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Abstract 20 

Alzheimer’s disease (AD) is a widely prevalent neurodegenerative disorder characterized by 21 

progressive cognitive impairment and neuropathological alterations. Accumulating evidence suggests 22 

that perioperative neurocognitive disorder (PND) shares several pathological characteristics with AD; 23 

however, the molecular crosstalk between these two disorders and relevant biomarkers remain largely 24 

unexplored. In this study, we performed an integrated analysis of high-throughput sequencing datasets 25 

from Alzheimer’s disease cohorts and systematically identified the core regulatory protein-protein 26 

interaction (PPI) network associated with AD. Utilizing a random forest machine learning algorithm, we 27 

identified 10 potential core biomarkers from this network. Through comprehensive multi-cohort 28 

validation analyses, six robust biomarkers RB1, PARK7, GLO1, ENO2, MDH2, and TUBB were 29 

ultimately confirmed. In addition, in vivo validation in the 5×FAD mouse model provided experimental 30 

support for the overall dysregulation trends of these candidate biomarkers. Based on these six conserved 31 

biomarkers, we developed a diagnostic nomogram model for molecular classification and clinical 32 

assessment of Alzheimer’s disease. Functional enrichment analyses demonstrated significant 33 

associations between these biomarkers and conserved immune-related and metabolic pathways in AD. 34 

Furthermore, immune infiltration analysis revealed correlations between identified genes and multiple 35 

immune cell subtypes, suggesting immune modulation as a critical shared mechanism. Finally, we 36 

constructed a drug-target interaction network based on these biomarkers, providing valuable insights into 37 

potential therapeutic targets for the treatment of both PND and AD. 38 

 39 

 40 
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1. Introduction  41 

Alzheimer’s disease (AD) is a progressive neurodegenerative disorder characterized by insidious 42 

onset of memory loss, cognitive impairment, and gradual loss of functional independence, making it the 43 

most prevalent cause of dementia globally[1]. Epidemiological data suggest that over 55 million people 44 

are currently living with dementia, with AD contributing to approximately 60–70% of these 45 

cases[2][3][4]. Pathologically, AD is marked by extracellular amyloid-β (Aβ) plaque accumulation, 46 

intracellular tau protein hyperphosphorylation, and chronic neuroinflammation, which together drive 47 

synaptic dysfunction and neuronal loss[2][4][5]. Although our understanding of these mechanisms has 48 

deepened, early diagnosis remains difficult due to heterogeneous symptom onset, and effective disease-49 

modifying therapies are still lacking. 50 

Perioperative neurocognitive disorder (PND) is a collective term that encompasses cognitive 51 

impairments occurring in the perioperative period, including acute postoperative delirium and more 52 

persistent postoperative cognitive dysfunction[6]. PND is a major complication in elderly patients 53 

undergoing surgery, with an estimated 25% to 50% of older adults developing delirium after major 54 

procedures, and approximately 10% experiencing longer-lasting cognitive decline at three months 55 

postoperatively[7]. Intriguingly, PND and Alzheimer’s disease (AD) share overlapping clinical features, 56 

such as memory loss and cognitive dysfunction. Moreover, the two conditions exhibit striking similarities 57 

in neuropathological mechanisms, including sustained neuroinflammation, blood–brain barrier 58 

disruption, and the accumulation of misfolded protein aggregates[7][8][9]. Epidemiological evidence 59 

further supports the association between PND and AD. In a prospective study of very elderly individuals 60 

without preexisting dementia, episodes of delirium were significantly associated with accelerated 61 

cognitive decline and a markedly increased risk of subsequent dementia[10][11][12]. Collectively, these 62 
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shared features, including inflammatory responses, vascular impairment, and proteopathic changes, raise 63 

the possibility that PND and AD may involve common molecular pathways. Consequently, perioperative 64 

molecular alterations associated with PND may serve as a valuable resource for identifying novel 65 

diagnostic biomarkers for Alzheimer’s disease. 66 

In this study, we integrated multi-cohort high-throughput transcriptomic data to systematically 67 

explore the molecular landscape of PND-related genes in the context of AD. By constructing a protein–68 

protein interaction (PPI) network and applying machine learning algorithms, we prioritized a set of core 69 

PND-related genes associated with AD diagnosis, including RB1, PARK7, GLO1, ENO2, MDH2, and 70 

TUBB. Based on these biomarkers, we developed a nomogram model with high predictive performance. 71 

We further characterized functional pathway alterations and immune infiltration profiles related to these 72 

genes, and constructed a drug–target interaction network to highlight potential therapeutic opportunities. 73 

Finally, we performed in vivo validation in the 5×FAD mouse model to provide experimental support 74 

for the dysregulation trends of these candidate biomarkers. 75 

 76 

 77 

 78 

 79 

 80 

 81 

 82 
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2. Materials and methods 83 

