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Abstract
Background: Alzheimer’s disease (AD) is a progressive neurodegenerative disorder characterized by significant cogni-

tive decline and memory impairment. This condition imposes a considerable economic burden on healthcare systems

worldwide.

Objective: Current diagnostic approaches often lack specificity and sensitivity, necessitating innovative methods to iden-

tify potential biomarkers that could facilitate earlier intervention and improved patient outcomes.

Methods: In this study, we aimed to elucidate the role of the BSCL2 gene in the pathogenesis of AD by employing various

bioinformatics techniques, including transcriptomic analysis and single-nucleus RNA sequencing (sn-RNAseq). We also

integrated machine learning algorithms to identify potential biomarkers associated with AD. A weighted gene co-expres-

sion network was constructed to uncover co-expression modules linked to BSCL2, alongside AGPAT1 and EHD2, which

demonstrated promising diagnostic potential with area under the curve (AUC) values exceeding 0.7.

Results: Our analyses revealed significant alterations in immune cell profiles across different AD subtypes, providing

insights into personalized immunotherapy approaches. Furthermore, pathway enrichment analyses highlighted key bio-

logical processes involved in AD, including oxidative phosphorylation, neuroactive ligand-receptor interactions, and

Notch signaling pathways. Notably, sn-RNAseq data indicated that BSCL2-related gene activity exhibited significant

changes in neural lineages, suggesting its influence on neurodegenerative mechanisms.

Conclusions: This study underscores the potential of BSCL2, AGPAT1, and EHD2 as novel biomarkers for early detec-

tion of Alzheimer’s disease. The insights gained from the co-expression analyses and immune profiling pave the way for

personalized therapeutic strategies aimed at modulating the immune response in AD. Future research should focus on the

clinical validation of these biomarkers and their role in the development of targeted interventions, ultimately enhancing

our understanding of AD pathophysiology and improving patient management.
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Introduction
Alzheimer’s disease (AD) is a progressive neurodegenera-
tive disorder marked by a gradual deterioration in cognitive
function and memory, significantly impacting not only the
diagnosed individuals but also their families and society
as a whole.1–3 As the prevalence of AD continues to
increase, it is accompanied by rising healthcare costs and
a substantial economic burden.4,5 Current diagnostic
methods, such as clinical evaluations and neuroimaging
techniques, have notable limitations.6–8 They often lead to
diagnoses only in the later stages of the disease. These chal-
lenges underscore the urgent need for innovative research
aimed at identifying potential biomarkers and therapeutic
targets to improve both the diagnosis and treatment of AD.

Recent studies have suggested that the BSCL2 gene may
play a pivotal role in the molecular mechanisms underlying
AD.9 Evidence indicates that BSCL2 is involved in lipid
metabolism and neuroinflammation,10,11 both of which
are critical elements of AD pathology.12,13 These findings
underscore the necessity for further investigation into
BSCL2 and its associated biological pathways.

The integration of bioinformatics, single-nucleus RNA
sequencing (snRNA-seq), and machine learning signifies
a significant advancement in understanding complex dis-
eases such as AD.14–16 By leveraging these technologies,
researchers can analyze large-scale genomic and transcrip-
tomic datasets, which facilitates the identification of poten-
tial biomarkers in AD. This approach also enables the
exploration of gene interactions and the construction of
regulatory networks, thereby offering a deeper insight into
the biological processes associated with AD.

This study seeks to address the urgent demand for
enhanced diagnostic and therapeutic strategies for AD
through an investigation of the BSCL2 gene and its asso-
ciated pathways. To this end, the research employs
advanced bioinformatics and machine learning methodolo-
gies to elucidate the molecular mechanisms underlying AD
and to identify biomarkers that facilitate earlier diagnosis
and more effective treatment.

Materials and methods

Data collection and processing data acquisition
The overall analytical workflow is illustrated in Figure 1.
We sourced the transcriptome data related to AD from the
Gene Expression Omnibus database (GEO, https://www.
ncbi.nlm.nih.gov/geo/), specifically obtaining the dataset
GSE132903, which includes 97 AD samples and 98

control samples. To maintain consistency and ensure com-
parability across the dataset, all samples underwent normal-
ization before any further analysis. We utilized the “limma”
package to identify differentially expressed genes (DEGs)
between the AD and control samples within the cohort,
applying the criteria of p < 0.05 and |log2FC| > 0.25.

Construction of protein-protein interaction (PPI)
network interacting with BSCL2
The Search Tool for the Retrieval of Interacting Genes
(STRING) database (https://string-db.org/) was employed
to investigate the proteins that interact with BSCL2 and to
develop protein-protein interaction (PPI) networks. We
began by entering “BSCL2” in the database’s search
feature under the “Protein by name” category, selecting
“Homo sapiens” as the organism, and setting the
minimum interaction score to “Medium confidence
(0.400).” Additionally, we specified a first shell with a
maximum of 15 interactors, while keeping the other para-
meters at their default settings. Using the results obtained,
we constructed a PPI network for further examination.
Subsequently, we utilized the “VennDiagram” package to
visualize the overlaps between “BSCL2-Associated Genes”
and DEGs from the dataset GSE132903. Furthermore, we
employed the “circlize” package for gene chromosome local-
ization, which allowed us to create a circular layout graphic
that effectively displays the positions of genes on
chromosomes.

LASSO-RF-XGBoost integrated framework identifies
AD’s diagnostic genes
To identify optimal diagnostic biomarkers for AD, we uti-
lized several machine learning techniques, including least
absolute shrinkage and selection operator (LASSO),
random forests (RF), and eXtreme Gradient Boosting
(XGBoost), for selecting feature genes. The LASSO algo-
rithm, which stands for Least Absolute Shrinkage and
Selection Operator, is a sophisticated type of penalized
regression that significantly enhances both the interpretabil-
ity of the model and its prediction accuracy. This is
achieved through the application of a contraction penalty
function, which effectively encourages variable selection
by shrinking the coefficients of less important predictors
towards zero, thereby simplifying the model and allowing
for a clearer understanding of the relationships between
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the variables involved.17 We executed this process using the
“glmnet” R package, determining the minimal lambda as
the optimal value.18 We utilized the “randomForest”
package in R to perform an extensive random forest ana-
lysis with the objective of identifying critical feature
genes integral to our study. This advanced ensemble
method generates multiple decision trees through a
process known as bootstrap aggregation, which mitigates
overfitting by averaging the outcomes of numerous trees,
thereby improving predictive accuracy. Additionally, the
method evaluates the importance of each gene by examin-
ing the mean decrease in the Gini index, offering valuable
insights into the genes that exert the most influence within
the framework of our analysis.18,19 Conversely, the
XGBoost algorithm adopts an advanced methodology by
leveraging gradient-boosted decision trees (GBDT) that
are augmented with regularization techniques. These tech-
niques are instrumental in managing model complexity
while constructing highly accurate predictive models and
assessing feature importance. The integrated regularization
mechanism is pivotal in mitigating overfitting, thereby
enhancing the model’s ability to generalize to novel data.
Additionally, the algorithm’s proficiency in feature
ranking facilitates the process of variable selection,

enabling practitioners to efficiently identify and prioritize
the most influential variables within their datasets.20,21 A
Venn diagram illustrated the consensus genes identified
by LASSO, RF, and XGBoost, which are three high-
performance binary classifiers. The overlapping candidates
were then moved forward to the validation stages. Lastly,
we evaluated diagnostic accuracy using the “pROC”
package by calculating ROC curves and corresponding
area under the curve (AUC) values.

