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ABSTRACT:12

Background: Alzheimer disease (AD) is a long-term progressive neurodegeneration disease.13

Studies have shown that accumulation of epigenetic changes promotes the formation of gene14

mutations thereby inducing the pathogenesis of Alzheimer disease. Currently, the molecular15

mechanisms of alzheimer disease are not well defined. This calls for identification of genetic16

markers of alzheimer disease which can be leveraged to design effective drugs.17

Method: In this study, we aimed to determine the modules and hub genes that contribute to the18

development of alzheimer disease through weighted gene co-expression network analysis19

(WGCNA). The genes in the module were enriched and analyzed by GO / KEGG, and the20

protein-protein interaction（ PPI） network was constructed. In addition, WGCNA topology21

analysis was carried out to construct a gene network, from which five hub genes were identified.22

Logistic regression analysis and Receiver operating characteristics (ROC) was performed to23

explore the clinical value of genes in diagnosis of Alzheimer. The genes in the core module are24

intersected with the hub genes, and four intersecting genes were selected, which were ATP2A2,25

ATP6V1D, CAP2 and SYNJ1. The four genes were enriched by GSEA. Finally, immune26

infiltration analysis was performed.27
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Results: The GO/KEGG analysis shows that the genes in the core module play a role in the28

differentiation and growth of nerve cells and neurotransmitter transmission.Gene set enrichment29

analysis (GSEA) about core genes demonstrated that the four genes were mainly enriched in30

immune infection pathways such as cholera infection and Helicobacter pylori infection and other31

metabolic pathways. In addition, immune infiltration characteristics were investigated and found32

that T cells regulatory (Tregs), neutrophils, plasma cells, mast cells activated, T cells cellular33

helper, T cells CD8, T cells CD4 memory resetting and macrophases M1 are core immune cells34

contributing to the progression of Alzheimer's disease.35

Conclusion: The results of enrichment analysis and immunoosmotic analysis showed that36

immune pathways and immune cells played an important role in the occurrence and development37

of alzheimer disease. The selected key genes are used as biomarkers related to the pathogenesis of38

alzheimer disease to further explore the pathways and cells.39

INTRODUCTION40

Alzheimer’s disease (alzheimer disease) is a degenerative disease that is prevalent among the41

elderly. In the past few decades, research in the field of alzheimer disease has increased42

significantly, driven by availability of the technology for isolating and identifying amyloid from43

the brain.1 Alzheimer's disease (alzheimer disease) is characterized by amyloid beta (Aβ)44

accumulation, tau pathology and neuroinflammation. Proinflammatory cytokines secreted by45

activated microglia may lead to sustained low-grade inflammation of neurons. The production of46

Aβ and the pathway of neuroinflammation may jointly promote the pathology associated with47

alzheimer disease. Currently, the pathological features of amyloid plaque and neurofibrillary48

tangle are the main criteria for the diagnosis of alzheimer disease2.However, diagnosis of49

alzheimer disease through histopathology is invasive and can lead to brain injury. Presently, the50

diagnosis and treatment of alzheimer disease faces many challenges, such as lack of effective51

drugs and expensive diagnostic tests. In recent years, researchers have been committed to studying52

the biological processes driving alzheimer and identifying the abnormally expressed genes in the53

pathogenesis of alzheimer as new biomarkers. Identifying gene mutation sites associated with54



alzheimer disease is very important to explore the pathogenesis of alzheimer disease and further55

find therapeutic targets.56

Weighted co-expression network analysis (WGCNA) is a powerful method for describing gene57

expression correlations using microarray databases.3 It is used to identify correlated genes58

(modules), analyze characteristic genes of the modules or hub genes determine modules of interest59

by based on correlation coefficients between modules and phenotypic traits, as well as explore the60

relationships between modules and traits. This approach facilitates can be used to identify61

therapeutic targets and biomarkers of various diseases.4 WGCNA is widely utilized to study62

diverse diseases such as diabetes5, cancer6, brain imaging data analysis7, proteomic and63

metabolomic analyses.864

Previous studies have used WGCNA analysis to study Alzheimer's disease and screen gene65

markers.9 The difference between this study and previous studies is that through enrichment66

analysis and immune infiltration analysis, it is found that immune cells and immune infiltration67

are inseparable from the pathogenesis of Alzheimer's disease. In the current study, gene expression68

data sets obtained from integrated Gene Expression Omnibus database (GEO) were analyzed to69

identify differentially expressed genes (DEGs). Next, WGCNA analysis was adopted to find the70

core module. In addition, GO and KEGG enrichment analyses were carried out to reveal the roles71

of the core module, and construct a protein-protein interaction (PPI) network for proteins72

associated with the core module. Subsequently, the following hub genes, namely ATP2A2,73

