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the NAP1L1 gene as a predictive
biomarker for Alzheimer’s disease
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Background: The most effective approach to managing Alzheimer’s disease (AD)
lies in identifying reliable biomarkers for AD to forecast the disease in advance,
followed by timely early intervention for patients.

Methods: Transcriptomic data on peripheral blood mononuclear cells (PBMCs)
from patients with AD and the control group were collected, and preliminary
data processing was completed using standardized analytical methods. PBMCs
were initially segmented into distinct subpopulations, and the divisions were
progressively refined until the most significantly altered cell populations were
identified. A combination of high-dimensional weighted gene co-expression
analysis (hdWGCNA), cellular communication, pseudotime analysis, and
single-cell regulatory network inference and clustering (SCENIC) analysis was
used to conduct single-cell transcriptomics analysis and identify key gene
modules from them. Genes were screened using machine learning (ML) in the
key gene modules, and internal and external dataset validations were performed
using multiple ML methods to test predictive performance. Finally, bidirectional
Mendelian randomization (MR) analysis, regional linkage analysis, and the Steiger
test were employed to analyze the key gene.

Result: A significant decrease in non-classical monocytes was detected in
PMBC of AD patients. Subsequent analyses revealed the inherent connection of
non-classical monocytes to AD, and the NAP1L1 gene identified within its gene
module appeared to exhibit some association with AD as well.

Conclusion: The NAP1L1 gene is a potential predictive biomarker for AD.

KEYWORDS

single-cell sequencing, machine learning, Mendelian randomization analysis, NAP1L1
gene, biomarker, Alzheimer's disease

1 Introduction

Alzheimer’s disease (AD) is a neurodegenerative condition characterized by
progressive memory impairment, cognitive decline, and behavioral abnormalities
(Scheltens et al., 2021). The total cost of treating AD was estimated at $305 billion in
2020, and it is expected to exceed $1 trillion by 2050. Additionally, the prevalence of AD
is rising every year, with approximately 50 million people worldwide currently living with
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dementia. This number is projected to triple by 2050 (Dubois
etal, 2016; Wong, 2020). Unfortunately, there is still no treatment
available to provide a complete cure for AD. AD is a progressive
condition that starts with mild memory problems, gradually
leading to cognitive impairment and difficulty performing daily
activities in about a decade. Administering neuroprotective drugs
early—before mild symptoms appear—is a key strategy for treating
AD. Therefore, identifying pre-AD stages and finding biomarkers
to detect the pre-AD condition are especially important. Current
research on AD biomarkers mainly uses techniques such as
positron emission tomography (PET), cerebrospinal fluid AB1-42,
and magnetic resonance imaging (MRI). However, none of these
methods has been completely effective in identifying individuals at
risk of developing early or full-blown AD (Fiandaca et al., 2014).

The advent of single-cell sequencing and transcriptomics
has led to the introduction of new methods for identifying
biomarkers for AD. Wang and Wang (2020) identified UBB,
UBA52, SRC, MMP9, VWE, GP6, and PF4 as potential key genes
for predicting AD. Yu et al. (2023) found that the lysosome-related
gene ATP6VIE] demonstrated a strong predictive performance
for AD. These studies found potential biomarkers for AD but
did not explore the causal relationship between AD and these
biomarkers. In this study, Mendelian randomization (MR) analysis
was introduced to establish a causal link between genes and
AD. MR analysis was utilized to assess the causality of observed
associations between modifiable exposures or risk factors and
clinically relevant outcomes (Sckula et al.,, 2016). This study also
revealed that monocytes were initially found to decline most
significantly in the peripheral blood mononuclear cells (PMBCs)
of AD patients. An imbalance between the production of A and
its clearance is thought to be an important cause of AD production.
It has been shown that bone marrow- or blood-derived monocytes
bind to AP deposits and are more effective phagocytes of Ap than
resident microglia (Zuroff et al., 2017).

Inspired by previous study, we hypothesized that a decrease
in certain components of monocytes may impair Ap clearance,
contributing to the development of AD. Subsequently, we
observed the greatest decrease in non-classical monocytes in
AD patients, prompting us to perform single-cell transcriptome
analyses on these monocytes, such as single-cell regulatory
network inference and clustering (SCENIC) analysis. Eventually,
we discovered the NAPIL1 gene. NAPIL1 is a member of
the nucleosome assembly protein (NAP) family, ubiquitously
expressed and involved in DNA replication, cell adhesion,
migration, and proliferation (Yan et al., 2016; Dominguez et al,,
20215 Peng et al, 2023). NAP1LI has primarily been studied as
a potential biomarker for tumors, but recent findings suggest it
may have novel value in other areas as well (Nagashio et al,
2020; Shen et al, 2022). The study found that rats with a
knockout of NaplLl exhibited slower proliferation of neural
progenitor cells (NPCs) and premature differentiation of neurons
during cortical development. Similarly, AD-induced pluripotent
stem cell (AD-iPSC)-derived neural progenitor cells (AD-NPCs)
showed premature neuronal differentiation, resulting in decreased
proliferation and increased apoptosis, along with elevated levels
of AP42 and phosphorylated tau (Vanova et al, 2023). This
finding suggests that premature neuronal differentiation may be
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a contributing factor to AD. Therefore, NAP1L1 has significant
potential as an AD biomarker.