WGCNA reveals BSCL2-linked gene modules in AD
BSCL2 scores for AD samples versus controls were calcu-
lated using the “GSVA” package. The Weighted gene
co-expression network analysis (WGCNA) package then
analyzed dataset GSE132903, using the BSCL2 score as
trait data to identify module genes strongly correlated
with it. Samples were also clustered to show overall correl-
ation within the dataset. Initially, the similarity between
gene pairs is assessed using Pearson correlation coeffi-
cients, which are subsequently transformed into a weighted
adjacency matrix. To preserve the scale-free topology of the
network, a soft-thresholding power (β) is applied. The

Figure 1. Study flowchart.
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weighted adjacency matrix is then converted into a topo-
logical overlap matrix (TOM), which quantifies the con-
nectivity among genes within the network. Utilizing the
TOM-based dissimilarity measure (1-TOM), genes are clus-
tered into distinct modules through hierarchical clustering,
with a minimum cluster size threshold set at 50.
Following the identification and merging of modules, a
total of nine distinct co-expression modules were estab-
lished. To investigate the association between these
modules and clinical characteristics, Person correlation
coefficients were computed between the module eigengenes
and the clinical traits. The green-yellow module, exhibiting
the strongest correlation with the clinical features, was
selected for further analysis.

Unsupervised consensus clustering based on hub
genes for AD subtype
Based on the expression profiles of genes in the green-
yellow module linked to AD, we conducted a consensus
clustering analysis using the R package “Consensus
ClusterPlus” to categorize AD samples from the
GSE132903 cohort into distinct molecular subtypes. To
determine the optimal number of subtypes, we evaluated
the consensus matrix (CM), the cumulative distribution
function (CDF) curve, and trajectory plots. We selected a
maximum cluster number of k= 2 for our analysis, guided
by the CDF index. To validate this classification, we
employed principal component analysis (PCA), which
allowed us to visualize the distinct gene expression patterns
across the identified subtypes. We then identified DEGs
between the two AD subtypes using a threshold of p <
0.05 and |log2FC| > 0.5, with the results illustrated in a
volcano plot. The cluster-specific DEGs underwent further
analysis for GO biological functions and Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway
enrichment, utilizing the R packages “clusterProfiler” and
“org.Hs.eg.db,” considering an adjusted p-value of <0.05
as significant. The enriched terms were then visualized
using the “ggplot2” and “GOplot” packages.

Immune infiltration analysis through CIBERSORT
and ssGSEA
To investigate the differential immune cell infiltration
between two subtypes in AD, the CIBERSORT algorithm
was utilized to classify and quantify the abundance of 22
distinct immune cell types, employing a permutation of
100. The infiltration patterns were visualized using
stacked histograms to depict relative abundances and clus-
tered heatmaps to highlight subtype-specific immune signa-
tures. Furthermore, the “psych,” “ggcorrplot,” and
“ggplot2” packages were employed to analyze the correla-
tions between three hub genes and immune infiltrations.

In addition to the CIBERSORT-based quantification of
immune cells, we further elucidated the immune micro-
environment by employing single-sample gene set enrich-
ment analysis (ssGSEA) with the “GSVA” R package.22

This approach allowed for the simultaneous evaluation of
28 immune signatures, encompassing both cellular infiltra-
tion levels and immune-related functional activity clusters.
Differential immune infiltration between Cluster 1 and
Cluster 2 was depicted using box plots, while correlations
between three key genes and immune signatures were ana-
lyzed and visualized through heatmaps utilizing the
“ggcorrplot” package. Additionally, we examined the asso-
ciations between three hub genes and immune cells using
the “psych” and “ggplot2” packages, with the findings illu-
strated in lollipop and scatter plots.

Development and validation of a BSCL2/AGPAT1/
EHD2-based nomogram for predicting AD
occurrence
Nomograms have emerged as valuable clinical tools for
multivariate diagnostic assessment and disease prognosis
prediction.23 Therefore, we constructed a nomogram
model based on BSCL2, AGPAT1, and EHD2 to predict
the occurrence of AD patients using the “rms” package in
R. Each predictor variable was assigned a weighted score,
with the summation yielding a total predictive score. The
calibration curve was used to evaluate the consistency
between the model’s predicted values and the actual
observed values. Meanwhile, we assessed whether deci-
sions made based on the model could provide net benefits
for patients by conducting a decision curve analysis
(DCA) and plotting a clinical impact curve. Finally, we uti-
lized the “pROC” package to construct receiver operating
characteristic (ROC) curves to further evaluate the diagnos-
tic accuracy of our model.

Single-gene GSEA analysis of hub genes
Gene Set Enrichment Analysis (GSEA) is employed to
identify significantly enriched biological pathways within
gene expression datasets by analyzing predefined gene
sets.24 Following the identification of hub genes, we con-
ducted a single-gene GSEA analysis utilizing the
“clusterProfiler” package to examine the biological path-
ways associated with BSCL2, AGPAT1, and EHD2. This
analysis aimed to elucidate the biological functions, signal-
ing pathways, and regulatory roles of these hub genes,
thereby clarifying their molecular mechanisms and func-
tional significance. The visualization of the enriched
pathway components was performed using the “enrichplot”
R package.
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Construction of gene-miRNA-lncRNA-transcription
factor network of the key genes
To enhance our understanding of the molecular mechan-
isms underlying AD, we developed an extensive network
comprising hub gene-miRNA, miRNA-lncRNA, and hub
gene-transcription factor (TF) interactions. Initially, the
ENCORI database was employed to predict miRNAs that
interact with key genes. Similarly, miRNA-lncRNA inter-
actions were identified using the ENCORI database.
Additionally, the ChIPBase database facilitated the identifi-
cation of transcription factors (TFs) interacting with these
hub genes. All network visualizations were created using
Cytoscape, an open-source bioinformatics platform
designed for the integrative analysis of complex molecular
interaction networks.25

GSEA/GSVA analysis of AD subtype function
To elucidate the molecular mechanisms differentiating AD
subtypes, we employed Gene Set Variation Analysis
(GSVA) utilizing hallmark pathways from the Molecular
Signatures Database (MSigDB).26 The analysis was con-
ducted using the R package “GSVA,” and we evaluated the
variations in GSVA pathway activity between the two identi-
fied clusters. Furthermore, we performed GSEA on cluster-
specific pathways using the R package “clusterProfiler.” A
p-value of less than 0.05 was considered the threshold for stat-
istical significance.