ATP6V1D, CAP2, SYNJ1 and GHITM. Logistic regression analysis and Receiver operating74

characteristics (ROC) was performed to explore the clinical value of each gene in diagnosis of75

Alzheimer. The genes in the core module are intersected with the hub genes, and four intersecting76

genes were selected. Further analysis was carried out on the four genes. The four genes were77

subjected to Gene set enrichment analysis (GSEA). Finally, CIBERSORT the tool was employed78

to investigate immune infiltration in alzheimer disease.79

Keywords: Genetic biomarkers; Weight gene co-expression network analysis(WGCNA);80

Alzheimer's disease; epigenetic changes; immune infiltration.81



82

METERIALS AND METHODS83

1.Data collection and preprocessing84

The expression profile datasets were retrieved from the Gene Expression Omnibus database85

(GEO). GSE1297(22 Alzheimer samples and 9 normal control samples from hippocampal,86

Blalock EM et al., published 2004), GSE5281(10 Alzheimer samples, 13 normal control samples87

from entorhinal cortex; 10 Alzheimer samples, 13 normal control samples from hippocampus; 1688

Alzheimer samples, 12 normal control samples from medial temporal gyrus; 9 Alzheimer samples,89

13 normal control samples from posterior cingulate; 23 Alzheimer samples, 11 normal control90

samples from superior frontal gyrus and 19 Alzheimer samples, 12 normal control samples from91

primary visual cortex, Stephan DA et al., published 2006), GSE36980(15 Alzheimer samples, 1892

normal control samples from frontal cortex; 10 Alzheimer samples, 19 normal control samples93

from temporal cortex; and 8 Alzheimer samples, 10 normal control samples from hippocampus,94

Nakabeppu Y et al., published 2013), GSE4226(14 Alzheimer samples, 14 normal control samples95

from peripheral blood mononuclear cell, Maes OC et al., published 2006) and GSE132903(9796

Alzheimer samples, 98 normal control samples from temporal cortex, Piras IS et al., published97

2019) datasets were selected for analysis in this study. GSE1297 dataset was used to explore98

relevant modules and hub genes, whereas the other datasets were used as validation sets.1099

GSE1297 dataset was analyzed using GPL196 chip analyzer platform.11 Data on related clinical100

characteristics including age, disease status, PMI, NFT, BRAAK, MMSE and gender were also101

retrieved. All analyses were conducted in R (version 4.1.5) software. A flowchart showing the102

study design is presented in Figure 1.103

2. Analysis of differentially expressed genes104

According to the annotation platform of each expression profile, the probe is combined with the105

gene name to remove the empty probe.12 The lncRNA transcript was deleted from the dataset. A106

total of 4440 genes were selected to analysis of differentially expressed genes (DEGs). Analysis of107

DEGs was conducted using “limma” R package. Expression data of the gene matrix was log2108

transformed. P-values were adjusted using the false discovery rate (FDR) method. Genes with109

abs|log2-fold change|>=0.5 and P-value<0.05 were considered as DEGs. Upregulated and110

https://www.ncbi.nlm.nih.gov/pubmed/?term=Blalock EM[Author]
https://www.ncbi.nlm.nih.gov/pubmed/?term=Stephan DA[Author]
https://www.ncbi.nlm.nih.gov/pubmed/?term=Nakabeppu Y[Author]
https://www.ncbi.nlm.nih.gov/pubmed/?term=Maes OC[Author]
https://www.ncbi.nlm.nih.gov/pubmed/?term=Piras IS[Author]


downregulated DEGs were selected based on |log2-fold change| and visualized as a volcano map111

using “ggplot2” R package.(Fig2A) DEGs were presented as a heatmap using “pheatmap” R112

package.(Fig2B)13113

3. Weighted gene co-expression network analysis (WGCNA)114

Further, 4440 genes were selected for WGCNA analysis. "WGCNA" R package was used for115

