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Background: Alzheimer’s disease (AD) is frequently accompanied by type 2 diabetes mellitus (T2DM), and the two disorders
share some common pathological mechanisms. However, the core genes responsible for this comorbidity and the therapeutic
targets remain to be identified.
Methods: Gene expression data were obtained from the Gene Expression Omnibus (GEO) database for AD (GSE5281) and
T2DM (GSE76894), and differentially expressed genes (DEGs) were identified. Weighted gene co-expression network analysis
(WGCNA)was performed to identify AD-associatedmodules. Fourmachine learning algorithms—Least Absolute Shrinkage and
Selection Operator (LASSO) regression, Random Forest (RF), Support Vector Machine Recursive Feature Elimination (SVM-
RFE), and Boruta—were used to screen core genes. Gene set enrichment analysis (GSEA), immune infiltration analysis using
the CIBERSORTmethod, and drug prediction using the Comparative Toxicogenomics Database (CTD) were then conducted. In
order to evaluate the binding mode and affinity of the predicted drugs with core targets, molecular docking was performed.
Results: The number of DEGs identified in the AD dataset was 4970, and the number of DEGs identified in the T2DM dataset
was 392. Cross-analysis of DEGs andWGCNA identified 15 overlapping disease-related genes. Two core genes, enolase 2 (ENO2)
and membrane palmitoylated protein 1 (MPP1), were identified using four machine learning algorithms. Both genes were co-
enriched in GSEA for leukocyte transendothelial migration, long-term potentiation/depression, citric acid cycle, oxidative phos-
phorylation, and glycolysis/gluconeogenesis. Immune infiltration analysis revealed that they participated in the disease process
by regulating the immune microenvironment. Valproic acid (VPA) was selected as a candidate drug based on the results of the
CTD drug prediction. The molecular docking results revealed that the binding free energies of VPA with ENO2 andMPP1 were
–4.747 and –5.346, respectively, suggesting that VPA had a higher binding affinity forMPP1.
Conclusion: ENO2 andMPP1 are shared molecular markers between AD and T2DM, and may be involved in the pathobiology
of both diseases by regulating energy metabolism, synaptic function, and immune inflammation. VPA may exert potential ther-
apeutic effects by targeting these two shared nodes, providing preliminary molecular evidence for the mechanisms underlying
AD-T2DM comorbidity. Further validation in AD-T2DM comorbid cohorts is warranted.
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Introduction

The older population is at high risk for two common
chronic diseases, Alzheimer’s disease (AD) and type 2 dia-
betes mellitus (T2DM). AD is the most common neurode-
generative disease and is mainly characterized by progres-
sive cognitive impairment and dementia, which are accom-
panied by a characteristic pathological mechanism of senile
plaques (composed of beta-amyloid [Aβ] protein) and neu-
rofibrillary tangles (composed of hyperphosphorylated tau
protein) [1]. The prevalence of AD is increasing with the
age of the global population. In 2020, more than 58 mil-
lion people worldwide were affected by AD; by 2050, this
is expected to rise to 152 million [2]. T2DM is a chronic
metabolic disorder associated with insulin resistance and
progressive loss of pancreatic β-cell function, and its preva-
lence is steadily rising globally. The 11th International Di-
abetes Federation (IDF) Diabetes Atlas reported that there
were 589 million people with diabetes in 2024, which is
expected to increase to 853 million by 2050, among people
aged 20–79 years [3].

Patients with AD frequently have metabolic distur-
bances, with the most common being T2DM. In a case-
control study, T2DMwas found in 35% of the patients with
AD and impaired fasting glucose in 46% [4]. According to
Lanctôt et al. [5], diabetes is one of the potential metabolic
comorbidities in AD patients, ranging from 6.0% to 24.3%.
Furthermore, T2DM has been shown to be directly asso-
ciated with accelerating progressive cognitive decline, and
studies have confirmed that T2DM also increases the risk of
the onset of AD [6]. A meta-analysis showed that patients
with T2DM had a 59% increased risk of all-cause demen-
tia [7]. Conversely, AD can increase the risk of T2DM and
contribute to the mortality burden related to comorbidity. In
the United States, between 1999 and 2019, the age-adjusted
mortality rate for T2DM with comorbid AD among people
aged ≥65 years increased from 4.12 to 11.65 per 100,000
population, representing more than a twofold increase [8],
which indicates a synergistic health risk when these two
conditions co-occur.

Several studies have identified neurobiological
crosstalk mechanisms between AD and T2DM. According
to Madhusudhanan et al. [9], hyperglycemia, insulin
resistance, and oxidative stress are shared mechanisms
that contribute to AD progression in patients with T2DM.
Diabetes-related symptoms may also be present in patients
with AD, and the shared mechanisms include impaired
insulin signaling, tau hyperphosphorylation, neuroin-
flammation, and autophagic dysfunction. Diniz Pereira
et al. [10] conducted a systematic review of proteomic
studies of AD and T2DM, which revealed 17 proteins
differentially expressed between the two diseases, such
as apolipoprotein E, α2-macroglobulin, and pancreatic
polypeptide, and associated with pathways including
cholesterol metabolism, the complement cascade, and

fat digestion and absorption. Karki et al. [11] identified
the pathway-level crosstalk mechanisms between AD
and T2DM using a knowledge-driven network modeling
approach, including the insulin signaling, PI3K/AKT,
mTOR, and MAPK pathways. Kakkar et al. [12] also
listed the major common pathways, comprising impaired
insulin signaling, chronic inflammation, oxidative stress,
mitochondrial dysfunction, accumulation of Aβ, hyper-
phosphorylation of tau, and increased levels of advanced
glycation end products (AGEs). Despite these advances,
the molecular networks and the key genes underlying the
co-occurrence of the two are still unclear and should be
further investigated.