Computational analysis of single-nucleus RNA
sequencing (snRNA-Seq) data reveals AD cell
signatures
The snRNA-seq dataset GSE157827, linked to AD, was
retrieved from the GEO database (https://www.ncbi.nlm.
nih.gov/geo/). For the subsequent analysis, one control
sample (GSM4775574) and one AD sample
(GSM4775562) were selected. The (snRNA-seq) analyses
were rigorously performed using the Seurat package,
version 5.1.0, within the R programming framework. The
raw data were systematically converted into Seurat
objects to facilitate subsequent analysis. To address and
minimize potential batch effects that might distort the find-
ings, the Harmony package in R was utilized, thereby
enhancing the accuracy and reliability of the snRNA-seq
data analysis. Cells exhibiting more than 8000 genes or
fewer than 500 genes were discarded from the analysis,
along with cells where over 20% of the unique molecular
identifiers (UMIs) originated from the mitochondrial
genome. Data normalization was performed using the
“NormalizeData” function. Principal component analysis
(PCA) was utilized for the examination of single-cell
samples, and overall dimensionality reduction was achieved

through the Uniform Manifold Approximation and
Projection (UMAP) algorithm. Cell type identification
was carried out using the SingleR package.

Integrated single-cell assessment of BSCL2-associated
signaling: AUCell-based scoring and CellChat network
analysis
Utilizing the R package AUCell, each cell was rigorously
evaluated based on a curated set of six genes (BSCL2,
AGPAT1, EHD2, PNPLA2, CA10, EHD3) intricately asso-
ciated with BSCL2. This assessment incorporated the calcu-
lation of AUC values, offering a quantitative metric of gene
activity within each individual cell. This methodology
enabled the creation of gene expression hierarchies for
each cell, facilitating the estimation of the fraction of
highly expressed genes. Cells that exhibited expression of
a greater number of genes were marked by higher AUC
scores. Following this, the FeaturePlot and VlnPlot func-
tions were utilized to illustrate the distribution of AUC
scores across single cells. Subsequently, we investigated
the interactions between different cell clusters utilizing the
“CellChat” package.

The research flowchart of this study is summarized in
Figure 1.

Results

Integrated analysis reveals BSCL2 PPI networks in AD
pathogenesis
To gain insights into the interacting partners of BSCL2, we
constructed protein-protein interaction (PPI) regulatory net-
works for BSCL2-associated proteins using the STRING
database. Through this analysis, we identified 39 high-
confidence interacting proteins (Figure 2A). This network
elucidates the complex interactions involving BSCL2 and
provides a comprehensive framework for understanding
its potential molecular mechanisms in AD. To further inves-
tigate the molecular regulatory mechanisms of BSCL2 in
AD, we performed a systematic intersection analysis
between the 39 BSCL2-interacting genes and the
AD-related differentially expressed genes from the
GSE132903 dataset. This integrated analysis identified six
overlapping genes: PNPLA2, AGPAT1, BSCL2, CA10,
EHD2, and EHD3 (Figure 2B). Independent samples
t-tests were conducted to validate the expression differences
of these six genes between the AD and control groups. The
results demonstrated significant downregulation of five
genes (PNPLA2, AGPAT1, BSCL2, CA10, and EHD3)
and upregulation of EHD2 in AD patients (Figure 2C),
thereby confirming their strong association with disease
pathology. Furthermore, a map illustrating the chromo-
somal locations of these genes was developed to facilitate
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detailed visualization (Figure 2D). Collectively, these find-
ings implicate networks centered around BSCL2 in the
pathophysiology of AD.

Machine learning and ROC validation of BSCL2/
AGPAT1/EHD2 as AD diagnostic biomarkers
To identify diagnostic markers for AD, we conducted an
analysis of six overlapping genes utilizing various

machine learning techniques, including Least Absolute
Shrinkage and Selection Operator (LASSO) regression,
Random Forest (RF), and Extreme Gradient Boosting
(XGBoost). LASSO regression notably identified four key
genes, as illustrated in Figures 3A and 3B. Similarly, the
RF algorithm evaluated candidate genes based on their
Mean Decrease Gini scores and Mean Decrease
Accuracy, subsequently ranking the top genes in descend-
ing order of relative importance (Figures 3C–3E).
Furthermore, XGBoost models were developed using the

Figure 2. BSCL2-centered protein interaction networks in AD. (A) BSCL2 PPI network analysis by the STRING database. (B) Venn

diagram analysis between the 39 BSCL2-interacting genes and the AD-related DEGs. (C) The boxplot shows the expression levels of 6

overlapping genes between the control and AD groups. (D) Chromosomal localization map of 6 overlapping genes.
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six crosstalk genes, and the significance of these genes
within the models was evaluated (Figures 3F–3H). By
employing a Venn diagram (Figure 3I), we synthesized
the findings from the three algorithms, leading to the iden-
tification of three hub genes—BSCL2, AGPAT1, and
EHD2—as potential candidate biomarkers.

To further evaluate the diagnostic efficacy of the
BSCL2, AGPAT1, and EHD2 genes in AD, we performed
receiver operating characteristic (ROC) curve analyses util-
izing the GSE132903 dataset. The analyses revealed that
EHD2 demonstrated the highest diagnostic accuracy, with
an AUC of 0.754, followed by BSCL2 with an AUC of

Figure 3. Machine learning validation of BSCL2/AGPAT1/EHD2 as AD diagnostic biomarkers. (A, B) Construction of a LASSO

regression model. (C-E) Utilization of the RF algorithm for the development of screening and diagnostic markers. (F-H) Application of

the XGBoost algorithm for biomarker screening. (I) Venn diagram analysis of hub genes identified across LASSO, RF, and XGBoost

methodologies.
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0.735, and AGPAT1 with an AUC of 0.717 (Figure 4).
These findings suggest that the three genes possess signifi-
cant potential as diagnostic biomarkers for AD.

Identifying BSCL2-associated co-expression modules
in AD using WGCNA
To identify co-expression modules associated with BSCL2,
AGPAT1, and EHD2 in AD, we constructed a weighted
gene co-expression network using WGCNA on the
GSE132903 dataset. We began by clustering the samples
and removing outliers, which resulted in a final set of 195
samples for our analysis (Supplemental Figure 1A). Next,
we established a scale-free network by applying a soft
threshold of β= 19 (Supplemental Figure 1B). We then uti-
lized the dynamic hybrid cutting method to create a hier-
archical clustering tree, merging similar modules and
assigning them different colors, which led to the identifica-
tion of 9 consensus modules (Supplemental Figure 1C and
1D). Notably, the green-yellow module exhibited the stron-
gest correlation and the most significant p-value with
BSCL2 in the context of AD (Figure 5A). This analysis
revealed 149 genes within this module, and the scatter
plot demonstrates the relationship between module mem-
bership and gene significance for the green-yellow
module related to AD, which were selected for further
investigation (Figure 5B).

