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Abstract
Background: This study aims to identify key molecular targets in Alzheimer’s disease (AD) occurrence
and progression.

Methods: GSE5281 was obtained by screening and collection of the GEO database and denoted as set 1.
Differential analysis was carried out on AD samples and healthy samples in set 1. Hippocampal tissues
which were extracted from APP/PS1 double transgenic mice were used to measure the syntaxin 17
(STX17) gene and protein expression. Set 1 samples was divided into the STX17 high expression group
and the low expression group and denoted as set 2. Differential analysis was carried out on set 2. The
hippocampal sample expression matrix in GSE48350 was named as set 3 for weighted gene co-
expression network analysis (WGCNA). GSE33000 was used to construct the Least absolute shrinkage
and selection operator (LASSO) model for analysis and validation.

Results: 6151 differentially expressed genes (DEGs) were obtained in set 1. STX17 has signi�cantly low
expression in the hippocampal tissues of AD mice. 3651 DEGs were obtained from set 2. 2658 common
DEGs were obtained in the overlap of the two sets. 22 co-expression modules were obtained from set 3.
401 genes were ultimately obtained from the overlap between genes in the WGCNA signi�cance module
and the common DEGs in the two sets and Cytoscape was used for further visualization analysis to
obtain the PPI networks of 18 crucial genes. LASSO model construction and �tting was carried out to
obtain seven genes common to AD and STX17 (AMPH, GAD2, GAP43, REPS2, SGIP1, STXBP1, SYN2).

Conclusion: Bioinformatics analysis was used to examine the intrinsic mechanisms of AD pathogenesis
and determine the important role of STX17 in AD progression. Integrated analysis was used to obtain
crucial molecular targets common to AD and STX17, which provides new ideas for future AD mechanistic
studies and treatment.

Introduction
Alzheimer’s disease (AD) is a neurodegenerative disease and is the most common form of dementia [1].
Its main clinical characteristics are progressive decline in cognitive function and learning memory, and
abnormalities in personality and judgment ability [2]. Abnormal deposition of the Β-amyloid protein (Aβ)
is the most signi�cant characteristic of AD pathogenesis and Aβ plaque deposition occurs earlier than
another characteristic of AD, tau protein phosphorylation [3–5]. During formation of Aβ plaques,
abnormal vesicle aggregation and axon swelling can be seen at the ends of synapses and these two
effects result in vesicular recycling dysfunction, thereby resulting in an imbalance in Aβ plaque formation
and clearance, accelerating abnormal Aβ plaque deposition and resulting in severe neuropathic changes
[6–8].

Autophagy is an important step in vesicular recycling and is inhibited during AD progression [9].
Autophagy removes misfolded proteins and damaged vesicles to maintain cell homeostasis [10]. During
autophagy, autophagy-related genes (ATG) regulate autophagosome formation [11, 12] and
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autophagosomes transport phagocytosed substances to lysosomes for digestion and degradation [13,
14]. Autophagy is an important pathway for intracellular Aβ clearance [10, 15]. Recent studies found that
impaired fusion between autophagosomes and lysosomes is a critical mechanism of abnormal Aβ
plaque deposition in AD patients [16]. The intrinsic mechanism of impaired fusion between
autophagosomes and lysosomes is still unclear and critical components and regulatory pathways remain
to be elucidated.

In this study, bioinformatics analysis was employed and weighted gene co-expression network analysis
(WGCNA) and differentially expressed gene (DEG) analysis was used to determine crucial genes that are
intimately associated with AD. Least absolute shrinkage and selection operator (LASSO) was used to
construct an AD prediction model. A receiver-operating characteristic (ROC) curve was used to assess the
LASSO model. Integrated analysis will help to further determine the intrinsic mechanisms of AD
occurrence and progression and examine crucial molecular targets that are common to AD and (STX17),
which will provide new ideas for discovery of potential targets for AD treatment and con�rmation of new
biomarkers for AD diagnosis.

