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The role of méA modification
in the risk prediction and Notch1 pathway
of Alzheimer's disease

Yingdan Qiao,"? Yingna Mei,"* Minqgi Xia,' Deng Luo," and Ling Gao'**

SUMMARY

N6-methyladenosine (m6A) methylation and abnormal immune responses are implicated in neurodegener-
ative diseases, yet their relationship in Alzheimer's disease (AD) remains unclear. We obtained AD datasets
from GEO databases and used AD mouse and cell models, observing abnormal expression of m6A genesin
the AD group, alongside disruptions in the immune microenvironment. Key mé6A genes (YTHDF2, LRPPRC,
and FTO) selected by machine learning were associated with the Notch pathway, with FTO and Notch1
displaying the strongest correlation. Specifically, FTO expression decreased and m6A methylation of
Notch1 increased in AD mouse and cell models. We further silenced FTO expression in HT22 cells, resulting
in upregulation of the Notch1 signaling pathway. Additionally, increased Notch1 expression in dendritic
cells heightened inflammatory cytokine secretion in vitro. These results suggest that reduced FTO expres-
sion may contribute to the pathogenesis of AD by activating the Notch1 pathway to interfere with the
immune response.

INTRODUCTION

Alzheimer's disease (AD) is an age-related progressive neurodegenerative disease, which is characterized by cognitive impairment and
various neuropsychiatric symptoms.' The pathogenesis of AD is complex, involving a variety of susceptibility genes and environmental fac-
tors. Given the stimulating interaction between genetics and the external environment, epigenetics may become a new direction for the treat-
ment of AD.”> At present, much evidence has shown that AD patients have significant epigenetic changes in the brain, such as low expression
of DNA methylation, histone acetylation, and so on.*®

As a new kind of epigenetic transcriptome modification, RNA modification mediates the production and degradation of RNA, affects gene
expression patterns, and regulates biological functions. méA, the most common RNA modification in eukaryotes, plays a significant role in the
degradation, translation, splicing, localization, and folding of RNA.>® m6A modification mainly involves methyltransferase (writers, such as
METTL3 and METTL14),” demethylase (eraser, such as FTO and ALKBH5)'%"" and binding protein (reader, such as HNRNPA2B1, LRPPRC, and
YTHDF2).'%" Previous research have shown that méA genes were highly expressed in the brain and exerted great effects in brain development,
neural stem cell differentiation, and learning and memory function.'*~'” Abnormal regulation of méA might lead to neurodegenerative diseases. '®

mo6A can regulate the development, differentiation, activation, migration, and polarization of immune cells, thereby modulating both pro-
inflammatory and anti-inflammatory responses.'” For example, YTHDF2-deficient mice showed increased expression of inflammatory tran-
scription, activating chronic inflammation.”” Besides, recent studies have found that an over-activated immune response may exacerbate
the progression of AD.?'"?* However, whether méA genes are involved in pathological process of AD via its regulatory effects on immune
microenvironment in the brain remains unclear. Machine learning has been explored for disease diagnosis, including the biological and diag-
nostic aspects of AD.”**® Machine learning algorithms such as random forest (RF) and support vector machine (SVM) are widely employed to
screen for mbéA-related genes associated with diseases.”*?’ Therefore, based on the AD database in GEO and AD mouse and cell models, we
explored the expression pattern and risk assessment role of méA regulators in AD, and further explored the specific mechanism of key mé6A
genes (FTO etc.) on the progression of AD in relation to immune microenvironments (Figure 1).

RESULTS
Expression patterns of méA regulators in AD and NC samples

Twenty three m6A genes were mapped their positions on chromosomes by “RCircos” package” (Figure 2A). Differential expression analysis
was applied to explore the expression patterns of 23 méA genes in AD group and normal group. The expression of METTL14, ZC3H13,
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Figure 1. Over view of the study design
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Based on GEO database, we explored the méA landscape in AD samples. Next, we investigated and verified the predictive significance of key méA genes for AD.

Based on three key mbA genes, we explored the mechanism of méA regulating immune microenvironment.

RBM15B, YTHDC1, YTHDF1, HNRNP2B1, IGFBP3, and RBMX was up-regulated in the AD group compared to NC group (Figure 2D), while the
expression of WTAP, CBLL1, YTHDC2, YTHDF2, HNRNPC, LRPPRC, ELAVL1, and FTO was decreased in the AD group (Figure 2D). The cor-
relation among sixteen differentially expressed méA regulators indicated that these regulators were closely correlated with each other
(Figures 2E and 2F), among which YTHDF2 and YTHDC2 had the highest positive correlation (correlation coefficient 0.77, Figure 2G), while
YTHDF2 negatively associated with RBMX (correlation coefficient —0.58, Figure 2H). Based on the expression of sixteen differential expressed
mébA regulators, we applied principal-component analysis (PCA) to calculate the m6A score of each sample. The méA score in AD samples was
significantly lower than normal samples (Figure 2B, p < 0.0001). We further examined the méA RNA methylation in hippocampus of AD mice,
and the results showed a significant increase compared to WT mice (Figure 2C, p < 0.001). This suggested that the abnormal expression of
mébA regulators, which impacted the mé6A methylation of diverse genes, may contribute to the progression of AD.