2.1 Public data sources acquisition and pre-process 84 

The gene expression matrix and corresponding clinical data for Alzheimer's disease (AD) were retrieved 85 

from the Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/). In this study, 86 

transcriptome microarray data of AD-affected hippocampal samples and their paired normal samples 87 

from GSE5281 were incorporated. Additionally, AD-affected hippocampal samples and their paired 88 

normal hippocampal samples from GSE48350 were utilized for validation. The 89 

"NormalizeBetweenArrays" function of the "limma" R package was employed to eliminate batch effects. 90 

Similar to the previously study [13], Perioperative neurocognitive disorder-related genes were 91 

downloaded from GeneCard (https://www.genecards.org).The overall research framework is presented 92 

in Figure 1. 93 
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 94 

Figure 1. Research framework of this study 95 

2.2 Differential expression genes analysis 96 

To systematically identify differentially expressed genes (DEGs) between the disease group and the 97 

control group, we performed differential expression analysis using the “limma” package in R, which 98 

employs a linear modeling approach and empirical Bayes moderation for robust statistical inference[14]. 99 

Genes meeting the criteria of a p-value < 0.05 and a fold change threshold of |log2-FC| > 1 were defined 100 

as significantly differentially expressed. To clearly visualize the distribution and statistical significance 101 

of identified DEGs, we utilized the “genekitr” package in R to construct volcano plots, facilitating 102 

intuitive interpretation of the magnitude of gene expression changes and their corresponding statistical 103 

significance. 104 
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2.3 Pathway enrichment analysis 105 

To explore the biological functions and signaling pathways associated with differentially expressed genes 106 

(DEGs), we conducted Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) 107 

pathway enrichment analyses using the “clusterProfiler” R package[15]. Results with significantly 108 

enriched terms (P.adjust < 0.05) were visualized using the “genekitr” R package[16]. Additionally, 109 

gene set enrichment analysis (GSEA) was performed to identify pathway enrichment in patients with 110 

varying levels of gene expression. GOBP pathways were utilized for GSEA, which was also conducted 111 

using the “genekitr” package. Enrichment results with P.adjust < 0.05 were considered statistically 112 

significant. 113 

2.4 Protein-Protein Interaction Networks analysis 114 

Proteins interact with each other to form functional networks, where theoretically, the more enriched the 115 

interactions, the more central the biological functions they represent. A total of 167 PND related 116 

differentially expressed genes (DEGs) of Alzheimer’s disease were input into the STRING database to 117 

construct a protein-protein interaction (PPI) network. GOBP Pathway enrichment analysis was 118 

conducted using STRING (https://string-db.org), with no specific parameters predefined[17]. Based on 119 

the STRING analysis, a total of 57 proteins with a degree score greater than the average were identified 120 

as core proteins in this study and were included in subsequent analyses. 121 

2.5 Identification of hub biomarkers using machine learning 122 

To identify disease-specific feature genes using machine learning, we employed the “randomForest” 123 

R package to classify important genes through the Random Forest (RF) algorithm. RF analysis, based on 124 

a decision tree approach, identified the most significant variables (genes). A random forest model with 125 

500 trees was constructed for the corresponding cohort, and the optimal number of trees was determined 126 
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by minimizing the cross-validation error. Genes were ranked by importance, and the top 10 most 127 

important genes were selected as feature genes for Alzheimer’s disease diagnosis.  128 

2.6 scRNA-seq analysis 129 

In this study, we employed ssREAD(https://bmblx.bmi.osumc.edu/ssread/), a comprehensive single - cell 130 

omics and spatial omics database for Alzheimer's disease (AD)[18]. Specifically we incorporated the 131 

disease samples (GSE185553) derived from the hippocampus of AD patients.  132 

2.7 Immune infiltration analysis 133 

The IOBR R package was used to estimate immune cells in the Alzheimer’s disease cohorts[19]. 134 

Specifically, the MPCounter algorithm was employed to quantify the relative immune cell fractions in 135 

individual samples. No specific parameters were manually set. t-test was used for statistical analysis of 136 

immune cell differences between groups, and Pearson correlation was applied to calculate correlations. 137 