In this study, we used high-dimensional weighted gene co-
expression network analysis (hdWGCNA) to identify key genes,
followed by machine learning (ML) to screen for predictive genes.
Subsequently, we employed MR correlation analysis to explore
the causal relationship between these genes and AD. Finally, we
identified the NAPIL1 gene as a potential biomarker for AD as
shown in the flow chart in Figure 1.

2 Materials and methods

2.1 Single-cell sequencing data download
and processing

The Gene Expression Omnibus (GEO) database (https://
www.ncbinlm.nih.gov/geo/) was searched using the keywords
blood”, and
Subsequently, the dataset GSE226602 was retrieved, comprising
AD (n = 28) and the control groups (n = 22). The R package
“Seurat” was used for subpopulation annotation of single cells.

“Alzheimer’s disease”, “peripheral “human”.

To ensure data quality, we conducted quality control, data
normalization, and other pre-processing steps to eliminate low-
quality cells and alleviate inter-sample variability. During the
downscaling and clustering process, we initially selected the genes
with the highest variability for principal component analysis.
Furthermore, we utilized the Harmony algorithm and employed
the uniform manifold approximation and projection (UMAP)
technique to visualize the data in two dimensions, showing diverse
cell subpopulations in an unsupervised manner. In addition to
manual annotation, we investigated automated annotation using
the SingleR package and presented the results through DimPlot.

2.2 Training and validation of set data for
ML downloads

GSE140829 and GSE97760 were retrieved from the GEO
database using the GEO query R package (version 4.0.2). We
designated GSE140829 containing peripheral blood samples from
AD (n = 204) and the control groups (n = 249) as the training
set. GSE97760 (Naughton et al.,, 2015) containing peripheral blood
samples from AD (n = 9) and the control groups (n = 10) was
designated as the validation set.

2.3 Pseudotime analysis and cellular
communication analysis

For datasets involving time series or developmental processes,
we employed the Monocle package to reconstruct cell track and
utilized the Cellchat package to investigate cellular communication
and regulatory dynamics.
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FIGURE 1
The workflow of the study.

2.4 SCENIC analysis

SCENIC analysis was performed using pySCENIC (v0.10.0)
from the hgl9-tss-centered-10 kb-10species database (https://
github.com/aertslab/pySCENIC).

2.5 hdWGCNA networking

hdWGCNA was established using the “hd-WGCNA” R
package, a widely utilized method for identifying potential
biomarkers of interest.

2.6 Enrichment analysis

The hub genes obtained from hdWGCNA were selected for
enrichment analysis of the top 50 genes of the key modules.
Functional enrichment analysis of the key module hub genes was
performed using the Metascape website (https://metascape.org/gp/
index.html).

2.7 LASSO regression and logistic
regression analysis

LASSO regression analysis was conducted using the “glmnet”
R package, while logistic regression analysis was conducted using
the “glm” R package. Key genes obtained from “hdWGCNA” were
selected and integrated with GSE140829. The initial screening of
the gene was performed through LASSO regression and logistic
regression analysis to identify genes suitable for use as the training
set in ML.
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2.8 Predictive model construction based

on multiple ML algorithms

The R package “mlr3” was applied to build ML models,
including k-nearest neighbor algorithm (kknn), linear discriminant
analysis (Ida), naive_bayes, logistic regression (log_reg), random
forest (ranger), support vector machine (svm), and recursive
partitioning with regression trees (rpart). The ROC curve analysis
was performed using the “pROC” R package and visualized using
the “ggplot2” R package. The ROC curve analysis was used to
validate the diagnostic value of these models in GSE140829, using
data GSE97760 as an external validation set.

2.9 Bidirectional MR analysis

The genes predicted by ML were used to find expression
quantitative trait loci (eQTL) matching the genes available on
the genome-wide association study (GWAS) website (http://
gwas.mrcieu.ac.uk/datasets). MR analysis was performed using
the TwoSampleMR software package. The eQTL data for gene
expression were subsequently processed using the vcfR package
using reverse Mendelian correlation tool variables.

2.10 Regional correlation maps and the
Steiger test

Genotype data and associated data were examined to extract
eQTL information relevant to the target genes. Subsequently,
eQTLs located within specified regions were selected and formatted
for mapping the regional associations. The mapping process
employed the locus-comparer software package to visualize the
association information between eQTLs and GWAS, providing
an intuitive graphical representation for subsequent analyses.
Finally, single nucleotide polymorphism (SNP) with the most
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significant combinations for each trait and their corresponding
PMID were filtered using the Steiger filter test and summarized in
a comprehensive results table.