Materials And Methods

Data processing
The Gene Expression Omnibus database (GEO https://www.ncbi.nlm.nih.gov/geo/) contains sequencing
data submitted by scientists globally and three AD-related datasets were selected in this study for
research and validation. Among these datasets, GSE5281 was based on the GPL570 platform. This
dataset includes brain tissue samples from 87 AD patients and 74 healthy individuals and is known as
set 1. This set was used to validate the expression of DEGs in AD patients. The median expression level
of STX17 in GSE5281 was used to form set 2 and used for screening of DEGs with signi�cant correlation
in STX17 expression. In this study, hippocampal tissue sequencing samples in GSE48350 were used to
form set 3. This set includes brain tissue samples from 18 AD patients and 43 healthy individuals and the
GPL570 platform was used to construct a co-expression network. The top 75% of genes by median
absolute deviation were selected from the dataset. GSE33000 was based on the GPL4372 platform. This
dataset includes brain tissue samples from 310 AD patients and 157 healthy individuals and was used to
validate the �t between STX17 and its related genes in AD. The “justRMA” function in “Affy” was used for
normalization of GSE5281 and GSE48350. The “limma” package was used for background correction
and standardization of the GSE33000 dataset. HAMdb (http://hamdb.scbdd.com/) contains 797
autophagy-related genes. The datasets used in this study were obtained from the public access GEO
database and ethics review and approval were not required.

Identi�cation of DEGs
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In this study, the GSE5281 dataset was selected and probes were converted to gene symbols for
subsequent study. The “limma” package in R 4.0.3 was used to screen for differential expression results
between AD and healthy tissues in set 1. “limma” was used to screen for differential expression results
between STX17 high expression and STX17 low expression in set 2. The screening criteria were: corrected
P-value (False discovery rate, FDR) ≤ 0.05 and log2FC ≤ -0.4 or log2FC ≥ 0.4 where FC is fold change.
“pheatmap” in R software was used to plot differential heat maps. “ggplot2” in R software was used to
plot volcano plots of DEGs.

Experimental animals
Nine-month-old male APP/PS1 mice weighing 20 ± 3 g were housed under suitable temperature and
humidity and given ad libitum access to food and water. All animal experiments in this study were
approved by the Ethics Committee of Shanxi Medical University and conformed to the National
Experimental Animal Usage Regulations.

Primary reagents used in animal experiments
STX17 antibody (Proteintech, USA, 17815-1-P), GAPDH antibody (Beijing Zhongshan Golden Bridge
Biotechnology, China, bsm-33033M), β-actin antibody (Beijing Zhongshan Golden Bridge Biotechnology,
China, TA-09), horseradish peroxidase-labeled goat anti-mouse IgG (Beijing Zhongshan Golden Bridge
Biotechnology, China, ZB-2305), SDS-PAGE horseradish peroxidase-labeled goat anti-rabbit IgG (Beijing
Zhongshan Golden Bridge Biotechnology, China, ZB-2301), Prime Script RT Master Mix (TaKaRa, Japan,
RR036A), and SYBR Premix Ex TaqTM II (TaKaRa, Japan, RR820A) were used.

Main equipment
Microplate reader (SoftMax, USA, SMP500-071 47-HLXU), low temperature high-speed centrifuge (Thermo
Fisher, USA, LR56495), PCR machine (Stratagene, USA, MX3005P); thermal cycler (MJ Research, USA,
MX3005P), vertical electrophoresis tank (BIO-RAD, USA, 042BR11805), semi-dry membrane transfer cell
(BIO-RAD, USA, 221BR22693), and gel imaging system (UVP, USA, BioSpectrum 810) were used.

Western blot
BSA was used to measure protein concentration in the extracted tissue supernatant. After SDS-PAGE was
used to resolve proteins, they were transferred to a PVDF membrane and blocked with 5% skimmed milk
at room temperature for 2 h. After that, TBST was used to wash the membranes three times before
primary antibodies were added and incubated at 4°C overnight. On the second day, the membranes were
washed with TBST three times before secondary antibodies were added, and the membranes were
incubated at 4°C for 2 h. The membranes were washed three times. Super ECL Plus (volume of solution



Page 5/24

A: volume solution B = 1:1) was mixed evenly before added to PVDF membranes (around 200 µl). The
BioSpectrum 810 Imaging System was used to acquire images. Exposure was performed in the gel
imaging system and ImageJ software was used for analysis.

