP4 showed the broadest enrichment profile, involving 71 482 

signaling pathways. This result further supports its role in inflammatory and metabolic 483 
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remodeling. Its association with plasma cells (r = 0.60) also suggests that MAPK dysregulation 484 

may contribute to adaptive immune activation in the AD microenvironment. 485 

FAM107A is a stress-responsive protein with potential neuroprotective relevance49. Although 486 

it was initially described mainly in cancer biology50, 51, proteomic evidence has also connected 487 

altered FAM107A abundance with neurodegenerative disease52. In the present analysis, 488 

FAM107A was associated with oxidative phosphorylation and ribosomal pathways, suggesting 489 

involvement in metabolic adaptation and intracellular stress control. Because mitochondrial 490 

dysfunction and proteostasis impairment are central features of AD, abnormal FAM107A 491 

expression may contribute to neuronal metabolic imbalance and progressive neurodegeneration. 492 

Along the astrocyte pseudotime trajectory, FAM107A increased continuously, indicating that 493 

it may participate in sustained metabolic adaptation and stress responses during reactive 494 

astrocyte progression. 495 

The co-enrichment of all three biomarkers in oxidative phosphorylation emphasizes 496 

mitochondrial energy metabolism as a convergent MSRG-associated mechanism in AD. 497 

Oxidative phosphorylation is the main source of neuronal ATP, and its impairment is 498 

considered an early event in AD38, 53. Mitochondrial structural abnormalities, ATP depletion, 499 

and excessive reactive oxygen species accumulation can drive synaptic dysfunction and 500 

neuronal loss54. Within this framework, DUSP4 downregulation may strengthen oxidative 501 

stress by allowing persistent MAPK activation, whereas FREM3-related ECM remodeling may 502 

affect mechanotransduction and neuronal metabolic adaptation. FAM107A may further 503 

participate in mitochondrial stress regulation and intracellular energy homeostasis. Together, 504 
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these findings suggest that disrupted matrix stiffness sensing may promote neurodegeneration 505 

by disturbing neuronal energy metabolism, inflammatory balance, and ECM integrity. 506 

The miRNA-TF-mRNA network indicated that FREM3, DUSP4, and FAM107A are regulated 507 

within multilayered transcriptional and post-transcriptional systems. Several predicted 508 

miRNAs targeted more than one biomarker, suggesting coordinated regulation during AD 509 

progression. TFs such as E2F1, CREB1, and NFKB1 may also regulate biomarker expression. 510 

This regulatory pattern may connect matrix stiffness-associated signaling with neuronal 511 

survival and inflammatory activation. 512 

The predicted nuclear localization of all three biomarkers was another noteworthy observation. 513 

MSRGs are typically considered ECM proteins, adhesion-related molecules, or membrane-514 

associated mechanosensors55. Therefore, the predicted nuclear localization of FREM3, DUSP4, 515 

and FAM107A may indicate functions beyond extracellular remodeling. DUSP4 and 516 

FAM107A have known links to intracellular signaling and transcriptional regulation, whereas 517 

the biological meaning of nuclear FREM3, an ECM-associated protein, remains uncertain and 518 

should be interpreted cautiously. Mechanotransduction can influence nuclear architecture and 519 

gene expression through cytoskeleton-nucleus coupling, raising the possibility that these 520 

biomarkers participate in cellular adaptation to mechanical stress. Because these results were 521 

based on bioinformatic prediction, protein-level validation, including immunofluorescence 522 

staining and subcellular fractionation, is needed to confirm their localization and functions in 523 

AD. 524 

Immune infiltration analysis showed broad neuroimmune differences between AD and control 525 

samples. DUSP4 and FREM3 were positively correlated with CD8⁺ T cells and plasma cells, 526 
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whereas FAM107A was associated with resting natural killer (NK) cells. These correlations 527 

indicate that MSRGs may be involved in both adaptive and innate immune remodeling during 528 

AD progression. Interactions among peripheral adaptive immune cells, resident microglia, and 529 

astrocytes are increasingly recognized as part of the neuroimmune axis in AD56. Infiltrating 530 

CD8⁺ T cells and antibody-producing plasma cells may contribute to chronic 531 

neuroinflammation, blood-brain barrier dysfunction, and neuronal injury7, while activated glial 532 

cells can amplify these responses through cytokine release and immune-cell recruitment. Thus, 533 

the associations between DUSP4/FREM3 and adaptive immune populations suggest that 534 

MSRGs may influence immune-cell recruitment, activation, or retention in the AD 535 

microenvironment16. Since this inference was derived from transcriptomic deconvolution, 536 

spatial transcriptomics, multiplex immunofluorescence, and functional experiments will be 537 

required to determine whether these biomarkers directly regulate immune-cell trafficking and 538 

glia-immune interactions in affected brain regions. 539 

Single-cell transcriptomic analysis indicated that astrocytes were the main cell population 540 

showing significant differential expression of all three biomarkers. This result highlights 541 

astrocytes as potential central mediators of matrix stiffness-associated remodeling. Astrocytes 542 

were the only cell type significantly linked to FREM3, DUSP4, and FAM107A, suggesting that 543 

they may act as principal mechanosensitive responders in AD. These cells are major producers 544 

of ECM components in the central nervous system and can also sense mechanical changes in 545 

the microenvironment57, 58. Their direct contact with the basement membrane and perivascular 546 