2.8 Construction of Drug-gene target network 138 

For the analysis of the drug-target network, the DGIdb database was employed to identify the targets of 139 

relevant genes[20]. The DGIdb database, a comprehensive resource for drug-gene interactions, 140 

aggregates data from multiple sources. It not only offers information on known interactions between 141 

genes and drugs but also provides insights into potential associations. This includes data from preclinical 142 

research, clinical trials, and pharmacological databases. After retrieving and organizing the information 143 

on relevant targets and drugs from the DGIdb database, Cytoscape was utilized to construct the drug-144 

target network[21]. 145 

2.9 Tissue collection and Quantitative RT-PCR 146 
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The 5×FAD mice expressing five familial AD gene mutations was commercially purchased and have 147 

been described previously[22]. All mice were maintained in the Animal Care Facility under ambient 148 

temperatures (26° ± 1°C), with a 12-hour light/12-hour dark cycle with unlimited access to standard 149 

rodent chow and clean water. All animal experiments were approved by the Institutional Animal Care 150 

and Use Committee at Qingdao University Medical School. Hippocampus tissue was harvested as 151 

described previously[23]. Six-month-old 5×FAD mice anesthetized by pentobarbital sodium via i.p. 152 

injection and cardiac perfused with saline. The hippocampus tissue was collected freshly and frozen 153 

immediately using liquid Nitrogen, and stored at −80 °C until use. Total RNA was extracted from 154 

hippocampus tissue with TRIzol reagent (Invitrogen, catalog no. 15596018). A 0.5 μg aliquot of total 155 

RNA was reverse-transcribed using a one-step first-strand cDNA synthesis kit (TransGen Biotech, 156 

catalog no. AT341). Quantitative real-time PCR (qRT-PCR) was performed with 2× SYBR Green PCR 157 

master mix (Genstars, catalog no. A304) on an Applied Biosystems QuantStudio 5 Real-time PCR 158 

System. The mRNA levels of target genes were quantified with comparative Ct method (2−ΔΔCt) based 159 

on Ct values normalized to β-actin. Relevant Primers are provided in Table 1. 160 

2.10 Statistical analysis 161 

Data processing, analysis, and visualization were carried out using R packages (version 4.30; 162 

https://www.bioconductor.org/) or Graphpad Prism software (version 8.0.1; 163 

https://www.graphpad.com/). To compare differences between two groups, we employed Student’s t-test. 164 

Correlation analysis between variables was performed using Pearson test. A significance level of P < 165 

0.05 was considered statistically significant. Results are expressed as the mean ± standard error of the 166 

mean.  167 

https://www.bioconductor.org/
https://www.graphpad.com/
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3. Results 168 

3.1 Differential gene expression analysis reveals transcriptomic dysregulation and enriched 169 

pathways associated with Alzheimer’s disease 170 

To explore the transcriptomic differences between Alzheimer’s disease (AD) and control groups, gene 171 

expression profiles were first normalized, resulting in consistent distributions across all samples. Boxplot 172 

visualization indicated consistent expression distributions across AD and control groups, supporting data 173 

comparability (Figure 2A). Principal component analysis (PCA) further illustrated a clear distinction 174 

between AD and control samples, suggesting significant transcriptomic differences reflective of disease-175 

specific molecular signatures (Figure 2B). We next identified a total of 1,855 significantly differentially 176 

expressed genes (DEGs), comprising 958 upregulated and 897 downregulated genes in AD relative to 177 

control samples (Figure 2D). To explore expression patterns among these DEGs, hierarchical clustering 178 

analysis was performed, revealing distinct gene-expression profiles that effectively differentiated AD 179 

from control groups (Figure 2C). The observed transcriptional dysregulation emphasizes potential 180 

candidate biomarkers linked to AD pathology. Subsequent pathway enrichment analyses based on 181 

identified DEGs demonstrated significant enrichment of multiple biological pathways, particularly the 182 

PI3K–Akt signaling pathway, calcium signaling pathway, insulin secretion, and cGMP– PKG 183 

signaling pathway (Figure 2E). The involvement of these pathways suggests their potential roles in the 184 

pathophysiological mechanisms underlying Alzheimer’s disease.  185 
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 186 

Figure 2. Differential gene expression analysis reveals transcriptomic dysregulation and enriched 187 

pathways associated with Alzheimer’s disease 188 

(A) . Boxplot showing normalized expression levels across samples, indicating consistency and 189 

comparability of data distribution between AD and control groups. (B). Principal component analysis 190 

(PCA) plot illustrating the overall separation and clustering patterns of samples based on gene expression 191 

profiles. AD and control groups are clearly distinguishable, suggesting distinct transcriptional signatures. 192 