Identification of BSCL2-associated subtypes in AD
To explore the molecular mechanisms of BSCL2-associated
genes in the pathogenesis of AD, we performed unsuper-
vised consensus clustering on 97 brain tissue samples
from AD patients, sourced from GSE132903, utilizing the
ConsensusClusterPlus R package and focusing on the

genes within the green-yellow module. We began by sys-
tematically assessing potential cluster numbers ranging
from k= 2 to k= 10. Our thorough evaluation involved ana-
lyzing the consensus matrix heatmap (Figure 6A), the
cumulative distribution function (CDF) curve (Figure 6B),
and the delta area plot (Figure 6C), which collectively indi-
cated that k= 2 was the most suitable number of clusters.
Consequently, we identified two distinct molecular clusters:
cluster 1 comprised 56 samples, while cluster 2 included 41
samples. To further substantiate the robustness of our AD
subtyping, we conducted principal component analysis
(PCA), which revealed clear differences in transcriptional
profiles between the two clusters. The PCA plot demon-
strated a distinct separation between Cluster 1 and Cluster
2, reinforcing the reliability of our clustering results
(Figure 6D).

We conducted a differential expression analysis between
Cluster 1 and Cluster 2, identifying 394 DEGs, with 127
upregulated and 267 downregulated genes (p-value < 0.05
and |log2FC| > 0.5), as visualized in the volcano plot
(Figure 6E), followed by GO and KEGG pathway enrich-
ment analyses to explore their biological functions
(Figure 6F). GO analysis showed distinct DEG distributions
across categories, highlighting significant Biological
Processes like synaptic transmission and neurotransmitter
regulation, while KEGG revealed involvement in neural
pathways such as GABAergic and Glutamatergic synapses
(Figure 6G).

Differentiation of immune characteristics between
cluster1 and cluster2
To gain a more comprehensive understanding of the distinct
biological and immunological characteristics of the immune
microenvironment subtypes, we employed the

Figure 4. ROC analysis validates BSCL2, AGPAT1, and EHD2 as potential diagnostic biomarkers for AD. (A) ROC analysis for BSCL2

in dataset GSE132903. (B) ROC analysis for AGPAT1 in dataset GSE132903. (C). ROC analysis for EHD2in dataset GSE132903.
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CIBERSORT algorithm to analyze and compare the infiltra-
tion levels of 22 immune cell subsets between Cluster 1 and
Cluster 2. The visualizations, including a boxplot
(Figure 7A) and a stacked plot (Figure 7B), demonstrated
significant differences in immune cell infiltration between
the clusters. Notably, Cluster 2 exhibited a higher infiltra-
tion of regulatory T cells (Tregs) and resting natural killer
(NK) cells, while showing lower levels of activated NK
cells and eosinophils compared to Cluster 1.

We conducted an in-depth analysis of the complex inter-
actions between the three hub genes and immune cells. The
heatmap presented in Figure 7C delineates the correlations
between these hub genes and various immune cell types.
Specifically, BSCL2 demonstrated a positive correlation
with activated NK cells, activated dendritic cells, eosino-
phils, and follicular helper T cells, while exhibiting a nega-
tive correlation with monocytes, resting CD4 memory T
cells, resting NK cells, and M0 macrophages, as depicted
in Figure 7D. AGPAT1 showed a negative correlation
with eosinophils and a positive correlation with CD8 T
cells, as illustrated in Figure 7E. Furthermore, EHD2 was
negatively correlated with resting NK cells and M1 macro-
phages, but positively correlated with plasma cells and acti-
vated dendritic cells, as shown in Figure 7F. We conducted
additional validation of these associations using scatter plot
visualizations, which highlighted the most significant corre-
lations between genes and immune cells. Specifically,
BSCL2 displayed the most pronounced negative correlation
with monocytes (Figure 7G), AGPAT1 exhibited a notable

negative correlation with eosinophils (Figure 7H), and
EHD2 showed the strongest positive correlation with M1
macrophages (Figure 7I). These gene-specific immune sig-
natures may contribute to subtype-specific pathological
mechanisms in the progression of AD.

The BSCL2-AGPAT1-EHD2 triad distinctly regulates
effector memory CD4+T cells, identifying
immunometabolic subtypes in AD
To further elucidate the functional implications of two sub-
types and their distinct immune-gene interaction patterns,
we conducted single-sample gene set enrichment analysis
(ssGSEA) on samples from the GSE132903 dataset. This
analysis characterized immune cell infiltration patterns
across 28 immune cell types within Cluster 1 and Cluster
2. The findings, illustrated through box plots, revealed
that activated CD8 T cells, activated dendritic cells,
central memory CD4 T cells, effector memory CD8 T
cells, immature B cells, macrophages, myeloid-derived sup-
pressor cells (MDSCs), memory B cells, monocytes, plas-
macytoid dendritic cells, and type 17 T helper cells were
significantly more prevalent in Cluster 2 compared to
Cluster 1. Conversely, CD56bright natural killer cells and
effector memory CD4 T cells were significantly less preva-
lent in Cluster 2 relative to Cluster 1 (Figure 8A).

We analyzed correlations between BSCL2, AGPAT1,
EHD2 expressions and 28 immune cell types (Figure 8B).
BSCL2 positively correlated with effector memory CD4 T

Figure 5. Identification of BSCL2-associated gene co-expression networks in AD using WGCNA. (A) The module-trait relationships

are illustrated in a heatmap where each cell displays the corresponding correlation coefficient and p-value. (B) The scatter plot is

provided to depict the correlation between module membership and gene significance in the green-yellow module.
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Figure 6. Identification of two molecular phenotypes through unsupervised learning in AD. (A-C) Two molecular clusters were

identified through unsupervised clustering and illustrated using various visualization techniques, including a heatmap, CDF plot, and

delta plot. (D) The three-dimensional PCA scatter plot further highlights the presence of two distinct clusters that emerged from the

unsupervised consensus clustering process. (E) A volcano plot was generated to display the DEGs between the identified subtypes. (F)

bubble plots and chord diagrams were employed to visualize the results of the Gene Ontology (GO) functional enrichment analysis

conducted on the DEGs across the subtypes. (G) KEGG pathway analysis was performed to investigate the pathways associated with

the DEGs between the subtypes.
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Figure 7. Assessment of immune cell infiltration and its correlation with hub genes. (A) Box plot of 22 types of immunity infiltrating

cells between cluster 1 and cluster 2. (B) Stacked Histogram of immune cell distributions between cluster 1 and cluster 2 using the

CIBERSORT algorithm. (C) Heatmap of correlation between three hub genes and 22 types of immune cells. (D–F) The correlations of

hub genes (BSCL2, AGPAT1, and EHD2) with immune cells were determined using p < 0.05 as the screening criterion. (G) Correlation

analysis of BSCL2 and Monocytes. (H) Correlation analysis of AGPAT1 and Eosinophils. (I) Correlation analysis of EHD2 and M1

Macrophages.
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cells but negatively with several others, including gamma
delta T cells and neutrophils (Figure 8C). AGPAT1
showed positive correlations with memory B cells and
macrophages, but negative with type 2 T helper cells and
effector memory CD4 T cells (Figure 8D). EHD2 showed

positive correlations with various immune cells, including
plasmacytoid dendritic cells and natural killer cells, but
negative correlations with regulatory T cells and several
other T cell subsets (Figure 8E). All three hub genes had
significant yet differing correlations with effector memory

Figure 8. Correlation analysis of hub genes and immune cell infiltration. (A) Box plot showing the immune cell heterogeneity of the

two subtypes by ssGSEA algorithm. (B) Representative correlation heatmap between the result of ssGSEA algorithm and hub genes.

