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Abstract
The use of AAV vectors for in vivo gene therapy has demonstrated the potential to permanently correct genetic diseases 
by delivering functional gene copies to the nuclei of affected tissues. AAV vectors, as tools for in vivo gene delivery, are 
particularly appealing and have shown safety and long-term efficacy in numerous organ-targeted experiments. Neverthe-
less, employing AAV vectors for gene therapy in the brain faces a notable hurdle in the shape of immune responses, chiefly 
instigated by the brain’s resident immune cells, microglia. Additionally, lower levels of AAV vector-neutralizing antibodies 
have been detected in the cerebrospinal fluid compared to the circulatory system. This research, leveraging transcriptomic 
and single-cell RNA sequencing (scRNA-seq) data in conjunction with Mendelian randomization analysis, has identified the 
potential role of the XBP1 protein in mediating B-cell immunosuppression in the brain via the MDK-NCL ligand-receptor 
pair and associated genes. Furthermore, it paves the way for further investigation into the regulatory factors and pathways 
within the immune modulation network, as well as their prospective beneficial implications in immunotherapeutic treatments. 
By employing various innovative approaches, the study seeks to recreate the immune environment generated by AAV in the 
brain and preliminarily explore the immune suppression mechanisms induced by AAV vectors in the brain.
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Introduction

The recombinant adeno-associated virus (AAV) consists 
of a roughly 26-nm-diameter icosahedral protein capsid 
and a single-stranded DNA genome of approximately 4.7 
kilobases [1]. In recent years, the use of AAV vectors for 
in vivo gene therapy has demonstrated the potential for 
permanent correction of genetic diseases by delivering 
copies of functional genes into the nuclei of affected tis-
sue cells. The transferred genes, or transgenes, compensate 
for the genetic mutations underlying hereditary disorders. 
AAV vectors, as an especially attractive tool for in vivo 
gene delivery, are non-integrative and capable of transduc-
ing a variety of differentiated tissues to achieve long-term 
transgene expression. Adeno-associated virus AAV vec-
tor gene therapy has proven its safety and long-term effi-
cacy in multiple organ-targeted experiments, including the 
eyes, liver, skeletal muscles, and central nervous system 
[2–6]. Since the initial evidence that AAV vectors can elicit 
human capsid T cell responses and impact the duration of 
transgene expression, significant progress has been made 
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in understanding and modulating the immunogenicity of 
AAV vectors. However, the immune responses encountered 
in human gene transfer with AAV vectors have remained 
a significant barrier to advancements in the field [7]. The 
intricate interplay between innate and adaptive immunity 
appears to play a pivotal role in determining the outcomes 
of gene transfer experiments, particularly in the complex 
interactions between vector components and transgene 
products.

Several distinct natural serotypes of AAV have been iso-
lated in nature, each characterized by variations in their cap-
sid sequences [8]. The presence of distinct capsid serotypes 
and specific receptors on host cells determine the selectivity 
of each AAV serotype for different tissues [9]. AAV vec-
tors exhibit broad adaptability, rendering them ideal vehicles 
for multifaceted therapeutic applications. These vectors can 
be prepared through various methods, with the most com-
mon involving the utilization of three distinct DNA plasmids 
encoding the vector genome, rep and cap genes sourced from 
specific AAV serotypes, and helper plasmids for transfection 
into HEK293 cell lines [10, 11]. The capsid, its genome, and 
transgenic products represent the primary potential immuno-
genic components of AAV vectors, about which our current 
understanding remains limited. In recent years, immune-
mediated toxicity has been considered a significant factor that 
may be triggered during clinical trials, garnering increasing 
attention. However, comprehensive clinical evidence is still 
lacking to definitively establish direct causality. A key deter-
minant of the anti-transgene immune response level is the 
target organ for gene delivery, determined by the tissue-spe-
cific combination of AAV capsids, vector delivery routes, and 
tissue-specific promoters driving gene expression [12–14].