WGCNA analysis to explore modules related to clinical traits. All samples were included in the116

group, and network topology analysis was then performed with a threshold cut-off ranging from 1117

to 20. Appropriate soft power threshold was selected for calculation of the adjacency matrix. A118

gene co-expression network was predicted with a power value equal to 5 (scale-free R^2 = 0.85),119

which showed a scale-free topology with complete module characteristics. A dendrogram was120

generated and similar clinical traits of the samples were explored to determine whether the 31121

samples in the GSE1297 dataset were suitable for network analysis. The connectivity of the model122

was calculated, a connection matrix was constructed, and the number of modules adjusted. Soft123

power threshold adjacency matrices were then converted into a topological overlap matrix (TOM)124

and a TOM dissimilarity matrix (1-TOM). Genes with similar expression levels were clustered125

into several modules by hierarchical clustering function according to 1-TOM. Gene significance126

(GS) obtained from the log10 transformation of the p value in a linear regression between the gene127

expression and clinical traits was computed to determine the significance of each module. Each128

module was represented by module eigengene (MEs), and the correlation coefficient between each129

module was calculated. Gene significance (GS) and module significance (MS) were used to130

quantify the expression configuration of modules related to sample types, form module traits, and131

for identification of modules closely related to the traits. WGCNA algorithm was used to132

determine the relationship between modular characteristic genes (MEs) and the clinical traits of133

alzheimer disease using Pearson correlation coefficient (PCC). The function cor P-value Student134

was used for determination of the Student asymptotic P-value. In addition to the gray module, the135

module with the highest or lowest correlation with alzheimer disease was selected as the key136

module (P < 0.05). The genes in the key modules were selected for subsequent analysis.137

4. Functional enrichment analysis and protein-protein interaction network (PPI) analysis138

Gene Ontology (GO) annotation and Kyoto Encyclopedia of genes and genomes (KEGG)139

enrichment analysis was performed using DAVID tool (http://david.abcc.ncifcrf.gov/) to explore140



the biological significance of selected module genes. GO terms and KEGG pathways were141

visualized using the “ggplot” R package. The top 20 GO terms including biological process (BP),142

cellular component (CC), and molecular function (MF) of the key modules, were presented in a143

bar plot. In addition, the top 20 KEGG pathways of the key modules were presented as a bubble144

chart.145

Potential interactions among the proteins encoded by these genes were predicted using STRING146

webserver (version11.5; http://string-db.org). A combined interaction score >0.5 was considered147

statistically significant. The minimum required interaction score was set at highest confidence148

(0.900). The protein-protein interaction (PPI) network was visualized using Cytoscape tool149

(version 3.8.2).150

5. Network construction and identification of Hub genes151

The edge data results from WGCNA topology analysis were imported into Cytoscape, and a152

network was constructed according to the edge with weight > 0.7. The top five genes in the153

network were selected using the plug-in unit "cytohubba" in Cytoscape software (version 3.6.2),154

according to 12 topology analysis algorithms and were presented as hub genes.155

6. Efficacy evaluation156

Logistic regression model was used to establish a prediction model. Receiver operating157

characteristics (ROC) curve analysis and the area under the curve (AUC) was performed using158

"ROCR" R package to explore the clinical value of each gene in diagnosis of Alzheimer. AUC159

value more than 0.7 indicated that the model had significant specificity and sensitivity. GSE5281,160

GSE36980, GSE4226 and GSE132903 datasets were used for external validation.161

7. Gene sets enrichment analysis (GSEA)162

Intersection genes between hub genes and key modules were selected for further analysis. A163

Venn diagram was generated using the “Draw Venn Diagram” webserver164

(http://bioinformatics.psb.ugent.be/webtools/Venn/).165

Specific signaling pathways associated with these core genes and the potential molecular166

mechanisms in modulating progression of Alzheimer were explored. Gene Sets Enrichment167

Analysis (GSEA) (3.0.0 Edition, Broad College, MIT and University of California Board of168

Trustees) explored the possible biological functions of key genes. The “c2. cp.kegg.v3.0.symbols”169

function was used for enrichment analysis. The consistent p-value of each gene set was calculated170

http://bioinformatics.psb.ugent.be/webtools/Venn/.


and association between disease types and biological processes was explored through GSEA171

significant enrichment analysis. Terms with P<0.05 and FDR<0.25 were defined as significant172

terms.173

8. Immune cell infiltration analysis174

CIBERSORT tool is used for analysis of the different immune cell types of tissues.175

CIBERSORT was adopted for analysis of the merged expression data and for determination of176

immune cell infiltrations to determine the relative proportions of infiltrating immune cells in177

