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Abstract. The present study aimed to validate the associa‑
tion between core cuproptosis genes (CRGs) and Alzheimer's 
disease (AD) from both bioinformatics and experimental 
perspectives and also to develop a risk prediction model. 
To this end, 78 human‑derived temporal back samples were 
analyzed from GSE109887, and the biological functions of the 
resulting CRGs were explored by cluster analysis, weighted 
gene co‑expression network analysis and similar methods to 
identify the best machine model. Moreover, an external dataset 
GSE33000 and a nomogram were used to validate the model. 
The mRNA and protein expression of CRGs were validated 
using the SH‑SY5Y cell model and the Sprague‑Dawley rat 
animal model. The RT‑qPCR and western blotting results 
showed that the mRNA and protein expression content of 
dihydrolipoamide dehydrogenase, ferredoxin 1, glutaminase 
and pyruvate dehydrogenase E1 subunit β decreased, and the 

expression of dihydrolipoamide branched chain transacylase 
E2 increased in AD, which supported the bioinformatic 
analysis results. The CRG expression alterations affected 
the aggregation and infiltration of certain immune cells. 
The present study also confirmed the accuracy and validity 
of AD diagnostic models and nomograms, and validated the 
association between five CRGs and AD, indicating a significant 
difference between patients with AD and healthy individuals. 
Therefore, CRGs are expected to serve as relevant biomarkers 
for the diagnosis and prognostic monitoring of AD.

Introduction

Alzheimer's disease (AD), a form of dementia, is one of the 
most prevalent neurodegenerative diseases, which imposes 
a heavy economic burden on societies around the world (1). 
The number of people with dementia worldwide is forecast 
to increase from 57.4 million cases in 2019 to 152.8 million 
by 2050, according to the latest global dementia data  (2). 
The main pathological symptoms of AD include senile 
plaques (SP), neurofibrillary tangle (NFTs) and neuronal loss. 
Numerous studies have explored the pathogenesis of AD and 
reported that the main pathogenetic mechanisms of AD with 
important implications for clinical management are amyloid‑β 
(Aβ) protein plaque‑associated neurodegeneration, neuronal 
death and loss of synaptic plasticity, neuroprogenitor degenera‑
tion based on NFTs, mitochondrial dysfunction and the gene 
mutation hypothesis (e.g., mutations in the presenilin 1 and 2 
genes can make people more susceptible to AD) (3,4). Due to 
the association between these pathogenic mechanisms, some 
researchers have proposed that several mechanisms may be 
involved in the development of AD (5). One of the major areas 
of research in this field is to investigate these mechanisms to 
predict the risk of AD (6). Another area of research is the study 
of the genome as a predictor of AD risk. It has been shown 
that the accumulation of dysregulated epigenetic mechanisms 
during aging may contribute to the development of AD, and 
it is evident that the genome provides important insights 
into the molecular mechanisms of AD and is a powerful 
tool for predicting the risk of the disease (7). Therefore, it is 
necessary to develop an AD risk prediction model based on 
the exploration of molecular mechanisms.
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Cuproptosis is an essential element that plays an important 
role in several metabolic processes in the brain (8,9). Excessive 
cuproptosis in the brain of patients with AD exacerbates oxida‑
tive damage and increases the formation of amyloid plaques and 
NFTs (10,11). The neurotoxic effect of cuproptosis is closely 
related to the inherent redox properties of Cu2+. Cu2+ overload 
promotes cuproptosis (12), and Cu2+ and cuproptosis are closely 
related to mitochondrial functions (13,14). Cuproptosis, as a 
newly discovered independent mode of cell death character‑
ized by cuproptosis‑dependent and mitochondrial respiratory 
regulation, can greatly affect mitochondrial functions (15,16). 
However, numerous studies have concluded that mitochondrial 
dysfunction‑induced oxidative stress and abnormalities in 
energy metabolism account for a major pathogenic mecha‑
nism of AD (17,18). Bioinformatics have recently become 
increasingly important for exploring the association between 
cuproptosis and AD, and cuproptosis‑related genes (CRGs) are 
commonly used for immune infiltration analysis and the devel‑
opment of diagnostic models (19). Moreover, nonlinearity, fault 
tolerance and real‑time operation are among the advantages 
of machine learning algorithms that make them suitable for 
complex applications (20). Therefore, machine learning tools 
are widely used in AD exact calculations (21).

There are relatively few studies exploring the potential 
association between cuproptosis and AD from the perspec‑
tive of bioinformatics to develop a prognostic risk model. 
Therefore, the present study aims to investigate the association 
between CRGs and AD and develop a machine learning‑based 
prognostic risk model for AD. Another objective of the study 
is to develop a cellular model with okadaic acid (OA)‑treated 
SH‑SY5Y cells to validate the expression of the resulting CRGs 
by the Aβ25‑35 dementia model in simulated rats to propose a 
new approach to the diagnosis and prognosis of AD.

Materials and methods

Data collection. The detailed flow chart of the research process 
is shown in Fig. 1. The gene expression datasets used in the 
present study are accessible via the Gene Expression Omnibus 
(GEO) public database (https://www.ncbi.nlm.nih.gov/geo/). 
This includes the GSE109887 dataset based on the GPL10904 
platform, which contains 46 AD samples and 32 control 
samples (all from human temporal regression samples) (22), 
and the GSE33000 dataset based on the GPL10558 platform, 
which contains 310 AD samples and 157 control prefrontal 
cortex samples (23). A total of 16 CRGs were obtained from 
the Kyoto Encyclopedia of Genes and Genomes (KEGG) 
public website (https://www.genome.jp/kegg/) (24). 

Differential expression analysis and data processing. Data 
analysis was performed on the aforementioned datasets in R 
4.2.1 (https://www.r‑project.org/). The sva R package was used 
to remove batch effects and the limma R package was employed 
for differential expression analysis (25,26). All datasets were 
then normalized in the preprocessCore R package, and differen‑
tial expression analysis was performed in the limma R package. 
The threshold for differentially expressed genes (DEGs) was 
set at |log‑fold change (FC)|>1 and P<0.05. The screened 
differential genes were presented using heatmaps and volcano 
plots, produced using the R packages ggplot2 and pheatmap.

Enrichment analysis of core cuproptosis genes. Gene 
Ontology (GO) and KEGG pathway analyses were performed 
on all DEGs as well as five cuproptosis‑related hub genes in 
the ClusterProfiler R package (https://www.bioconductor.
org/packages/release/bioc/html/clusterProfiler.html) to iden‑
tify the relevant pathways and biological functions influenced 
by DEGs. P<0.05 was considered to indicate a statistically 
significant difference.

Evaluation of immune cell infiltration. The relative abundance 
of 22 types of immune cells in each sample was estimated based 
on gene expression data in the CIBERSORT R package (27). 
The results of the association between CRGs and infiltrating 
immune cells were presented using the ‘ggplot2’ R package.