Compared to systemic vector delivery, AAV vectors have 
several distinctive features when it comes to delivery to the 
brain [7]. Firstly, due to the physical separation mediated by 
the blood–brain barrier, cerebrospinal fluid typically con-
tains lower levels of antibodies capable of neutralizing AAV 
vectors. Secondly, there exists a unique resident immune cell 
subset in the brain, primarily composed of specialized mac-
rophages known as microglial cells. Although studying brain 
samples is challenging, the human central nervous system 
(CNS) appears to mount fewer immune responses following 
gene transfer [15].

The brain harbors specific innate immune cells whose 
response to AAV vectors requires further investigation. 
Microglial cells are the initial responders to pathogens or tis-
sue damage, triggering inflammatory reactions in the brain. 
Additionally, when engulfing dying or dead cells, microglial 
cells prevent the release of pro-inflammatory signals from 
necrotic tissue, thereby limiting further brain damage [16]. 
Furthermore, microglial cells are capable of engulfing virus-
infected live cells. For instance, disruptions in intracellular 
calcium ion balance and exposure of phosphatidylserine 

have been observed in cases of adenovirus infection [17]. 
Nevertheless, it remains uncertain whether AAV vectors can 
induce cell stress levels associated with neuronal transduc-
tion, leading to microglial clearance of transduced cells.

The complexity and diversity of CNS diseases have driven 
researchers to propose the concept of multi-antigen/multi-
epitope targeting, which is regarded as a more efficacious 
immunotherapy approach. Studies [18] have demonstrated 
that the suppression and treatment of chronic experimental 
autoimmune encephalomyelitis (EAE) through tolerogenic 
administration of Y-MSPc are associated with a significant 
increase in a unique subset of dendritic cells (DCs), spe-
cifically CD11c + CD11b + Gr1 + myeloid-derived DCs, 
observed in the spleens and CNS of treated mice. These 
DCs, characterized by their potent immunomodulatory 
properties, play a critical role in regulating MS-like diseases. 
They exhibit increased production of IL-4, IL-10, and TGF-
β, while simultaneously reducing IL-12 production. These 
findings underscore the effectiveness of multi-epitope target-
ing agents in modulating immune responses and suggest the 
potential role of these immune cells in maintaining peripheral 
tolerance and participating in the regulation of CNS diseases. 
With the deepening understanding of the immune system and 
advancements in novel technologies, we anticipate the emer-
gence of more innovative immunomodulatory approaches in 
the future. This development promises to expand the poten-
tial applications of gene therapy within the CNS.

In current research, there are significant disparities in 
potential immunomodulatory approaches regulating CNS 
gene transfer. Many unanswered questions persist regard-
ing the immunogenicity of AAV vectors. This study, based 
on transcriptomic and single-cell RNA sequencing (scRNA-
seq) data, and employing Mendelian randomization (MR) 
analysis, aims to explore causal relationships between 
immune factors and the brain immune environment loaded 
with AAV. By identifying key genes and their immuno-
logical pathway effects, this study seeks to elucidate the 
immune response mechanisms triggered by AAV vectors 
in the brain, providing crucial insights for further optimiza-
tion of gene transfer therapeutic strategies. Approaching the 
immunogenicity of AAV vectors from a novel perspective 
and methodological angle, this research aims to offer vital 
scientific foundations for the advancement and clinical appli-
cation of gene transfer therapies. By delving into the interac-
tions between immune factors and AAV vectors, subsequent 
studies hold promise for bringing new breakthroughs and 
advancements to the field of neurological genetic therapies.
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Methods

Data sourcing, downloading, and organization

We retrieved relevant gene expression datasets from the 
Gene Expression Omnibus (GEO) database (https://​www.​
ncbi.​nlm.​nih.​gov/​geo/) of the National Center for Biotech-
nology Information (NCBI) [19]. During the retrieval pro-
cess, we employed broadly defined keywords such as “AAV,” 
“virus,” and “CNS” to maximize the comprehensiveness of 
our search. Subsequently, we conducted a rigorous manual 
screening of the retrieved datasets based on predefined 
inclusion criteria. The screening process prioritized data-
sets containing brain tissue samples while excluding those 
with incomplete information or that did not meet our analy-
sis requirements. Emphasis was placed on datasets involv-
ing AAV viral vectors or including control groups, as these 
were critical for our research objectives. After meticulous 
evaluation and comparison, we ultimately selected 14 tran-
scriptome datasets and 4 single-cell transcriptome datasets 
for further analysis.