From a clinical treatment perspective, the most com-
monly used drugs in the treatment of AD are cholinesterase
inhibitors (such as donepezil and rivastigmine) and N-
methyl-D-aspartate (NMDA) receptor antagonists (such as
memantine). These medications can relieve symptoms but
do not prevent disease progression [13]. Some antidiabetic
drugs, including metformin [14], sodium-glucose cotrans-
porter 2 inhibitors [15], and glucagon-like peptide-1 recep-
tor agonists [16], have been found to hold promise in the
prevention and treatment of AD; nevertheless, further clin-
ical validation is needed to confirm their effectiveness and
safety [17]. More importantly, the age-adjusted mortality
rate for AD-T2DM comorbidity has increased nearly three-
fold over the past 20 years [8], and no single therapeutic
approach targets both diseases at the same time. Patients
with AD-T2DM comorbidities may require treatment by
multiple specialists, including neurologists and endocrinol-
ogists, and experience the risk of polypharmacy, drug–drug
interactions, and poor medication adherence. Therefore,
the identification of the molecular targets common to both
diseases and the development of the intervention strategy
based on a “one drug with multiple effects” approach are of
great clinical transformation value.

In this study, a multi-layer integrative bioinformat-
ics approach was used to systematically identify important
molecular targets for AD-T2DM comorbidity. Weighted
gene co-expression network analysis (WGCNA) was first
applied to identify disease-associated gene modules. Sec-
ond, four complementary machine learning algorithms,
Least Absolute Shrinkage and Selection Operator (LASSO)
regression, Random Forest (RF), Support Vector Machine
Recursive Feature Elimination (SVM-RFE), and Boruta,
were combined with differential expression analysis. This
combination enabled the identification of core genes using
cross-validation. In parallel, immune infiltration analysis
was carried out using CIBERSORT. Drug prediction tar-
geting the core genes was performed using the Compara-
tive Toxicogenomics Database (CTD). The binding modes
of the candidate drugs with the targets were then validated
using molecular docking.

In summary, the present study aims to integrate tran-
scriptomic data from AD and T2DM to identify shared
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molecular nodes, evaluate their diagnostic potential, and
explore candidate therapeutic compounds using a multi-
layer bioinformatics approach combined with machine
learning cross-validation.

Methods

Data Sources
To obtain the disease-related gene expression pro-

files, the search was conducted in the Gene Expression
Omnibus (GEO) database with the keywords “Alzheimer’s
disease” and “type 2 diabetes mellitus”. In this study,
GSE5281 (87 AD brain samples, 74 control brain samples)
and GSE76894 (19 T2DM pancreatic islet samples, 84 con-
trol islet samples) were selected.

Differential Expression Analysis
The “limma” package in R was used for the normal-

ization and annotation of the gene expression data. Dif-
ferentially expressed genes (DEGs) between the AD and
control groups as well as between the T2DM and control
groups were identified with |log2 FC| ≥0.5 and an adjusted
p-value < 0.05 [18]. Visualization of the DEGs was per-
formed using heat maps and volcano plots created using R
packages such as “ggplot2”, “agglomerate”, “dplyr”, and
“pheatmap”.

Construction and Analysis of Weighted Gene
Co-expression Network

To explore the key genes related to the AD pheno-
type, we used the “WGCNA” R package to construct the
AD and T2DM DEGs-clinical traits subnetwork. Before
the analysis, hierarchical clustering was performed using
the “hclust” function in R to remove outliers. Subsequently,
a scale-free topology was employed to choose the optimal
soft-thresholding power β (range 1–20) using the “pickSoft-
Threshold” function in WGCNA. Topological overlap ma-
trix analysis was used to identify modules, and the mod-
ule that had the highest correlation was selected as the
AD-related module. The online Venn diagram tool (http:
//bioinformatics.psb.ugent.be/webtools/Venn/) was used to
perform intersections between the genes of the AD-related
modules.

Functional Enrichment Analysis
To investigate the potential biological roles of the

module genes, Gene Ontology (GO) and Kyoto Encyclo-
pedia of Genes and Genomes (KEGG) enrichment analy-
ses were conducted on the module genes using the R pack-
age “clusterProfiler”. Gene symbols were converted to En-
trez Gene IDs based on org.Hs.eg.db, and unmatched genes
were excluded. GO enrichment covered Biological Process
(BP), Cellular Component (CC), and Molecular Function
(MF) with ont = “all” and readable = TRUE. Benjamini–
Hochberg (BH) FDR correction was applied, and terms

with raw p < 0.05 and adjusted p < 0.05 were considered
significant. GRCh38 human genome-wide protein-coding
genes served as the background gene set. KEGG enrich-
ment was used to screen enriched signaling and metabolic
pathways, and the top 10 significant enrichment terms were
displayed in Sankey bubble plots.