2.11 GWAS summary statistics for AD and
NAP1L1 eQTL

Our GWAS summary statistics for AD were sourced from the
dataset ebi-a-GCST90027158 (Bellenguez et al., 2022), including
individuals (nap = 111,326, ncontrol 677663) of European ancestry.
The majority of the patients are aged over 60 years and represent
both sexes. Furthermore, eQTL data from GWAS (OpenGWAS ID:
eqtl-a-ESG00000187109) include whole blood NAP1L1 expression
data sourced from Europe, with 17,270 SNPs collected from
9,188 samples.

3 Results

3.1 Single-cell analysis of the
transcriptome of the AD and control groups

In this study, PBMC samples from the AD (n = 28) and
control groups (n = 22) from the dataset GSE226602 scRNA-
seq were selected for analysis. Batch effects across samples
were mitigated using the Harmony method to integrate and
standardize the samples, followed by normalization, downscaling,
and clustering. All cells were classified into 20 subpopulations
using FindNeighbors and FindClusters functions of the Seurat
software package, following quality control and clustering analyses
of the data (Figure 2A). Using the SingleR software package, all
cells were annotated into five cell types, namely, T cells, NK
cells, monocytes, B cells, and platelets (Figure 2B). Subsequently,
the ratios of five cell types are presented in Figure 2C. Notably,
monocytes exhibited the most significant reduction and were
consequently selected for subsequent analyses. Segmentation was
continued based on monocytes, which were further segmented into
non-classical monocytes, classical monocytes, myeloid dendritic
cells, and intermediate monocytes. The distribution of monocytes
was visualized utilizing the UMAP algorithm and DimPlot function
and subsequently segmented based on cell type (Figures2D,
E). Finally, the ratios of four monocyte types are presented in
Figure 2F. Tt was found that non-classical monocytes were the
most significantly different among monocytes between the AD
and control groups, and therefore non-classical monocytes were
selected for subsequent analyses.

3.2 Single-cell transcriptomic analysis of
non-classical monocytes

Non-classical monocytes, which exhibited the most substantial
decline in AD compared to the control group, were the focus of
further single-cell transcriptomic analyses. To transition from the
control group to an AD state, there must have been changes at the
cellular level, including changes in intercellular communication.
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The aim was to comprehend the communication between non-
classical monocytes and other monocytes. Initially, CellChat was
used to infer the number of interactions between non-classical
monocytes and other monocytes in both the AD and control
groups. The results revealed that non-classical monocytes in
AD did not exhibit interactions with other monocytes to the
same extent as the control group (Figures3A, B). To gain
deeper insights into this cellular communication discrepancy,
upregulated and downregulated signaling ligand-receptor pairs
were identified through differential gene expression analysis.
Subsequently, signaling differences were assessed based on the
fold change of the ligand from the sending cell to the receptor
in the receiving cell. The results indicated that NAMPT-(ITGA5-
ITGB1), TNEF-TNFRSF1B, and TNF-TNFRSF1A were signaling
pathways upregulated in AD, while LGALS9-CD45 and ANXA1-
FPR1 were signaling pathways downregulated in AD. The most
prominent disparities in cellular communication between non-
classical monocytes and other monocytes in both AD and control
groups were observed in the TNF-TNFRSFIA signaling pathway
(Figures 3C, D).

To comprehend the distinctions in single-cell transcriptional
regulators between non-classical monocytes and other monocytes,
the top 10 specific regulators in different monocytes were analyzed
using the regulator specificity score (RSS). SCENIC analysis
revealed that the top seven transcription factors in non-classical
monocytes were CUX1, ZBTB7A, FL1, MBD2, POU2F2, CEBPA,
and KLF3 (Figure 4A). Further examination of the distribution
of these transcription factors in monocytes demonstrated that
they were most prevalent in non-classical monocytes, which was
consistent with previous findings (Figure 4B). To explore the
potential association with AD, the top 100 transcription factors
based on the RSS score were selected from non-classical monocytes.
The differential expression of these transcription factors in the
AD and control groups was observed. Notably, these transcription
factors exhibited both upregulation and downregulation in both the
AD and control groups (Figure 4C).

To identify AD-related gene modules in non-classical
monocytes, hdWGCNA was used. All genes were collectively
clustered into six non-gray modules. Among these modules, the
turquoise and blue modules exhibited the highest expressions
(Figure 5A). Visualization of these modular genes revealed that
the turquoise module and the blue module were the most widely
distributed in the non-classical monocyte region (Figure 5B).
Plotting the expression levels of different modules in monocytes
illustrated that the turquoise and blue modules were predominantly
distributed in non-classical monocytes (Figure 5C). Consequently,
2,262 genes from the turquoise module and 817 genes from the
blue module were selected for inclusion in subsequent analyses.