The identification of key m6A genes

In order to identify the key méA genes in AD, we applied the machine learning algorithms to establish the generalized linear model (GLM),
RF, XGboost (XGB), and SVM models. Compared with SVM, RV, and XGB, GLM has a smaller residual distribution (Figures 3A and 3B).
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Figure 2. Expression patterns of mé6A regulators in AD and NC samples
(A) The position of 23 méA regulators in the chromosome.

(B) The scores of mbA regulators between AD samples and normal samples.
(C) The m6A RNA methylation in hippocampus of AD group and WT group. Data were represented as mean + SEM (n=3).

(D) The expression of 23 mbA regulators in AD samples and control samples exhibited in the boxplot.

(E and F) The correlation among 16 m6A regulators in AD samples via spearman correlation analysis.

(G and H) Scatterplots were used to show the highest correlation among méA regulators: YTHDF2 and YTHDC2 (positive correlation), YTHDF2 and RBMX
(

negative correlation). *p <0.05, **p <0.01, ***p <0.001, ****p < 0.0001 was considered statistically significant.

Moreover, according to receiver operating characteristic (ROC) curve, GLM has larger area under the curve and higher prediction accuracy
than other machine learning algorithms (Figure 3C). Based on the aforementioned results, we choose GLM as the optimal model. The first
three m6A genes (YTHDF2, LRPPRC, and FTO) were selected based on importance ranking for the subsequent diagnostic prediction
model (Figure 3D).
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Figure 3. The identification of key genes in AD based on machine learning algorithms
(A) Boxplots of residuals in GLM, SVM, RF, XGB models.

(B) Reverse cumulative distribution of residuals in GLM, SVM, RF, XGB models.

(C) The ROC curves predict the accuracy of each learning machine model.

(D) Top ten key mbA genes in GLM, RF, SVM, and XGB models.

Construction and validation of nomogram model

In order to predict the risk of AD, we used the “rms” package to construct the nomogram model based on the three key genes (YTHDF2,
LRPPRC, and FTO, Figure 4A). The calibration curve was a graphical representation of the predictive model’s calibration, indicating that
the nomogram model exhibited good calibration, with the predicted risk of AD occurrence being consistent with the actual risk (Figure 4B).
The decision curve analysis (DCA) curve showed that between the threshold of 0.2-0.8, patients using this model benefited more than those
with no intervention or complete intervention (Figure 4C). Based on the DCA curve, we further evaluated the clinical impact curve. In the range
of high risk threshold value 0.4-1, the “high risk number” curve was close to the “high risk with event number” curve (Figure 4D), indicating that
the nomogram model had strong predictive ability. Finally, we constructed ROC curve based on validation dataset GSE5281 to judge the
predictive ability of this model. The area under the ROC curve greater than 0.7 indicates that the model exhibited good discriminative ability
and demonstrates good accuracy in predicting AD (Figures 4E and 4F). Therefore, the model demonstrated a certain ability to predict AD.
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Figure 4. Construction and validation of nomogram model

(A) A nomogram was constructed to predict the prevalence of AD based on three key méA genes.

(B) The calibration curve showed the predictive accuracy of the nomogram model.

(C) The DCA curve showed the benefits for patients of the nomogram model.

(D) The clinical impact curve showed the clinical impact of the predictive model. (E) The ROC curve showed the predictive accuracy of the nomogram model in the
train set.

(F) The ROC curve showed the predictive accuracy of the nomogram model in the validation set.
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Figure 5. The expression of key méAregulators in AD mice model and AD cell model

(A) Representative immunoblots of LRPPRC, YTHDF2, and FTO proteins in the WT group and AD group.

(B-D) Relative abundance of FTO, LRPPRC, and YTHDF2 protein levels in the WT group and AD group.

(E) Representative immunoblots of LRPPRC, YTHDF2, and FTO proteins in the NC group and AB group of HT22 cells.

(F-H) Relative abundance of FTO, LRPPRC, and YTHDF2 protein levels in the NC group and AB group of HT22 cells. WB: n = 3, data were represented as mean +
SEM, *p <0.05, **p <0.01 was considered statistically significant.

The expression of key méA regulators in AD mice model and AD cell model

Western blot was used to detect the expression of YTHDF2, LRPPRC, and FTO in AD mice and AB induced HT22 cells compared to NC. The
expression of YTHDF2, LRPPRC, and FTO were decreased in AD mice as well as AD cells compared to control group (Figure 5A-5H, p < 0.05, p
<0.01). These results validated the three key méA genes expression patterns in AD.