For the transcriptome data, we selected two groups, com-
prising a total of 14 samples from the dataset GSE235515. 
All samples were derived from the brain tissue of wild-type 
C57 mice. The experimental group received an injection of 
AAV virus, whereas the control group did not undergo any 
injection. For the single-cell RNA sequencing (scRNA-seq) 
data, we selected two samples from each of two datasets 
(GSE230709 and GSE233363), also sourced from the brain 
tissue of wild-type C57 mice. In the experimental group, 
mice were intraperitoneally injected with 1010 AAV9 virus 
particles twice, at weeks 0 and 3; the control group did not 
receive this treatment. After acquiring these datasets, we 
downloaded the count and matrix files for the transcriptome 
data, as well as the barcode, feature, and matrix files for the 
scRNA-seq data. We then systematically organized and nor-
malized these files to ensure the accuracy and reliability of 
subsequent analyses. The source code developed and utilized 
in this study is publicly accessible via our GitHub repository 
at the following URL: https://​github.​com/​codec​onnoi​sseur5/​
Immune-​Suppr​ession-​in-​the-​AAV-​Loaded-​Brain.

Processing of transcriptome data and functional 
enrichment analysis of differentially expressed 
genes

We performed a comprehensive analysis of mRNA-Seq expres-
sion data utilizing the limma [20] and pheatmap [21] packages 
in R. Initially, we imported the mRNA-Seq expression data as 
the foundation for our subsequent analyses. To enhance com-
putational efficiency, we conducted preprocessing steps that 
included filtering out genes with an average expression level 

below 5 and selecting the top 100,000 most highly expressed 
genes to ensure both speed and data representativeness. Fol-
lowing this, we transformed the preprocessed data into a for-
mat compatible with the limma package. We then constructed 
linear models and performed differential expression analysis 
to identify genes significantly differentially expressed under 
varying conditions. For screening thresholds, we applied cri-
teria of a P value less than 0.05 and an absolute log2 fold 
change greater than or equal to 1, ensuring the robustness and 
reliability of our results. Additionally, we incorporated gene 
interaction data from the STRING database (https://​cn.​string-​
db.​org/​cgi/​input?​sessi​onId=​bLrKx​9Cmdu​N4). By analyzing 
these interactions, we quantified the frequency of each gene’s 
occurrence within the network and visualized the results using 
horizontal bar charts. Finally, leveraging the list of significantly 
differentially expressed gene ID, we conducted Gene Ontology 
(GO) enrichment analysis and Kyoto Encyclopedia of Genes 
and Genomes (KEGG) pathway enrichment analysis using the 
clusterProfiler package [22]. These analyses provided insights 
into the biological functions and pathways associated with the 
differentially expressed genes.

Cluster annotation of core cells

We employed the R programming language to load a series 
of essential software packages, including Seurat [23], Sin-
gleR [24], and Monocle [25], which provided robust sup-
port for our analysis of single-cell RNA sequencing data. 
Initially, we imported the raw count matrix of the single-
cell RNA sequencing data as the foundation for our analysis. 
During the data preprocessing phase, we applied stringent 
criteria to filter out low-quality cells and lowly expressed 
genes. Specifically, we established reasonable thresholds and 
excluded cells with fewer than 50 features (i.e., number of 
expressed genes) and those with a mitochondrial gene pro-
portion exceeding 15%. This process focused on evaluating 
the total RNA count, number of features, and proportion of 
mitochondrial genes for each cell to ensure the accuracy and 
reliability of the data. Following the completion of data pre-
processing, we conducted normalization procedures, which 
included normalization, logarithmic transformation, and scal-
ing steps. The normalized data enabled us to identify highly 
variable features, which played a critical role in subsequent 
clustering analysis and dimensionality reduction operations.