Real-time PCR
An appropriate amount of hippocampal tissue was cut and 300 µl Trizol was added for su�cient lysis
before homogenization (60 s, 60 Hz). The lysate was then centrifuged (12000 rpm, 4°C, 5 min) and the
supernatant was collected for total RNA extraction, RNA dissolution, and concentration tests. RNA was
reverse transcribed into a cDNA template and SYBR green was used to amplify the cDNA product. All
results were normalized to GAPDH expression in the control group. The 2-ΔΔCt method was used to
calculate the relative expression level of the target gene mRNA.

PPI network construction and core gene screening
Key entries in DEG enrichment analysis were selected and genes were extracted. The STRING Database
(https://cn.string-db.org/) provided construction and correlation evaluation for protein interaction
networks. The Cytoscape 3.8.2 software was used for further analysis and visualization of interaction
networks. To obtain the most signi�cant modules, the MCODE plugin in Cytoscape was used for analysis
and modules with scores greater than 4 were key modules.

Construction of weighted gene co-expression networks
To better understand AD gene expression and interactions, the “WGCNA” package in R software was used
for weighted co-expression analysis of the GSE48350 dataset. Hierarchical clustering accordingly found
that there were no abnormalities in the samples. Following that, a scale-free network was constructed
based on gene expression levels and the “pickSoftThreshold” function was used for screening with a soft
threshold of β = 7. Next, an adjacency matrix was constructed to determine the correlation between genes
and the adjacency matrix was transformed into a topological overlap matrix (TOM) to describe the
similarity of every node. The dynamic tree cut criteria was used to divide genes with similar expression
spectrum into different modules and the minimum number of genes in each module was set as 30
(MinModuleSize = 30). The modules were visualized to obtain dendograms and the correlation coe�cient
matrix between module eigengenes (MEs) and clinical traits and the module with the highest AD
correlation was known as the optimal module. The correlation between gene signi�cance (GS) and
module membership (MM) in the module was assessed and genes with GS > 0.2 and MM > 0.8 in the
module were considered central genes.

Gene functional enrichment analysis
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The “clusterPro�ler” package in R 4.0.3 was used for enrichment analysis, including gene ontology (GO)
and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis. GO is composed of molecular function
(MF), cellular component (CC), and biological process (BP). The “ggplot2” package in R software was
used for visualization. P < 0.01 and FDR < 0.05 were used as screening criteria.

LASSO model construction and ROC curve evaluation
The LASSO regression model has good simulation and prediction capabilities. The central genes in the
GSE33000 dataset and the expression spectrum of core genes after intersection of DEGs were selected
and used to construct the LASSO model using the “glmnet” package in the R software. The following
formula was used to calculate the expression and regression coe�cients of core genes: index = 
ExpGene1 × Coef1 + ExpGene2 × Coef2 + ExpGene3 × Coef3 +…+ ExpGeneN × CoefN. Where “Exp” is the
gene expression level and “Coef” is the regression coe�cient of the gene. To accurately identify the AD
and healthy groups, we randomized the datasets: training set (70%) and test set (30%). At the same time,
to accurately identify the correlation between genes and STX17, the median expression level of STX17
was used as a threshold value and the GSE33000 dataset was used to construct a new LASSO regression
model. The “ROCR” package in the R software was used to construct receiver operating characteristic
(ROC) curves to assess the stability and �t of the LASSO model.