Immune microenvironment in AD and normal groups

We explored immune infiltration in AD and normal groups via single-sample gene set enrichment analysis (ssGSEA) analysis. The result
showed that activated CD8 T cell, CD56dim NK cell, immature B cell, MDSC, mast cell, NK T cell, NK cell, neutrophil, plasmacytoid dendritic
cell, and T follicular helper cell were higher enriched in the AD group compared to the normal group (Figure 6A, p < 0.05, p < 0.01, p < 0.001).
The overactivation of immune cells such as CD8 T cells and NK cells can not only secrete inflammatory cytokines but also over-activate micro-
glia, thus promoting the progression of Alzheimer's disease.””*” However, activated B cell and activated CD4 T cell were lower enriched in the
AD group (Figure 6A, p < 0.05, p < 0.01, p < 0.001). It has been reported that B cell depletion in the early stage of Alzheimer’s disease pro-
motes AB deposition and exacerbates cognitive impairment in AD mice.”' The loss of CD4 T cells will lead to immature development of brain
microglia and affect brain development and immune function.” These results indicated that disorders of immune infiltration in the brain may
contribute to the progression of Alzheimer's disease.

In addition, the correlation analysis showed that NK cells, MDSC, immature B cells, and dendritic cells which were highly expressed in AD
group were negatively associated with key m6A genes, while CD4 T cells were positively associated (Figure 6B). Moreover, we analyzed the
differences in the degree of immune cell infiltration between high and low expression of each key gene, and the results were consistent with
the correlation analysis (Figurree 6C-6E, p < 0.05, p < 0.01, p < 0.001). It suggested that the decreased expression of méA may activate the
abnormal immune response in AD patients.

Pathway analysis of key m6A genes

We applied a single-gene GSEA analysis to investigate the biological function and pathway of key méA genes. Notch signaling pathway was
negatively associated with FTO, YTHDF2, and LRPPRC. Besides, FTO, YTHDF2, and LRPPRC were positively linked with some cellular func-
tional pathways, such as oxidative phosphorylation and synaptic vesicular circulation (Figure 7A-7F). The dysfunction of Notch signaling has
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Figure 6. Immune microenvironment in AD and normal groups

(A) The abundence of immune cells in AD and normal groups exhibited in the violin diagram.

(B) The correlation of three key mébA regulators and immune infiltration via Pearson correlation analysis.

(C-E) The infiltration of immune cells in the high and low expression groups of key méA genes were visualized by boxplots. Data were represented as
mean + SEM. *p<0.05, **p <0.01, ***p <0.001 was considered statistically significant.

been reported to play a key role in the pathophysiology of neurodegenerative diseases.** These data indicated that key méA genes might
associate with cellular functions and Notch signaling pathway, involving in neurodegeneration diseases.

The exploration of Notch signaling pathway

Notch signaling pathway has been shown to be regulated by m6A genes and plays an important role in cell proliferation, differentiation,
apoptosis and other processes.” Notch mainly contains Notch1, Notch2, Notch3, and Notch4. We explored the expression of Notch1-4
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Figure 8. The exploration of Notch signaling pathway
(A) The expression of Notch1, 2, and 4 in normal vs. AD groups exhibited in the boxplot.
(B) The scatter-plot showed the highest correlation between key méA gene and Notch: FTO and Notch1.
(C) Representative immunoblots of HES1, Notch1, and B-actin proteins in the WT vs. AD.
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Figure 8. Continued

(D and E) Representative immunoblots of HES1, Notch1, FTO, and B-actin proteins in the NC vs. siFTO of HT22 cells (n = 3).

(F) Relative abundance of HES1 and Notch1 protein levels in the WT vs. AD group.

(G-) Relative abundance of HES1, Notch1, and FTO protein levels in the NC vs. siFTO of HT22 cells (n = 3).

J) The levels of m6A methylation of Notch1 mRNA in WT vs. AD group (n = 3).

(K) The levels of méA methylation of Notchl mRNA NC vs. AB of HT22 cells (n = 3). Data were represented as mean + SEM. *p <0.05, **p <0.01, ***p <
0.001,****p <0.0001 was considered statistically significant.

in AD and normal groups. The result showed that the expressions of Notch1 and Notch4 were up-regulated in AD group than normal group
(Notch3 was not expressed in the dataset) (Figure 8A, p < 0.001). Next, the correlation analysis between three key méA genes and Notch
showed that FTO and Notch1 had the greatest correlation (Figure 8B, see also Figure S1-52). It suggested that FTO might negatively regulate
the Notch1 signaling pathway. HES1 is the downstream signal factor of Notch1.%” Thus, we silenced the expression of FTO in HT22 cells to
validate the relationship between FTO and Notch1/HES1 pathway. It showed that the expression of Notch1 and HES1 was significantly
increased after silencing the FTO expression in HT22 cells compared to NC group (Figures 8F-8I, p < 0.01), indicating that FTO could sup-
press Notch1 signaling pathway. In addition, western blot was used to detect the expression of Notch1 and HES1 in AD and WT mice. The
expression of Notch1 and HES1 was up-regulated in AD mice than WT mice (Figures 8C-8E, p < 0.05, p < 0.01). We further validated the mé6A
methylation of Notch1 in both AD mouse model and cell model. In comparison to the control group, there was a significant increase of the
Notch1 méA modification in AD mice and AB-treated HT22 cells (Figures 8J and 8K, p < 0.001, p < 0.0001), contrary to the decrease of FTO.
Therefore, the decreased expression of FTO may directly up—regulate the méA modification of Notch1 mRNA, consequently activating the
Notch1/HES1 pathway and contributing to the development of AD.