To correct for batch effects, we utilized the Harmony 
algorithm [26], which effectively mitigated noise arising 
from batch differences. Subsequently, we identified a set 
of highly variable genes through analysis of variance for 
further analysis, as these genes more accurately capture 
the biological variability between cells. During the princi-
pal component analysis (PCA) phase [27], we selected an 
optimal number of principal components (n = 20) based on 
data characteristics to maximize the retention of variation 

https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://github.com/codeconnoisseur5/Immune-Suppression-in-the-AAV-Loaded-Brain
https://github.com/codeconnoisseur5/Immune-Suppression-in-the-AAV-Loaded-Brain
https://cn.string-db.org/cgi/input?sessionId=bLrKx9CmduN4
https://cn.string-db.org/cgi/input?sessionId=bLrKx9CmduN4
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information. We then conducted global dimensionality 
reduction using the t-SNE algorithm, enabling visualiza-
tion of cell populations on a two-dimensional plane and 
facilitating intuitive observation and analysis of cell dis-
tribution and relationships. Additionally, we employed the 
SingleR package to assess cell similarity and performed 
clustering analysis. This process allowed us to identify 
marker genes with significant expression in each cluster, 
providing a robust foundation for subsequent research and 
enhancing our understanding of biological differences and 
interactions among different cell types.

Cellular communication mechanisms 
implementation

To conduct an in-depth analysis of intercellular communi-
cation, we initially installed the CellChat package [28] and 
integrated essential auxiliary packages, including dplyr 
for data manipulation and ggplot2 for visualization. We 
then successfully constructed a CellChat object using the 
prepared expression matrix and metadata, which facilitated 
the enumeration of cells within each cell type and allowed 
us to evaluate the distribution of different cell types across 
the dataset. Following this, we incorporated the Human 
CellChat database, which encompasses comprehensive 
prior knowledge of human intercellular communica-
tion. To enhance the accuracy of our data analysis, we 
performed preprocessing by eliminating lowly expressed 
genes and irrelevant interactions, thereby minimizing data 
noise, and focusing on key communication pathways. 
Subsequently, we identified overexpressed genes specific 

to certain cell types and mapped these genes along with 
their interactions onto the human protein–protein inter-
action (PPI) network. This mapping provided an intui-
tive representation of potential pathways for intercellular 
communication.

To quantify the likelihood of intercellular communica-
tion, we computed communication probabilities and applied 
a stringent filtering criterion to exclude events occurring in 
fewer than 10 cells. This approach minimized data noise 
and enabled us to concentrate on significant communication 
events. Moreover, we evaluated communication probabili-
ties between signaling pathways and integrated these inter-
actions into a comprehensive network model. The resulting 
network facilitated a holistic understanding of intercellular 
communication dynamics. To visually represent the fre-
quency and intensity of cell network interactions, we gen-
erated visualization images. Additionally, we constructed 
individual network diagrams for each cell type, delineating 
their specific interactions and offering a granular perspec-
tive on intercellular communication. Finally, we produced 
bubble plots that graphically illustrated the communication 
relationships and intensities between different cell types. 
The size and color coding of the bubbles corresponded to 
the frequency and intensity of communication, respectively, 
providing an intuitive and easily interpretable visualization 
of intercellular interactions.

Mendelian randomization analysis

In genomic analysis, we employed a suite of R packages 
specifically designed for genome-wide association studies 
(GWAS) [29] and MR [30]. Our focus was on datasets per-
taining to differential gene expression in B cells and microglia, 
which included exposure data files, gene list files, and spe-
cific result data identifiers (e.g., prot-a-737). For each expo-
sure variable, we conducted MR analyses using packages such 
as gwasglue, VariantAnnotation, TwoSampleMR, and other 
Bioconductor resources. Throughout this process, we applied 
stringent screening criteria to ensure the rigor and accuracy of 
our analysis. Upon completion, we meticulously documented 
the results for subsequent interpretation and visualization. To 
comprehensively evaluate the robustness of our findings, we 
generated a series of graphical representations, including scat-
ter plots, funnel plots, and sensitivity analysis plots. Notably, 
we utilized the leave-one-out method to further validate the 
reliability of our results. Based on the MR analysis outcomes, 
we identified significant genes and constructed a forest plot to 
visually present estimated effects along with their confidence 
intervals, thereby aggregating data from multiple studies or 
experiments and providing strong support for understanding 
gene effects. Additionally, we used volcano plots to illustrate 
the relationship between gene effect sizes (beta values) and 
the negative logarithm of the corresponding p values. Volcano 