ECM enables rapid responses to changes in tissue stiffness. Astrocytes can undergo phenotypic 547 

transformation in response to altered ECM elasticity, cytoskeletal tension, and inflammatory 548 
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stress16, 56, 59, 60. Because of their close relationship with perivascular ECM, they are well 549 

positioned to detect mechanical stress in the AD brain59. Concurrent dysregulation of FREM3, 550 

DUSP4, and FAM107A in astrocytes may therefore link matrix stiffness abnormalities with 551 

neuroinflammatory and metabolic remodeling. Astrocytes can translate mechanical cues into 552 

transcriptional, inflammatory, and metabolic programs through integrin-dependent 553 

mechanotransduction and cytoskeletal signaling16, 61. These findings suggest that astrocytes 554 

may convert ECM mechanical changes into pathogenic inflammatory and metabolic responses 555 

during AD progression. 556 

Pseudotime analysis showed that AD astrocytes were mainly concentrated at early 557 

differentiation stages, which may reflect premature pathological activation or disrupted 558 

maturation. DUSP4 and FREM3 followed a dynamic “ low-high-low”  expression pattern, 559 

whereas FAM107A increased continuously across pseudotime. These distinct trajectories 560 

suggest that the biomarkers may participate in stage-specific programs during reactive astrocyte 561 

activation and metabolic adaptation. 562 

CellChat analysis showed stronger astrocyte-T cell communication in AD than in controls, 563 

whereas these interactions were weaker under control conditions. This pattern suggests that 564 

reactive astrocytes may reshape the neuroimmune microenvironment through abnormal 565 

intercellular signaling. Because astrocytes produce ECM and sense mechanical cues, 566 

pathological ECM stiffening may enhance inflammatory communication networks through 567 

integrin-dependent mechanotransduction and cytoskeletal remodeling62, 63, thereby promoting 568 

chronic neuroinflammation and neuronal dysfunction. Astrocytes should therefore be viewed 569 

as active coordinators of neuroimmune signaling rather than passive support cells. Together 570 
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with the immune infiltration results, CellChat analysis supports enhanced astrocyte-immune 571 

cell crosstalk in the AD neuroimmune microenvironment56. The increased astrocyte-T cell 572 

communication is consistent with evidence that adaptive immune cells and glial populations 573 

jointly contribute to chronic neuroinflammation and AD progression7, 56. However, these 574 

ligand-receptor interactions were inferred computationally and should be regarded as putative 575 

networks. Spatial transcriptomics, multiplex immunofluorescence, and functional validation 576 

will be needed to confirm their spatial organization and biological significance. 577 

This study has several strengths. First, rather than focusing solely on amyloid or tau pathology, 578 

it examined AD from the perspective of matrix stiffness and ECM mechanobiology, broadening 579 

the mechanistic framework of neurodegeneration. Second, the integration of bulk 580 

transcriptomics and single-cell sequencing identified candidate biomarkers and clarified their 581 

cell-type-specific relevance, especially in astrocytes. Third, machine learning, immune 582 

infiltration analysis, and cell-cell communication analysis were combined to build a molecular 583 

framework connecting ECM remodeling, mechanotransduction, mitochondrial dysfunction, 584 

and neuroimmune activation in AD. 585 

The identified biomarkers may also have translational relevance. Owing to their strong 586 

diagnostic performance, FREM3, DUSP4, and FAM107A may serve as candidate markers for 587 

early AD detection and disease stratification. The mechanobiological pathways identified here 588 

also suggest that targeting ECM remodeling, mechanotransduction signaling, or astrocyte-589 

mediated inflammatory activation may offer new intervention strategies. Modulating the matrix 590 

stiffness-glial cell axis may therefore represent an alternative approach beyond conventional 591 

amyloid- or tau-centered therapies. 592 
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Several limitations should be noted. First, the analyses relied on publicly available datasets, and 593 

the biological functions of FREM3, DUSP4, and FAM107A in AD require experimental 594 

validation in vivo and in vitro. Second, although these biomarkers were associated with 595 

oxidative phosphorylation, immune regulation, and astrocyte activation, their direct regulatory 596 

relationships remain unknown. Third, the single-cell dataset contained a limited number of 597 

samples, which may affect the generalizability of the findings. 598 

Conclusion 599 

This study delineated matrix stiffness-related transcriptomic alterations in AD and identified 600 

FREM3, DUSP4, and FAM107A as candidate biomarkers associated with mitochondrial 601 

metabolism, immune dysregulation, and astrocyte-related cellular changes. Integrative bulk and 602 

single-cell transcriptomic analyses suggest that extracellular matrix-associated mechanical 603 

alterations may be linked to AD pathology through coordinated metabolic and neuroimmune 604 

processes, particularly those involving astrocytes. Further studies using independent clinical 605 

cohorts and experimental models are required to validate the diagnostic relevance of these genes, 606 

clarify their mechanistic roles, and determine whether the matrix stiffness–astrocyte axis 607 

represents a viable therapeutic target in AD. 608 
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