Exploration of the relationship between m6A, Notch1 pathway, and immune cell

Among immune cells, dendritic cells (DC) are at the forefront of innate immune response and adaptive immune response, which can intensify
or inhibit neuroinflammation.>® Abnormal activation of DC can lead to imbalanced immune response, and even lead to autoimmune reaction
and other immunopathology.”” We performed double immunostaining for the expression of dendritic cell markers CD11c¢, Notch1, and FTO
in the brain regions of AD mice and WT mice to evaluate the link among FTO, Notch1, and immune cells in the brain of mice. We found that
compared with WT mice, the brain dendritic cells of AD mice were significantly activated (Figures 9A and 9B, p < 0.01), and the Notch1 signal
on dendritic cells was significantly up-regulated (Figures 9A and 9D, p < 0.01), while FTO level was decreased (Figures 9B and 9E p < 0.001). In
previous studies, histone deacetylase (HDAC) inhibitor VPA has been shown to up-regulate the expression of Notch1.% To further validate the
impact of elevated Notch1 signaling on dendritic cell activation, we intervened dendritic cells with VPA at different concentration gradients.
As aresult, Notch1 expression was up-regulated ( Figure 9F, p <0.05, p <0.001 ) , and with the increase in Notch1 expression, dendritic cells
exhibited elevated secretion of inflammatory cytokines tumor necrosis factor-a (TNF-a) and interleukin-1B (IL-1B) (Figures 9G and 9H, p < 0.01,
p < 0.001). It suggested that low expression of FTO may abnormally activate dendritic cells by reducing the inhibition of Notch1 signaling,
thereby promoting neuroinflammation and contributing to the progression of Alzheimer's disease.

DISCUSSION

In this study, based on the AD dataset in GEO, we had some interesting findings: (1) The quantified scores of mé6A regulators were lower in AD
patients than in the normal group. Additionally, m6A RNA methylation was elevated in the AD mice compared to WT mice. (2) Based on differ-
entially expressed méA genes, three key méA genes (YTHDF2, LRPPRC, and FTO) were selected by machine learning, and the Norman model
constructed by them had good predictive value in which whose downregulation induced AD via immune dysfunction. Meanwhile, the expres-
sion pattern of the key three m6A genes was verified in animal and cell AD models. (3) The three key m6A genes might be involved in neuro-
degenerative diseases by regulating Notch pathway through ssGSEA analysis and among them FTO has the strongest correlation with Notch:
it was then demonstrated that in AD cell and animal models, down-regulated FTO activates Notch1/Hes1 signaling pathway. (4)Activation of
Notch1 in dendritic cells leads to an increase of the inflammatory cytokines TNF-a and IL-1B in vitro. Therefore, the downregulation of mé6A
genes mainly disturbed the immune microenvironment via FTO-Notch1 signaling pathway, thus promotes the occurrence and development
of AD (Figure 10).

Previous studies have reported that the disorder of méA modification would promote the progression of AD.'®*? 16 important méA reg-
ulators were screened out through differential expression analysis between AD and normal samples. The expressions of WTAP, CBLL1,
YTHDC2, YTHDF2, HNRNPC, LRPPRC, ELAVL1, and FTO were significantly down-regulated in AD samples compared to normal control sam-
ples, while METTL14, ZC3H13 RBM15B, YTHDC1 YTHDF1, HNRNP2B1, IGFBP3, and RBMX expressions were up-regulated in the AD group,
prompting that the abnormal expression of méA regulators might link to the development and progression of AD. Additionally, we found that
the scores of mbA regulators in AD samples were significantly lower than normal samples. Furthermore, mé6A methylation was increased in the
hippocampus of AD mice compared to WT mice. Previous studies have demonstrated that several méA regulators play a key role in the brain
by influencing mé6A RNA methylation. For instance, YTHDF1 positively regulates mé6A modification of the Robo3.1, a member of the Round-
about (Robo) family of axon guidance receptors, participating in axon guidance in the spinal cord. Downregulation of FTO can lead to overall
elevation of m6A levels in mice, ultimately inhibiting the proliferation and differentiation of neural progenitor cells."” YTHDF2 participates in
regulating mouse neural development through its influence on mé6A modification of genes related to neural development, and its loss results
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Figure 9. The relationship between FTO, notch1 pathway and dendritic cell

(A) Representative images of Notch1 and CD11c positive immune-fluorescence staining in the brain of WT and AD mice (scale bar: 20 um). The Notch1 protein
(red) is stained with CY3, the dendritic cells markers CD11c (green) is stained with FITC and the nucleus (blue) is stained with DAPI.