Fig. 1   Integrating the transcriptional landscape of adeno-associated 
virus in the brain. A Performing GO analysis based on differen-
tially expressed genes identified from transcriptome sequencing. The 
size of the circles represents the number of differentially expressed 
genes, with the color of the circles ranging from red to blue indicat-
ing increasing significance. B Association diagram illustrating the 
relationship between key genes and the key biological activities iden-
tified through GO analysis. C Conducting KEGG analysis based on 
differentially expressed genes identified from transcriptome sequenc-
ing. The size of the circles corresponds to the number of differentially 
expressed genes, with colors ranging from red to blue indicating 
increasing significance. D Association diagram illustrating the rela-
tionship between key genes and the key pathways identified through 
KEGG analysis. E Protein–protein interaction network analysis con-
structed using the STRING database. F The top 12 differentially 
expressed genes based on the number of key nodes identified through 
a combined analysis of KEGG and GO. G Heatmap illustrating the 
expression levels of key differentially expressed genes. The horizon-
tal axis represents individual samples, while the vertical axis repre-
sents gene names. H Heatmap illustrating the expression levels of key 
differentially expressed genes. The horizontal axis represents control 
and treatment groups, while the vertical axis represents gene names. 
I Prioritizing the relevant genes through GeneMANIA for functional 
analysis

◂
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plots not only intuitively display significance levels but also 
clearly indicate the direction of effects, serving as a power-
ful tool for gaining deeper insights into gene expression 
differences.

Prediction of core genes

For the initially identified genes, we employed the STRING 
database (https://​string-​db.​org/) and GeneMANIA (http://​
genem​ania.​org) [31] to weight the predictive values of each 
functional gene set for the query, generating hypotheses related 
to gene function, analyzing gene lists, and determining the 
priority of gene function detection.

Implementation of technological platform

This study was conducted on the macOS 14.5 (23F79) operat-
ing system, utilizing the R 4.4.2 software environment. The 

software packages gwasglue, VariantAnnotation, and TwoSa-
mpleMR were installed via GitHub (https://​github.​com) and 
Bioconductor 1.30.25 [22, 32–35].

Results

Studying the transcriptomic landscape and key 
gene interaction networks of AAV in the integration 
process in the brain

To investigate the transcriptomic changes following the 
intracranial injection of adeno-associated virus (AAV), 
we conducted an in-depth analysis of mRNA datasets 
from both untreated mouse brains (n = 7) and AAV-
integrated mouse brains (n = 7). Utilizing a linear model 
approach, we analyzed RNA-seq data covering 53,801 
genes. Differential expression analysis identified a total 
of 11,980 differentially expressed genes (DEGs). Apply-
ing stringent p value and logFC filtering criteria (pFil-
ter = 0.05, logFCfilter = 1), we ultimately identified 98 
significantly differentially expressed genes. Specifically, 
compared to the control group, 47 genes were downregu-
lated, and 51 genes were upregulated in the AAV-inte-
grated group. We then extracted gene names and mapped 
them to Entrez ID, successfully mapping 73 genes. To 
elucidate the functional implications of these genes and 
proteins, we performed GO and KEGG pathway analyses. 
GO analysis revealed that DEGs were enriched in bio-
logical processes such as sound perception and mecha-
nosensory perception, as well as cellular components like 
neuronal soma and spindle pole. The molecular functions 
enriched by DEGs included integrin binding and phos-
pholipase binding (Fig. 1A, B). KEGG analysis indicated 
that DEGs were enriched in pathways such as osteoclast 
differentiation, Epstein-Barr virus infection, and PI3K-
Akt signaling (Fig. 1C, D).