Construction of Gene Functional Interaction
Network

The identified core geneswere submitted into theGen-
eMANIA analysis platform (http://genemania.org/) to con-
struct a gene functional interaction network. The species
was set as Homo sapiens. The network was constructed
using four types of functional association evidence: co-
expression, physical association, pathway association, and
shared protein domains. Additional genes with func-
tional similarity to the input genes were automatically pre-
dicted/selected and added to the network to improve the
gene interaction results. The co-regulatory relationships be-
tween genes were elucidated using the topology of the net-
work, hub genes, and functional module mining. The net-
work consists of nodes representing individual genes, with
their size positively correlated with the gene connectivity.
The colored lines indicate different types of functional asso-
ciations: red indicates physical interaction, purple indicates
co-expression, light blue indicates pathway association, and
light yellow indicates shared protein domains.

Machine Learning Analysis and Validation
Candidate genes were jointly screened using four ma-

chine learning algorithms, including LASSO, RF, SVM-
RFE, and Boruta, to identify core genes with the highest di-
agnostic relevance. LASSO regression was performed us-
ing an L1-regularized binomial logistic model. A sequence
of 100 regularization penalty coefficients (λ) was generated,
and 10-fold cross-validation was conducted with deviance
as the evaluation metric to determine lambda.min, which
yielded the minimum cross-validated deviance. Genes with
non-zero coefficients at lambda.min were retained. Ran-
dom forest was constructed with 500 decision trees using
the default mtry parameter. SVM-RFE with a linear ker-
nel was combined with 5-fold internal cross-validation for
recursive feature elimination, with halve.above set to 100.
The Boruta algorithm was run with a maximum of 500 it-
erations, and tentative features were reclassified using the
TentativeRoughFix function. The intersection of gene sets
derived from the four algorithms was obtained using the
online Venn diagram tool, yielding the shared core differ-
ential genes associated with both Alzheimer’s disease and
type 2 diabetes. Diagnostic performance was assessed by
plotting receiver operating characteristic (ROC) curves and
calculating the area under the curve (AUC) using the pROC
package. A nomogram was constructed using the rms and
regplot packages.
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Gene Set Enrichment Analysis (GSEA) of Biomarkers
The core module genes for GSE5281 and GSE76894

were analyzed by GSEA using the R package “clusterPro-
filer” with a threshold of p < 0.05. Significant pathways
in the high-expression and low-expression groups were se-
lected for the top five, and enrichment curves were plot-
ted to show the pathway differences between the high-
expression and low-expression groups with respect to the
expression of the core genes.

Immune Cell Infiltration (ICI) Analysis
To evaluate the ICI abundance, the CIBERSORT de-

convolution algorithm was used to analyze ICI based on
immune-related gene expression data, estimating the pro-
portions of 22 immune cell types in AD and T2DM sam-
ples. Spearman correlation was used to determine the cor-
relations among immune cells and key genes, with p < 0.05
deemed statistically significant. The “linkET” package was
used to plot the correlation network.

Prediction of Candidate Drugs Targeting Core Genes
Based on the biomarkers associated with AD and

T2DM, the CTD was used to screen potential therapeutic
compounds. The “Interaction Count” criterion was used for
target selection to increase the biological relevance of the
identified targets. A stepwise threshold strategy was used
for compound screening, while considering the number of
candidate compounds and the feasibility of the study [19].

Molecular Docking
The protein structure of ENO2 was obtained from the

Protein Data Bank (PDB) with ID 1TE6 [20]. The protein
structure of MPP1 was retrieved from the AlphaFold Pro-
tein Structure Database (Uniprot ID: Q00013, model ver-
sion: AlphaFold DB v4). All protein structures were pro-
cessed using ADFRsuite-1.0 (The Scripps Research Insti-
tute, La Jolla, CA, USA), including the removal of wa-
ter molecules, addition of polar hydrogens, and assignment
of Gasteiger charges. The processed structures were then
converted to the PDBQT format. The small-molecule lig-
and VPA was energy-minimized using ADFRsuite-1.0, fol-
lowed by the identification of rotatable bonds and assign-
ment of Gasteiger partial charges before conversion to the
PDBQT format. Molecular docking was carried out using
the AutoDock Vina 1.2.0 software package (The Scripps
Research Institute, La Jolla, CA, USA) (Detailed informa-
tion is provided in the Supplementary Table 1) [21]. The
AutoDock Vina docking score is the binding free energy
(kcal/mol), with a lower score suggesting higher binding
affinity. A docking energy of <–5 kcal/mol was consid-
ered indicative of relatively stable binding activity. Protein
structural visualization was performed using PyMOL.

Softwares and Tools
Fig. 1 was assembled using Adobe Illustrator (version

29.5, 64-bit; Adobe Systems Incorporated, San Jose, CA,
USA). Statistical plots in Figs. 2,4,5,6,7 were generated
using R software (version 4.5.3; R Foundation for Statisti-
cal Computing, Vienna, Austria). Fig. 3 and the Venn dia-
grams were created using an online drawing tool (http://bioi
nformatics.psb.ugent.be/webtools/Venn/). Fig. 8 was gen-
erated using BioRender.com (https://www.biorender.com).
All individual sub-panels were assembled, formatted, and
composed into complete composite figures using Adobe
Illustrator (version 29.5, 64-bit; Adobe Systems Incorpo-
rated, San Jose, CA, USA).

Results

Identification of DEGs
In the AD dataset (GSE5281), 4970 DEGs were iden-

tified, including 2410 up- and 2560 down-regulated genes.
In the T2DM dataset (GSE76894), 392 DEGs were iden-
tified, 92 up- and 300 down-regulated. Visualization of
DEGs from both datasets was carried out employing vol-
cano plots and heatmaps (Fig. 1).