Alzheimer.14 A P<0.05 was used to filter the samples. The percentage of each immune cell type in178

the samples was calculated and presented as a bar plot. A heat map of the 22 immune cells was179

generated using the “pheatmap” R package. A correlation heatmap showing the relationship of the180

22 types of infiltrating immune cells was generated using “corrplot” package.181

182

RESULTS183

1. DEGs were identified between normal and alzheimer disease samples184

A total of 4440 genes were selected after preprocessing. Moreover, 756 DEGs were identified185

between alzheimer disease and normal samples. Out of the 756 DEGs, 442 were upregulated and186

314 were downregulated (Fig. 2A). The top 100 DEGs (selected according to |log2FC|, including187

the top 50 upregulated genes and the top 50 downregulated genes) were selected to determination188

of expression patterns. A heatmap showing clustering of DEGs is presented in Figure 2B. The189

results showed that the Alzheimer samples and the control samples could be significantly190

distinguished according to the characteristics of the DEGs.191

2. Gene co-expression modules were identified192

WGCNA analysis was performed on the expression data of 4440 mRNAs in GSE1297 dataset.193

The "picksoft Threshold" function in WGCNA software package was used to filter out power194

parameters in the range of 1-20. The soft threshold power β was to 5 (scale-free R^2 = 0.85) to195

obtain a scale-free network (Fig. 3A, B). Reliability of the scale-free topology was further196

analyzed according to the soft threshold equal to 5 (Fig. 3C). The cut-off height was set to 0.2 to197

merge similar modules in the clustering tree resulting in nine modules (Fig. 4A). The Topological198

Overlap Matrix (TOM) and dissTOM = 1 − TOM were obtained with non-clustering DEGs in the199

gray module (Fig. 4B). MEs were used as illustrative profiles and module correspondence was200



computed by eigengene correlation. Interaction relations of the 9 modules was determined, and a201

network heatmap was generated (Fig. 4C). The heatmap of module trait correlation showed that202

the most significant correlation feature was in the blue module, which had a significant negative203

correlation with MMSE score (correlation coefficient= -0.52, P=0.002; Fig. 4D). This finding204

indicated that the blue module (correlation coefficient = 0.44, P =0.01; Fig. 4C) was the key205

module related to alzheimer disease disease status.206

3. Genes related to alzheimer disease were significantly enriched and PPI network analysis207

of the key module208

Genes in the blue module were selected for further analysis. A total of 76 genes were identified209

in the blue module. GO and KEGG analyses were performed to explore the potential biological210

functions of genes in the key module. The top 20 significantly enriched GO terms were retrieved211

from GO functional annotation (Fig. 5A). Functional enrichment analysis indicated that genes in212

key modules were mainly involved in biological process (BP) terms, including: positive regulation213

of heart rate, glutamate secretion, regulation of macroautophagy, neurotransmitter secretion,214

regulation of insulin secretion, ion transmembrane transport and chemical synaptic transmission.215

The cell component (CC) showed that genes were significantly enriched in: calcineurin complex,216

myelin sheath, growth cone, postsynaptic density, neuron projection, neuronal cell body, cell217

junction, perinuclear region of cytoplasm, membrane and extracellular exosome. Molecular218

function (MF) analysis showed that the genes were mainly enriched in: calcium-dependent protein219

binding, calmodulin binding and calcium ion binding. The interaction network of the top 20220

enriched GO terms is presented in Figure 5B. KEGG pathway analysis indicated that genes221

interacting with the blue module were mainly enriched in: synaptic vesicle cycle, cGMP-PKG222

signaling pathway, glutamatergic synapse, pathways of neurodegeneration - multiple diseases, and223

Alzheimer disease. The top 20 KEGG pathways were selected (Fig. 5C). The interaction network224

for the top 20 KEGG pathway is displayed in Figure 5D. GO and KEGG analyses showed that the225

genes in the key module were enriched in the process of differentiation and growth of nerve cells226

and neurotransmitter transmission, and some of them were involved in pathogenesis of227

neurodegenerative diseases or Parkinson's disease.228

Genes from the blue module were selected for further analysis. A PPI network composed of 76229

nodes and 28 edges was constructed using the STRING tool(https://cn.string-db.org/) to further230



determine their association at the protein level. The PPI network was visualized using Cytoscape231

software (Fig. 5E). The network status was as follows: average node degree=0.737; expected232

number of edges=9.233

4. Hub genes were identified234

Edge data were obtained from weight gene co-expression network analysis. The data were235

imported into Cytoscape software, and the weight was set at > 0.7 for construction of the network236