Unsupervised cluster analysis of AD samples. To assess 
the evolution of AD, the AD samples were divided into 
several clusters using the K‑means algorithm with 1,000 
iterations. After which, unsupervised cluster analysis was 
performed using the ConsensusClusterPlus R package 
(version  2.60) (https://www.bioconductor.org/packages/
release/bioc/html/ConsensusClusterPlus.html). 

Weighted gene co‑expression network analysis (WGCNA). 
The WGCNA R package (version 1.72‑5; https://cran.r‑project.
org/web/packages/WGCNA/index.html) was employed to 
develop co‑expression networks and modules in healthy indi‑
viduals and patients with AD to identify key gene modules 
associated with AD. The top 50% of genes with the highest 
variance were applied to subsequent WGCNA analyses 
to ensure the accuracy of qualitative results. A total of 10 
co‑expression modules with different colors were obtained 
using a dynamic cutting algorithm. A heatmap of the topo‑
logical overlap matrix (TOM) was also presented, in which 
gene dendrograms and module colors were generated based on 
gene dissimilarity. The global gene expression profiles in each 
module were represented by module signature genes. Then an 
appropriate set of genes for each module was filtered by an 
algorithm to intersect with the set of differential genes to show 
the association.

Gene set variation analysis (GSVA). GSVA was performed 
in the ‘GSVA’ R package to elucidate the signaling pathways 
that are differentially enriched between different groups of 
CRGs (28). The files ‘c2.cp. Kegg.v7.4.symbols’ and ‘c5.go.bp.
v7.5.1.symbols’ were obtained from the MSigDB web data‑
base (https://www.gsea‑msigdb.org/gsea/msigdb/index.jsp) for 
further GSVA analysis. The ‘limma’ R package was utilized 
to compare the GSVA scores between different clusters of 
CRGs to identify the differentially expressed pathways and 
biological functions.

Nomogram model development and validation. A nomogram 
model was developed for the clinical diagnosis of AD in the 
RMS R package (https://hbiostat.org/r/rms/). The ‘DALEX’ 
software package (https://modeloriented.github.io/DALEX/) 
was employed to plot the residual distributions of each model 
in the test dataset. Each predictor gene received a score based 
on the level of gene expression for each patient's clinical trait, 
where the ‘total score’ represents the sum of the scores of 
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the predictors. The risk of disease is assessed based on the 
score given to each predictive gene, and the sum forms the 
scoring system. Calibration curves and decision curve analysis 
(DCA) were used to estimate the predictive power of the 
nomogram model.

Machine learning and prognostic modeling. Models such 
as the Random Forest Model (RF), Support Vector Machine 
Model (SVM), Generalized Linear Model (GLM) and Extreme 
Gradient Boosting (XGB) were developed using the DEGs of 
two different clusters of CRGs and the intersecting genes of 

Figure 1. Study flow chart. CRGs, core cuproptosis genes; AD, Alzheimer's disease; GSVA, Gene set variation analysis; WGCNA, weighted gene co‑expression 
network analysis; SVM, Support Vector Machine Model.
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AD. The best machine learning model was identified based 
on the highest ROC values of the aforementioned models. 
Accordingly, the SVM and the first five important variables 
were considered the key predictive genes associated with AD. 
Finally, the diagnostic value of the model was validated by 
assessing its accuracy based on the GSE33000 dataset.

Animals and the construction of AD models. A total of 30 male 
Sprague‑Dawley rats, (SPF‑grade; 8 months old; 220‑240 g), 
were purchased from Beijing Vital River Laboratory Animal 
Technology Co., Ltd. The rats were housed and given 
ad libitum access to the crop cobalt 60 maintenance rat food 
diet (Zhiyuan Biomedical Technology Co., Ltd.) and water, 
modeled, and administered in an SPF‑grade laboratory at 
the Animal Experimentation Center of Youjiang Medical 
University For Nationalities (Baise, China). The SPF‑grade 
laboratory was equipped with a 12/12  h alternating light 
and dark barrier system, and its ambient temperature and 
relative humidity were 25˚C and 60‑70%, respectively. Rats 
were housed until they reached 12 months of age for brain 
stereotactic injection experiment. The present study received 
ethical approval for the use of experimental animals from 
Youjiang Medical University For Nationalities (Baise, China; 
approval no. 2023040101), and all relevant guidelines were 
followed throughout the experiment.

The rats were randomly divided into the model, saline and 
normal control groups (n=10). After weighing, the animals 
were anesthetized with 2% isoflurane (cat. no. hsc‑454‑5; 
Shenzhen Reward Life Technology Co., Ltd.) using a Reward 
R500 general‑purpose small animal anesthesia machine. After 
which, the rats were placed on a sterile surgical table, and 
their head was fixed with a stereotaxic apparatus to monitor 
the respiratory rate. If the respiratory rate remained stable, a 
stereotaxic injection was performed after the head of the rat was 
fixed appropriately. Animals in the model group were treated 
with 1 µl Aβ25‑35 (Glpbio Technology, Inc.; cat. no. GP10082) 
on each side of the hippocampus (29,30), whereas those in the 
saline group were injected with an equal amount of normal 
saline into each side of the hippocampus. Each rat was admin‑
istered the injection for a period of 5 min. Following this, the 
needle was left in situ for a further 5 min to prevent the drug 
from spilling out and evaporating, thereby achieving a less than 
optimal modelling effect. Those in the normal control group 
received no surgical treatment. In addition, 100,000 U/g/day 
of penicillin was injected into each animal for 7 days after 
surgery to prevent postoperative infections.

Morris water maze (MWM) test. The MWM test was performed 
using the DigBehv‑MG model (Shanghai Jiliang Software 
Technology Co., Ltd.) (31). The localization and navigation 
test lasted for 4 days, and each rat was trained 4 times per 
day. The animals were submerged from the entry point that 
faced the pool wall, and the time it took to find the platform 
within 1 min was recorded (escape latency). If a subject failed 
to find the platform within 1 min, the rat was guided with a 
glass rod to stand on the platform and remain there for 10 sec 
to achieve the training purpose; the escape latency for that 
subject was considered to be 1 min. A total of 2 days after the 
localization and navigation tests, the platform in the pool was 
removed and the furthest quadrant of the original platform was 

taken as the entry point. After which, the rats in each group 
(the model, saline and normal control groups) were submerged 
in the water while facing the wall from the entry point, and 
the escape latency was recorded within 1 min. Moreover, the 
subjects were submerged in the water from the entry point 
toward the wall of the pool, and the swimming time and the 
number of times that the rats crossed the original platform 
within 1 min were recorded. All subjects were acclimatized 
overnight before the experiments.