(C-E) Correlations between the hub genes (BSCL2, AGPAT1, and EHD2) and infiltrating immune cells. (F-H) Scatter diagram of

correlation analysis between the hub genes (BSCL2, AGPAT1, and EHD2) and effector memory CD4 T cells.
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CD4+ T cells and plasmacytoid dendritic cells.
Specifically, BSCL2 was positively correlated with effector
memory CD4+ T cells, while AGPAT1 and EHD2 were
negatively correlated (Figure 8F—H).

The diagnostic nomogram for BSCL2-AGPAT1-EHD2
trio in AD
To improve the prediction of AD risk, we created a diagnos-
tic nomogram that incorporates three key genes: BSCL2,
AGPAT1, and EHD2, utilizing the ‘rms’ R package
(Figure 9A). This nomogram provides a quantitative esti-
mate of an individual’s likelihood of developing the
disease based on these molecular markers. The calibration
curve showed that the nomogram has strong predictive
accuracy, with the estimated risk probabilities closely
matching the actual incidence rates of AD, which indicates
that the model performs reliably (Figure 9B). Additionally,
the decision curve analysis (DCA) revealed that the nomo-
gram offers a significant net benefit across a range of thresh-
old probabilities from 0.125 to 0.875, suggesting that using
this model for decision-making could be advantageous for
patients at risk of AD (Figure 9C). The clinical impact
curve analysis further confirmed the nomogram’s excellent
predictive performance, as the curve representing the “high
risk number” closely followed the curve for “high risk with
event number” within the threshold range of 0.4 to 1
(Figure 9D), highlighting its substantial clinical utility for
stratifying AD risk. Furthermore, the receiver operating
characteristic (ROC) analysis demonstrated the nomo-
gram’s strong predictive efficiency, achieving an AUC of
0.875 in the GSE132903 dataset (Figures 9E), which indi-
cates that the model is effective for diagnosing AD.

Single-gene GSEA analysis of hub genes
To further explore the potential functional mechanisms of
BSCL2, AGPAT1, and EHD2 in the pathogenesis of AD,
we conducted single-gene GSEA to identify significantly
enriched pathways. The high-expression group of BSCL2
was primarily enriched in pathways related to the neuro-
transmitter release cycle and neurotransmitter receptors
and postsynaptic signaling. In contrast, the low-expression
group of BSCL2 showed significant enrichment in path-
ways associated with ribosome function and selenoamino
acid metabolism (Figures 10A, B). For AGPAT1, high
expression was linked to pathways involving cell adhesion
molecules (CAMs), the Notch signaling pathway, and
glutathione metabolism, while its downregulation was asso-
ciated with the G2/M DNA damage checkpoint and various
cell cycle checkpoints (Figures 10C, D). Regarding EHD2,
its high expression was connected to the Notch and Hippo

signaling pathways, whereas its downregulation was
related to the glutamate neurotransmitter release cycle,
aggrephagy, and amino acids that regulate mTORC1
(Figures 10E, F).

Pathway enrichment analysis between the two
clusters
To gain deeper insights into the functional mechanisms of
BSCL2, AGPAT1, and EHD2 in AD, we conducted an inte-
grated GSEA and GSVA to compare the molecular profiles
of Cluster 1 and Cluster 2. The GSEA ridge plot analysis
revealed that the DEGs between these two clusters were
predominantly enriched in several key pathways, including
oxidative phosphorylation, neuroactive ligand-receptor
interactions, autoimmune thyroid disease, the Notch signal-
ing pathway, and cell adhesion molecules (CAMs), as illu-
strated in Figure 11A. Following this, we performed GSVA
enrichment analysis using the HALLMARK gene set to
further clarify the functional differences between the two
clusters at the pathway level. The results indicated that
Cluster 1 showed significant enrichment in pathways
related to the inflammatory response, IL6/JAK/STAT3 sig-
naling, Wnt/beta-catenin signaling, and the Notch signaling
pathway. Conversely, Cluster 2 exhibited significant
enrichment in pathways associated with E2F targets, pan-
creatic beta cell functions, and the G2 M checkpoint, as
shown in Figures 11B and C.

Interconnected networks of miRNAs, lncRNAs, and
TFs regulate the expression of BSCL2, AGPAT1, and
EHD2 in the context of AD
To further explore the regulatory mechanisms of BSCL2,
AGPAT1, and EHD2 in AD, we began by examining the
interaction relationships between these three hub genes
and their potential microRNAs (miRNAs) using the
ENCORI database. This analysis revealed 16 miRNAs
that may interact with these genes (Figure 12A), providing
a foundation for further research. Building on this, we con-
structed a miRNA-long non-coding RNA (lncRNA) inter-
action network to identify potentially regulatory
lncRNAs, resulting in the prediction of 14 lncRNAs asso-
ciated with 9 key miRNAs (Figure 12B). Furthermore, we
utilized ChIPBase to identify transcription factors (TFs)
that interact with these hub genes and visualized the
TF-gene regulatory network using Cytoscape. This
network diagram, which includes 14 TFs (Figure 12C),
clearly illustrates the significant transcription factors that
may influence the expression of BSCL2 and EHD2 within
the context of AD.

An et al. 13



Single-nucleus transcriptomic dissection of
BSCL2-associated gene activity across neural
lineages in AD
To more accurately delineate the expression of BSCL2-asso-
ciated genes in AD, we conducted a comprehensive analysis
of single-nucleus RNA sequencing (snRNA-seq) data

derived from the GSE157827 dataset. Following rigorous

quality control and normalization procedures, we assessed

various metrics, including the number of detected genes

(nFeature), the total sequence count per cell (nCount), log10

of genes per unique molecular identifier (log10Genes

PerUMI), and the mitochondrial ratio (mitoRatio), as

Figure 9. Construction of the nomogram model. (A) Nomogram establishment for the diagnostic model of AD. (B) Calibration curves

to evaluate the predictive power of the nomogram. (C) Decisions curve based on the nomogram model may benefit AD patients. (D)

Assessing the clinical impact of the nomogram model by clinical impact curves. (E) ROC curve analysis of risk prediction model in

GSE132903 dataset.
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illustrated in Figure 13A. Subsequently, we performed princi-
pal component analysis (PCA) incorporating cell cycle scores
(G1/S/G2 M), as shown in Figure 13B. Through an unsuper-
vised clustering analysis of the single-cell transcriptomic

datasets and visualization via Uniform Manifold
Approximation and Projection (UMAP) for dimensionality
reduction, we identified 18 distinct cell clusters
(Figure 13C), which were subsequently annotated into three

Figure 10. GSEA analysis of hub genes (BSCL2, AGPAT1, EHD2) in AD. (A, B) The GSEA analysis identified the three pathways

associated with BSCL2 upregulation and downregulation. (C, D) The GSEA analysis identified the three pathways associated with

AGPAT1 upregulation and downregulation. (E, F) The GSEA analysis identified the three pathways associated with EHD2 upregulation

and downregulation.
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Figure 11. Identification of clinically actionable subtypes in AD through the convergence of neuroinflammatory and cell-cycle pathway

dysregulation. (A) The results of KEGG enrichment analysis by the GSEA algorithm. (B) Pathway enrichment analysis based on the

Hallmark database using GSVA. (C) The results of the GSVA analysis show the differences in signaling pathways between cluster 1 and

cluster 2.
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primary lineages—astrocytes, monocytes, and neurons—
using established canonical markers (Figure 13D).
Following the annotation of cell types, we quantified the
lineage-specific activity of BSCL2-associated genes. By ana-
lyzing a curated set of six BSCL2-related genes, we derived
single-cell activity scores ranging from 0 to 0.3. This method-
ology facilitated precise comparisons of BSCL2-related gene
activation across different neural lineages (Figure 13E).
Subsequent analysis revealed a preferential enrichment of
BSCL2-related genes in neurons and astrocyte, whereas
Macrophage clusters exhibited relatively lower enrichment
of these genes (Figure 13F).