Identification of Key Genes in AD Samples Using
WGCNA

The gene co-expression network was built using
WGCNA, and the genes related to the AD phenotype were
observed. To create a scale-free network, a soft threshold
power of β = 6 (R2 = 0.85) was selected (Fig. 2A). Mod-
ules were merged based on a cut-off value, resulting in 14
co-expression modules (Fig. 2B). The “lightyellow” mod-
ule, consisting of 1865 genes, showed the strongest associ-
ation with AD clinical traits (COR = –0.76, p < 0.001) and
was considered the module most strongly associated with
the AD phenotype (Fig. 2C,D). We identified 15 common
genes by intersecting the AD module genes from WGCNA
with the 4970 DEGs from the AD dataset (GSE5281) and
the 392 DEGs from the T2DM dataset (GSE76894) (Fig.
2E).

Gene Functional Enrichment Analysis and Hub Gene
Identification

To identify common regulatory pathways between AD
and T2DM, GO biological process enrichment analysis and
KEGG pathway analysis were performed. GO enrichment
analysis identified 219 BPs, 43 MF, and 23 CC. At the
BP level, the core differential genes were mainly enriched
in gluconeogenesis, glycolysis, regulation of insulin secre-
tion, ATP metabolic process, and regulation of neutrophil
migration. At the MF level, the differential genes were
mainly enriched in lyase activity, myosin heavy chain bind-
ing, filamin binding, glutamate receptor binding, and phos-
photransferase activity with a phosphate group as accep-
tor. At the CC level, the DEGs were mainly enriched in
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Fig. 1. Heatmap and volcano plot of DEGs in the GSE5281 and GSE76894 datasets. (A) Expression patterns of DEGs in patients
with AD. (B) Expression patterns of DEGs in patients with T2DM. In the heatmaps, red and blue represent up-regulated and down-
regulated mRNA expression, respectively. Darker colors indicate higher expression levels. DEGs, differentially expressed genes; AD,
Alzheimer’s disease; T2DM, type 2 diabetes mellitus.

presynaptic active zone membrane, distal axon, presynap-
tic active zone, synaptic membrane, and cell body mem-
brane (Fig. 3A). KEGG enrichment analysis showed that
the core differential genes were mainly enriched in glycol-
ysis/gluconeogenesis, carbon metabolism, HIF-1 signaling
pathway, MAPK signaling pathway, and pentose phosphate
pathway (Fig. 3B).

The overall topological characteristics of the network
showed that 42 genes were included, comprising the 15
core genes input into this study and 27 functionally re-
lated genes automatically supplemented by the platform
based on functional associations. The top 10 hub genes
with the highest connectivity were DDC, CACNA2D2,
STXBP1, SNAP25, ENO2, ALDOC, STX1A, CACNA1A,
CACNA1E, and RBP4. Among these, STXBP1, SNAP25,
and ENO2 had connectivity scores ≥10, indicating exten-
sive interactions with core nodes and other genes. The func-
tional association types among the genes included four cate-
gories: physical interaction (red lines, 89 connections), co-
expression (purple lines, 102 connections), pathway associ-

ation (light blue lines, 78 connections), and shared protein
domains (light yellow lines, 47 connections) (Fig. 3C).

Machine Learning Screening of Core Module Genes
To identify the hub genes with the highest diagnos-

tic value, LASSO, RF, SVM-RFE, and Boruta were used
to cross-screen the 15 candidate genes for AD and T2DM.
LASSO regression was applied using L1 regularization to
compress redundant variables and select core feature genes.
RF analysis was performed to further validate these selected
genes. SVM-RFE and Boruta identified genes with sig-
nificant classification ability via recursive elimination and
shadow-feature testing, respectively (Fig. 4A–J). Venn di-
agrams were used for cross-comparison (Fig. 4K–M). Two
genes, membrane palmitoylated protein 1 (MPP1) and eno-
lase 2 (ENO2), were identified jointly by multiple algo-
rithms.
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Fig. 2. Construction of the weighted gene co-expression network in AD. (A) Determination of the soft-thresholding power (β), in-
cluding the scale-free topology fit index for different soft-threshold powers (left) and the average connectivity for different soft-threshold
powers (right). (B) Dendrogram and fourteen co-expression modules of all DEGs clustered based on the dissimilarity measure (1-TOM),
displayed in different colors. (C) Correlation analysis between gene modules and AD occurrence. (D) Scatter plot of module membership
versus gene significance. (E) Venn diagram showing the 15 genes shared between AD and T2DM.

Validation of Core Module Gene Efficacy
Line plots and ROC curves were used further to vali-

date the efficacy of the two key genes. The results showed
that the hub genes exhibited significant diagnostic perfor-
mance in both AD and T2DM. For AD, the AUC for ENO2
was 0.883 (95% CI: 0.805−0.948), with an optimal cutoff
value of 10.960, corresponding to a sensitivity of 0.929 and
specificity of 0.804, while the AUC for MPP1 was 0.905
(95% CI: 0.836−0.960), with an optimal cutoff value of
8.713, corresponding to a sensitivity of 0.946 and speci-
ficity of 0.804, respectively. For T2DM, the AUC for
ENO2 was 0.775 (95% CI: 0.633−0.895), with an opti-
mal cutoff value of 11.472, corresponding to a sensitivity of
1.000 and specificity of 0.500, whereas the AUC forMPP1
was 0.858 (95% CI: 0.742−0.946), with an optimal cutoff
value of 9.204, corresponding to a sensitivity of 0.947 and
specificity of 0.667, respectively. Calibration curves and
decision curves showed that the model exhibited excellent
calibration performance and stable clinical value across the
entire range of risk thresholds (Fig. 5).