RNA extraction and RT‑qPCR to verify the differential expres‑
sion of CRG mRNA in the AD rat model. On the second day 
of the MWM test, the animals were anaesthetized [anesthesia 
was induced at a low concentration (2%) of isoflurane and then 
increased to a high concentration (5%)] for euthanasia. Prior 
to euthanasia, it was essential to check the functioning of the 
gas anesthesia device (Shenzhen Reward Life Technology Co. 
cat. no. R550IP; Shenzhen Reward Life Technology Co., Ltd.). 
This was achieved by connecting the system, which consists 
of the pressure gauge, pressure reducer and controller, to the 
euthanasia box. The controller power and CO2 cylinder switch 
must then be activated. It is essential that no CO2 is injected 
into the euthanasia box before the animal is introduced. Once 
the aforementioned checks were completed, the rats were 
placed in the euthanasia box. CO2 was infused into the box 
at a rate of 30% vol/min until the box was 100% filled with 
CO2 for a period of 2 min. Before terminating procedure, it 
was ensured that the animal was still, not breathing and the 
pupils were dilated. Once these conditions were met, the CO2 
cylinder was switched off and the animal was observed for 
a further 11 min. If the animal did not regain consciousness 
during this period, it was considered to have been successfully 
euthanized. 

The rat hippocampus tissue samples were weighed 
and stored at ‑80˚C. To extract RNA from the brain tissue 
samples, 30 mg of weighed brain tissue samples were taken 
from each group. After which, centrifuge tubes were filled 
with the appropriate amount of TRIZOL® reagent (Thermo 
Fisher Scientific, Inc.; cat. no. 15596026) to extract the total 
RNA samples based on the mass of the weighed brain tissue 
samples. The Third Generation Variable Speed Tissue Mill 
(Tiangen Biotech Co., Ltd.) was used to grind the brain 
tissue samples in the centrifuge tubes until the brain tissue 
was completely dissolved in the TRIZOL® reagent. After 
which, the samples were left on ice for 5 min for subsequent 
experimentation. RNA was reverse‑transcribed into cDNA 
using the ToloScript All‑in‑one RT EasyMix for qPCR Kit 
(cat. no. 22107; Tolo Biotech Co., Ltd.). The results were 
analyzed in a Light Cycle 96 real‑time fluorescence PCR 
instrument (Roche Applied Science) using the SYBR Green 
qPCR Mix Kit (cat. no. 22204‑1; Tolo Biotech Co., Ltd.). 
Thermocycling conditions were as follows: Pre‑templating 
at 94˚C for 3 min; followed by 25 cycles at 94˚C for 30 sec, 
50˚C for 30 sec and 72˚C for 1 min; and a final extension step 
at 72˚C for 5 min. The mRNA expression of the genes related 
to cuproptosis was determined in a Light Cycle 96 real‑time 
fluorescence quantitative PCR instrument (Roche Applied 
Science). GAPDH was the endogenous control gene, and the 
primers used for amplification are displayed in Table I. The 
results were quantified using the 2‑ΔΔCq method (32).
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Protein extraction and western blotting verification of the 
differential expression of CRGs in a rat model of AD. A total 
of 50 mg brain tissue was taken from each group. The Third 
Generation Variable Speed Tissue Mill (Tiangen Biotech Co., 
Ltd.) was used to grind the brain tissue samples in centrifuge 
tubes until they were completely dissolved in the RIPA lysis 
buffer (cat.  no.  PC101; Epizyme Biotech Co., Ltd.). The 
samples were then lysed on ice for 30 min, and centrifuged 
at 12,000 x g for 30 min at 4˚C to remove the supernatant. 
The steps were performed according to the mass of the 
sample. The protein concentration was determined by the 
BCA protein assay. Separation gels were prepared according 
to the molecular weight of the target protein. The samples 
were boiled in 4X protein uploading buffer for 5 min and 
protein samples (20 µg/lane) were separated by SDS‑PAGE 
on 10% gels. The upper gel was electrophoresed at 80 V for 
30 min, while the lower gel was electrophoresed at 120 V for 
90 min. A current of 250 mA was applied for 80 min for the 
membrane transfer process. After the transfer was completed, 
the nitrocellulose membrane was sealed with protein‑free 
rapid closure solution (1X) (cat. no. PS108P; Epizyme Biotech 
Co., Ltd.) for 20 min at room temperature, and was washed 
three times with 20X TBS‑1% Tween‑20 (TBST) buffer 
(50+950  ml purified water; 10  min/wash). Subsequently, 
the membrane was incubated overnight at 4˚C with the 
following primary antibodies: Anti‑GAPDH (36 kDa; 1:5,000; 
Proteintech; cat.  no.  0494‑1‑AP), anti‑renal glutaminase 
A/highly activated glutaminase isoform C [glutaminase 
(GLS); 65 kDa; 1:5,000; cat. no. 12855‑1‑AP; Proteintech 
Group, Inc.], anti‑dihydrolipoamide dehydrogenase (DLD; 
56 kDa; 1:5,000; cat. no. 16431‑1‑AP; Proteintech Group, Inc.), 
anti‑pyruvate dehydrogenase E1 subunit β (PDHB; 34 kDa; 
1:5,000; cat. no. 14744‑1‑AP; Proteintech Group, Inc.) and 
anti‑dihydrolipoamide branched chain transacylase E2 (DBT; 
53 kDa; 1:3,000; cat. no. 12451‑1‑AP; Proteintech Group, Inc.). 
After which, the membrane was washed three times with 
TBST for 10 min each time. The HRP‑conjugated Affinipure 
Goat Anti‑Rabbit IgG(H+L) (cat. no. SA00001‑2; Proteintech 
Group, Inc.) was incubated with the sample at a dilution ratio 
of 1:5,000 for 1 h at room temperature, and then the sample 

was washed three times with TBST for 10 min each time. 
Each membrane was placed in a fully automated chemilumi‑
nescence gel imager for color development after 200 µl of the 
ultrasensitive luminescence solution (A: B formulated at 1:1; 
Monad Biotech, Co., Ltd.; cat. no. PW30701S) was prepared. 
GAPDH was selected as the endogenous control protein. 
Western blot semi‑quantification was performed using ImageJ 
(v. 1.54d; National Institutes of Health).

STR identification statement for SH‑SY5Y cells. The genomic 
DNA of the SH‑SY5Y cell line was sequenced, and the 
STR results showed good typing results for the cell line. 
Furthermore, no cross contamination of human cells was found 
in this cell line as seen in the STR typing results. Moreover, 
the DNA typing result of this cell line 100% matched with the 
cell typing result of SH‑SY5Y in the cell bank.