Cell-type-specific communication networks in AD
To investigate cell-type-specific communication and the
variations in signal transduction across different cell
types, we conducted heatmap analyses of outgoing and
incoming signals utilizing the “CellChat” tool. The heat-
maps elucidated distinct patterns of signal transduction for

astrocytes, macrophages, and neurons. Specifically, astro-
cytes predominantly exhibited outgoing signals through
NCAM, APP, CADM, LAMININ, SEMA6, PTN, JAM,
MAG, and SEMA4, while their incoming signals were pri-
marily mediated via NRXN, NRG, NCAM, CADM,
SEMA6, VISTA, PTN, JAM, MAG, and SEMA4.
Macrophages demonstrated outgoing signals involving
TGFb, MPZ, VISTA, GALECTIN, CD39, and GAS, with
incoming signals facilitated by APP, GALECTIN, CD39,
MPZ, GAS, and TGFb. Neurons displayed outgoing
signals through NRXN, NRG, NEGR, APP, CNTN,
EPHA, and PTPRM, and incoming signals via NEGR,
CNTN, EPHA, LAMININ, SEMA6, VISTA, and PTPRM
(Figure 14A, B). These variations in signal transduction pat-
terns underscore the intricate roles of astrocytes, macro-
phages, and neurons in AD.

Subsequently, we utilized dot plots to visualize intercellu-
lar communication patterns mediated by ligand-receptor
pairs among neural cell types and conducted an analysis of
their signal transduction characteristics under AD conditions.
The analysis uncovered significant alterations in

Figure 12. miRNA-lncRNA-TF networks regulate BSCL2/AGPAT1/EHD2 in AD. (A) The key genes-miRNA interaction network. (B)

The miRNA- lncRNA interaction network. (C) The key genes-TFs interaction network.
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ligand-receptor signaling among various cell types, implicat-
ing several key pathways (Figure 14C). These findings
underscore the complexity of intercellular communication
networks in AD and offer novel insights into the understand-
ing of the disease’s pathological mechanisms.

Discussion
This study investigates the molecular mechanisms asso-
ciated with the BSCL2 gene and its involvement in AD,
with a particular emphasis on lipid metabolism and

Figure 13. Single-nucleus transcriptomics reveals lineage-specific enrichment of BSCL2-associated genes in AD neural subtypes. (A)

Quality control of single-cell RNA sequencing data for AD and Contral samples. (B) PCA-based clustering using cell cycle scores (G1/S/

G2 M). (C) UMAP diagram shows the distribution of 18 cell subsets. (D) UMAP visualization was employed for cell type annotation. (E)

The distribution of the BSCL2 related genes in cell clusters. (F) Violin plots show the BSCL2-associated gene expression across neural

cell types.
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neuroinflammation. Previous research has indicated a
potential link between BSCL2 and AD pathology,9 suggest-
ing its viability as a biomarker or therapeutic target.
Through the application of bioinformatics, machine learn-
ing, and network analysis, this research identifies key
genes and biomarkers pertinent to AD. The findings under-
score BSCL2, AGPAT1, and EHD2 as potential diagnostic
markers, while also elucidating molecular pathways impli-
cated in the disease.

Through protein-protein interaction (PPI) and differen-
tial expression analyses, the research identifies overlapping

genes—BSCL2, AGPAT1, and EHD2—that are involved
in lipid metabolism and neuroinflammation.27–30

Subsequent research is necessary to validate these associa-
tions and evaluate their viability as therapeutic targets.
Machine learning methods have become important tools
for identifying diagnostic biomarkers of AD.14,31,32 In
this research, we used algorithms such as LASSO,
Random Forest, and XGBoost to identify BSCL2,
AGPAT1, and EHD2 as potential diagnostic markers. We
applied receiver operating characteristic (ROC) analyses
and obtained promising area under the curve (AUC)

Figure 14. Distinct ligand-receptor pathways influence astrocyte, macrophage, and neuron interaction. (A) The outgoing signaling

patterns of annotated neural cell types. (B) The incoming signaling patterns of annotated neural cell types. (C) Dot plot presenting the

distribution of distinctive signaling molecules in astrocytes, monocytes, and neurons.
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values. These results suggest that the biomarkers could
enable earlier diagnosis and intervention, potentially
improving patient outcomes.

The study’s investigation into the immune response pro-
files across various AD subtypes has revealed significant
variations in immune cell infiltration. Importantly, the
research highlights the pivotal roles of regulatory T cells
and resting natural killer cells within distinct clusters.
Recent literature has emphasized the involvement of the
immune system in AD, with specific immune profiles
being associated with disease progression and severity.33–
35 These observed differences in the immune landscape
have substantial implications for our understanding of AD
pathogenesis, suggesting that modulating the immune
response could serve as a promising therapeutic approach.
By correlating immune cell profiles with specific genotypes,
this research advances the development of targeted therap-
ies aimed at enhancing immune responses and reducing
neuroinflammation associated with AD. Specifically, our
findings indicate a positive correlation between BSCL2
and effector memory CD4+ T cells, whereas AGPAT1
and EHD2 exhibit a negative correlation with these cells.

Pathway enrichment analysis conducted using GSEA
and GSVA identified significant enrichment of specific
pathways, such as oxidative phosphorylation, neuroactive
ligand-receptor interactions, and the Notch signaling
pathway. These pathways are pivotal for comprehending
the biological processes altered in AD and may inform
future therapeutic strategies. Recent studies have under-
scored the importance of pathway analyses in drug develop-
ment and therapeutic targeting, emphasizing the need to
integrate pathway information with clinical data to
enhance our understanding of AD heterogeneity.36–39 By
elucidating these pathways, novel targets for intervention
may be identified, potentially altering the trajectory of AD
progression.

In addition to pathway enrichment analysis, single-
nucleus RNA sequencing (snRNA-seq) represents an
innovative approach for investigating the cellular compo-
nents implicated in AD.40,41 This technique facilitates a
more precise characterization of gene expression patterns
across diverse neural cell types.42,43 Consequently, distinct
cell types, including astrocytes, monocytes, and neurons,
have been identified, each contributing uniquely to the path-
ology of AD.44–46 Notably, the preferential expression of
BSCL2-associated genes in neurons and astrocytes, as
revealed by snRNA-seq, underscores the pivotal roles
these cells play in the context of AD and suggests potential
pathways for therapeutic intervention.