To investigate changes in gene expression during development
or transcriptional dynamics in non-classical monocytes,
pseudotime analysis was utilized on the integrated dataset to
illustrate the on/off status of various genes across pseudotime. The
pseudotime analysis revealed that the expression of non-classical
monocyte marker genes increased as the pseudotemporal time
advanced, indicating a trend for non-classical monocytes to
express genes more fully toward the end of the pseudotemporal
time compared to other monocytes (Figures 6A, B). To validate this
observation, the top 50 differential genes representing non-classical
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monocytes from the turquoise module and the blue module were
clustered into six classes. Visualization of these gene clusters
demonstrated that the turquoise module and the blue module were
positioned at the end of the pseudotime analysis with more fully
expressed genes (Figure 6C). Due to the higher representation
of non-classical monocyte genes in the turquoise module, it
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was selected for further analysis, confirming the same trend as
before (Figure 6D). Enrichment analysis of the op 50 genes from
the turquoise module and the blue module indicated that these
modules were predominantly enriched in immunity, infection, and
other related pathways. Their functions were closely associated
with hematopoiesis and monocyte differentiation (Figure 6E).
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Cellular interactions between non-classical monocytes and other cells in the AD and control groups. (A) non-classical monocytes — other
monocytes — other monocytes. (D) Other monocytes — non-classical monocytes.
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factors in non-classical monocytes.

The case of non-classical monocyte transcription factors. (A) The RSS analysis of the top 10 specific regulators in different monocyte types. (B)
Visualization of key transcription factors in non-classical monocytes. (C) Differences in the expression of the AD and control groups transcription
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3.3 Predictive model construction results “PPMIN”, “CX3CR1”, “WASF2”, “HES4”, “RGS19”, and “CSTB”
for multi ple ML algorith ms were obtained and continued to the next step of the analysis. Using
the dataset GSE140829 as an internal validation set to verify the

LASSO regression and logistic regression were used to initially ~ accuracy of the machine learning model, the Ida and log_reg results
screen the previously obtained genes, and 44 genes including  show the best test efficacy (AUC = 0.80) (Figures 7A, B). Therefore,
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the external validation set GSE97760 is selected for lda for the
machine learning model, which also shows a good test efficacy
(AUC=0.733) (Figure 7C).

3.4 MR analysis using predicted genes
identified five genes for AD

The 44 predicted genes obtained from ML were utilized, and
eQTL matching the genes was identified on the GWAS website
for MR analysis. This finding aims to identify downstream genes
associated with a high risk of AD. Finally, the analysis identified
five genes, namely, NAP1L1, SON, L1LRB2, PLD4, and CAP1 that
were significantly associated with AD. A volcano plot highlighting
genes with significant p-values (Figure 8A) was generated to
visually illustrate the p-value of each gene in relation to the -
log10 transformation of In(OR). The plot clearly displays genes
with significant positive and negative correlations. Subsequently,
a forest plot was created to visualize the odds ratio (OR) and
95% confidence interval (CI) of each significant gene, emphasizing
the robustness and direction of each gene association (Figure 8B).
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As depicted in the figure, the NAP1L1 gene exhibited a negative
correlation with AD. In other words, the risk of AD increased with
a decrease in the gene’s expression level. Consequently, the NAP1L1
gene was selected for further analysis.

3.5 Reverse MR analysis, regional linkage
analysis, and the Steiger test of the NAP1L1
genes with AD risk

Reverse MR analysis was conducted to assess the causal effect
of AD on the NAPIL1 gene, with AD as the exposure and the
NAPIL1 gene as the outcome. The analysis revealed no causal
relationship between AD and the NAPIL1 gene (OR = 1.0064,
95% CI = 0.8961-1.1304, p = 0.9136838 by the IVW method).
Additionally, the Steiger test was conducted, and the evaluation
between AD and the NAPIL1 genes yielded a TRUE result,
signifying the absence of reverse causality. Consistent results were
obtained using MR Egger, weighted median, simple mode, and
weighted mode methods (Figure 9A). Initially, regional association
plots for the NAP1L1 gene eQTL were displayed in tandem with
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FIGURE 9
The relationship between the NAP1L1 gene and AD. (A) Inverse MR using different MR methods to describe the relationship between AD and the
NAP1L1 gene. (B) Regional correlation map

the AD GWAS results. SNPs indicating a significant association
between the NAPIL1 gene and AD were identified through the
comparison of the strength of their associations. It can be noted
that specific SNP associated with eQTLs for the NAP1L1 gene, such
as 152043359, showed a significant correlation in GWAS for AD.
This finding provides preliminary evidence suggesting a potential
link between the NAP1LI gene and AD (Figure 9B). Our findings
are generally consistent with our initial hypothesis, suggesting that
alterations in the NAP1L1 gene expression modulate the risk of AD.