We constructed a protein–protein interaction network 
with a confidence score of 0.900 using the STRING 
database and identified 22 node genes from this network 
(Fig.  1E). Subsequently, we employed R language to 
quantify the interaction frequencies among these genes 
and visualized the results as a sorted horizontal bar chart 
(Fig.  1F). Based on higher interaction frequency, we 
selected nine genes, including RELB, CCL2, and SYK, 
as key targets for further investigation and generated a 
heatmap (Fig. 1G). The analysis revealed that following 
AAV treatment, the expression levels of RELB, AMACR, 
SYK, CCL2, and IL1RN were downregulated, whereas 
COL9A2, TH, OMP, and GPX3 showed upregulation 
within the treated group (Fig. 1H). Using the online tool 
GENEMANIA (Fig. 1I), we inferred the potential func-
tions of RELB, CCL2, and SYK and prioritized their 

Fig. 2   Visual analysis of clustering for single-cell sequencing. A The 
violin plot illustrates the extraction of feature genes. The left chart 
compares the number of feature genes between the control group and 
the treatment group, while the right chart evaluates sequencing depth 
in both groups. The horizontal axis denotes the control and treatment 
groups (n = 4), respectively. The left vertical axis represents the count 
of gene features relevant to the research objectives, whereas the right 
vertical axis indicates the number of differentially expressed genes. 
B The feature variance plot highlights the top 10 feature genes along 
with their corresponding variance values. The horizontal axis lists 
various genes within the dataset, with the top 10 feature genes labeled 
accordingly. The vertical axis measures the variance value of each 
feature, where a higher variance signifies greater variability or infor-
mation content within the dataset. C The scatter plot demonstrates 
the correlation between sequencing depth and the number of detected 
genes, exhibiting a correlation coefficient of 0.96. The horizontal 
axis represents sequencing depth, a critical metric that quantifies the 
amount and coverage of sequencing data, calculated as the total num-
ber of bases read per sample or the product of average read length and 
the number of reads per sample. The vertical axis reflects the num-
ber of genes successfully identified and counted at a given sequencing 
depth. A high correlation near 1 suggests that an increase in sequenc-
ing depth leads to a proportional increase in the number of detected 
genes, consistent with the principles and expected outcomes of high-
throughput sequencing. D In the principal component analysis (PCA) 
result plot, the x-axis and y-axis represent the first principal compo-
nent (PC1) and the second principal component (PC2), respectively. 
Each point in the plot corresponds to an individual observation, posi-
tioned based on its scores along these principal components. The rela-
tive positions of these points reflect the degree of similarity among the 
samples within the dataset. E The PCA heatmap illustrates the results 
for the top 20 clusters. The x-axis denotes different sample groups cat-
egorized by their spatial distribution following PCA analysis, while 
the y-axis represents differentially expressed genes. The color gradi-
ent indicates the magnitude of each element in the data matrix. F The 
t-SNE clustering visualization plot depicts the distribution of differen-
tially expressed genes across various cell groups. Tsne_1 and Tsne_2 
represent two dimensions derived from dimensionality reduction using 
the t-SNE algorithm, corresponding to the horizontal and vertical axes 
on the two-dimensional plane, respectively

◂

https://string-db.org/
http://genemania.org
http://genemania.org
https://github.com


	 Immunologic Research           (2025) 73:57    57   Page 8 of 17



Immunologic Research           (2025) 73:57 	 Page 9 of 17     57 

functional analysis. The findings indicated that CCL2 
plays a more significant role in the process of AAV vector 
integration into the brain compared to RELB and SYK.

Differences in cellular characteristics between B 
lymphocytes and microglia

To further evaluate the integration process of AAV vec-
tors in the brain at the single-cell level, we selected four 
single-cell sequencing samples from the GEO database. 
The control group includes control samples of normal brain 
tissue, while the experimental group consists of brain tis-
sues with integrated AAV9 vectors. Firstly, we conducted 
gene feature extraction and created violin plots (Fig. 2A). 
Correlation analysis revealed a high linear relationship of 
up to 0.96 between sequencing depth and the number of 
genes (Fig. 2C). Next, we generated a feature variance plot 
and annotated the top 10 feature genes (Fig. 2B). Finally, 
in the PCA dimensionality reduction analysis, we selected 
1500 feature genes to streamline clustering time. Using the 
PCA results for clustering, we employed 20 principal com-
ponents for t-SNE clustering analysis and visually annotated 
the grouped cells (Fig. 2D, Supplementary Fig. 1). Addition-
ally, we identified differentially expressed genes for each 
cluster and created corresponding heatmaps to illustrate their 
individual expression profiles (Fig. 2E).