(Fig. 6). Cytohubba plug-in in Cytoscape tool was used to comprehensively explore the results of237

12 algorithms. The top five genes were selected as the hub genes, and included ATP2A2,238

ATP6V1D, CAP2, SYNJ1 and GHITM .239

5. Efficacy evaluation of hub genes240

Logistic regression model was used to establish a prediction model. The regression equation241

was as follows: Y = 62.353420 + 3.620291 * ATP2A2-16.089225 * ATP6V1D + 2.823338 *242

CAP2 + 2.035213 * SYNJ1 + 1.501149 * GHITM. ROC analysis of the prediction model243

composed of five hub genes was performed using GSE1297 dataset as the test set, and AUC value244

of 0.9192 was obtained. The model was further validated using the verification set (GSE5281,245

GSE36980, GSE4226 and GSE132903), and the AUC was 0.8427, 0.8162, 0.801 and 0.799,246

respectively. All AUC values in the test set and validation sets were above 0.7, indicating that the247

model has high sensitivity and specificity. In addition, this finding implies that the five hub genes248

are potential biomarkers for detection of Alzheimer (Fig. 7).249

Samples of GSE1297 test dataset were obtained from the hippocampus, and the samples of250

GSE5281 test set were obtained from entorhinal cortex, hippocampus, medial temporal gyrus,251

posterior cingulate gyrus, superior frontal gyrus and primary visual cortex. GSE36980 test set252

samples were obtained from frontal cortex, temporal cortex and hippocampus. GSE4226 test set253

samples were obtained from peripheral blood mononuclear cell. GSE132903 test set samples were254

obtained from middle temporal gyrus. This indicates that the hub gene prediction model is255

applicable for most brain regions and peripheral blood mononuclear cell.256

6. GSEA reveals potential biological functions257

Take the intersection of hub gene and blue module gene, obtain four cross genes, which are258

ATP6V1D, CAP2, SYNJ1 and ATP2A2, as shown in Venn diagram(Fig. 8). The intersection genes259

were further analyzed.260



Further analysis of biological pathways indicated that hub genes are implicated in immune,261

inflammatory and other metabolic processes. The samples in GSE1297 dataset were assigned to262

"high expression group" and "low expression group" according to the expression levels of263

ATP2A2, ATP6V1D, CAP2 and SYNJ1 genes. The four hub genes corresponded to 10, 8, 9 and 8264

enrichment pathways in the high expression group, respectively.265

GSEA results showed that cholera infection, oxidative phosphorylation, citrate cycle, epithelial266

cell signaling in helicobacter pylori infection, alanine and aspartate metabolism, ubiquitin267

mediated proteolysis, RNA polymerase, glutamate metabolism, proteasome, selenoamino acid268

metabolism and pyruvate metabolism pathways were highly enriched in the high expression of269

hub gene group (P<0.05).(Fig. 9) Immune infection pathways such as cholera infection and270

Helicobacter pylori infection play a key role in the high expression of alzheimer disease. The271

number of pathways associated with low expression of the genes was significantly low mainly272

included: porphyrin and chlorophyll metabolism, cell communication, cytokine-cytokine receptor273

interaction, metabolism of xenobiotics by cytochrome p450 and maturity onset diabetes of the274

young. Further studies should conduct detailed analysis of core gene enrichment pathway to275

explore pathogenesis of alzheimer disease, and the specific mechanism should be verified through276

in vitro and in vivo studies.277

7. Immune cell infiltration analysis278

CIBERSORT algorithm was used to predict infiltration of the immune cells between patients279

with Alzheimer and the control group. The percentage of 22 immune cells in each sample was280

presented in a bar graph (Fig. 10A). The samples with significant immune infiltration (P < 0.05)281

were selected and a percentage heat map of immune cells was generated (Fig. 10B). Correlation282

analysis of 22 immune cells showed that infiltrations of T cells regulatory (Tregs) was positively283

correlated with that of neutrophils (r = 0.87), plasma cells were positively correlated with284

activated mast cells (r = 0.84), T follicular helper cells were negatively correlated with CD8 T285

cells (r = -0.95), memory resting CD4 T cells were negatively correlated with M1 macrophages (r286

= -0.92) and CD8 T cells were negatively correlated with M1 macrophages (r =-0.82) (Fig. 10C).287