(C). Heatmap depicting hierarchical clustering of top significantly differentially expressed genes (DEGs) 193 
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between AD and control groups. Red represents upregulated expression, while blue indicates 194 

downregulated expression. Gene symbols are listed on the right. (D). Volcano plot summarizing DEGs 195 

identified with thresholds of p-value < 0.05 and |log2-FC| > 1. Red dots represent significantly 196 

upregulated genes (n = 958), blue dots represent significantly downregulated genes (n = 897), and grey 197 

dots indicate non-significant genes. (E). KEGG pathway enrichment analysis showing significantly 198 

enriched pathways based on DEGs. Dot size corresponds to gene counts within each pathway, and dot 199 

color indicates adjusted p-values. 200 

 201 

3.2 Integrated bioinformatics analysis identifies perioperative neurocognitive disorder-related 202 

diagnostic biomarkers for Alzheimer’s disease 203 

Given the pathological associations reported between perioperative neurocognitive disorder (PND) and 204 

Alzheimer’s disease (AD), the diagnostic potential of PND-associated genes in AD was further 205 

investigated. Initially, PND-associated genes were overlapped with differentially expressed genes (DEGs) 206 

identified in AD, resulting in a total of 167 intersecting candidate genes. Subsequently, a protein–protein 207 

interaction (PPI) network was constructed based on these overlapping genes to identify critical 208 

interacting proteins potentially relevant to AD (Figure 3A). Through PPI analysis, 57 hub proteins were 209 

identified, defined as those exhibiting interaction degrees equal to or greater than the network’s average 210 

connectivity. Gene Ontology biological process (GO-BP) enrichment analysis was then conducted on 211 

these hub proteins, revealing significant enrichment in immune-related biological processes and signal 212 

transduction pathways, such as lymphocyte activation and regulation of the MAPK cascade (Figure 3B). 213 

These results suggest that dysregulation of immune cell function and key signaling pathways may play 214 

crucial roles in AD pathophysiology. To further identify core diagnostic biomarkers among these 215 
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candidate genes, a random forest algorithm was employed. A diagnostic model consisting of 500 decision 216 

trees was constructed, and gene importance scores were calculated to evaluate diagnostic efficacy (Figure 217 

3C). Finally, the top 10 genes ranked by importance, including EP300, ANK2, PARK7, RB1, APP, 218 

CREBBP, MDH2, GLO1, ENO2 and TUBB, were selected as candidate biomarkers potentially valuable 219 

for AD diagnosis (Figure 3D).  220 

 221 

Figure 3. Integrated bioinformatics analysis identifies perioperative neurocognitive disorder-222 

related diagnostic biomarkers for Alzheimer’s disease 223 

(A) . Protein-protein interaction (PPI) network constructed from significantly differentially expressed 224 

genes (DEGs). (B). GOBP pathways enrichment dotplot of overlap genes. (C). Error rate plot of the 225 
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Random Forest diagnostic model constructed using the core proteins. (D). Feature importance barplot 226 

displaying the top 10 ranked candidate biomarkers identified from the Random Forest.  227 

 228 

3.3 Validation of core perioperative neurocognitive disorder related diagnostic biomarkers for 229 

Alzheimer’s disease 230 

The differential expression patterns of ten identified candidate genes related to perioperative 231 

neurocognitive disorder (PND) were further validated between Alzheimer’s disease (AD) and control 232 

groups using independent datasets. In the training cohort GSE5281, significantly elevated expression of 233 

EP300, RB1, APP, and CREBBP was observed in AD samples, suggesting that these genes might play 234 

a promotive role in AD pathology (Figure 4A). Moreover, genes including ANK2, PARK7, MDH2, 235 

GLO1, ENO2, and TUBB were significantly downregulated in AD samples compared to controls. 236 

Receiver operating characteristic (ROC) curve analyses further confirmed that these candidate genes 237 

exhibited excellent diagnostic performance, highlighting their potential as robust biomarkers (Figure 4B). 238 

In the additional validation cohort GSE48350, RB1 displayed significantly elevated expression in AD 239 

samples, consistent with results from the GSE5281 dataset (Figure 4C). Conversely, genes such as 240 

PARK7, MDH2, GLO1, ENO2, and TUBB remained significantly downregulated in AD samples. The 241 

ROC analysis conducted on the GSE48350 cohort reinforced the diagnostic significance of these genes 242 

(Figure 4D). Given the consistent differential expression trends of RB1, PARK7, MDH2, GLO1, ENO2, 243 

and TUBB across training and validation cohorts, these six genes were further confirmed as core PND-244 

related AD diagnostic biomarkers. Finally, heatmap visualizations illustrated consistent expression 245 

patterns of these six core PND-related AD diagnostic biomarkers across individual samples in both 246 



 15 

validation datasets (Figure 4E, F), providing further evidence supporting their robustness and reliability 247 

as diagnostic biomarkers for AD. 248 

 249 

Figure 4. Validation of core perioperative neurocognitive disorder related diagnostic biomarkers 250 

for Alzheimer’s disease 251 
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(A) . Boxplots illustrating the expression levels of the top 10 candidate diagnostic genes between AD and 252 

control groups in GSE5281. (B). Bar plots showing the diagnostic accuracy of each candidate gene 253 

measured by the area under the receiver operating characteristic curve (AUC) values in GSE5281. (C). 254 