Gene Set Enrichment Analysis (GSEA)
We conducted GSEA to explore how the biomark-

ers affect the progression of AD and T2DM. The path-
ways significantly enriched in AD were associated with
oxidative phosphorylation, citric acid cycle (TCA cycle),
long-term potentiation/long-term depression, neuroactive
ligand-receptor interaction, and leukocyte transendothe-
lial migration (Fig. 6A–D). The pathways significantly
enriched in T2DM were related to apoptosis, glycoly-
sis/gluconeogenesis, leukocyte transendothelial migration,
soluble N-ethylmaleimide-sensitive factor attachment pro-
tein receptor (SNARE) interactions in vesicular transport,
and extracellular matrix‐receptor interaction (Fig. 6E–H).
Interestingly, several KEGG pathways were not only signif-
icantly enriched but also shared between AD and T2DM.
These pathways were cytokine-cytokine receptor interac-
tion, neuroactive ligand-receptor interaction, extracellular
matrix-receptor interaction, leukocyte transendothelial mi-
gration, and the calcium signaling pathway.
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Fig. 3. GO and KEGG pathway enrichment analyses and gene functional interaction network. (A) GO functional enrichment
and (B) KEGG pathway enrichment analysis of key genes. (C) Functional interaction network of key genes. Inner nodes represent the
core genes included in this study, whereas outer nodes represent additional related genes obtained from public databases. Node size is
proportional to the global interaction degree. BP, Biological Process; CC, Cellular Component; MF, Molecular Function; GO, Gene
Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.

ICI Analysis
The shared genes between AD and T2DM play a

role in inflammatory responses and immune regulation.
We further analyzed ICI in the AD and T2DM datasets.
The results of immune infiltration analysis showed that
ENO2 expression was negatively correlated with mono-
cytes and M2 macrophages in AD. The MPP1 expression
was positively correlated with gamma delta T (γδT) cells
(Fig. 7A) and negatively correlated with M2 macrophages

and activated dendritic cells. MPP1 expression was neg-
atively correlated with neutrophils in T2DM (Fig. 7B).
It should be noted that the LM22 signature was derived
from peripheral blood leukocytes and may not fully cap-
ture tissue-resident immune cells in the brain or pancreatic
islets. These results represent exploratory inferences about
immune-related gene expression patterns.

https://www.discovmed.com/
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Fig. 4. Construction of four machine learning models for identifying key genes associated with AD and T2DM. Machine learning-
based feature selection of 15 genes in (A–E) AD and (F–J) T2DM. (K–M) Venn diagram showing the overlapping key genes between
AD and T2DM. RF, Random Forest; SVM-RFE, Support Vector Machine Recursive Feature Elimination.

Prediction of Candidate Drug
Potential compounds were screened using an inter-

action count with the core genes (ENO2 and MPP1) of
≥3 as the threshold (Table 1). VPA is an antiepileptic
drug that acts on the central nervous system. Environ-

mental exposure-related compounds include bisphenol A,
benzo(a)pyrene, sodium arsenite, and cadmium chloride.
In addition, 4-(5-benzo(1,3)dioxol-5-yl-4-pyridin-2-yl-1H-
imidazol-2-yl)benzamide was identified as an inhibitor of
the TGF-β signaling pathway.

https://www.discovmed.com/
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Fig. 5. Validation of four machine learning models in AD and T2DM. (A) Nomogram constructed using ENO2 and MPP1 for
predicting AD risk. (B) Calibration curve of the nomogram. (C) Decision curve analysis (DCA) of the nomogram. (D) ROC curves of
ENO2 andMPP1. (E) Nomogram constructed using ENO2 andMPP1 for predicting T2DM risk. (F) Calibration curve of the nomogram.
(G) DCA of the nomogram. (H) ROC curves of ENO2 andMPP1.
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Fig. 6. Gene set enrichment analysis (GSEA). Pathways enriched in the (A) high-ENO2-expression, (B) low-ENO2-expression, (C)
high-MPP1-expression, and (D) low-MPP1-expression subgroups in AD. Pathways enriched in the (E) high-ENO2-expression, (F) low-
ENO2-expression, (G) high-MPP1-expression, and (H) low-MPP1-expression subgroups in T2DM.
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Fig. 7. Immune cell infiltration analysis. Correlation analysis between immune cells and ENO2 and MPP1 expression in (A) AD and
(B) T2DM.

Table 1. Compounds predicted based on CTD.
Chemical name Chemical ID CAS RN Interaction count in ENO2 Interaction count inMPP1

Bisphenol A C006780 80-05-7 13 6
Benzo(a)pyrene D001564 50-32-8 9 7
Valproic acid D014635 99-66-1 8 4
Sodium arsenite C017947 13768-07-5 5 3
4-(5-benzo(1,3)dioxol-
5-yl-4-pyridin-2-yl-
1H-imidazol-2-yl)
benzamide

C459179 - 3 4

Cadmium chloride D019256 10108-64-2 3 3
CTD, Comparative Toxicogenomics Database; ENO2, enolase 2; MPP1, membrane palmitoylated protein 1.