This study recognizes several limitations: the restricted
sample size may compromise the generalizability of the
results, and the absence of clinical validation impedes the
applicability of the findings in clinical settings. In
summary, this study has elucidated critical biomarkers
and molecular pathways linked to AD, highlighting the

potential of BSCL2, AGPAT1, and EHD2 as both diagnos-
tic markers and therapeutic targets. The findings from this
research enhance our understanding of AD pathogenesis.
Future research endeavors should focus on experimentally
validating these results and further investigating the identi-
fied molecular interactions.

Acknowledgements
The authors particularly thank the participants and their contribu-
tion to this study.

ORCID iD
Xiaoqiong An https://orcid.org/0000-0001-9599-8990

Ethical considerations
Not applicable.

Consent to participate
Not applicable.

Consent for publication
Not applicable.

Author contribution(s)
Xiaoqiong An: Formal analysis; Methodology; Writing – review
& editing.
Yijia Wang: Investigation; Methodology; Visualization.
Manni Cao: Data curation; Software.
Zhenzhen Yi: Methodology; Visualization.
Xiangguang Zeng: Data curation; Investigation; Software.
Wenfeng Yu: Project administration; Writing – review & editing.
Zhenkui Ren: Conceptualization; Formal analysis; Writing –
review & editing.

Funding
This research was supported by grants from the National Natural
Science Foundation of China (82160225), the Science and
Technology Fund Project of Guizhou Health and Health
Commission (grant no. gzwkj2021-356), the Basic Science
Technology Project of Guizhou Province Qian Ke He Basic-MS
[2025] 026, and the Special Project of Academic New Seedling
Cultivation and Free Exploration Innovation-Post-project
subsidy of the National Natural Science Foundation of China,
“Thousand Levels” of Guizhou Province High level Innovative
Talents (grant no.gzwjrs 2023-012), Key Advantageous
Discipline ConstructionProject of Guizhou Provincial Health
Commission in 2025.

Declaration of conflicting interests
The authors declared no potential conflicts of interest with respect
to the research, authorship, and/or publication of this article.

20 Journal of Alzheimer's Disease Reports

https://orcid.org/0000-0001-9599-8990
https://orcid.org/0000-0001-9599-8990


Data availability statement
The datasets used during the present study are available from the
corresponding author upon reasonable request.

Supplemental material
Supplemental material for this article is available online.

References
1. Zheng Q and Wang X. Alzheimer’s disease: insights into

pathology, molecular mechanisms, and therapy. Protein
Cell 2025; 16: 83–120.

2. Liu E, Zhang Y and Wang JZ. Updates in Alzheimer’s
disease: from basic research to diagnosis and therapies.
Transl Neurodegener 2024; 13: 45.

3. Scheltens P, De Strooper B, Kivipelto M, et al. Alzheimer’s
disease. Lancet 2021; 397: 1577–1590.

4. Jia J, Wei C, Chen S, et al. The cost of Alzheimer’s disease in
China and re-estimation of costs worldwide. Alzheimers
Dement 2018; 14: 483–491.

5. Alzheimer’s Association. 2024 Alzheimer’s disease facts
and figures. Alzheimers Dement 2024; 20: 3708–3821.

6. Scheltens P, Blennow K, Breteler MM, et al. Alzheimer’s
disease. Lancet 2016; 388: 505–517.

7. Tiwari S, Atluri V, Kaushik A, et al. Alzheimer’s disease:
pathogenesis, diagnostics, and therapeutics. Int J
Nanomedicine 2019; 14: 5541–5554.

8. van Oostveen WM and de Lange ECM. Imaging techniques
in Alzheimer’s disease: a review of applications in early diag-
nosis and longitudinal monitoring. Int J Mol Sci 2021; 22:
2110.

9. Qian Y, Yin J, Hong J, et al. Neuronal seipin knockout facil-
itates Aβ-induced neuroinflammation and neurotoxicity via
reduction of PPARγ in hippocampus of mouse. J
Neuroinflammation 2016; 13: 145.

10. Wang L, Hong J, Wu Y, et al. Seipin deficiency in mice
causes loss of dopaminergic neurons via aggregation and
phosphorylation of α-synuclein and neuroinflammation.
Cell Death Dis 2018; 9: 440.

11. Zhou H, Li J, Su H, et al. BSCL2/Seipin Deficiency in
hearts causes cardiac energy deficit and dysfunction via
inducing excessive lipid catabolism. Clin Transl Med 2022;
12: e736.

12. Yin F. Lipid metabolism and Alzheimer’s disease: clinical
evidence, mechanistic link and therapeutic promise. FEBS J
2023; 290: 1420–1453.

13. Leng F and Edison P. Neuroinflammation and microglial
activation in Alzheimer disease: where do we go from
here? Nat Rev Neurol 2021; 17: 157–172.

14. Chang CH, Lin CH and Lane HY. Machine learning and
novel biomarkers for the diagnosis of Alzheimer’s disease.
Int J Mol Sci 2021; 22: 2761.

15. Wang C, Acosta D, McNutt M, et al. A single-cell and spatial
RNA-Seq database for Alzheimer’s disease (ssREAD). Nat
Commun 2024; 15: 4710.

16. Wang M, Song WM, Ming C, et al. Guidelines for bioinfor-
matics of single-cell sequencing data analysis in Alzheimer’s
disease: review, recommendation, implementation and appli-
cation. Mol Neurodegener 2022; 17: 17.

17. Wang L, Peng F, Li ZH, et al. Identification of AKI signa-
tures and classification patterns in ccRCC based on
machine learning. Front Med (Lausanne) 2023; 10: 1195678.

18. Wu J, Duan C, Han C, et al. Identification of CXC chemokine
receptor 2 (CXCR2) as a novel eosinophils-independent
diagnostic biomarker of pediatric eosinophilic esophagitis
by integrated bioinformatic and machine-learning analysis.
Immunotargets Ther 2024; 13: 55–74.

19. Kursa MB. Robustness of random forest-based gene selection
methods. BMC Bioinformatics 2014; 15: 8.

20. Zhou Y, Li X, Ng L, et al. Identification of copper
death-associated molecular clusters and immunological
profiles in rheumatoid arthritis. Front Immunol 2023; 14:
1103509.

21. Su Z, Su W, Li C, et al. Identification and immune features of
cuproptosis-related molecular clusters in polycystic ovary
syndrome. Sci Rep 2023; 13: 980.

22. Liu Y, Hu J, Liu D, et al. Single-cell analysis reveals immune
landscape in kidneys of patients with chronic transplant rejec-
tion. Theranostics 2020; 10: 8851–8862.

23. Balachandran VP, Gonen M, Smith JJ, et al. Nomograms in
oncology: more than meets the eye. Lancet Oncol 2015; 16:
e173–e180.

24. Qi X, Huang Q, Wang S, et al. Identification of the shared
mechanisms and common biomarkers between Sjögren’s
syndrome and atherosclerosis using integrated bioinformatics
analysis. Front Med (Lausanne) 2023; 10: 1185303.