Boxplots illustrating the expression levels of the top 10 candidate diagnostic genes between AD and 255 

control groups in GSE48350.  (D). Bar plots showing the diagnostic accuracy of each candidate gene 256 

measured by the area under the receiver operating characteristic curve (AUC) values in GSE48350. (E). 257 

Heatmaps representing the relative expression patterns of the validated 6 core candidate genes across 258 

individual samples in GSE5281. (F). Heatmaps representing the relative expression patterns of the 259 

validated 6 core candidate genes across individual samples in GSE48350. 260 

 261 

3.4 Construction a nomogram for Alzheimer’s disease diagnosis  262 

To further improve the diagnostic accuracy for Alzheimer’s disease (AD), a nomogram incorporating six 263 

core perioperative neurocognitive disorder (PND)-related diagnostic biomarkers (PARK7, RB1, MDH2, 264 

GLO1, ENO2, and TUBB) was constructed (Figure 5A). In the validation cohort, the nomogram-based 265 

diagnostic model demonstrated excellent predictive performance, achieving an area under the receiver 266 

operating characteristic (ROC) curve (AUC) of 0.85, indicative of robust diagnostic capability (Figure 267 

5B). Additionally, calibration curve analysis confirmed good agreement between the predicted 268 

probabilities and observed outcomes, suggesting the nomogram provides reliable yet conservative 269 

diagnostic predictions (Figure 5C). Taken together, these results suggest that the nomogram constructed 270 

from these six core genes has significant potential as a clinical diagnostic tool for AD. 271 
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 272 

Figure 5. Construction a nomogram for Alzheimer’s disease diagnosis 273 

(A) . The nomogram integrating expression values of the six core diagnostic genes (PARK7, RB1, MDH2, 274 

GLO1, ENO2, and TUBB). Each gene’s expression level corresponds to a specific point value. Total 275 

points derived from individual gene scores are used to estimate the probability of Alzheimer’s disease. 276 

(B). Receiver operating characteristic (ROC) curve of the overall diagnostic performance of the 277 

nomogram. An area under the curve (AUC) of 0.85 indicates excellent discriminative ability in 278 

differentiating AD patients from controls. (C). Calibration curve assessing the predictive accuracy of the 279 

nomogram.  280 

 281 
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3.5 Single-cell analysis of core diagnostic genes 282 

Cell types specific expression of six core diagnostic genes was further characterized. We analyzed single 283 

cell RNA-seq data derived from the hippocampus of Alzheimer's disease (AD) patients in GSE185553 284 

using the ssREAD database. Cells were annotated into several cell subsets, including astrocytes, 285 

endothelial cells, excitatory neurons, inhibitory neurons, microglia, oligodendrocyte precursor cells, 286 

oligodendrocytes, and pericytes (Figure 6A). Feature plots of gene expression of the core diagnostic 287 

genes demonstrated non-cell specific expression patterns of the relevant genes. This finding implies the 288 

role of the genes mentioned above in the development and progression of AD across multiple cell types 289 

(Figure 6B). 290 
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 291 

Figure 6. Single-cell analysis of core diagnostic genes 292 

(A) Cell-annotated UMAP plot of the hippocampal tissue in AD patients, with different colors 293 

representing different cell types. (B) UMAP plot of single-cell expression of core diagnostic genes. The 294 

red color represents cells with positive expression. 295 

 296 

3.6 Functional enrichment analysis of the six core perioperative neurocognitive disorder-related 297 

Alzheimer’s disease diagnostic genes. 298 
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To further elucidate the biological roles of the six core perioperative neurocognitive disorder (PND)-299 

related Alzheimer’s disease (AD) diagnostic genes (TUBB, ENO2, RB1, GLO1, PARK7, and MDH2), 300 

Gene Set Enrichment Analysis(GSEA) of gene ontology biological process(GOBP) was performed. 301 

Functional analysis of PARK7 highlighted its significant involvement in metabolic pathways and 302 

immune regulation, particularly carboxylic acid biosynthesis, adaptive immune response modulation, 303 

and negative regulation of immune cell activation (Figure 7A). The gene ontology analysis for MDH2 304 

indicated its enrichment primarily in developmental and differentiation-related biological processes, such 305 

as myoblast differentiation, endochondral bone growth, and cell shape regulation, suggesting potential 306 

contributions to cellular morphology and neuronal differentiation abnormalities observed in AD (Figure 307 