(B) Representative images of FTO and CD11c positive immune-fluorescence staining in the brain of WT and AD mice (scale bar: 20 um). The FTO protein (red) is
stained with CY3, the dendritic cells marker CD11c (green) is stained with FITC and the nucleus (blue) is stained with DAPI.
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Figure 9. Continued

(C) Quantification of CD11c* dendritic cells in images of AD mice and WT mice.

(D and E) Quantification of Notch1 and FTO positive immune-fluorescence staining in the brain of WT and AD mice (n = 3).

(F) The mRNA expression of Notch1 in dendritic cells treated with sodium valproate (VPA) at concentrations of 0, 1 mM, 2 mM, and 4 mM (n = 3).

(G and H) The level of TNF-acand IL-1B in culture supernatants of dendritic cells treated with sodium valproate (VPA) at concentrations of 0, 1 mM, 2mM, and 4 mM
(n = 3). Data were represented as mean + SEM, *p <0.05, **p <0.01, ***p <0.001 was considered statistically significant.

in abnormal development of the cerebral cortex.'” These studies suggested that the abnormal expression of méA genes may lead to neuronal
dysplasia, which may ultimately result in the occurrence of AD.

Three key mbA regulators were selected through machine learning algorithms, which were YTHDF2, LRPPRC, and FTO in order of impor-
tance. Previous studies have reported that the expression of LRPPRC and FTO in the brain tissues of AD patients and AD mice was significantly
d""" and may be closely related to the growth and development of neurons. Few studies have been conducted on YTHDF2 in AD.
However, YTHDF2 has been reported to be involved in the stages of neuronal development and function.”* These studies suggested that the
three key méA genes were of great importance in regulating neuron development, which was related to AD.

In the research of AD, commonly used in vitro cell models include primary cultured neurons and neural stem cells.“>*¢ Recently, clonal cell
lines, such as HT22 cells, have gradually become popular in AD studies due to their ease of acquisition and cultivation. The HT22 cell line is an
immortalized mouse hippocampal neuron cell line that does not express cholinergic and glutamate receptors like mature hippocampal neu-
rons in vivo, which makes it an unsuitable model for memory loss studies of AD.*” However, it is still widely used for studies on inflammation
and oxidative stress signaling pathways involved in AD.**? In some of our experiments, Ap-induced HT22 cell models and AD mice were used
to verify the differences in the expression of three méA regulators between AD and normal groups.

The expression of YTHDF2, LRPPRC, and FTO was down-regulated in AD mice and AB-induced HT22 cells compared to control groups. In
addition, the prediction model constructed based on three méA genes could assess the risk of AD. The calibration curve suggested that the
nomogram model had good calibration, with the predicted risk of AD occurrence being consistent with the actual risk. The ROC curve indi-
cated that the model had good discriminative ability, showing excellent accuracy in predicting AD. The clinical impact curve also suggested
that the model had strong predictive power, and the DCA curve showed that patients could benefit more with this model. The model demon-
strated a certain ability to predict AD, which could contribute to the diagnosis and intervention of AD. These data indicated that the three key
mébA regulators might be an important variable of AD development.

Immune response is significantly disturbed in the brains of AD patients. Our study showed that many types of T cells, B cells, NK cells, and
dendritic cells were significantly up-regulated in the brains of AD patients. The recruitment of dendritic cells increases significantly in the neu-
roinflammatory state of the brain, and its precursors can produce inflammatory chemokines to further stimulate T cell response. Similarly,
CD8 T cells were enriched in the brain of AD patients, upregulating inflammation signaling.”’ Meanwhile, we found that activated CD4 T cells
and B cells were down-regulated in AD samples. As previously mentioned, the loss of CD4 T cells and B cells leads to microglia dysfunction,
AB deposition, and accelerated progression of Alzheimer's disease.”"* These studies showed that abnormal immune responses in the brain
might contribute to the progression of Alzheimer's disease. Furthermore, mé6A modification plays an important role in immune and inflam-
matory regulation. For instance, the absence of FTO can lead to the overactivation of NK cells and promote the secretion of interleukin family
factors.”” Similarly, our study found that key méA genes were negatively associated with NK cells, CD8 T cells, and dendritic cells and posi-
tively associated with activated CD4 T cells. These data suggested that the downregulation of key méA genes might promote abnormal im-
mune response and be involved in the occurrence and development of AD.

Furthermore, ssGSEA analysis was applied to explore the potential functional pathway of three key méA genes. Three key méA genes were
mainly enriched in Notch signaling pathway and cellular functions. Previous research has shown that mé6A genes can negatively regulate
Notch signaling.**>® The disorder of Notch signaling pathway may accelerate the progress of AD.**** It indicated that low expression of
mébA genes might activate Notch signaling pathway and thus aggravate the progression of AD.