A significant difference in immune cell infiltration was observed between brain tissue of alzheimer288

disease patients and normal brain tissue. These finding indicates that T cells regulatory (Tregs),289

neutrophils, plasma cells, activated mast cells, T follicular helper cells, CD8 T cells, CD4 memory290



resetting T cells and M1 macrophages are potential core immune cells involved in promoting291

progression of alzheimer disease.292

DISCUSSION293

Alzheimer's disease (alzheimer disease) is the primary cause of dementia among the elderly.294

Clinically, it mainly manifests as progressive impairment of memory and other cognitive areas.295

Pathologically, the initiation of alzheimer disease is driven by genetic factors, environmental296

factors and ageing.The major pathological changes in alzheimer disease include: neuron loss and297

brain atrophy, synaptic failure, neurofibrillary tangles, and β -amyloid (Aβ) plaques.15 So far, the298

diagnosis of alzheimer disease is still based on the pathological changes of amyloid protein and299

tau biomarkers found in postmortem brain tissue sampling, there is no clear diagnostic criteria and300

targeted treatment for alzheimer disease when Alzheimer's disease patients are alive.16-17301

Therefore, it is crucial to search for genetic biomarkers and potential mechanisms of alzheimer302

disease which can be potential treatment targets.18303

In this study, data was mined from gene chips extracted from different brain regions of304

alzheimer disease patients and normal people through autopsy. WGCNA analysis was carried out305

to explore changes in gene expression between alzheimer disease and normal people. Compared306

with other traditional differential expression analysis methods, WGCNA has many advantages.307

For instance, it analyses co-expression patterns and reveals functional modules containing related308

genes. The hub genes in the modules can be used as detection biomarkers or treatment targets.309

We identified nine co-expression modules via dynamic tree cutting, from which the blue310

module was found to be the key module (P<0.01). Subsequently, GO、KEGG and PPI analyses311

were carried out for the genes in the blue module. A network was constructed and used to reveal312

core genes. Five hub genes: ATP2A2, ATP6V1D, CAP2, SYNJ1 and GHITM were identified. It has313

been previously reported that the sarco / endoplasmic reticulum (SR / ER) Ca (2+) - ATPase314

(SERCA) has an important role in Ca2+ regulation. Impaired SERCA activity may lead to various315

diseases such as alzheimer disease, diabetes, heart failure, and cancer.19 Overexpression of316

ATP2A2 correlated with good prognosis of patients with diffuse astrocytic tumors.20 Mutations in317

ATP2A2 are thought to cause dyskeratosis and abnormal intercellular adhesion.21 Previous318



literature reported that, ATP6V1D participates in the transport of hydrogen ion and can lead to319

cancer development .22 ATP6V1D is also a central component of vascular ATPase.23 Srivastav's320

team found that CAP2 / hap43 regulates the transcription of various genes and possess many321

conserved protein domains.24 Adenylate cyclase associated protein 2 (CAP2) is involved in the322

regulation of cellular actin dynamics. Previous studies have linked this protein to tumor323

progression. However, its expression level in Alzheimer's disease has not been evaluated.25324

Previous studies have confirmed that Synaptojanin 1 (SYNJ1) is a brain-enriched lipid325

phosphatase, which mainly participates in autophagosome/endosome transport, synaptic vesicle326

circulation and phosphatidylinositol metabolism. SYNJ1 polymorphism modified the onset age of327

alzheimer disease. Moreover, SYNJ1 is related to amyloid-induced toxicity. However, the328

localization and expression of SYNJ1 protein in the brain tissue of alzheimer disease patients after329

death have not been explored. Professor Ando's team research confirmed that SYNJ1 was330

upregulated in neurofibrillary tangles (NFTs), plaque associated dystrophic axons and Hirano331

bodies. SYNJ1 immunoreactivity is elevated in neurons and senile plaques in alzheimer disease332

patients with one or two apolipoprotein (APOE) ε4 alleles.26 Phosphatidylinositol phosphatase333

synaptic binding protein 1 (SYNJ1), which regulates synaptic function, has been found to be334

negatively related to expression of synaptophysin, in postmortem brains of adult patients with335

Down syndrome (DS/alzheimer disease), by Miranda professor's. In mouse models studied by336