25. Zhang Y, Wang M and Chang W. Iron dyshomeostasis and
ferroptosis in Alzheimer’s disease: molecular mechanisms
of cell death and novel therapeutic drugs and targets for
AD. Front Pharmacol 2022; 13: 983623.

26. Zhanghuang C, Yao Z, Tang H, et al. Identification of prog-
nostic biomarkers in patients with malignant rhabdoid tumor
of the kidney based on mTORC1 signaling pathway-related
genes. Front Mol Biosci 2022; 9: 843234.

27. Filali-Mouncef Y, Hunter C, Roccio F, et al. The ménage à
trois of autophagy, lipid droplets and liver disease.
Autophagy 2022; 18: 50–72.

28. Aboy-Pardal MCM, Guadamillas MC, Guerrero CR, et al.
Plasma membrane remodeling determines adipocyte expan-
sion and mechanical adaptability. Nat Commun 2024; 15:
10102.

29. Vial T, Tan WL, Wong Wei Xiang B, et al. Dengue virus
reduces AGPAT1 expression to alter phospholipids and
enhance infection in Aedes aegypti. PLoS Pathog 2019; 15:
e1008199.

30. Yang G, Li C, Wang S, et al. Molecular characterization of
the grass carp bscl2 gene and its expression response to
lipid accumulation, nutritional status, insulin and glucagon.
Comp Biochem Physiol B Biochem Mol Biol 2024; 270:
110931.

An et al. 21



31. Long HZ, Zhou ZW, Cheng Y, et al. The role of microglia in
Alzheimer’s disease from the perspective of immune inflam-
mation and iron metabolism. Front Aging Neurosci 2022; 14:
888989.

32. Jiang L, Wang Q, Jiang Y, et al. Identification of diagnostic
gene signatures and molecular mechanisms for non-alcoholic
fatty liver disease and Alzheimer’s disease through machine
learning algorithms. Clin Chim Acta 2024; 557: 117892.

33. Bettcher BM, Tansey MG, Dorothée G, et al. Peripheral and
central immune system crosstalk in Alzheimer disease - a
research prospectus. Nat Rev Neurol 2021; 17: 689–701.

34. Rajesh Y and Kanneganti TD. Innate immune cell death in
neuroinflammation and Alzheimer’s disease. Cells 2022;
11: 1885.

35. Jorfi M, Maaser-Hecker A and Tanzi RE. The neuroimmune
axis of Alzheimer’s disease. Genome Med 2023; 15: 6.

36. Tewari D, Patni P, Bishayee A, et al. Natural products
targeting the PI3K-Akt-mTOR signaling pathway in cancer:
a novel therapeutic strategy. Semin Cancer Biol 2022; 80:
1–17.

37. Zhou B, Lin W, Long Y, et al. Notch signaling pathway:
architecture, disease, and therapeutics. Signal Transduct
Target Ther 2022; 7: 95.

38. Bjarnason I, Scarpignato C, Holmgren E, et al. Mechanisms
of damage to the gastrointestinal tract from nonsteroidal anti-
inflammatory drugs. Gastroenterology 2018; 154: 500–514.

39. Feng Y, Zhu P, Wu D, et al. A network pharmacology predic-
tion and molecular docking-based strategy to explore the
potential pharmacological mechanism of Astragalus mem-
branaceus for glioma. Int J Mol Sci 2023; 24: 16306.

40. Mathys H, Davila-Velderrain J, Peng Z, et al. Single-cell
transcriptomic analysis of Alzheimer’s disease. Nature
2019; 570: 332–337.

41. Rosewood TJ, Nho K, Risacher SL, et al. Pathway enrich-
ment in genome-wide analysis of longitudinal Alzheimer’s
disease biomarker endophenotypes. Alzheimers Dement
2024; 20: 8639–8650.

42. Grubman A, Chew G, Ouyang JF, et al. A single-cell atlas of
entorhinal cortex from individuals with Alzheimer’s disease
reveals cell-type-specific gene expression regulation. Nat
Neurosci 2019; 22: 2087–2097.

43. Jiang J, Wang C, Qi R, et al. scREAD: a single-cell RNA-Seq
database for Alzheimer’s disease. iScience 2020; 23: 101769.

44. Sadick JS, O’Dea MR, Hasel P, et al. Astrocytes and oligo-
dendrocytes undergo subtype-specific transcriptional
changes in Alzheimer’s disease. Neuron 2022; 110: 1788–
1805.e1710.

45. Feng Y, Li L and Sun XH. Monocytes and Alzheimer’s
disease. Neurosci Bull 2011; 27: 115–122.

46. Lu M, Li J, Huang Q, et al. Single-nucleus landscape of glial
cells and neurons in Alzheimer’s disease. Mol Neurobiol
2025; 62: 2695–2709.

22 Journal of Alzheimer's Disease Reports


	 Introduction
	 Materials and methods
	 Data collection and processing data acquisition
	 Construction of protein-protein interaction (PPI) network interacting with BSCL2
	 LASSO-RF-XGBoost integrated framework identifies AD's diagnostic genes
	 WGCNA reveals BSCL2-linked gene modules in AD
	 Unsupervised consensus clustering based on hub genes for AD subtype
	 Immune infiltration analysis through CIBERSORT �and ssGSEA
	 Development and validation of a BSCL2/AGPAT1/EHD2-based nomogram for predicting AD occurrence
	 Single-gene GSEA analysis of hub genes
	 Construction of gene-miRNA-lncRNA-transcription factor network of the key genes
	 GSEA/GSVA analysis of AD subtype function
	 Computational analysis of single-nucleus RNA sequencing (snRNA-Seq) data reveals AD cell signatures
	 Integrated single-cell assessment of BSCL2-associated signaling: AUCell-based scoring and CellChat network analysis

	 Results
	 Integrated analysis reveals BSCL2 PPI networks in AD pathogenesis
	 Machine learning and ROC validation of BSCL2/AGPAT1/EHD2 as AD diagnostic biomarkers
	 Identifying BSCL2-associated co-expression modules in AD using WGCNA
	 Identification of BSCL2-associated subtypes in AD
	 Differentiation of immune characteristics between cluster1 and cluster2
	 The BSCL2-AGPAT1-EHD2 triad distinctly regulates effector memory CD4+T cells, identifying immunometabolic subtypes in AD
	 The diagnostic nomogram for BSCL2-AGPAT1-EHD2 trio in AD
	 Single-gene GSEA analysis of hub genes
	 Pathway enrichment analysis between the two clusters
	 Interconnected networks of miRNAs, lncRNAs, and TFs regulate the expression of BSCL2, AGPAT1, and EHD2 in the context of AD
	 Single-nucleus transcriptomic dissection of BSCL2-associated gene activity across neural �lineages in AD
	 Cell-type-specific communication networks in AD

	 Discussion
	 Acknowledgements
	 References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile ()
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 5
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX1a:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    33.84000
    33.84000
    33.84000
    33.84000
  ]
  /PDFXSetBleedBoxToMediaBox false
  /PDFXBleedBoxToTrimBoxOffset [
    9.00000
    9.00000
    9.00000
    9.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames false
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks true
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo true
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