Molecular Docking
Molecular docking was conducted for the assessment

of the affinity of drug candidates towards their targets and to
determine their therapeutic potential in AD and T2DM. The
targets ENO2 andMPP1were docked with VPA. The bind-
ing free energies (ΔG, kcal/mol) of VPA with ENO2 and
MPP1 were –4.747 kcal/mol and –5.346 kcal/mol, respec-
tively (Fig. 8A). This indicated that VPA exhibited moder-
ate binding affinity to ENO2 and relatively stronger bind-
ing to MPP1, suggesting preferential targeting of MPP1.
Structural characterization of the binding interfaces was
further performed. In the VPA-ENO2 complex, the ligand
was located in the active pocket of ENO2. Two hydrogen
bond interactions were found between the protein (residues
GLN280 and ASN309) and the ligand (Fig. 8B). In the
VPA-MPP1 complex, VPA was also located in a defined
binding pocket. The ligand was found to form hydrogen
bond interactions with the ALA17 and MET14 residues of
the protein (Fig. 8C).

Discussion

Bioinformatics and machine learning methods have
been extensively applied over the past few years to iden-
tify important genes, biomarkers, and therapeutic targets
in complex diseases, providing powerful tools to under-
stand the molecular mechanisms of disease. AD is the
most prevalent neurodegenerative disease, with its primary
symptom of progressive cognitive decline, and poses a sig-
nificant burden of disease upon public health. T2DM, be-
ing a chronic metabolic disease, has shown a continuously
increasing prevalence and is strongly associated with cog-
nitive decline and a higher risk of dementia. These two
diseases frequently co-occur, and their potential association
has attracted increasing attention.

While some previous studies based on bioinformatics
techniques, including WGCNA, have investigated shared
mechanisms betweenAD and T2DM,most of them have fo-
cused on screening shared pathways/hub genes from blood
transcriptomic data [22]. Other studies have investigated
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Fig. 8. Molecular docking analysis. (A) Heatmap matrix of docking binding energies. Molecular docking results of valproic acid with
(B) ENO2 and (C) MPP1.

shared mechanisms based on histological transcriptomic
data, but focused on earlier stages and lacked machine
learning cross-validation algorithms [23]. Thus, further in-
vestigation is still needed to elucidate the central molecular
networks underlying the comorbidity of AD and T2DM.

In this study, we analyzed tissue-level transcriptomic
information and then used fourmachine learning algorithms
and immune infiltration analysis (CIBERSORT) to system-
atically identify the important molecular markers of AD-
T2DM comorbidity. We identified ENO2 and MPP1 as
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important biomarkers of AD-T2DM comorbidity. We also
performed a systematic screening of compound-target in-
teractions using the CTD. In this research, we aim to offer
a novel theoretical foundation for understanding common
molecular pathways in both diseases and for precision treat-
ment.

A total of 4,970 DEGs were identified, of which 2410
were up-regulated and 2560were down-regulated in the AD
dataset (GSE5281). A total of 392 DEGs were obtained
from the T2DM dataset (GSE76894), of which 92 genes
were up-regulated while 300 genes were down-regulated.
The “lightyellow” module was significantly negatively cor-
related with AD clinical traits, as revealed by the results of
correlating the module with the traits using the WGCNA
module-trait correlation analysis. The cross-over analysis
of this module and the DEGs from AD and T2DM identi-
fied 15 genes shared between the two diseases.

Shared genes were primarily enriched in biological
processes (including gluconeogenesis, glycolysis, regula-
tion of insulin secretion, ATP metabolic process, and reg-
ulation of neutrophil migration) by GO enrichment analy-
sis. For molecular functions, they were enriched in lyase
activity, myosin heavy chain binding, filamin binding, glu-
tamate receptors binding, and phosphotransferase activ-
ity with a phosphate group as an acceptor. For cellu-
lar components, they were enriched in the presynaptic ac-
tive zone membrane, distal axon, presynaptic active zone,
synaptic membrane, and cell body membrane. The core
differential genes were significantly enriched in glycoly-
sis/gluconeogenesis, carbon metabolism, HIF-1 signaling
pathway, MAPK signaling pathway, and pentose phosphate
pathway by the KEGG enrichment analysis. The glucose
metabolism-related pathways enriched indicate that brain
insulin resistance and impaired glucose utilization are po-
tential drivers of the pathogenesis of AD. Low levels of
glycolytic enzyme activity appear to be a key pathophys-
iological pathway involved in the comorbidity of AD and
T2DM. Increased enrichment of synaptic membrane com-
ponents and SNARE complexes suggests that there is an
alteration in the structure and function of synapses in both
T2DMandAD. Bothmembranemicrodomain structure and
vesicle secretion are impaired in the two diseases. A disrup-
tion of microdomains can occur simultaneously with dis-
ruptions in insulin signaling and neurotransmitter release.
Furthermore, the enrichment of neutrophil migration reg-
ulation and leukocyte migration suggests that immune mi-
croenvironment dysregulation is involved in the progres-
sion of AD-T2DM comorbidity.

The four machine learning algorithms were then used
for cross-screening, which revealed ENO2 andMPP1 as the
core key genes for AD and T2DM, respectively. In the AD
dataset, the AUC forENO2 andMPP1was 0.883 and 0.905,
respectively. The AUCs were 0.775 and 0.858, respec-
tively, suggesting very good cross-disease performance in
the T2DM dataset. This cross-validation approach with

multiple algorithms has been applied to many complex dis-
eases to identify biomarkers and has great benefits for the
reliability of the results.