Notch mainly contains Notch1 to Notch4. We found that the expression of Notch1 and Notch4 was higher in AD group than normal group.
Besides, our study showed that Notch1 and Notch4 were negatively associated with three key mo6A regulators, specially FTO had the stron-
gest association with Notch1. In order to validate the relationship between FTO and Notch1 pathway, we silenced FTO expression in HT22
cells, showing that Notch1 signaling pathway was up-regulated. Subsequently, we validated the mé6A methylation of Notch1 mRNA in both
AD mouse model and cell model. In comparison to the control group, there was a significant increase in the mé6A methylation of Notch1
mRNA in AD mice and AB-treated HT22 cells. This increase was contrary to the reduced expression of FTO. Therefore, FTO may directly exert
negative regulation on the Notch1 méA modification, subsequently modulating the Notch1 signaling pathway negatively. Previous studies
have shown conflicting results regarding the impact of Notch1 méA modification on Notch1 signaling. In non-small cell lung cancer models,
Notch1 méA modification has been demonstrated to reduce the stability of Notch1 mRNA, leading to decreased Notch1 expression.”> How-
ever, other research supports that Notch1 mé6A modification can enhance Notch1 expression, thereby upregulating the Notch1 signaling
pathway.”® The specific mechanism awaits further investigation.

Activation of Notch1 signaling pathway can promote the activation of brain immune cells and up-regulate the release of tumor necrosis
factor, interleukin-6, and other inflammatory factors.”” Our result showed that dendritic cells were activated in AD mice and Notch1 expres-
sion was up-regulated in dendritic cells, while FTO level was down-regulated. Besides, upregulating the expression of Notch1 in dendritic
cells leads to an increase of the inflammatory cytokines TNF-a. and IL-1B in vitro. These data suggested that downregulation of FTO expres-
sion leads to decreased inhibition of Notch1 signaling, which activates the brain immune response. Overactivation of immune cells can cause

decrease
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Figure 10. The relationship between m6A and immune cells

Proposed mechanism may be that abnormally low expression of méA genes in the brain reduces the inhibition of Notch1 mé6A modification and Notch1 signaling
on immune cells, overactivation of immune cells leads to increased secretion of pro-inflammatory factors, damage to neurons, and promote the progression of
Alzheimer's disease.

cell death in multiple ways, thus promoting the release of inflammatory factors, leading to chronic nerve inflammation, promoting Tau protein
hyperphosphorylation and AB deposition, thus promoting the progression of Alzheimer's disease®®

Overall, downregulation of FTO may lead to disruption of the brain’s immune microenvironment and contribute to the progression of Alz-
heimer's disease via upregulating the méA modification of Notch1 mRNA and Notch1-HES1 activation. Moreover, three mébA regulators
(YTHDF2, LRPPRC, and FTO) might be new targets for immune regulation of Alzheimer's disease but need further investigation for their over-
all and singular effects.

Conclusion

Our study suggested that three key méA regulators (YTHDF2, LRPPRC, and FTO) were candidates as potential biomarkers for AD, and models
constructed from these three key méA regulators predicted the risk of AD. The most important regulator in the model is FTO, whose down-
regulation might promote the progression of AD by activation of immune response via Notch1-HES1 pathway.

Limitations of the study

In this study, we investigated the crucial méA regulator FTO and its influence on the progression of Alzheimer’s disease through the Notch1-
HES1 pathway. However, due to financial and technical constraints, we were unable to directly down-regulate FTO in animal models to further
validate this pathway. Additionally, we did not assess the méA RNA methylation in AD patients, nor did we measure the levels of FTO and
Notch1-HES1. Furthermore, the precise mechanisms of action of the other two méA regulators, YTHDF2 and LRPPRC, in the progression of
Alzheimer's disease necessitate further comprehensive investigation.
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Antibodies

Anti-FTO Abclonal Cat# A20992;RRID: AB_3105769
Anti-LRPPRC Abclonal Cat# A3365;RRID: AB_2765075
Anti-YTHDF2 Abclonal Cat# A15616;RRID: AB_2763022
Anti-Notch1 Abclonal Cat# A19090;RRID: AB_2862582
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Critical commercial assays

mé6A RNA Methylation Quantification Kit A&D Technology Corporation A-P-9005

rioboMeRIP™ méA Transcriptome Profiling Kit RioboBo C11051-1

SweScript All-in-One RT SuperMix for gPCR kit Servicebio G3337-50

Universal Blue SYBR Green qPCR Master Mix Servicebio G3326-01

Mouse Tumor Necrosis Factor Alpha (TNF-a) ELISA Kit Jianglai Biosciences JL10484

Mouse Interleukin 1 Beta (IL-1pB) ELISA Kit Jianglai Biosciences JL18442

Experimental models: Cell lines

HT22 Wuhan Pinuo Fei Co N/A

Bone marrow-derived dendritic cells C57BL/6J mice N/A

Experimental models: Organisms

APP/PS1/Tau triple transgenic mice Jackson Laboratory N/A

C57BL/6J mice China Three Gorges University N/A

Oligonucleotides

See Tables S2 and S3 RiboBio, Servicebio N/A

Software and algorithms

R-4.2.1 R project N/A

GraphPad Prism 8.0.1 GraphPad N/A
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This study did not generate new unique reagents.
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Data and code availability
e All data reported in this paper will be shared by the lead contact upon request.
e This paper did not report original code.
e Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Animals and cells