Professor Miranda, SYNJ1 overexpressing mice showed age-related cognitive decline to the level337

of human sporadic alzheimer disease, which is caused by hippocampal hyperexcitability and338

spatial reproducibility deficits in the position field. In all types of alzheimer disease, SYNJ1339

contributes to memory deficits in the aging hippocampus.27 Professor George's findings on340

synaptic connexin have shown that synaptic cell protein 1(SYNJ1) is involved in alzheimer341

disease and Parkinson's disease.28 SYNJ1 downregulation protects against amyloid beta peptide342

(Aβ)-induced toxicity in alzheimer disease, Professor Drouet's research on synaptic connexin 1343

mutation in Parkinson's disease confirms this view.29 Growth hormone-induced transmembrane344

protein (GHITM) is a highly conserved transmembrane protein.30 The Transmembrane Bax345

interactivator -1 Motif (TMBIM) protein family is evolutionarily conserved and associated with346

susceptibility to cell death. The only member of this protein expressed in mitochondria is347

TMBIM5 (also known as GHITM or MICS1). Professor seitaj's team found that this protein348



regulates crest tissue and is linked to CHCHD2, a protein in mitochondrial intima that plays a role349

in Parkinson's disease.31 In summary, the five key / hub genes we screened are likely to be350

biomarkers and treatment targets in Alzheimer's disease.351

The logistic regression model was constructed and applied to perform comprehensive352

evaluation of their ability to predict alzheimer disease, and to find other alzheimer disease datasets353

(gene expression datasets extracted in other regions of the cerebral cortex) to validate the354

diagnostic value of the model.355

The intersection genes between the hub gene and blue module were: ATP6V1D, CAP2, SYNJ1356

and ATP2A2. GSEA enrichment analysis of these core genes was performed to explore enriched357

pathways associated with these genes. Many pathways play a key role in the high expression of358

alzheimer disease, such as oxidative phosphorylation, citric acid cycle, and also including immune359

infection pathways such as cholera infection and Helicobacter pylori infection. This study found360

that phosphorylation pathway involved in the pathogenesis of alzheimer disease through data361

mining. The brain requires continuous energy supply in the form of ATP, most of which is362

produced by glucose through oxidative phosphorylation in the mitochondria, supplemented by363

aerobic glycolysis in the cytoplasm. Phosphorylation pathway and abnormal glucose metabolism364

complement each other. Abnormal glucose metabolism is also closely related to the pathogenesis365

of Alzheimer's disease. Cunnane's team found that in elderly patients with neurodegenerative366

diseases, brain glucose metabolism is impaired in a region-specific, and disease-specific367

manner—this problem precedes the onset of symptoms in alzheimer disease.32 Professor368

Pawlosky and others found that in alzheimer disease patients and alzheimer disease mouse models,369

hypoglycemia metabolism in the brain precedes memory loss and cognitive decline, and ketone370

metabolism in the brain corrects some defects related to glucose hypometabolism through371

glycolysis.33 Our study found that citric acid cycle is involved in the pathogenesis of Alzheimer's372

disease by mining the database, which supports these previous studies. Professor Butterfield's373

team found that oxidative stress contributes to the pathogenesis and progression of alzheimer374

disease and its early amnestic mild cognitive impairment (aMCI). Some of these pathways are375

altered in the brain of preclinical alzheimer disease patients.34 We also enriched the oxidative376

stress pathway through data mining, which is consistent with previous studies. Immune infection377

pathway is also involved in the pathogenesis of Alzheimer's disease. Previous Professor Nikolic378



found that cholera toxin and cholera infection pathways may be involved in the occurrence of379

alzheimer disease.35 During senescence and neurodegeneration, activation of the380

innate immune system can occur.36 Microglia are innate immune cells in the central nervous381

system of patients with alzheimer disease. Proinflammatory cytokines secreted by activated382

microglia may lead to a positive feedback loop between neurons and microglia, resulting in383

sustained low-level inflammation.37 However, there are still many gaps in the study of immune384

infiltration pathways and the pathogenesis of Alzheimer's disease.385

In summary, WGCNA was adopted in the present study to explore co-expressed gene modules386

and hub genes in alzheimer disease. The biological functions of selected core modules were387

determined, as well as the pathways associated with the hub genes. The relationship between hub388

genes and immune infiltration was also explored. These results can be used to explore biomarkers389

of alzheimer disease.390

Nevertheless, this study has some limitations. First of all, alzheimer disease data sets in GEO391

database are not as large and recognized as tumor data sets. Therefore, more data sets should be392

combined for analysis and verification as much as possible to ensure the accuracy of the results.393