Cell culture and AD model development. SH‑SY5Y cells were 
purchased from Wuhan Pronocell Life Science Technology 
Co., Ltd., and OA for AD cell modelling was purchased from 
MedChemExpress (cat.  no.  209266‑80‑8)  (33). SH‑SY5Y 
cells were incubated in a cell culture containing 5% CO2 at 
37˚C. The complete medium used for the culture of the cells 
was a combination of Dulbecco Modified Eagle medium 
with F‑12 (Gibco; Thermo Fisher Scientific, Inc.), 14% Sigma 
Australia Fetal Bovine Serum (Sigma‑Aldrich; Merck KGaA) 
and a 1% penicillin‑streptomycin (Beijing Solarbio Science 
& Technology Co., Ltd.) solution mixture. The cells in the 
control group were cultured to 85‑90% density in complete 
medium without drugs and then used for experiments. The 
cells in the DMSO group were first cultured to 85‑90% 
density in complete medium without drugs, and then cultured 
in complete medium containing a low concentration of DMSO 
[consistent with the concentration of DMSO contained in the 
AD group (0.000625% DMSO/ml of medium)] for 24 h and 
then used for experiments. The cells in the AD group were 
first cultured to 85‑90% density in complete medium without 
drugs, and then cultured in complete medium containing OA 
concentration of 25 nM for 24 h and then used for experiments. 
The OA was dissolved with DMSO to formulate 40 µmol/l 
OA mother liquor, and 20 µl OA mother liquor was taken and 
mixed with 180 µl 10% DMSO (diluted in enzyme‑free sterile 
water) to formulate 4 µmol/l OA working solution, which was 
stored at 4˚C. Using the aforementioned complete medium, 
SH‑SY5Y cells were diluted to a density of 1x105 ml and 
200 µl/well cell suspension was inoculated in 96‑well plates. 
Each well received a full medium supplemented with OA solu‑
tions at concentrations of 0, 10, 20, 40 and 80 nmol/l after 24 h 
at 37˚C and 5% CO2, and there were four replicates for each 
concentration. 

To compare the effects of different OA concentrations on 
the proliferation of SH‑SY5Y cells after 24 h, CCK‑8 reagent 
(20 µl; cat. no. C6005M; Suzhou Youyi Landi Biotechnology 
Co., Ltd.) was added to each well and incubated for 2 h in 5% 
CO2 at 37˚C. The absorbance values at 450 nm were measured 
using a BIOBASE‑EL10A enzyme marker (BIOBASE 
Group) (34). The experiment was conducted three times, and 
the optimal drug concentration of 25 nM for OA‑induced 
AD in the cell model was found by monitoring the cell 
growth under a fluorescence microscope and calculating the 

Table I. Primer sequences used for RT‑qPCR.

Gene name	 Primer sequences (5'‑3')

GAPDH	 F: GACATGCCGCCTGGAGAAAC
GAPDH	 R: AGCCCAGGATGCCCTTTAGT
DLD	 F: CATTTCAATCGGCTGTCTCA
DLD	 R: CAAGCATGTTCCTCCTAGTGTT
GLS	 F: CTGAACGAGAAAGTGGAGACCGAA
GLS	 R: TGGGCAGAAACCGCCATTAG
PDHB	 F: GCATTTGAACTTCCCACAGA
PDHB	 R: TTCCCTCCTTAGACAATACAGC
DBT	 F: ACGTGTGCTCTGTGGGTTATC
DBT	 R: GCTGTCAAACTGAGACACCG
FDX1	 F: TGGTGAAACGCTAACGACCA
FDX1	 R: CAAGCCAAAGTCCCCTCACA

https://www.spandidos-publications.com/10.3892/mmr.2024.13318
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absorbance values. The viability of cells in response to an 
optimal OA concentration of 25 nM was also measured using 
the CCK‑8 assay. First, the cells were seeded into a 96‑well 
plate and incubated for 24 h, after which, the medium was 
changed in each well (one group was treated with complete 
medium only and the other was treated with complete medium 
containing 25 nM OA) for 24 h. Subsequently, the cells were 
incubated with CCK‑8 reagent for 2  h. The experimental 
incubation conditions were all performed in an atmosphere 
containing 5% CO2 at 37˚C. This assay was repeated three 
times in four replicates.

RNA extraction and RT‑qPCR to verify the differential 
expression of CRG mRNA in SH‑SY5Y cells. Total RNA 
samples were extracted by adding TRIZOL® reagent to the 
cell samples of the model group, which were induced with 
25 nM of OA, cell samples from the DMSO group cultured 
with the same concentration of DMSO as OA in the model 
group, and cell samples of the control group, which received 
no treatment. The subsequent RT‑qPCR protocol was the 
same as aforementioned in the animal studies. GAPDH was 
selected as the endogenous control gene, and the primers used 
for amplification are displayed in Table II.

Protein extraction and western blotting verification of differ‑
ential expression of CRGs in SH‑SY5Y cells. Western blotting 
was performed to assess the expression of proteins in different 
groups of cells (control group and AD group), with GAPDH 
as the endogenous reference protein. The culture flasks were 
washed with pre‑cooled PBS, the cells were collected using a 
cell spatula and centrifuged in a 15‑ml tube at 1,200 rpm for 
5 min. The centrifuge tube was filled with RIPA lysis buffer, 
protein phosphatase inhibitor mixture and protease inhibitor 
(100:1:1) and lysed on ice for 30 min. The subsequent western 
blotting protocol was the same as aforementioned in the 
animal studies.

Statistical analysis. The data were processed and statistically 
analyzed in R software version 4.2.1, ImageJ 1.54d, SPSS 
version 25 (IBM Corporation), and GraphPad Prism version 9.0 

(Dotmatics). Unpaired Student's t‑test was used to determine 
the differences between the two experimental groups, whereas 
one‑ or two‑way analyses of variance (ANOVA) were used to 
compare differences between three or more groups. Tukey's 
post hoc test was used after one‑way ANOVA and Bonferroni 
post hoc test was used after two‑way ANOVA. All data were 
presented as mean ± SD. P<0.05 was considered a indicate a 
statistically significant difference.

Results

Identification of DEGs. The present study analyzed gene 
expression array data from 78 human‑derived temporal 
regression samples from the GEO database. Fig. 2A presents a 
volcano plot showing the 78 DEGs after screening, including 
one upregulated and four downregulated expressed genes 
(Fig. 2B). Fig. 2C shows a heatmap of the five differentially 
expressed related genes. Characterized genes were screened 
by differential expression analysis.