7B). For RB1, significant enrichment was observed in processes related to immune cell chemotaxis and 308 

differentiation, including leukocyte chemotaxis, lymphocyte chemotaxis, and the regulation of 309 

hematopoiesis. This further supports its involvement in immune activation or inflammation pathways 310 

implicated in AD pathology (Figure 7C). The enriched pathways for GLO1 included cellular biosynthetic 311 

processes and signaling pathways associated with gliogenesis, angiogenesis, and integrin-mediated 312 

signaling, suggesting potential roles in neurovascular remodeling and glial cell function in AD (Figure 313 

7D). TUBB was significantly associated with metabolic processes, notably ATP metabolism, nucleoside 314 

triphosphate metabolic processes, and ribose phosphate metabolism, suggesting its potential role in 315 

energy homeostasis and cellular metabolism dysregulation in AD (Figure 7E). Lastly, activation of 316 

immune - related pathways exhibited a negative correlation with ENO2 expression. These immune - 317 

related processes include cellular responses to type I interferon, interferon - mediated signaling pathways, 318 

and general cellular defense responses. This finding highlights ENO2's potential role in immune 319 

dysregulation during the progression of Alzheimer's disease (Figure 7F). Collectively, these functional 320 
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enrichment analyses provide deeper insights into the potential biological mechanisms through which 321 

these core diagnostic genes may influence Alzheimer’s disease pathology, especially emphasizing roles 322 

in immune modulation, metabolic dysfunction, and neuronal differentiation. 323 

 324 

Figure 7. Functional enrichment analysis of the six core perioperative neurocognitive disorder-325 

related Alzheimer’s disease diagnostic genes. 326 
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(A-F). Ridge plots of Gene Set Enrichment Analysis (GSEA) of biological processes associated with 327 

PARK7, MDH2, RB1, GLO1, TUBB and ENO2 in Alzheimer’s disease. 328 

 329 

3.7 Immune infiltration analysis of Alzheimer’s disease 330 

Given immune-related pathways were identified as significantly associated with Alzheimer’s disease 331 

(AD) mediated by perioperative neurocognitive disorder (PND)-related genes. Additionally, the 332 

progression of AD has been increasingly recognized to involve neuroinflammatory mechanisms. Thus, 333 

the association between these genes and immune cell populations was further investigated. Immune cell 334 

abundance level for each sample were estimated using the MPCounter deconvolution algorithm. 335 

Specifically, abundance level of T cells, CD8 T cells, Cytotoxic lymphocytes, B lineage, NK cells, 336 

Monocytic lineage, Myeloid dendritic cells, Neutrophils, Endothelial cells, and Fibroblasts were 337 

determined. Upon comparing immune cell abundance level between the AD and control groups in the 338 

discovery cohort, Monocyte lineage abundance was found to be significantly elevated in the AD group 339 

(Figure 8A). Previous studies have reported that under pathological conditions, monocytes infiltrate into 340 

the hippocampus, subsequently differentiating into pro-inflammatory cell lineages that promote neuro-341 

inflammation. Consistent with these reports, our findings further suggest a pathological role for 342 

monocyte-associated immune cells in the progression of AD.  343 

 344 
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 345 

Figure 8. Immune infiltration analysis of Alzheimer’s disease 346 

(A) Boxplot of immune cell score in Alzheimer’s disease and control groups. (*P<0.05). 347 

 348 

3.8 Immune cell correlation analysis of the six core perioperative neurocognitive disorder-related 349 

Alzheimer’s disease diagnostic genes 350 

To further verify the association between core perioperative neurocognitive disorder (PND)-related 351 

Alzheimer’s disease (AD) diagnostic biomarkers and immune cell infiltration, Pearson correlation 352 

analyses were conducted. For PARK7, negative correlations were identified with multiple immune cell 353 

fractions, particularly monocytic lineage cells, CD8 T cells, and NK cells, suggesting an inverse 354 

relationship with immune infiltration patterns (Figure 9A). MDH2 exhibited positive correlations 355 

predominantly with neutrophils and cytotoxic lymphocytes, whereas significant negative correlations 356 

were observed with endothelial and monocytic lineage cells (Figure 9B). Analysis of RB1 revealed 357 

significant positive associations with monocytic lineage, while negative correlations were detected with 358 

cytotoxic lymphocytes (Figure 9C). The correlation analysis of GLO1 indicated positive relationships 359 
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with cytotoxic lymphocytes and neutrophils, and negative associations with NK cells, CD8 T cells, and 360 

monocytic lineage cells (Figure 9D). Expression levels of TUBB showed significant positive correlations 361 

with neutrophils, whereas negative correlations were observed with CD8 T cells, monocytic lineage cells 362 

and endothelial cells (Figure 9E). Finally, ENO2 displayed negative correlations with monocytic lineage 363 

and endothelial cells, but positive correlations with neutrophils, cytotoxic lymphocytes (Figure 9F). 364 