The ENO2 gene encodes neuron-specific enolase
(NSE), also referred to as γ-enolase, and is located on hu-
man chromosome 12. ENO2 is one of three isoenzymes
of the enolase family and is predominantly found in ma-
ture neurons and neuroendocrine cells [24]. As a key en-
zyme of the glycolytic pathway, ENO2 plays an important
role in the energy metabolism of neurons by catalyzing the
conversion of 2-phosphoglycerate to phosphoenolpyruvate.
ENO2 is not only glycolytic but also exhibits several non-
enzymatic functions such as neuroprotection, neurotrophic
factor-like activity, and regulation of neuroinflammation
[24]. Furthermore, the C-terminal fragment of ENO2 has
been found to exert neuroprotective effects, promoting neu-
ronal survival and axon growth [25]. A recent review by
Liu et al. [26] shows that NSE is a useful tool to assess
neuronal injury and is significantly correlated with early
diagnosis, severity classification, and prognosis of cogni-
tive dysfunction. A previous meta-analysis revealed that
NSE levels in the cerebrospinal fluid were significantly
higher in AD patients (Hedges’ g = 0.822), which indi-
cates that NSE is a good objective biochemical marker of
neurodegeneration in AD [27]. ENO2 was previously re-
ported to be significantly downregulated in a single-cell se-
quencing study of oligodendrocytes from AD brains, sug-
gesting that ENO2 may be associated with AD pathology
[28]. In T2DM patients, there is a strong correlation be-
tween serum NSE and diabetic peripheral neuropathy. In
diabetic patients with diabetic peripheral neuropathy, the
levels of serum NSE are significantly higher than in dia-
betic patients without neuropathy, with a positive correla-
tion with the stage of neuropathy [29,30]. In one study,
patients with diabetic retinopathy and mild cognitive im-
pairment had significantly higher serum NSE levels, and
NSE was a risk factor for mild cognitive impairment, sug-
gesting that NSE could predict cognitive dysfunction asso-
ciated with T2DM [31]. Therefore, ENO2 can be used as a
diagnostic marker and therapeutic target for the AD-T2DM
comorbidity.

MPP1 (p55) is amember of theMembrane-Associated
Guanylate Kinase protein family. It is primarily associated
with the membrane cytoskeleton and has been shown to
be palmitoylated and localize to lipid raft microdomains,
where it plays a role in the lateral organization of the
membrane, maintenance of mechanical stability, and signal
transduction. MPP1 contains PDZ (PSD-95, Discs large,
Zonula occludens-1) and Src Homology 3 and guanylate
kinase domains, enabling it to serve as a scaffold protein
to coordinate the assembly of membrane protein complexes
andmediate interactions with multiple cytoskeletal proteins
[32,33]. The expression ofMPP1 is very high in the mem-
branes and postsynaptic density fractions of the rat cerebral
cortex. It binds to postsynaptic proteins, including Postsy-
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naptic density protein 95, Calcium/calmodulin-dependent
serine protein kinase, and Guanylate kinase-associated pro-
tein, and plays a role in early events in synaptogenesis
[34]. MPP1 is a hub gene in the pathological mechanism
of depressive-like behavior and is involved in the p53 sig-
naling pathway and long-term depression [35], suggesting
that MPP1 may regulate cognitive function through path-
ways related to synaptic plasticity. MPP1 plays a vital role
in the formation of lipid rafts at the cell membrane and in
regulating the insulin signaling pathway. The normal start
of the insulin receptor signaling depends strongly on the
membrane lipid raft integrity. An abnormal lipid raft struc-
ture or composition is an important pathological correla-
tion in the pathogenesis of insulin resistance [36]. MPP1
function has been demonstrated to be required for activa-
tion of Harvey rat sarcoma virus Ras by insulin, and the
inhibition of MPP1 expression directly blocks the insulin
signaling pathway from the insulin receptor [37]. In sum-
mary, MPP1 dysfunction could simultaneously be respon-
sible for reduced structural integrity of neurons and insulin
resistance, thereby playing a vital role in the AD and T2DM
comorbidity.

The CIBERSORT results should be interpreted with
caution, as the LM22 signature reflects peripheral blood
immune phenotypes and may not accurately capture tissue-
resident immune cells. These findings are exploratory and
require validation by immunohistochemistry or flow cy-
tometry. We used GSEA to investigate the effects of ENO2
and MPP1 in AD and T2DM progression. The results re-
vealed that these two genes affect distinct yet overlapping
biological pathways in both diseases, such as leukocyte
transendothelial migration, long-term potentiation/long-
term depression, TCA cycle, oxidative phosphorylation,
apoptosis, glycolysis/gluconeogenesis, SNARE interac-
tions in vesicular transport, and axon guidance. These path-
ways are consistent with the GO and KEGG enrichment re-
sults, both of which support the results obtained.

ENO2 was found to be negatively correlated with
monocytes and M2 macrophages in AD by immune in-
filtration analysis with CIBERSORT. Several studies re-
veal that ENO2, which is a marker of neuronal injury, is
a valid indicator of the severity of injury, as evidenced by
its changes in serum/cerebrospinal fluid concentration. In-
tracellular ENO2 is neuroprotective, and extracellular re-
lease plays a potential role in the neuroinflammatory pro-
cess [38]. The negative association with monocytes in-
dicates that glycolytic metabolic reprogramming through
the ENO2 pathway could inhibit microglial phagocytosis,
which might result in impaired clearance of Aβ and aggra-
vation of neuroinflammation by changing the energy supply
of the immune microenvironment.

The immunomodulatory function of MPP1 in AD is
more complex. MPP1 was found to be positively cor-
related with γδT cells and negatively correlated with M2
macrophages and activated dendritic cells in this study.