Results

Importance of screening of signi�cant DEGs in AD and
con�rmation of autophagy-related gene STX17 in AD
To determine genes with signi�cant differences in AD patients, the GSE5281 dataset was downloaded
from the GEO database and denoted as set 1 for differential analysis. 6151 signi�cant DEGs were
identi�ed in set 1 (Additional �le 1), of which 2364 were upregulated and 3787 were downregulated (Fig.
2a, b). To further examine the potential function of correlated genes, DEGs were selected for GO and
KEGG enrichment analyses. KEGG showed that DEGs mainly participate in “Pathways of
neurodegeneration-multiple diseases” and “Alzheimer’s disease” (Fig. 2c). GO enrichment analysis
showed that DEGs in AD mainly participate in the biological process of “vesicle transport”, cellular
component was mainly enriched for “Golgi vesicular transport”, and mainly participate in the molecular
functions of “molecular adaptor activity” and “phosphatase binding” (Fig. 2d). To further explore the
potential autophagy mechanism in AD, genes included in main entries were extracted and used for
intersection analysis with autophagy-related genes in the autophagy database and only one intersecting
gene, STX17, was obtained in the result (Fig. 2e). At the same time, we also found that the expression of
STX17 is signi�cantly decreased in the brain tissues of AD patients in set 1, P = 0.00069, log2FC = − 
0.44693 (Fig. 2f), showing that low STX17 expression may be signi�cant in autophagy in AD occurrence
and progression.
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Signi�cant low expression of STX17 in hippocampal
tissues in APP/PS1 double transgenic mice
To further prove the expression of STX17 in AD, 9-month-old APP/PS1 double transgenic mice were
selected for study. Results showed that STX17 mRNA and protein expression levels in the hippocampal
tissues of APP/PS1 double transgenic mice were signi�cantly decreased compared with healthy mice (P 
< 0.05; Fig. 3a, b).

Screening of 2658 common DEGs in AD and STX17
To further determine signi�cantly correlated genes in AD when STX17 expression was low, we used the
median STX17 expression in set 1 as a threshold to construct set 2 and carried out differential expression
correlation analysis of genes. 3651 signi�cant DEGs were identi�ed in set 2 (Additional �le 1), of which
269 were upregulated and 3382 were downregulated (Fig. 4a, b). DEGs in sets 1 and 2 were preliminary
selected based on differential analysis and Venn diagram was used to obtain the intersections of
upregulated and downregulated genes in the 2 sets. 155 common upregulated DEGs and 2503 common
downregulated DEGs were obtained. From the sum of these 2 intersections, 2658 common DEGs were
obtained. These were known as hub genes and used for further analysis (Fig. 4c, d).

Weighted co-expression network analysis of set 3 and
constructed of 22 AD-related modules
To better understand modules and genes with signi�cant correlation to AD, we selected the GSE448350
dataset for screening of genes and modules with the most correlation to AD. The top 75% of genes by
median absolute deviation (MAD) were selected and MAD > 0.01. Cluster analysis was carried out on the
remaining genes to determine if there were signi�cant outliers (Fig. 5a). The most crucial parameter in the
scale-free network is the selection of the soft threshold. When the soft threshold was 7, the scale
independence was close to 0.9 and good mean connectivity was obtained in the adjacency matrix (Fig.
5b). A total of 22 modules were identi�ed based on TOM strati�ed clustering and the dynamic tree cut
height was 0.25 (Fig. 5c, d). A heat map was used for visualization of gene networks (Fig. 5e).

Screening of modules and phenotypes in the weighted co-
expression network and three modules with the most
signi�cant correlation with AD
We carried out correlation analysis of modules and phenotypes, of which the turquoise module has the
highest negative correlation with AD (correlation coe�cient = − 0.53, P = 1e − 05), the red module has the
highest positive correlation with AD (correlation coe�cient = 0.52, P = 2e − 05), followed by the positive
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correlation between the black module and AD (correlation coe�cient = 0.49, P = 6e − 05; Fig. 6a).
Following that, correlation analysis was carried out for the GS and MM of every gene in the above
modules. The correlations of the turquoise module, red module, and black module were 0.75 (P < 1e-200;
Fig. 6b), 0.7 (P = 1.2e-141; Fig. 6c), and 0.58 (P = 1.9e-58) (Fig. 6d), respectively. Genes in modules with
signi�cant AD correlation were selected for in-depth analysis. Genes selected based on thresholds of GS 
> 0.2 and MM > 0.8 were considered central genes, central genes were selected for GO and KEGG
enrichment analyses (Additional �le 2).