Male APP/PS1/Tau triple transgenic mice (AD mice) were purchased from Jackson Laboratory. Male C57BL/6J mice (WT mice) were pur-
chased from China Three Gorges University. The hippocampal tissues were harvested at ten months of age for subsequent analysis. Mouse
hippocampal neuron cell line HT22 was purchased from Wuhan Pinuo Fei Co., LTD. Bone marrow-derived dendritic cells (BMDCs) were ob-

tained from male C57BL/6J mice (6-8 weeks). All animal experiments were approved by the Experimental Center of Renmin Hospital of Wu-
han University (20210904A).

METHOD DETAILS

Data acquisition

The GSE132903 dataset (97 AD vs. 98 control) was downloaded from the Gene Expression Omnibus database, which was sequenced via
GPL10558 platform. The gene expression profile was normalized by the “normalizeBetweenArrays” function in the “limma” package of R soft-
ware (4.2.1). In addition, GSE5281 was downloaded as an external validation dataset (87 AD vs. 74 control), which was obtained by GLP570
platform. The basic characters of two datasets were listed in Table S1. Meanwhile, twenty-three m6A genes were obtained from previous
studies.””*"

Protein-protein interaction network

Twenty-three mbA regulators was constructed as a protein-protein interaction (PPI) network via using STRING, showing the association
among mbA genes (interaction score >0.15).

The exploration of m6A expression pattern

Twenty-three m6A regulators included six mé6A writers (METTL3, METTL14, WTAP, ZC3H13, RBM15B, CBLL1); two méA erasers (ALKBHS and
FTO), and fifteen mbA readers (YTHDC1, YTHDC2, YTHDF1, YTHDF2, YTHDF3, HNRNPC, FMR1, LRPPRC, HNRNPA2B1, IGFBP1, IGFBP2,
IGFBP3, RBMX, ELAVLT, IGF2BP1). The expression of méA genes in AD group and normal group was visualized by a boxplot. The “limma”
package was used to obtain differentially expressed méA genes (p < 0.05). Besides, Pearson correlation analysis was applied for the corre-
lation among 16 differentially expressed méA genes.

Calculation of m6A score via PCA analysis

In order to quantify the méA modification of each sample, principal component analysis (PCA) was applied to calculate the m6A score of each
sample and construct a scoring system to evaluate the méA modification.®’ It has the advantage of reducing the complexity of the data and
identifying the most important gene modules.

mbAscore = Z(PC 1i+ PC 2i)

where i is the expression of differentially expressed méA regulators.

Key m6A genes were screened by machine learning algorithm

In order to screen out key méA genes that contribute significantly to the development of AD, we established four machine learning models,
including generalized linear model (GLM), support vector machine model (SVM), random forest model (RF) and XGboost (XGB) model 4%4°
The “DALEX" package “° in R was used to analyze the four models. A receiver operating characteristic (ROC) curve and the residual distribu-
tion was carried out to obtain the optimal model. Finally, three optimal explanatory variables (YTHDF2, LRPPRC, FTO) were selected from the
optimal model as key genes.

Construction of a nomogram model

Based on the three key genes screened out by machine learning, we applied the "rms"“* package to construct a Nomogram model in order to

predict the risk of AD patients. The calibration curve was used to determine how well our predicted values match reality. A decision curve
analysis (DCA) was performed to assess whether model-based decisions were beneficial to patients. The “pROC" package was used for
ROC curve to judge the accuracy of the model. Finally, GSE5281 was used as an external verification set for verification.
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Analysis of immune microenvironment in AD and normal groups

Single-sample gene-set enrichment analysis (ssGSEA) was performed using the “GSVA" package to assess immune cell abundance in AD and
normal group samples. The expression of immune cells in AD and normal groups was visualized by box diagram. Pearson correlation analysis
was applied for the correlation between key méA genes and immune infiltration. Besides, boxplots were used to visualize the infiltration of
immune cells in the high and low expression groups of key méA genes.

Pathway analysis of key m6A genes

To explore the regulatory pathways and biological functions associated with key m6A genes, single-gene GSEA analysis was performed. The
adjusted p value <0.05 was considered be significant. The up-regulated and down-regulated pathways with the top seven enrichment scores
were shown respectively.

The exploration of notch signaling pathway

The expression of Notch1-Notch4 in AD and normal groups was visualized by box diagram. The “limma” package was used to obtain differ-
entially expressed Notch genes (p < 0.05). Besides, Pearson correlation analysis was applied for the correlation among key méAgenes and
differentially expressed Notch genes.