Collectively, these results underscore significant correlations between the expression of core diagnostic 365 

biomarkers and immune cell abundance level, providing additional evidence of immune dysregulation 366 

as a critical pathological mechanism in Alzheimer’s disease. 367 

 368 

 369 
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 370 

Figure 9. Immune cell correlation analysis of the six core perioperative neurocognitive disorder-371 

related Alzheimer’s disease diagnostic genes 372 

(A-F) Pearson correlation Dot-plot between gene expression and immune cell abundance level. 373 

Correlation strength is represented by horizontal axis values; color intensity indicates statistical 374 

significance as expressed by -log(P-value).  375 

 376 
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3.9 Drug and gene targets network of core perioperative neurocognitive disorder-related 377 

Alzheimer’s disease diagnostic genes 378 

Given the crucial role of perioperative neurocognitive disorder (PND)-related diagnostic genes in 379 

Alzheimer's disease (AD), we next explored potential drugs targeting the relevant gene products. A total 380 

of 167 potential targeted drugs were further identified. Specifically, this included 19 potential molecules 381 

targeting ENO2, 36 targeting RB1, 7 with GLO1 as a potential target, 4 targeting MDH2, and 99 targeting 382 

TUBB. Notably, our analysis indicated that TUBB - targeting drugs such as CURCUMIN, GLO1 - 383 

targeting drugs like NARINGENIN, and ENO2 - targeting drugs such as GABAPENTIN have 384 

demonstrated efficacy in improving preclinical AD models (Figure 10A). This finding validates the 385 

results of our analysis. 386 

 387 
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 388 

Figure 10. Drug and gene targets network of core perioperative neurocognitive disorder-related 389 

Alzheimer’s disease diagnostic genes 390 

(A) Drug-gene target network. The blue nodes represent different drugs, and the nodes with gene names 391 

marked in different colors are displayed.  392 

 393 

3.10 Experimental validation of six core perioperative neurocognitive disorder-related Alzheimer’394 

s disease diagnostic genes in the 5×FAD Alzheimer’s disease mouse model 395 
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To experimentally validate the expression patterns of the six core perioperative neurocognitive disorder 396 

(PND)-related Alzheimer’s disease (AD) diagnostic genes identified from transcriptomic analyses, we 397 

examined their expression levels in the brains of 5×FAD transgenic mice, a well-established AD model, 398 

and compared them with age-matched wild-type (WT) controls. RB1 expression was significantly 399 

increased in the brains of 5×FAD mice relative to WT controls. In contrast, PARK7, ENO2, and MDH2 400 

showed significantly reduced expression in the 5×FAD group. GLO1 and TUBB also displayed a 401 

downward trend; however, these decreases did not reach statistical significance (Figure 11A). Overall, 402 

the expression changes observed in the 5×FAD model were largely concordant in direction with the 403 

differential expression patterns detected in the human AD transcriptomic datasets, supporting the cross-404 

species reproducibility of these candidate biomarkers. Collectively, these in vivo results partially 405 

corroborate our bioinformatics-based identification of RB1, PARK7, GLO1, ENO2, MDH2, and TUBB 406 

as core PND-related diagnostic genes in AD and suggest their potential involvement in AD-associated 407 

molecular dysregulation. 408 

 409 

Figure 11. Experimental validation of six core perioperative neurocognitive disorder-related 410 

Alzheimer’s disease diagnostic genes in the 5×FAD Alzheimer’s disease mouse model 411 
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(A) Quantitative analysis of RB1, PARK7, GLO1, ENO2, MDH2 and TUBB mRNA expression levels 412 

via RT-qPCR. The panel compares 5FAD AD mouse model with WT. 413 
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4. Discussion 434 

Perioperative neurocognitive disorder (PND), including acute postoperative delirium and long-term 435 

cognitive decline, shares key pathological features and risk factors with Alzheimer’s disease (AD)[9]. 436 

Neuroinflammation is a central mechanism in both, as surgical stress and anesthesia can induce CNS 437 

immune responses— such as microglial activation, cytokine release, and blood– brain barrier 438 

disruption—paralleling the chronic inflammation seen in AD[2][7][24]. Patients experiencing PND, 439 

especially delirium, often show AD-related pathology and face increased dementia risk[25][26]. These 440 

overlaps support exploring the molecular connection between PND and AD. Here, we systematically 441 

identified PND-associated genes dysregulated in AD to uncover shared mechanisms and potential 442 

diagnostic biomarkers.  443 

Six genes previously linked to PND, including RB1, PARK7, GLO1, ENO2, MDH2, and TUBB, 444 

were identified as potential diagnostic biomarkers for AD through integrated bioinformatics and machine 445 

learning analyses. A diagnostic nomogram constructed based on these genes achieved an area under the 446 

curve (AUC) of 0.85, indicating strong predictive accuracy. In addition, we performed in vivo validation 447 

in the 5×FAD transgenic mouse model. Directionally concordant with the transcriptomic findings, RB1 448 

was significantly upregulated in 5×FAD brains, whereas PARK7, ENO2, and MDH2 were significantly 449 

downregulated; GLO1 and TUBB also showed a downward trend but did not reach statistical significance. 450 