Construction of LASSO regression model and con�rmation
of seven signi�cantly correlated genes common to AD and
STX17
Central genes in the signi�cant correlation module from WGCNA analysis (Additional �le 3) and the hub
gene in the differential analysis were extracted for intersection analysis to obtain 401 intersection genes
(Fig. 7a). The 401 genes obtained were inputted into the STRING database to construct the PPI network
(Additional �le 4). Cytoscape was used for visualization analysis. The MCODE plugin was used for
analysis of PPI networks and construction of multiple high correlation sub-networks to obtain 19
networks consisting of core genes (Fig. 7b). Following that, the GSE33000 dataset was used as the
validation set for core genes and the expression matrices of core genes was extracted to construct the
LASSO regression model (Fig. 7c). The optimal threshold lambda.min = 0.008200821 was selected and
non-zero regression coe�cient was used to identify 10 genes (AMPH, DNM1L, GAD2, GAP43, RAB3C,
REPS2, SGIP1, STMN2, STXBP1, and SYN2). The following formula was constructed based on the gene
model index: index = AMPH × 2.7966877 + DNM1L × (− 3.3706289) + GAD2 × (− 1.9793459) + GAP43 × (− 
1.3960538) + RAB3C × (− 1.0899792) + REPS2 × 0.3138737 + SGIP1 × (− 6.1421089) + STMN2 ×
0.6587228 + STXBP1 × (− 2.3881780) + SYN2 × 0.4154237. The ROC curve was used to validate the
predicted accuracy of the LASSO regression model and the dataset was randomized into the test set and
training set. The discrimination of samples in both datasets was good (Additional �le 5). In the training
set, the AUC of 10 genes was 0.95 (Fig. 7d). In the test set, the AUC of 10 genes was 0.93 (Fig. 7e),
showing that the 10 genes above are intimately associated with AD occurrence and progression. In
addition, the median value of STX17 in the GSE33000 dataset was also used as a threshold to construct
the STX17 high-low expression dataset and sample discrimination was good (Additional �le 5). The
expression matrices of the 10 genes above were extracted from the LASSO regression model. The non-
zero regression coe�cient was used to identify seven genes (AMPH, GAD2, GAP43, REPS2, SGIP1,
STXBP1, and SYN2) (lambda.min = 0.0144212; Fig. 7f). The construction of the following formula was
based on the number of base models index = AMPH × (− 0.68484140) + GAD2 × 2.19059579 + GAP43 ×
1.35726521 + REPS2 × 8.54811586 + SGIP1 × (− 7.33909761) + STXBP1 × 0.01621663 + SYN2 ×
0.59866620. The ROC curve was used to validate the accuracy of the LASSO regression model. In the
training set, the AUC of the seven genes was 0.81 (Fig. 7g). In the test set, the AUC of the seven genes
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was 0.81 (Fig. 7h), showing that the seven genes above with signi�cant low expression have good
correlation with STX17 (Additional �le 6).

Discussion
AD is a degenerative neurological disorder [17] and there is no suitable diagnostic and treatment method
so far. FDA-approved drugs for AD treatment can only delay AD progression [18, 19]. Therefore, there is an
urgent need to search for feasible AD therapeutic targets. Some researchers believe that autophagy is a
critical pathway for homeostasis maintenance and has a huge potential as a target in future AD
treatment [17, 20]. Studies found that impaired fusion between autophagosomes and lysosome can
block autophagic �ux [21], which may be a critical factor for ineffective Aβ clearance [10]. The critical
molecules in related autophagy pathways are still unknown and the intrinsic mechanism of
intermolecular crosstalk remains to be elucidated.