4 Discussion

Single-cell sequencing addresses the limitation of traditional
transcriptomics, which only provides an average expression signal
for a collection of cells (Du et al., 2023). It can also aid in
elucidating the reasons for poor production or clearance of AP at
the cellular level. Non-classical monocytes travel along the vascular
endothelium (Malm et al., 2010; Ong et al., 2018). Intriguingly,
these traveling monocytes have been demonstrated to recognize
and clear AP from the venous lumen of APP/PS1 mice (van de
Veerdonk and Netea, 2010). However, the mechanism behind the
failure of non-classical monocytes to clear A remains unknown.
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We initially verified that non-classical monocytes in AD
did not interact with other monocytes as much as in the
control group, suggesting that the reduced interactions of non-
classical monocytes with other cells have likely led to its reduced
clearance of AP. This reduction in interactions leads to results
that may be related to the TNF-TNFRSF1A signaling pathway.
TNFRSF1A, identified as the TNF-alpha receptor, functions as
a genetic plasmid that exclusively binds to TNF-alpha. AB1-40
induces the activation of several TNF-a-dependent intracellular
signaling pathways that play a key role in controlling COX-2
upregulation and activation, synaptic loss, and cognitive decline
in mice, which may ultimately lead to AD (Medeiros et al,
2010). Therefore, it is reasonable to assume that a decline in
TNF-TNFRSF1A in non-classical monocytes causes a reduction
in binding to TNF-o, giving TNF-a the opportunity to be
activated by AP1-40, causing a series of cascading reactions
that ultimately lead to AD. Previous studies and the single-
cell sequencing analyses of our study suggest that non-classical
monocytes are a key cell population in AD genesis, thus its
transcription factors should also be closely related to AD.
Furthermore, we conducted literature research on the top-ranked
transcription factor, CUXI. Recent studies have shown that the
APP intracellular domain (AICD) of the amyloid-f precursor gene
is a potential contributor to the development and progression of
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AD (Konietzko, 2012), and that activation of CUX1 transcriptional
activity by the AICD may be implicated in its contribution to AD
(Yang et al, 2012). The pseudotime analysis revealed that non-
classical monocytes are more likely to exhibit the characteristics
of AD cells. Moreover, existing studies have identified cellular
senescence in AD (Liu, 2022). Cellular senescence typically occurs
at the terminal stage of the cell's growth and development
process. We assumed the proliferation of the cell as the starting
point and observed the expression of the number of genes
in the cell in different states of the cell and found that the
expression of non-classical monocytes increased at the end of the
pseudotime, in the cellular senescence stage. Enrichment analysis
of the turquoise and blue gene modules indicated that these
modules are primarily focused on pathways and functions such
as hematopoiesis, immunity, monocyte differentiation, infectious
disease, and apoptosis. These pathways and functions have also
been suggested to be potentially related to AD (Behl, 2000; Feng
et al, 2011; Chong et al, 2013; Douros et al.,, 2021; Chen and
Holtzman, 2022).

Because ML is a powerful tool for gene expression analysis,
we chose it to screen for genes with high predictive performance
(Deo, 2015). To address the limitations of GWAS in fully
revealing genetic susceptibility factors for complex diseases, we
combined GWAS with eQTL analysis (Zhu et al., 2016; Cano-
Gamez and Trynka, 2020). Additionally, we used reverse MR
analysis, regional association analysis, and the Steiger test to further
validate our findings. Regional association analysis supports the
relationship between the NAPIL1 gene and AD. Reverse MR
analysis revealed that this causal association did not exist in
the reverse direction. Furthermore, the Steiger test confirmed
this result. The downregulation of NAP1L1 was found to render
cells susceptible to apoptotic cell death by attenuating nuclear
factor-kB (NF-kB) transcriptional activity on the anti-apoptotic
Mcl-1 gene (Tanaka et al, 2017). Similarly, increased NF-
kB expression was found in PBMC samples of AD patients,
suggesting that a decrease in the NAPIL1 gene in monocytes
might be responsible for AD (Ascolani et al., 2012). NF-kB is a
well-recognized inflammatory transcription factor that promotes
neurodegeneration and has a huge impact on AD formation
(Ju Hwang et al, 2019). In addition, it was experimentally
demonstrated that the knockdown of the NAP1L1 gene increased
Lys382 acetylation and enhanced the level of pro-apoptotic Bax,
thereby promoting cell death (Tanaka et al., 2019). In contrast, Bax
is from the Bcl2 family and has pro-apoptotic effects, apoptosis
brought about by Bax is thought to be closely related to AD
formation (Kumari et al., 2023).

References

Ascolani, A., Balestrieri, E., Minutolo, A., Mosti, S., Spalletta, G., Bramanti, P., et al.
(2012). Dysregulated NF-kB pathway in peripheral monon-uclear cells of Alzheimer’s
disease patients. Curr. Alzheimer Res. 9, 128-137. doi: 10.2174/1567205127990
15091

Behl, C. (2000). Apoptosis and Alzheimer’s disease. J. Neural Transm. 107,
1325-1324. doi: 10.1007/s007020070021

Bellenguez, C., Kiigiikali, F., Jansen, I. E., Kleineidam, L., Moreno-Grau, S., Amin,
N., et al. (2022). New insights into the genetic etiology of Alzheimer’s disease and
related dementias. Nat. Genet. 54, 412-436. doi: 10.1038/s41588-022-01024-z

Frontiersin Aging Neuroscience

13

10.3389/fnagi.2024.1406160

5 Conclusion

In summary, our study suggests that the NAPIL1 gene in
non-classical monocytes has the potential to serve as a biomarker
for predicting AD. However, further functional experiments are
required to verify our hypothesis.