Together, these results suggest that the transcriptional alterations linked to PND may capture key 451 

pathological features of AD. Importantly, the biological functions of these genes align well with 452 

established mechanisms of neurodegeneration, supporting their relevance as candidate markers. RB1 is 453 

a key cell cycle regulator, and its dysregulation may contribute to aberrant cell cycle reentry in 454 

postmitotic neurons, a phenomenon observed in AD. PARK7 (DJ1), a known neuroprotective protein, 455 
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mitigates oxidative stress; its deficiency can lead to toxic protein accumulation and neuronal apoptosis. 456 

GLO1, which detoxifies reactive carbonyl compounds, is critical for preventing the buildup of advanced 457 

glycation end products (AGEs). Reduced GLO1 activity exacerbates oxidative and inflammatory stress 458 

in AD, while its early upregulation may reflect a compensatory response to shared metabolic disturbances 459 

in both PND and AD[27]. MDH2, a mitochondrial malate dehydrogenase, reflects energy metabolism 460 

dysfunction. Its downregulation, along with other TCA cycle enzymes, has been observed in AD brains, 461 

aligning with known bioenergetic deficits[25]. Similar mitochondrial stress may occur in PND, 462 

potentially linking MDH2 to both conditions. TUBB, encoding beta-tubulin, is essential for microtubule 463 

structure. Microtubule instability, driven by tau aggregation, is a key feature of AD, and beta-tubulin has 464 

been shown to co-aggregate in neurofibrillary tangles[28][29]. Its inclusion suggests that cytoskeletal 465 

damage—possibly stress-induced in PND— is also relevant to AD. Collectively, these six genes 466 

constitute a biologically plausible molecular signature of neurocognitive dysfunction, encompassing 467 

critical processes such as cell cycle regulation, redox homeostasis, metabolic integrity, and structural 468 

maintenance. 469 

Beyond their diagnostic utility, our analyses also provide insights into the potential 470 

pathophysiological roles of these biomarkers. Functional enrichment of the AD-related genes associated 471 

with PND revealed their involvement in pathways related to immune response, metabolic regulation, and 472 

proteostasis. Further immune cell infiltration analysis confirmed significant correlations between these 473 

genes and immune cell populations, highlighting their relevance to neuroimmune processes. These 474 

findings align with the central role of immune dysregulation and inflammation in the pathogenesis of 475 

AD. 476 
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Notably, virtual drug screening and network analysis identified potential therapeutic compounds 477 

targeting RB1, GLO1, ENO2, MDH2, and TUBB. Several top-ranked candidate compounds possess 478 

anti-neuroinflammatory or neuroprotective properties, aligning with the biological functions of the target 479 

genes. For instance, curcumin, a TUBB modulator, has been reported to reduce soluble and insoluble 480 

amyloid-beta (Aβ) levels and plaque burden in Alzheimer's disease (AD) mouse models by inhibiting 481 

glycogen synthase kinase-3β (GSK-3β)-mediated phosphorylation of presenilin-1 (PS1), thereby 482 

reducing γ-secretase activity[30]. Similarly, naringenin, a GLO1 modulator, significantly decreases Aβ 483 

deposition, microglial and astrocytic activation, and pro-inflammatory cytokine levels in AD mouse 484 

models[31]. These findings validate the efficacy of our drug prediction methodology, warranting further 485 

investigation into promising AD therapeutic compounds. Furthermore, the convergence of pathways 486 

between perioperative neurocognitive disorders (PND) and AD suggests that therapies targeting 487 

neuroinflammation or oxidative stress may enhance both postoperative cognitive recovery and mitigate 488 

long-term neurodegeneration. 489 

In conclusion, our study highlights the molecular commonalities between PND and AD. The six 490 

identified genes represent potential diagnostic biomarkers in AD and provide insights into the biological 491 

mechanisms linking acute cognitive dysfunction and chronic neurodegeneration. Further investigation of 492 

our biomarker-based model's diagnostic accuracy and the therapeutic candidates identified is necessary, 493 

with the ultimate goal of improving outcomes for patients at risk of AD. 494 

 495 
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Table captions 625 

Table 1. Primers and the sequences applied in this study. 626 
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