In this study, bioinformatics methods were used to search for AD-related potential intervention targets,
particularly critical molecules in autophagy and related factors. Set 1 was used to compare differences
and 6151 DEGs (2364 upregulated genes and 3787 downregulated genes) were obtained. GO enrichment
analysis showed that DEGs in AD mainly participate in the biological process of “vesicle transport”,
cellular component was mainly enriched for “Golgi vesicular transport”, and mainly participate in the
molecular functions of “molecular adaptor activity” and “phosphatase binding”. To search for critical
factors associated with autophagy in AD occurrence and progression, we extracted genes in main entries
in this study and intersections with autophagy-related genes were obtained to obtain the only intersecting
gene, STX17. This suggests that STX17 plays a crucial role in autophagy. In set 1, we found that STX17
expression was signi�cantly low (P = 0.00069). To further validate STX17 expression in AD, we isolated
hippocampal tissues from APP/PS1 double transgenic mice. The experimental results showed that
STX17 mRNA and protein levels were signi�cantly low in hippocampal tissues. STX17 plays a crucial role
in fusion between autophagosomes and lysosomes [12, 17]. Studies showed that STX17 can form the
SNARE complex with vesicle-associated membrane protein 8 (VAMP8), soluble NSF attachment protein
29 (SNAP29) to jointly mediate fusion between autophagosomes and lysosomes [12, 22]. STX17
downregulation will inevitably affect fusion between autophagosomes and lysosomes, demonstrating
the signi�cance of STX17 downregulation in AD occurrence and progression. To screen for genes
intimately associated with STX17 in AD progression, we further constructed set 2 based on the median
STX17 value and difference comparison of the groups was carried out to obtain 3651 DEGs (269
upregulated genes and 3382 downregulated genes). The intersection of DEG obtained by screening sets 1
and 2 was obtained and 2658 common DEGs (155 upregulated genes and 2503 downregulated genes)
were obtained and known as hub genes. These signi�cantly DEGs in AD enable us to better understand
the potential mechanisms in AD and genes that are signi�cantly correlated to STX17 expression could
also provide new ideas for discovering feasible AD treatment regimens.

To better understand crucial genes in AD and to expand the range to decrease coincidence in DEGs in
sets 1 and 2, the GSE448350 dataset was further selected for WGCNA analysis and construction of 22
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AD-related co-expression modules. Three modules with the highest correlation were selected, including
turquoise module (correlation coe�cient = − 0.53, P = 1e − 05), red module (correlation coe�cient = 0.52,
P = 2e − 05), and black module (correlation coe�cient = 0.49, P = 6e − 05). Genes selected using GS > 0.2
and MM > 0.8 as thresholds were considered central genes. GO enrichment analysis of turquoise module
genes mainly participates in oxidative stress. Studies have shown that mitochondrial dysfunction is one
of the greatest risk factors for neurodegenerative diseases [23–25]. Mitochondrial dysfunction can be
detected early in the course of AD. Mitochondrial dysfunction may be a pathogenic factor of AD [26].
Damaged mitochondria lead to increased production of reactive oxygen species (ROS), and binding to Aβ
exacerbates AD progression [27].

To further screen related genes, central genes and hub genes obtained from the weighted co-expression
module were used for overlapping to obtain 401 intersection genes. These genes were inputted into the
STRING database for PPI network construction. The MCODE plugin in Cytoscape was used for core gene
analysis and the core gene network of 18 genes was visualized. The expression matrices of 18 genes
were extracted and LASSO regression was used for �t screening. ROC curves showed good �t. Finally,
seven genes in the �t model (AMPH, GAD2, GAP43, REPS2, SGIP1, STXBP1, and SYN2) were considered
signi�cantly correlated core genes common to AD and STX17.