Cell culture and cell transfection

HT22 cells were cultured in high glucose DMEM containing 10% fetal bovine serum and 1% antibiotics in an incubator at 37° C and 5% carbon
dioxide. The medium should be changed every two days. FTO siRNA was purchased from RiboBio (Guangzhou, China). The sequence was
listed in Table S2. Before cell transfection, HT22 cells were transferred into the six-well plate. When cell density reached about 80%, FTO
siRNA and transfection reagent were mixed and added into the six-well plate for 48h.

ApB treated in HT22 cells

We established an in vitro model of Alzheimer's disease by intervening with A in HT22 cells.*” Before intervention, the cells were placed to
six-well plates to reaching 80-90% confluence. AB1.42 peptide (Maokangbio) was dissolved in dimethyl sulfoxide and then diluted to a 400uM/
ml solution with PBS, which was oligomeric at 4°C for 24 h.%® HT22 cells were treated with 5uM AB each well for 24h in serum-free medium.

Bone marrow-derived dendritic cells and treated with sodium valproate

Bone marrow-derived dendritic cells BMDCs) were obtained from C57BL/6J mice, as previously described.®® After extraction, BMDCs were
cultured in six-well plates using RPMI 1640 medium (Gibco, USA) supplemented with 10 ng/mL rmGM-CSF and 10 ng/mL IL-4 (PeproTech,
America), with media changes every two days. On the 7th day, maturation was induced using 1 pg/mL lipopolysaccharide (LPS) (Sigma, Amer-
ica). On the 9th day, BMDCs were treated with sodium valproate (VPA) (MCE, America) at concentrations of 0 mM, 1 mM, 2 mM, and 4 mM for
48 h. After the intervention, cells and culture supernatants were collected.

Quantification of the m6A modification

First, total RNA was extracted from the hippocampus of AD mice and WT mice. According to the manufacturer’s instructions, mé6A was quan-
titatively analyzed using the mé6A RNA Methylation Quantification Kit (colorimetric method, A&D Technology Corporation, China). A total of
200 ng of RNA was added to each measurement well, and absorbance at a wavelength of 450 nm was recorded. Subsequently, mé6A quan-
tification was performed based on standard curve calculations.

MeRIP-gPCR

We utilized the rioboMeRIP™ méA Transcriptome Profiling Kit (RioboBo, China) to validate the changes in m6A methylation levels of Notch1
in the mouse hippocampus and HT22 cells. Initially, total RNA was extracted from the hippocampus of WT and AD mice, as well as from AB--
treated and blank control groups of HT22 cells. Subsequently, the RNA was fragmented into fragments of 100-150 bp in size. These fragments
were then immunoprecipitated with magnetic beads containing 5 pg of anti-méA antibody. After washing and elution, the co-precipitated
RNA was separated and used as RNA samples for subsequent RT-qPCR. The primer sequences were listed in Table S3.

Quantitative real-time PCR

Total RNA from dendritic cells was extracted using Trizol reagent. cDNA synthesis was performed using the SweScript All-in-One RT SuperMix
for gPCR kit (Servicebio, China). Subsequently, RT-qgPCR was conducted using Universal Blue SYBR Green gPCR Master Mix (Servicebio,
China) on a LightCycler 480 system (Roche, Germany). GAPDH served as the internal control, and the quantification of mRNA relative expres-
sion was conducted using the 224" method. The primer sequences were listed in Table S3.
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Western blotting

The protein extracts were obtained by homogenization and centrifugation of mouse hippocampal tissues and HT22 cells and the specific
experimental process was conducted according to our previous work.” The primary antibodies contained FTO, LRPPRC, YTHDF2, Notch1,
HES1 and B-actin (Abclonal, A20992, A3365, A15616, A19090, A0925). We employed B-actin as an internal reference, and the grayscale values
of the bands were analyzed for protein expression levels using ImageJ.

ELISA

After completion of VPA intervention, cell culture supernatants were collected. The levels of TNF-a and IL-1B were quantified following the
procedures outlined in the ELISA kit (Jianglai Biosciences, China).

Immunofluorescence staining

Mouse brain tissue was fixed with 4% paraformaldehyde solution and cut into coronal paraffin-embedded tissue sections. The specific exper-
imental process was conducted according to previous work.%® Primary antibodies contains FTO (1:200) (Abclonal, A20992), Notch1(1:200) (Ab-
clonal, A7636) and CD11¢ (1:200) (Abcam, ab23602) The percentage of Notch1 and FTO expression and the number of dendritic cells under
400 microscopes was quantified by Image J software.

QUANTIFICATION AND STATISTICAL ANALYSIS

Most statistical analysis was based on R software (4.2.1) and GraphPad Prism (8.0.1). The t-test and one-way analysis of variance (ANOVA) was
used to compare the expression of there key méA genes and Notch-related genes in mice and cell models. P < 0.05 was considered statistical
significance.
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