Biological function analysis of cuproptosis‑related core 
genes. The obtained differentially expressed CRGs underwent 
GO analysis. Regarding biological processes, the differentially 
expressed CRGs were mainly enriched in the ‘cellular amino 
acid catabolic process’, while the cellular components they 
were mainly enriched in were the ‘mitochondrial matrix’ 
and ‘oxidoreductase complex’. In terms of molecular func‑
tion, the differentially expressed CRGs were enriched in the 
‘oxidoreductase activity, acting on the aldehyde or oxo group 
of donors, NAD or NADP as acceptor’ and ‘oxidoreductase 
activity, acting on the aldehyde or oxo group of donors’ 
(Fig. 3A). According to the KEGG enrichment analysis, the 
differentially expressed CRGs were mainly involved in ‘lipoic 
acid metabolism’, ‘citrate cycle (TCA cycle)’, ‘propanoate 
metabolism’, ‘pyruvate metabolism’, ‘valine, leucine and 
isoleucine degradation’, ‘glycolysis/gluconeogenesis’ and 
‘carbon metabolism’ (Fig. 3B).

Correlation analysis of cuproptosis‑related core genes. 
Subsequently, enrichment and correlation analyses were 
performed on the obtained CRGs to explore whether they 
play a relevant role in the development of AD. The results 
of the enrichment analysis, GO analysis and KEGG analysis 
indicated that several genes, such as PDHB and DLD, showed 
synergistic effects, but DBT and the remaining four genes 
showed significant antagonistic effects (Fig. 3C). In addition, 
further investigation of the correlation patterns of these CRGs 
revealed that both DBT and DLD were significantly correlated 
with other modulators (Fig. 3D).

Immune infiltration cell analysis of cuproptosis‑related core 
genes. Immune infiltration analysis was performed based on 
the CIBERSORT algorithm, and the results showed differ‑
ences between patients with AD and healthy individuals in the 
proportion of 22 infiltrating immune cell types. The heatmap 
shows the distribution of the 22 infiltrating immune cell types 
(Fig. 4A). The results showed that patients with AD had higher 
levels of immune infiltration of naive B cells, CD8 T cells, 
resting natural killer (NK) cells, monocytes, M1 macrophages, 
resting mast cells, eosinophils and neutrophils compared with 

Table II. Primer sequence for RT‑qPCR. 

Gene names	 Primer sequences (5'‑3')

GAPDH	 F: GAAGGCTGGGGCTCATTT
GAPDH	 R: CAGGAGGCATTGCTGATGAT
DLD	 F: GTGATTTACACACACCCTGA
DLD	 R: GTCTGTCGATTTCTGCCCAA
GLS	 F: CTGAGCCCTGAAGCAGTTCG
GLS	 R: AGGAGACCAGCACATCATACCC
PDHB	 F: GTGTCTGGCTTGGTGCGGAG
PDHB	 R: ACCTTGTATGCCCCATCATACTG
DBT	 F: CCATTGCATTTGCTCGTGGA
DBT	 R: ACCCTGCTCAGTATCCATTGC
FDX1	 F: CTTGTTCAACCTGTCACCTCATCT
FDX1	 R: CAGCCACTGTTTCAGGCACTC
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in the control patients. By contrast, plasma cells, CD4 memory 
resting T cells, follicular helper T cells, activated NK cells, M0 
macrophages, M2 macrophages and activated dendritic cells 
exhibited lower infiltration levels in patients with AD (Fig. 4B). 
The correlation between the five differentially expressed 
CRGs and infiltrating immune cells demonstrated that DLD 
was positively correlated with dendritic‑activated cells, M2 
macrophages and mast‑activated monocytes. Moreover, GLS 
showed a positive correlation with dendritic‑activated cells 
(Fig. 4C). These results suggest that CRGs may be a key factor 
in regulating the molecular and immune infiltration status in 
patients with AD. 

Characterization of epithelial cell aggregation in patients 
with AD. To elucidate the expression patterns associated with 
cuproptosis in AD, 78 samples were grouped based on the 
expression profiles of the five CRGs using a consistent clus‑
tering algorithm. The number of clusters was most stable when 
the k‑value was set to 2 (k=2) and the cumulative distribution 
function (CDF) curves fluctuated within the smallest range 
of the common index (0.2‑0.6; Fig. 5A). When the k‑value 

was 2‑9, the area under the CDF curve exhibited a difference 
between the two CDF curves (k and k‑I; Fig. 5B). Clustering 
the k‑values ranging 2‑9 showed a concordance score of >0.9 
across subtypes only when the k‑value was equal to 2 (Fig. 5C). 
The results show that the consistency scoring of each subtype 
is satisfied only for k=2.

Characterization of differentiation and immune infiltration of 
regulatory factors in two clusters of cuproptosis. Combined 
with the heatmap of the shared matrix, 78 patients with AD 
were grouped into two clusters, including cluster 1 (n=46) 
and cluster 2 (n=32). To compare the molecular features of the 
clusters, the expression differences of the five CRGs between 
cluster 1 and 2 were first assessed (Fig. 6A). Different expression 
profiles of CRGs were observed between the two cuproptosis 
intoxication patterns, with cluster 1 exhibiting high expres‑
sion levels of DBT and cluster 2 characterized by increased 
expression of DLD, FDX1, GLS and PDHB (Fig. 6B). The 
immune infiltration analysis revealed a difference between 
the clusters in the immune infiltration profile (Fig. 6C). The 
percentage of macrophage M1 was higher in cluster 1, whereas 

Figure 2. Identification of CRGs dysregulated in AD. (A) Volcano plot of 78 DEG expressions, with significantly upregulated genes in red and downregulated 
in green. (B) Box plot showing the expression of 13 CRGs between AD and non‑AD controls. (C) Heatmap presenting the expression of 5 CRGs. *P<0.05 and 
***P<0.001. CRGs, core cuproptosis genes; AD, Alzheimer's disease; DEGs, differentially expressed genes. 
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the percentage of dendritic activated cells was higher in cluster 
2 (Fig. 6D). The results showed that the correlation between 
CRGs and immune cells was also increased after splitting into 
two clusters.

Development of a co‑expression networks. The WGCNA 
algorithm was used to develop co‑expression networks and 
modules in healthy individuals and patients with AD to iden‑
tify key gene modules associated with AD. After calculating 
the variance of each gene expression in GSE109887, the top 
25% of genes with the highest variance were selected for 
further analysis. Co‑expressed gene modules were identified 
when the value of soft power was set to 11 and the scale‑free 
R2 was equal to 0.5 (Fig. 7A). A total of 10 gene modules with 
different colors were obtained using the dynamic cutting algo‑
rithm, and then a heatmap of the TOM was created (Fig. 7B‑D). 
These genes were then used in each of the ten color modules 
in turn to examine the degree of similarity and proximity of 
module‑clinical feature co‑expression in the control and AD 
groups. By analyzing the similarity and adjacency of the 
co‑expression of the clinical features of the module (control 
and AD), it was found that the turquoise module had the 

strongest relationship with AD, and had a strong correlation 
with AD with P=4e‑06 in the AD group (Fig. 7E). In addition, 
a positive association was observed between the turquoise 
module and module‑associated genes (Fig. 7F).