Studies have shown that amphiphysin (AMPH) is an important accessory protein in clathrin-mediated
endocytosis (CME). CME is responsible for uptake of receptors or ligands on the cell surface and plays an
important role in nutrient absorption, neurotransmission, and maintenance of cell homeostasis [28].
AMPH can bind to clathrin and the cell membrane and plays an important role in membrane �ssion [28,
29]. Studies have found that impaired synapse function due to increase in AMPH autoantibodies is an
intrinsic mechanism causing chronic muscle stiffness in Stiff-Man syndrome (SMS) [30]. SH3GL
interacting endocytic adaptor 1 (SGIP1) is a critical factor that regulates CME and its main function is in
the assembly of clathrin-associated complexes [31]. In addition, SGIP1 is also important in energy
regulation and mood control [32, 33]. This study found that AMPH and SGIP1 expression are signi�cantly
low in AD patients and their potential relationship with AD are still unclear. In particular, the roles of these
genes in autophagy have not been reported and interactions between SGIP1, AMPH, and STX17 require
further exploration.

γ-aminobutyric acid (GABA) is a major inhibitory neurotransmitter that is important in cognition, learning,
depression, and drug addiction [34]. GABA synthesis is mainly controlled by glutamic acid decarboxylase
(GAD) and GAD has two isoforms, GAD1 and GAD2. In mammals, GABA synthesis is mainly controlled by
GAD1. GAD2 is mainly present in synapses and mediates GABA release in strong nerve excitation [35, 36].
Studies have pointed out that damage to the GABAergic system in AD becomes serious with age and is
one of the risk factors for AD progression [37]. This study also found that expression of GAD2 is
signi�cantly low in AD and regulation of GAD2 expression in AD is worthy of further in-depth research.
The release of neurotransmitters is mainly caused by fusion between synaptic vesicles and the cell
membrane; SNAREs, unc-13 homolog B (Munc13), and syntaxin binding protein 1 (STXBP1) are
indispensable for the fusion process. Studies have shown that STXBP1 and STX1 fold into a closed
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conformation. Munc1 assists in opening the closed STX1 and forms a SNARE complex with STXBP1.
After stimulation, the Ca2+ sensor synaptotagmin-1 jointly mediates the rapid fusion and release of
neurotransmitters [38]. STXBP1 can accelerate the SNARE complex-mediated membrane fusion process
and is important in neurotransmitter release [39]. Similarly, STX17 plays a crucial role in fusion between
autophagosomes and lysosomes [12, 17] but the relationship between STXBP1 and STX17 have not been
reported and should be explored in future research.

Neuron growth-associated protein 43 (GAP43) is considered to be a crucial regulatory factor of neuronal
growth, axon regeneration, and synapse plasticity [40]. GAP43 is mainly phosphorylated by PKC before it
performs its main function of extending synapse tips during nerve growth and regeneration [41]. Studies
found that GAP43 can be used as a biomarker for diagnosis of asymptomatic AD patients and has
signi�cantly low expression in the cerebrospinal �uid of AD patients. This is consistent with this study
that found that GAP43 has signi�cantly low expression in the brain tissues of AD patients. The intrinsic
relationship between GAP43 and STX17 in AD has not been reported.

The RALBP1 associated Eps domain containing 2 (REPS2) protein contains an EH domain, a proline-rich
domain, and a coiled-coil domain [42]. Studies have shown that the EH domain mainly participates in
protein-protein interactions and binding to related factors to regulate receptor-mediated internalization
and signal transduction [42, 43]. The proline-rich domain can bind to proteins with the SH3 domain such
as AMPH2 to inhibit EGFR-mediated internalization [44]. Studies have shown that uncontrolled
internalization causes prostate cancer to worsen [45]. This study found that REPS2 expression is
signi�cantly low in AD patients and REPS2 is related to AD occurrence and progression. In particular,
REPS2 acts as a crucial factor in internalization and its interaction with STX17 urgently requires further
examination.

Synapses are important structures that are indispensable to nervous activity. The synapsin (SYN) family
includes SYN1, SYN2, and SYN3. In particular, SYN2 is considered to be important for synapse formation
and growth [46]. SYN2 is mainly located in the synapses of mature neurons and plays an important role
in synaptic vesicle mobilization and recycling. Aberrant SYN2 expression may be a pathogenic factor of
epilepsy [47, 48]. This study found that SYN2 expression is signi�cantly low in AD, suggesting that it
affects neuroregulatory networks in the brain. There are few reports of the effects of aberrant SYN2
expression on AD. SYN2 and STX17 are both crucial factors in vesicle recycling and their interactions
deserve further study.