Data availability statement

The original contributions presented in the study are included
in the article/supplementary material, further inquiries can be
directed to the corresponding author.

Author contributions

RC: Conceptualization, Writing — original draft, Writing —
review & editing, Formal analysis. YX: Data curation, Writing —
original draft. ZC: Writing - review & editing. WH: Writing —
review & editing. ZH: Conceptualization, Project administration,
Supervision, Writing — original draft.

Funding

The author(s) declare that financial support was received for
the research, authorship, and/or publication of this article. This
project was supported by the Shenzhen Natural Science Foundation
(Project No. 2022375969) and the Sanming Project of Medicine in
Shenzhen (No. SZZYSM202105010).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Cano-Gamez, E., and Trynka, G. (2020). From GWAS to function: using functional
genomics to identify the mechanisms underlying complex diseases. Front. Genet.
11:424. doi: 10.3389/fgene.2020.00424

Chen, X, and Holtzman, D. M. (2022). Emerging roles
and adaptive immunity in Alzheimer’s disease. Immunity 55,
doi: 10.1016/j.immuni.2022.10.016

Chong, Z. Z., Shang, Y. C., Mu, Y., Cui, S., Yao, Q., and Maiese, K. (2013). Targeting
erythropoietin for chronic neurodegenerative diseases. Expert Opin. Ther. Targets. 17,
707-720. doi: 10.1517/14728222.2013.780599

of innate
2236-2254.

frontiersin.org


https://doi.org/10.3389/fnagi.2024.1406160
https://doi.org/10.2174/156720512799015091
https://doi.org/10.1007/s007020070021
https://doi.org/10.1038/s41588-022-01024-z
https://doi.org/10.3389/fgene.2020.00424
https://doi.org/10.1016/j.immuni.2022.10.016
https://doi.org/10.1517/14728222.2013.780599
https://www.frontiersin.org/journals/aging-neuroscience
https://www.frontiersin.org

Chen et al.

Deo, R. C. (2015). Machine learning in medicine. Circulation 132, 1920-1930.
doi: 10.1161/CIRCULATIONAHA.115.001593

Dominguez, F., Shiliaev, N., Lukash, T., Agback, P., Palchevska, O., Gould, J. R.,
et al. (2021). NAP1L1 and NAP1L4 binding to hypervariable domain of chikungunya
virus nsP3 protein is bivalent and requires phosphorylation. J. Virol. 95:e0083621.
doi: 10.1128/JV1.00836-21

Douros, A., Santella, C., Dell’Aniello, S., Azoulay, L., Renoux, C,, Suissa, S., et al.
(2021). Infectious disease burden and the risk of Alzheimer’s disease: a population-
based study. J. Alzheimers. Dis. 81, 329-338. doi: 10.3233/JAD-201534

Du,J., Yang, Y. C,, An, Z.].,, Fu, X. H,, Huang, Z. F,, Yuan, Y, et al. (2023). Advances
in spatial transcriptomics and related data analysis strategies. J. Transl. Med. 21, 330.
doi: 10.1186/s12967-023-04150-2

Dubois, B., Hampel, H., Feldman, H. H., Scheltens, P., Aisen, P., Andrieu, S., et al.
(2016). Proceedings of the Meeting of the International Working Group (IWG) and
the American Alzheimer’s Association on “The Preclinical State of AD”; July 23, (2015).
Washington DC, USA. Preclinical Alzheimer’s disease: definition, natural history, and
diagnostic criteria. Alzheimers. Dement. 12, 292—323. doi: 10.1016/j.jalz.2016.02.002

Feng, Y., Li, L., and Sun, X. H. (2011). Monocytes and Alzheimer’s disease. Neurosci.
Bull. 27, 115-122. doi: 10.1007/s12264-011-1205-3

Fiandaca, M. S., Mapstone, M. E., Cheema, A. K., and Federoff, H. J. (2014). The
critical need for defining preclinical biomarkers in Alzheimer’s disease. Alzheimers.
Dement. 10, $196-212. doi: 10.1016/j.jalz.2014.04.015

Ju Hwang, C., Choi, D. Y., Park, M. H., and Hong, J. T. (2019). NF-kB as a key
mediator of brain inflammation in Alzheimer’s disease. CNS Neurol. Disord. Drug
Targets. 18, 3-10. doi: 10.2174/1871527316666170807130011

Konietzko, U. (2012). AICD
contribution to Alzheimer’s disease.
doi: 10.2174/156720512799361673

Kumari, S., Dhapola, R., and Reddy, D. H. (2023). Apoptosis in Alzheimer’s disease:
insight into the signaling pathways and therapeutic avenues. Apoptosis 28, 943-957.
doi: 10.1007/510495-023-01848-y

its
9,

and
Res.

nuclear
Curr.

signaling
Alzheimer

possible
200-216.