Secondly, in GEO database, alzheimer disease has less clinical information, so there is less394

information that can be used for data analysis. Third, the genes screened in this study are only395

limited to the data analysis stage. It is necessary to verify the results of data analysis through in396

vivo, in vitro and clinical experiments, whether the screened genes are different between the397

diseased group and the normal group, and whether the difference is statistically significant.398

CONCLUSION399

In conclusion, the WGCNA method, combined with clinical information, were applied to screen400

for key modules in alzheimer disease, and analyze the biological roles of genes in the modules.401

Hub genes were screened and used to construct a prediction model. Performance of the prediction402

model was verified via test set and verification sets. The intersection genes between hub genes and403

genes of the core module were subjected to GSEA which revealed crucial enrichment pathway of404

the genes in alzheimer disease. Finally, results of immune infiltration showed that T cells405

regulatory (Tregs), neutrophils, plasma cells, mast cells activated, T cells cellular helper, T cells406

CD8, T cells CD4 memory resetting and macrophases M1 are core immune cells contributing to407

the progression of Alzheimer's disease.408
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FIGURE 1| Flowchart of the Study. Abbreviation: DEGs, differential expression genes; WGCNA,
weighted co-expression network analysis; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of
Genes and Genomes; PPI, protein-protein interaction; GSEA, Gene Sets Enrichment Analysis.
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FIGURE 2 |Differentially expressed RNAs.
(A) A volcano plot showing the expression level of 4440 mRNAs. Green, and red dots represent

the top 50 down-regulated and up-regulated mRNAs, respectively. Black dots represent not
differentially expressed.

(B) Heat map clustering of the differentially expressed genes between alzheimer disease and
normal samples.
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FIGURE 3|Scale independence and Mean connectivity
R^2 shows the scale independence measure. The mean connectivity value used for determination
of optimal value of the soft threshold is shown, which ensures a scale-free network and retains
important correlations. (A) Analysis of the scale-free fit index for various soft thresholds, with the
soft threshold set at 5. (B) Analysis of the mean connectivity for various soft thresholds. (C)
Analysis of the scale-free topology when the soft threshold is 5.
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FIGURE 4| Modules related to the clinical traits of alzheimer disease. (A) Cluster dendrogram of
genes: Heatmap of co-expressed genes. Different colors shown on X and Y axes denote different
modules; (B) Heat map of co-expressed genes. Different colors on X and Y axes represent
different modules. The depth of yellow color indicates the degree of connection between modules;
(C) Dendrogram of ME obtained through WGCNA; (D) Correlation between modules and traits.
Red and blue represents high adjacency and low adjacency, respectively. PMI, postmortem
interval; NFT, neurofibrillary tangle; MMSE, mini-mental state examination.
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FIGURE 5|GO and KEGG analysis for genes co-expressed with mRNAs in key modules. (A, B)
Bar plot and interaction network of the top 20 enriched GO terms. (C, D) Bubble chart and
interaction network of the top 20 enriched KEGG pathways. (E) A PPI network.



FIGURE 6| Construction of a network and hub genes. The network. Each color box represents
genes within a module. The lines indicate correlation between genes.
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FIGURE 7| Receiver Operator Characteristics curves for samples in each dataset: (A) GSE1297
(AUC=0.9192); (B) GSE5281 (AUC=0.8427); (C) GSE36980 (AUC=0.8162);
(D)GSE4226(AUC=0.801); (E) GSE132903 (AUC=0.799).



FIGURE 8| Venn diagram. The purple Venn diagram represents genes in the key module (blue
module). The red Venn diagram represents hub genes.
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FIGURE 9| Results of Gene set enrichment analysis for the four genes (GSEA,
www.broadinstitute.org/gsea/,KEGG pathways). (A) Cholera infection; (B) Glutamate metabolism;
(C) Oxidative phosphorylation; (D) Citrate cycle; (E) Epithelial cell signaling in Helicobacter
pylori infection.
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FIGURE 10| Immune infiltration landscape for alzheimer disease and normal controls. (A) The

relative percentage of 22 types of immune cells. (B) A heat map of 22 types of immune cells. (C)

Distribution and visualization of immune cell infiltration. Correlation matrix showing the

composition of all 22 immune cell subtypes. Horizontal and vertical axes represent immune cell

subtypes. High, low, and unchanged immune cell subtype compositions are shown in red, blue,

and white, respectively.
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