Conclusions
In summary, this study employed differential analysis, WGCNA, and LASSO regression analysis to identify
AD-related target genes and molecular pathways, the median STX17 expression was used for grouping,
and genes intimately associated with STX17 were found, which provided new ideas for in-depth research
on AD regulatory networks. The ROC curve also proved that the seven aforementioned genes have good
speci�city and accuracy in AD prediction and STX17-related expression models. The limitations of this
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study are lack of attention on the entire AD progression process and the lack of analysis of the evaluation
effectiveness of genes in different AD progression stages and therapeutic effects. In the future, we will
study the interactions between STX17 and the seven aforementioned genes in AD and the regulatory
effects of molecules. Molecular experiments and other methods will be used to explore the changes in
these genes during AD progression and their effects in improving AD symptoms. Subsequently, the
diagnostic and control effects of these genes in AD will also be assessed.
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Figures

Figure 1

Study procedure �owchart.
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Figure 2

Screening of differentially expressed genes (DEGs). a Volcano plot of DEGs in Alzheimer’s disease (AD)
and healthy groups. Red are upregulated genes, blue are downregulated genes, and grey are genes
without signi�cant difference. b DEGs between the AD and health groups, of which 20 are signi�cantly
upregulated genes and 20 are signi�cantly downregulated genes. c KEGG enrichment analysis of DEGs. d
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GO enrichment analysis of DEGs. e Intersection between genes in 4 major entries and autophagy
database. f STX17 expression is signi�cantly reduced in AD patients.

Figure 3

Expression of STX17 in hippocampal tissues in APP/PS1 mice. a STX17 mRNA expression in
hippocampal tissues from APP/PS1 double transgenic mice and healthy mice. b STX17 protein
expression in hippocampal tissues from APP/PS1 double transgenic mice and healthy mice.
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Figure 4

Differentially expressed genes (DEGs) in screening co-expression. a Volcano plot of DEGs in set 2. Red
are upregulated genes, blue are downregulated genes, and grey are genes without signi�cant difference. b
DEGs in set 2, of which 20 are signi�cantly upregulated genes and 20 are signi�cantly downregulated
genes. c There are 155 highly expressed genes in the intersection between sets 1 and 2. d There are 2503
genes with low expression in the intersection between sets 1 and 2.
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Figure 5

Construction of weighted gene co-expression network. a Cluster 3 of 18 Alzheimer’s disease (AD) samples
and 43 healthy samples. b Fit indexes of various soft thresholds to the scale-free network, mean
connectivity of various soft thresholds. c Cluster trees of different measurement modules. d Heat map of
characteristic gene trees and module adjacency Red shows high adjacency and blue show slow
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adjacency. e Visualizable heat map of gene network (400 genes can be randomly selected), dark colors
represent high gene overlap and light colors represent low gene overlap.

Figure 6

Construction of modules with most signi�cantly correlation. a Correlation heat map of modules and
traits, red represents positive correlation, green represent negative correlation. The darker the color, the
stronger the correlation. The lighter the color, the weaker the correlation. b Correlation of turquoise module
gene signi�cance and module membership. c Correlation of red module gene signi�cance and module
membership. d Correlation of black module gene signi�cance and module membership.
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Figure 7

Core gene screening and construction of the LASSO regression model. a Intersection of central genes and
hub genes in the WGCNA signi�cance module. b 18 core genes were obtained through PPI network
construction analysis. c Construction of Alzheimer’s disease (AD)-related LASSO model. d ROC curve of
genes in the AD training set. e ROC curve of genes in the AD test set. f Construction of STX17 high-low
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expression-related LASSO model. g ROC curve of genes in the STX17 high-low expression training set. h
ROC curve of genes in the STX17 high-low expression test set.
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