Liu, R. M. (2022). Aging, cellular senescence, and Alzheimer’s disease. Int. J. Mol.
Sci. 23:1989. doi: 10.3390/ijms23041989

Malm, T., Koistinaho, M., Muona, A., Magga, J., and Koistinaho, J. (2010). The role
and therapeutic potential of monocytic cells in Alzheimer’s disease. Glia. 58, 889-900.
doi: 10.1002/glia.20973

Medeiros, R., Figueiredo, C. P., Pandolfo, P., Duarte, F. S., Prediger, R. D. S., Passos,
G. F,, et al. (2010). The role of TNF-alpha signaling pathway on COX-2 upregulation
and cognitive decline induced by beta-amyloid peptide. Behav. Brain Res. 209, 165-173.
doi: 10.1016/j.bbr.2010.01.040

Nagashio, R., Kuchitsu, Y., Igawa, S., Kusuhara, S., Naoki, K., Satoh, Y., et al.
(2020). Prognostic significance of NAPIL1 expression in patients with early lung
adenocarcinoma. Biomed. Res. 41, 149-159. doi: 10.2220/biomedres.41.149

Naughmn, B. J., Duncan, F. ], Murrey, D. A, Meadows, A. S., Newsom, D.
E., Stoicea, N., et al. (2015). Blood genome-wide transcriptional profiles reflect
broad molecular impairments and strong blood-brain links in Alzheimer’s disease. J.
Alzheimers. Dis. 43, 93-108. doi: 10.3233/JAD-140606

Ong, S.-M., Hadadi, E.,, Dang, T.-M., Yeap, W.-H., Tan, C. T.-Y,, Ng, T.-P.,
et al. (2018). The pro-inflammatory phenotype of the human non-classical monocyte

Frontiersin Aging Neuroscience

14

10.3389/fnagi.2024.1406160

subset is attributed to senescence. Cell Death Dis. 9:266. doi: 10.1038/s41419-018-0
327-1

Peng, N., Zhang, Y. Zhang, X, Wu, H.-Y, and Nakamura, F. (2023).
NAPIL1 is a novel microtubule-associated protein. Cytoskeleton 80, 382-392.
doi: 10.1002/cm.21761

Scheltens, P., De Strooper, B., Kivipelto, M., Holstege, H., Chételat, G.,
Teunissen, C. E., et al. (2021). Alzheimer’s disease. Lancet. 397, 1577-1590.
doi: 10.1016/S0140-6736(20)32205-4

Sekula, P., Del Greco, M. F., Pattaro, C., and Kottgen, A. (2016). Mendelian
randomization as an approach to assess causality using observational data. J. Am. Soc.
Nephrol. 27, 3253-3265. doi: 10.1681/ASN.2016010098

Shen, B., Zhu, W, Liu, X, and Jiang, J. (2022). NAP1L1 functions as a novel
prognostic biomarker associated with macrophages and promotes tumor progression
by influencing the Wnt/B-catenin pathway in hepatocellular carcinoma. Front. Genet.
13:876253. doi: 10.3389/fgene.2022.876253

Tanaka, T., Hozumi, Y., Iino, M., and Goto, K. (2017). NAP1L1 regulates NF-kB
signaling pathway acting on anti-apoptotic Mcl-1 gene expression. Biochim Biophys
Acta Mol Cell Res. 1864, 1759-1768. doi: 10.1016/j.bbamcr.2017.06.021

Tanaka, T., Hozumi, Y., and Martelli, A. M. (2019). Nucleosome assembly proteins
NAPILI and NAP1L4 modulate p53 acetylation to regulate cell fate. Biochim Biophys.
Acta. Mol. Cell Res. 1866:118560. doi: 10.1016/j.bbamcr.2019.118560

van de Veerdonk, F. L., and Netea, M. G. (2010). Diversity: a hallmark of monocyte
society. Immunity 33, 289-291. doi: 10.1016/j.immuni.2010.09.007

Vanova, T., Sedmik, J., Raska, J., Cerna, K. A., Taus, P., Pospisilova, V., et al.
(2023). Cerebral organoids derived from patients with Alzheimer’s disease with
PSEN1/2 mutations have defective tissue patterning and altered development. Cell Rep.
42:113310. doi: 10.1016/j.celrep.2023.113310

Wang, X., and Wang, L. (2020). Screening and identification of potential peripheral
blood biomarkers for Alzheimer’s disease based on bioinformatics analysis. Med. Sci.
Monit. 26:€924263. doi: 10.12659/MSM.924263