Neutrophils were negatively correlated with the expression
ofMPP1 in T2DM.MPP1 is known to be a key regulator of
neutrophil polarity and migration [39]. Neutrophils can se-
crete elastase, which leads to insulin resistance and degra-
dation of insulin receptor substrate-1, and are involved in
the pathological mechanism of T2DM [40]. The negative
correlation between MPP1 and neutrophils may be associ-
ated with the effects of dexamethasone, a drug used in the
treatment of T2DM, which downregulates the expression of
MPP1 in neutrophils, causing abnormal polarity and dys-
function. These alterations may contribute to chronic low-
grade inflammation. Gamma delta T cells serve as a link
between innate and adaptive immunity and have also at-
tracted increasing attention as potential therapeutic targets
in AD. In 3xTg-AD female mice, IL-17-positive γδ T cells
were observed in the meninges and brain parenchyma dur-
ing the early stages of AD, preceding the appearance of Aβ
plaques and tau tangles, which indicates that the infiltration
of γδ T cells is one of the early triggers of AD pathology
[41]. The positive association betweenMPP1 and γδ T cells
suggests that MPP1 could be involved in the regulation of
neuroinflammatory activity of this immune cell subset by
affecting membrane protein localization or signal transduc-
tion in γδ T cells. The specific associations of ENO2 and
MPP1 with various subsets of immune cells obtained from
CIBERSORT analysis in this study indicate that these two
core genes may be involved in the complex immunoregu-
latory network of AD-T2DM comorbidity by metabolic re-
programming and functional polarization of immune cells.

Based on the CTD database, VPA was identified as
a potential therapeutic agent for ENO2 and MPP1. VPA
belongs to the classic broad-spectrum antiepileptic drugs,
which have been shown in recent years to possess several
pharmacological activities, including neuroprotection, anti-
inflammation, histone deacetylase (HDAC) inhibition, and
glycogen synthase kinase-3 beta (GSK3β) inhibition [42].
In previous studies, VPA was found to decrease Aβ deposi-
tion and enhance cognitive function in the brain [43]. VPA
is an HDAC inhibitor that may regulate GSK3β activity
through epigenetic mechanisms, thus decreasing tau hyper-
phosphorylation and disrupting the vicious cycle of Aβ and
tau pathologies [44]. VPA also acts as an HDAC3 inhibitor,
which decreases neuroinflammation [45]. VPA’s actions in
T2DM include lowering insulin resistance, blood glucose,
and HbA1C via HDAC inhibition, enhancing insulin sig-
naling in the brain to normalize brain energy metabolism
via FOXO1 inhibition [46], and preventing gluconeogene-
sis [47]. Furthermore, VPA activates autophagy, which can
facilitate the removal of damaged proteins [48] and prevent
damage caused by neurotoxins [49]. VPA could therefore
be a good choice for the treatment of AD-T2DM, acting on
both AD and T2DM.

The binding free energies of VPA with ENO2 and
MPP1 were –4.747 kcal/mol and –5.346 kcal/mol, re-
spectively, indicating a relatively high affinity for MPP1.
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Based on structural analysis, it was proposed that VPA
could bind within the ligand-binding groove of the PDZ
domain of MPP1 and compete with the binding of sig-
naling molecules, thus affecting the organization of mem-
brane lipid raft microdomains. In contrast, the interac-
tion between VPA and ENO2 may involve allosteric and
indirect regulatory mechanisms. However, these dock-
ing predictions are based solely on computational simula-
tions. The binding kinetic parameters should be further con-
firmed by experiments such as surface plasmon resonance
and isothermal titration calorimetry, and the binding mech-
anism should be understood by site-directed mutagenesis
and molecular dynamics simulations.

Although this study used amulti-algorithm integration
and cross-validation approach to enhance the reliability of
core gene screening, there are some limitations. First, the
analyses were based on independent AD and T2DM co-
horts rather than samples from patients with AD-T2DM co-
morbidity. Therefore, the identified shared genes represent
molecular intersections inferred from separate disease con-
texts, and direct validation in AD-T2DM comorbid cohorts
remains essential. Second, ENO2 and MPP1 have not yet
been validated using single-cell sequencing data or other
external independent datasets. Third, the drug intervention
effects predicted based on the CTD database and the molec-
ular docking results have not been validated in vivo or in
vitro. Future studies should use single-cell sequencing and
high-throughput microarray technologies to validate multi-
dimensional data. Furthermore, animal and cellular models
with the gene deletion or overexpression of ENO2/MPP1
should be established by gene editing to elucidate the spe-
cific molecular mechanisms underlying VPA intervention
in the context of AD-T2DM comorbidity, thereby facilitat-
ing the optimization of targeted therapeutic strategies.

Conclusion

In summary, the integrated application of WGCNA,
machine learning algorithms, immune infiltration analysis,
and molecular docking allowed the identification of ENO2
and MPP1 as shared molecular markers between AD and
T2DM, while VPA was identified as a candidate compound
warranting further investigation. ENO2 and MPP1 can
act synergistically in the disease process of AD-T2DM co-
morbidity by regulating energy metabolism, synaptic func-
tion, and immune inflammation. This study offers a differ-
ent theoretical basis and candidate targets for early detec-
tion, risk stratification, and precision intervention of AD-
T2DM comorbidity. ENO2 and MPP1 should be clinically
validated, and their functional mechanisms should be an-
alyzed to facilitate targeted drug development and coordi-
natedmanagement of these two complexmetabolic diseases
in future research.
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