A similar approach was also employed to further analyze 
the DEGs between the two cuproptosis clusters. β=19 and 
R2=0.8 were screened as the most suitable soft threshold 
parameters for developing the scale‑free network (Fig. 8A). 
The heatmaps demonstrated the TOM of all module‑related 
genes (Fig. 8B‑D). An analysis of the relationship between 
modules and clinical features (clusters 1 and 2) revealed a 
strong correlation between turquoise modules and AD clusters 
(Fig. 8E). The correlation analysis also showed a significant 
association between the turquoise module genes and selected 
modules (Fig. 8F).

Identification of specific genes and GSEA. A total of 134 related 
genes were identified by analyzing the crossover between the 
modular genes associated with AD (Fig. 9A). GSVA analysis 
was used to further investigate the functional differences 
between the two clusters in terms of cluster‑specific DEGs. 
Cluster 1 was found to be enhanced in non‑small cell lung 

Figure 3. GO and KEGG pathway enrichment analysis and correlation analysis of CRGs in AD. (A) Results of GO enrichment analysis of CRGs are shown by 
bar graph display. (B) KEGG pathway enrichment results are shown as bar graphs. (C) Pie chart of gene correlation of five CRGs. (D) Correlation analysis of 
the five differentially expressed CRGs. Green and red colors indicate negative and positive correlations, respectively. Correlation coefficients are labeled with 
the area of pie charts. GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; CRG, core cuproptosis genes; DLD, dihydrolipoamide dehy‑
drogenase; FDX1, ferredoxin 1; GLS, glutaminase; PDHB, pyruvate dehydrogenase E1 subunit β; DBT, dihydrolipoamide branched chain transacylase E2; 
AD, Alzheimer's disease. 



MOLECULAR MEDICINE REPORTS  30:  194,  2024 9

Figure 4. Immune infiltration analysis of CRGs. (A) Relative abundance of 22 infiltrating immune cells between AD and non‑AD controls. (B) Difference 
in immune infiltration between AD and non‑AD controls. (C) Correlation analysis of five differentially expressed CRGs with infiltrating immune cells. 
*P<0.05, **P<0.01 and ***P<0.001. AD, Alzheimer's disease; CRG, core cuproptosis genes; DLD, dihydrolipoamide dehydrogenase; FDX1, ferredoxin 1; GLS, 
glutaminase; PDHB, pyruvate dehydrogenase E1 subunit β; DBT, dihydrolipoamide branched chain transacylase E2.
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cancer, glycosaminoglycan biosynthesis of keratan sulfate, 
basal cell carcinoma, Kegel's chronic granulocytic leukemia, 
primary immunodeficiency, drug metabolism of cytochrome 
P450, isobiotic metabolism by cytochrome P450 and Notch 
signaling activity (Fig. 9B). Thus, AD may be associated with 
various immune responses and metabolism.

Development and evaluation of machine learning models. To 
identify specific genes with high diagnostic value, four vali‑
dated machine learning models were developed based on the 
intersection of 134 cluster‑specific DEGs and AD DEGs. These 
four models were RF, SVM, GLM and XGB. The SVM and 
RF models presented relatively low residuals (Fig. 10A and B). 
The top 15 significant feature variables of each model were 
then ranked based on the root mean square error (Fig. 10C). 
The discriminative performance of the four machine learning 
algorithms in the test dataset was evaluated by calculating the 

subject operating characteristic The discriminative perfor‑
mance of the four machine learning algorithms on the test 
dataset was evaluated by calculating the receiver operating 
characteristic (ROC) based on 5‑fold cross‑validation. The 
SVM showed the highest area under the ROC curve (AUC). 
The AUC of other models was as follows: GLM=0.585, 
SVM=0.803, RF=0.761 and XGB=0.624 (Fig. 10D). Combined 
with these results, the SVM was shown to distinguish well 
between patients belonging to different clusters. Finally, the 
top five SVM variables (CACNG3, TNS1, TCEAL2, FAM65C 
NPTN, and THY1) were selected as predictor genes for further 
analysis.

Nomogram construction and validation of predictive modeling 
accuracy. A nomogram was developed to estimate the risk 
of cuproptosis in 78 patients with AD to further generalize 
the RF model to clinical applications (Fig. 11A). Correction 

Figure 5. Identification of cuproptosis‑related molecular clusters in AD. (A) Consistent clustering matrix when k=2. (B) CDF δ‑area curve. (C) Consistency 
clustering score. AD, Alzheimer's disease; CDF, cumulative distribution function.
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curves and DCA were then employed to evaluate the predic‑
tive efficiency of the nomogram model. The calibration curve 
showed that there was a small error difference between the 
actual AD aggregation risk and the predicted risk (Fig. 11B). 
As the calibration curve of the nomogram confirmed its 
high accuracy, it can be used as a basis for clinical decisions 
(Fig. 11C). The gene prediction model developed in the present 
study was validated on two external tissue datasets, and the 
ROC curves showed that it performed well in the GSE33000 
dataset, with an AUC of 0.837 (Fig. 11D). These results suggest 
the diagnostic power of the prediction model.

Characterization of CRG expression in animal models of AD. 
After the MWM confirmed the modeling of the AD model 
group, hippocampal tissue was collected for RT‑qPCR and 
western blotting experiments to verify CRG expression. No 
animals perished during the MWM after modeling ten rats 
in each group, and the analysis revealed that five modeling 
attempts were successful for the model group (n=5). The 
MWM was used to test the effect of Aβ25‑35 on cognitive 
function in SD rats. Fig. 12A shows the distance traveled by 
each group of rats in the MWM. The 4‑day hidden platform 
experiment showed that rats in the AD group (treated with 
Aβ25‑35) had lower mean swimming speeds and longer escape 
latencies than the control and saline groups (Fig. 12B and C). 

The spatial exploration experiment also indicated that the rats 
in the model group traversed the platform less frequently than 
those in the control and saline groups (Fig. 12D). These results 
suggest that the memory function was impaired in the AD 
group. The RT‑qPCR results showed that the relative expres‑
sion of DLD, FDX1, GLS, and PDHB mRNA in the model 
group was lower than that in the control and saline groups, 
whereas the expression level of DBT mRNA in the model 
group was higher than that of the other two groups (Fig. 12E). 
Furthermore, the relative expression level of DLD, GLS, and 
PDHB proteins showed a reduction and that of DBT showed 
an increase in the model group compared with those in the 
control and saline groups (Fig. 12F and G). These results indi‑
cated that the expression of DLD, FDX1, GLS, and PDHB was 
downregulated and the expression of DBT was upregulated 
in the AD model group, which supports the bioinformatic 
analysis results.