Wong, W. (2020). Economic burden of Alzheimer disease and managed care
considerations. Am. J. Manag. Care. 26, S177-S183. doi: 10.37765/ajmc.2020.
88482

Yan, Y., Yin, P., Gong, H., Xue, Y., Zhang, G., Fang, B., et al. (2016). Nucleosome
assembly protein 1-like 1 (Naplll) regulates the proliferation of murine induced
pluripotent stem cells. Cell. Physiol. Biochem. 38, 340-350. doi: 10.1159/000438634

Yang, W, Lau, A. Y. C, Luo, S, Zhu, Q, and Lu, L. (2012).
Characterization of amyloid-p precursor protein intracellular domain-associated
transcriptional complexes in SH-SY5Y neurocytes. Neurosci. Bull. 28, 259-270.
doi: 10.1007/s12264-012-1243-5

Yu, H., Wang, F., Wu, J. J., Gong, J., Bi, S., Mao, Y., et al. (2023). Integrated
transcriptomics reveals the brain and blood biomarkers in Alzheimer’s disease. CNS
Neurosci. Ther. 29, 3943-3951. doi: 10.1111/cns.14316

Zhu, Z., Zhang, F., Hu, H., Bakshi, A., Robinson, M. R., Powell, J. E,, et al. (2016).
Integration of summary data from GWAS and eQTL studies predicts complex trait
gene targets. Nat. Genet. 48, 481-487. doi: 10.1038/ng.3538

Zuroff, L., Daley, D., Black, K. L., and Koronyo-Hamaoui, M. (2017). Clearance of
cerebral AP in Alzheimer’s disease: reassessing the role of microglia and monocytes.
Cell. Mol. Life Sci. 74, 2167-2201. doi: 10.1007/s00018-017-2463-7

frontiersin.org


https://doi.org/10.3389/fnagi.2024.1406160
https://doi.org/10.1161/CIRCULATIONAHA.115.001593
https://doi.org/10.1128/JVI.00836-21
https://doi.org/10.3233/JAD-201534
https://doi.org/10.1186/s12967-023-04150-2
https://doi.org/10.1016/j.jalz.2016.02.002
https://doi.org/10.1007/s12264-011-1205-3
https://doi.org/10.1016/j.jalz.2014.04.015
https://doi.org/10.2174/1871527316666170807130011
https://doi.org/10.2174/156720512799361673
https://doi.org/10.1007/s10495-023-01848-y
https://doi.org/10.3390/ijms23041989
https://doi.org/10.1002/glia.20973
https://doi.org/10.1016/j.bbr.2010.01.040
https://doi.org/10.2220/biomedres.41.149
https://doi.org/10.3233/JAD-140606
https://doi.org/10.1038/s41419-018-0327-1
https://doi.org/10.1002/cm.21761
https://doi.org/10.1016/S0140-6736(20)32205-4
https://doi.org/10.1681/ASN.2016010098
https://doi.org/10.3389/fgene.2022.876253
https://doi.org/10.1016/j.bbamcr.2017.06.021
https://doi.org/10.1016/j.bbamcr.2019.118560
https://doi.org/10.1016/j.immuni.2010.09.007
https://doi.org/10.1016/j.celrep.2023.113310
https://doi.org/10.12659/MSM.924263
https://doi.org/10.37765/ajmc.2020.88482
https://doi.org/10.1159/000438634
https://doi.org/10.1007/s12264-012-1243-5
https://doi.org/10.1111/cns.14316
https://doi.org/10.1038/ng.3538
https://doi.org/10.1007/s00018-017-2463-7
https://www.frontiersin.org/journals/aging-neuroscience
https://www.frontiersin.org

	Integration of single-cell sequencing with machine learning and Mendelian randomization analysis identifies the NAP1L1 gene as a predictive biomarker for Alzheimer's disease
	1 Introduction
	2 Materials and methods
	2.1 Single-cell sequencing data download and processing
	2.2 Training and validation of set data for ML downloads
	2.3 Pseudotime analysis and cellular communication analysis
	2.4 SCENIC analysis
	2.5 hdWGCNA networking
	2.6 Enrichment analysis
	2.7 LASSO regression and logistic regression analysis
	2.8 Predictive model construction based on multiple ML algorithms
	2.9 Bidirectional MR analysis
	2.10 Regional correlation maps and the Steiger test
	2.11 GWAS summary statistics for AD and NAP1L1 eQTL

	3 Results
	3.1 Single-cell analysis of the transcriptome of the AD and control groups
	3.2 Single-cell transcriptomic analysis of non-classical monocytes
	3.3 Predictive model construction results for multiple ML algorithms
	3.4 MR analysis using predicted genes identified five genes for AD
	3.5 Reverse MR analysis, regional linkage analysis, and the Steiger test of the NAP1L1 genes with AD risk

	4 Discussion
	5 Conclusion
	Data availability statement
	Author contributions
	Funding
	Conflict of interest
	Publisher's note
	References