Characterization of CRG expression in AD cell models. The 
modeling drug concentration of 25 nM was determined based 
on the IC50 value after OA action on SH‑SY5Y cells at various 
concentrations was observed (Fig. 13A). A drug concentration 
of 25 nM was added to the cells for 24 h, and cell viability 
was determined to investigate the effects of this concentra‑
tion on the cell proliferation rate (Fig. 13B). The AD model 

Figure 6. Identification of molecular and immunological features between the two clusters. (A) Clinical characterization of the five CRGs between the two 
clusters is presented in the heatmap. (B) Box plots showing the expression differences of individual CRGs between the two clusters. (C) Relative abundance 
of 22 infiltrating immune cells between the two cuproptosis clusters. (D) Difference in immune infiltration between two cuproptosis clusters. *P<0.05 and 
***P<0.001. AD, Alzheimer's disease; CRG, core cuproptosis genes; DLD, dihydrolipoamide dehydrogenase; FDX1, ferredoxin 1; GLS, glutaminase; PDHB, 
pyruvate dehydrogenase E1 subunit β; DBT, dihydrolipoamide branched chain transacylase E2; C1, cluster 1; C2, cluster 2.

https://www.spandidos-publications.com/10.3892/mmr.2024.13318


HU et al:  CHARACTERIZING THE ASSOCIATION BETWEEN ALZHEIMER'S DISEASE AND CUPROPTOSIS12

was then created using this drug concentration. Based on the 
results of RT‑qPCR, it was found that there was no statistically 
significant difference in mRNA expression levels between 
the normal control group and the DMSO group (Fig. 13C). 

According to the RT‑qPCR results, the expression of DLD, 
FDX1, GLS and PDHB was lower and the expression of DBT 
was higher in the cells of the drug group than that of the 
normal group (Fig. 13D). Western blotting results also showed 

Figure 7. Co‑expression network of differentially expressed genes in AD. (A) Selection of soft threshold power. (B) Cluster tree dendrogram of co‑expression 
modules. Different colors represent different co‑expression modules. (C) Representative heatmap of correlations between multiple modules. (D) Representative 
clustering of genes characterized by modules. (E) Correlation analysis of module feature genes with clinical status. Each row represents a module; each column 
represents clinical status. (F) Scatterplot between module membership associations in turquoise modules and gene significance for AD. Con, control; AD, 
Alzheimer's disease; cor, correlation.
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that the DLD, GLS and PDHB content decreased and the DBT 
content increased in the drug group (Fig. 13E and F). These 

findings support the results of the bioinformatics analysis and 
the animal model.

Figure 8. Co‑expression network of differentially expressed genes between two cuproptosis clusters. (A) Selection of soft threshold power. (B) Cluster tree 
dendrogram of co‑expression modules. Different colors represent different co‑expression modules. (C) Clustering of genes representing module features. 
(D) Representative heatmap of correlations between multiple modules. (E) Correlation analysis of module feature genes with clinical status. Each row repre‑
sents a module; each column represents clinical status. (F) Scatterplot between module membership associations in turquoise modules and gene significance 
in cluster 2. Con, control; AD, Alzheimer's disease; cor, correlation; C2, cluster 2. 
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Discussion

The pathogenesis and pathologic characteristics of AD are 
complex. Apart from the primary pathological characteristics 
such as NFTs, SPs and neuronal loss, patients with AD also 
exhibit signs of mitochondrial dysfunction, including altered 
mitochondrial morphology, decreased activity of cytochrome 
oxidase (respiratory chain complex IV) and decreased glucose 
metabolism (35). Metal ions can cause neurodegeneration in 
patients with AD by disrupting the mitochondrial functional 
cycle, which has been suggested to be closely associated with 
mitochondrial respiration by cuproptosis ions and cuproptosis, 
a type of cell death with cuproptosis dependence (16,36). Since 
cuproptosis ions induce Aβ aggregation and the generation of 
reactive oxygen species, they may play a role in the progression 
of AD (37). For example, Aβ aggregation‑mediated oxidative 
stress leads to mitochondrial dysfunction and accelerates the 
progression of AD (38,39). Zhang et al (40) suggested that 
cuproptosis‑activated oxidative stress may affect memory 
function in patients with AD. The findings of Pilozzi et al (41) 
also verified the effects of cuproptosis redox on AD amyloid 
pathology. There is a close association between AD and cupro‑
ptosis in mitochondrial function and the oxidative respiratory 
chain (42). This is consistent with the enrichment analysis 
results in the present study. For example, GO and KEGG 
analyses showed that CRGs, such as FDX1, DLD and PDHB, 
are closely associated to the oxidative respiratory chain and 
play a role in mitochondrial functions. This is consistent with 
the findings of Starkov et al (43) and Yang et al (44). Therefore, 
it can be hypothesized that there are similarities between the 
mechanisms of AD and cuproptosis. However, few studies have 
explored the association between cuproptosis and AD, and the 
mechanisms involved are still unclear. Therefore, the specific 
roles of CRGs in AD development and the immune micro‑
environment were explored in the present study to develop a 
prognostic risk model for AD through machine learning.

It has been shown that immune cells in the human brain, 
such as microglia and astrocytes, are involved in AD patho‑
genesis (45). Several studies have investigated the effects of 
cuproptosis ions and cuproptosis on the infiltration of immune 
cells (46,47). The correlation analysis of CRGs of infiltrating 
immune cells in the present study showed that almost all genes 
were strongly associated with dendritic cell activation and 
monocytes. Other studies have also proven the significantly 
higher infiltration of primitive B cells and neutrophils in the 
hippocampus of patients with AD (48,49). Subsequent experi‑
ments revealed the high similarity between DLD and PDHB 
in the infiltration of immune cells, supporting the strong posi‑
tive association between these two variables, as shown by the 
correlation analysis.

The interactions of various computational biology fields 
are prominent in disease prediction research, and there are 
numerous machine learning algorithms available today for 
disease clinical trait analysis (50). For example, DMFGAM 
is a novel deep learning prediction model that performs 
well in disease drug discovery prediction and this model is 
expected to introduce new targets for AD drug development 
due to the failure of clinical trials involving multiple drugs 
targeting the disease  (51,52). Additionally, some research 
has indicated that by examining the mechanism of action 
of non‑coding RNAs in AD  (53), as well as the recently 
proposed computational model GCNCRF, which is based 
on graph convolutional neural networks and conditional 
random fields in the model (54), it is anticipated to create a 
new avenue for AD diagnosis and treatment. It can predict 
human lncRNA‑miRNA interactions more accurately by 
grasping the feature information of important nodes  (55). 
This shows the importance of machine learning algorithms in 
disease prediction. The present study compared four selected 
machine learning classifiers (RF, SVM, GLM and XGB) and 
verified that the SVM model had a higher prediction accuracy 
through a more precise multifactor analysis.

Figure 9. Identification of DEGs specific between two cuproptosis clusters and their biological characterization. (A) Cross‑over between module‑associated 
genes dying in copper and module‑associated genes in the GSE109887 dataset. (B) Differences in marker pathway activity between Cluster 1 and 2 samples were 
sorted by the t‑value of the GSVA method. DEGs, differentially expressed genes; GSVA, gene set variation analysis; WGCNA, weighted gene co‑expression 
network analysis; C1, cluster 1; C2, cluster 2.
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The present study results confirmed the acceptable diag‑
nostic power of the AD risk prediction model developed based 
on five cuproptosis genes (including DLD, FDX1, GLS, PDHB 

and DBT). The FDX1 gene promotes lipoylation of pyruvate 
dehydrogenase and α‑ketoglutarate dehydrogenase, which in 
turn affects the TCA cycle; decreased expression of FDX1 

Figure 10. Construction of RF, SVM, GLM and XGB machine models. (A) Cumulative residual distribution for each machine learning model. (B) Box plots 
showing the residuals for each machine learning model. The red dots indicate the root mean square of the residuals. (C) Important features in RF, SVM, GLM 
and XGB machine models. (D) ROC analysis of the four machine learning models based on 5‑fold cross‑validation in the test cohort. RF, Random Forest 
Model; SVM, Support Vector Machine Model; GLM, Generalized Linear Model; XGB, Extreme Gradient Boosting.
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promotes mitochondrial TCA cycling (56). By contrast, the 
PDHB gene and the DLD gene are involved in encoding the 
pyruvate dehydrogenase complex, which is essential for mito‑
chondrial respiration (57) and is also closely associated with 
the regulation of FDX1 and AD (58,59). The branched‑chain 
α‑ketoacid dehydrogenase complex is an endomitochon‑
drial enzyme complex that influences the catabolism of the 
branched‑chain amino acids isoleucine, leucine and valine, 
and it has been closely linked to the pathogenesis of AD (60). 
The DBT gene encoding the transacylase E2 subunit is also 
involved in the formation of this complex (60). By contrast, the 
GLS gene, an ammonia metabolism gene, has been reported 
to be associated with a wide range of glutamate signaling 
disorders, including AD (61). In the present study, significant 
differences in the expression levels of DLD, FDX1, GLS, DBT 
and PDHB were found between the AD group and the normal 

group. The results showed an increase in DBT expression, 
and a decrease in DLD, FDX1, GLS and PDHB expression in 
the AD group. The difference between cluster 1 and 2 in the 
marker pathway activity also revealed a significant increase 
in Notch signaling pathway activity. Kapoor et al  (62) and 
Perna et al (63) also reported an association between the Notch 
signaling pathway and AD. The present study validated the 
accuracy of a machine learning model developed based on 
CRGs using an external dataset, GSE33000, and developed a 
nomogram for assessing AD risk using CRG scores. Calibration 
curves and DCA confirmed the accuracy of the model.

The present study had several limitations. Firstly, it was 
challenging to conduct additional analyses due to the small 
sample size of the dataset and the number of patients with 
AD available for analysis selection. More clinical trait data 
are required in order to further validate the results of the 

Figure 11. Validation of SVM models. (A) Nomogram of 5‑gene‑based SVM models constructed for predicting risk of AD clusters. (B) Calibration curves 
to assess the predictive effectiveness of scaled plots. (C) Predictive efficiency of the column‑line graph model used to assess the predictive efficiency of the 
column‑line graph model. (D) ROC analysis of a 5‑gene‑based SVM model based on 5‑fold cross‑validation in GSE33000. SVM, Support Vector Machine 
Model; AD, Alzheimer's disease; DCA, decision curve analysis; ROC, receiver operating characteristic; CI, confidence interval.
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Figure 12. Validation of the animal model (n=5 animals/group; experiments repeated three times). (A) Distance travelled during spatial training. (B) Swimming 
speed during the search for the MWM platform. (C) Escape latency in the MWM experiment. (D) Frequency of platform crossing in the exploration experi‑
ment. (E) mRNA levels of DLD, FDX1, GLS, PDHB and DBT in the hippocampus of rats in each group. (F) Protein expression levels of DLD, GLS, PDHB 
and DBT in the hippocampus of rats in each group. (G) Protein expression levels of cuproptosis‑related genes in control and AD groups. *P<0.05, **P<0.01, 
***P<0.001. ns, not significant; MWM, Morris water maze; DLD, dihydrolipoamide dehydrogenase; FDX1, ferredoxin 1; GLS, glutaminase; PDHB, pyruvate 
dehydrogenase E1 subunit β; DBT, dihydrolipoamide branched chain transacylase E2; AD, Alzheimer's disease; Con, control; NS, normal saline.

Figure 13. Validation of cell models. (A) Calculated IC50 results at 0, 10, 20, 40 and 80 nM okadaic acid concentrations. (B) Cell viability of 25 nM okadaic 
acid drug concentration acting on cells for 24 h. (C) mRNA levels of DLD, FDX1, GLS, PDHB and DBT in control and DMSO groups. (D) mRNA levels of 
DLD, FDX1, GLS, PDHB and DBT in control and model groups. (E) Protein expression levels of DLD, GLS, PDHB and DBT in SH‑SY5Y cells of the AD 
model group. (F) Protein expression levels of cuproptosis‑related genes in control, NS and AD groups. *P<0.05, **P<0.01 and ***P<0.001. ns, not significant; 
Con, control; DLD, dihydrolipoamide dehydrogenase; FDX1, ferredoxin 1; GLS, glutaminase; PDHB, pyruvate dehydrogenase E1 subunit β; DBT, dihydroli‑
poamide branched chain transacylase E2; AD, Alzheimer's disease.
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bioinformatics analysis. Secondly, the present study demon‑
strated a correlation between cuproptosis and AD, but no 
further investigation was carried out to validate the precise 
mechanism underlying the role of related DEGs in AD. 
In addition, the use of machine learning algorithms in the 
present study was limited to the analysis of clinical traits, 
and no further in‑depth studies, such as drug screening, were 
conducted. Therefore, further algorithm updates are needed in 
the future.

The present study investigated the complex association 
between cuproptosis and AD by identifying five core cupro‑
ptosis genes (DLD, FDX1, GLS, PDHB and DBT) associated 
with AD. The in vivo and in vitro experiments also validated 
the expression level of these five core cuproptosis genes in 
AD models. The present study demonstrated the association 
between CRGs and infiltrating immune cells. In addition, a 
practical prognostic risk model was developed to assess the risk 
of cuproptosis and the pathological consequences of AD. The 
association between the five core cuproptosis genes and AD 
was validated by multiple data analyses and in vivo and ex vivo 
experiments. The present study results revealed the downregula‑
tion of DLD, FDX1, GLS and PDHB and the upregulation of 
DBT in patients with AD, compared with healthy individuals. 
This differential expression is expected to provide new ideas for 
the diagnosis and prognostic monitoring of AD.
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