To investigate differential genes between cell clusters, we 
performed group visualization by plotting single-cell clus-
tering maps for both the control and experimental groups 
(Fig. 2F). We observed significant variations in microglia, B 
lymphocytes, CD8-positive T cells, and fibroblasts. Through 
statistical analysis, we identified 6828 differential genes 
related to microglia, 6075 differential genes related to B 
lymphocytes, 241 differential genes related to dendritic cells, 
and 106 differential genes related to fibroblasts. Since the 
number of differential genes in other cell types was minimal 
and had minimal impact, they were not considered.

An MDK‑NCL‑dependent immune 
suppression mechanism exists between cells 
during the integration process of AAV vectors 
in the brain

To thoroughly investigate the mechanisms of intercellular 
interactions, we performed a comprehensive analysis of 
cellular communication based on ligand-receptor pairs. By 
integrating data from the KEGG database (comprising 73%) 
and literature sources (comprising 27%), we elucidated the 
intricate interactions among fibroblasts, epithelial cells, B 
lymphocytes, CD8 + T cells, stromal cells, and microglial 
cells during brain integration mediated by adeno-associated 
virus (AAV) vectors (refer to Fig. 3A–D). Further examina-
tion of the cellular communication network revealed that 
the ligand-receptor pair consisting of MDK, and neuronal 
cell adhesion molecule (NCL) plays a pivotal role in this 
process (Fig. 3E).

The MDK-NCL complex exhibits immunosuppressive 
properties, effectively modulating immune cell activity and 
influencing both the magnitude and direction of immune 
responses. During the integration of AAV vectors into 
the brain, the MDK-NCL complex may serve as a critical 
regulator, not only impacting immune system function and 
response but also potentially indirectly affecting AAV vec-
tor integration efficiency and immune tolerance by alter-
ing immune cell function and subsequent cellular interac-
tions. To substantiate these observations, we analyzed the 
expression changes of key genes involved in the MDK-NCL 
ligand-receptor pair (including MDK, SDC1, SDC2, SDC4, 
and NCL) using transcriptome data (Fig. 3F). By correlat-
ing high-probability regions for the MDK-NCL pair in the 
bubble plot with gene expression levels from transcriptome 
data, we further validated the significance of this ligand-
receptor pair in specific cellular communication processes. 
These findings enhance our understanding of the intricate 
nature of intercellular interactions and provide novel theo-
retical foundations and potential therapeutic targets for the 
treatment and prevention of neurological diseases.

Causal inference of AAV receptor integration based 
on Mendelian randomization

To further elucidate causal hypotheses, we employed Men-
del’s second law to infer the influence of biological factors 
on the target outcome by utilizing the impact of randomly 
distributed genotypes in nature on phenotypes. Initially, 
through conducting a GWAS study, we identified gene 
variant single nucleotide polymorphisms (SNPs) that were 
associated with the previous single-cell results, serving as 
“instrumental variables (IV).” Subsequently, we used these 
IVs to infer the impact of biological factors on AAV receptor 

Fig. 3   Study on the interaction between receptors and ligands in cel-
lular biology. A Pie chart vividly illustrates the sources of data on 
cellular interactions. B Cellular communication diagram representing 
interactions between different cell types. Nodes represent cell types, 
edges represent interactions between cells, and the thickness of the 
edges represents the frequency of interactions. C Weighted cellular 
communication network diagram. D Individual cellular communi-
cation diagrams for each cell. E Cell communication bubble chart. 
Colors represent the strength of the interaction between cells based 
on receptor-ligand binding affinity. F The gene expression levels of 
MDK, SDC1, SDC2, SDC4, and NCL were analyzed in the transcrip-
tome sequencing data

◂
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Fig. 4   A Mendelian randomization analysis forest plot for B lymphocytes
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Fig. 5   A Mendelian randomization analysis forest plot for microglia
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integration. Since genes are randomly allocated and not 
influenced by confounding factors, utilizing genetic variants 
to study causal relationships can eliminate the influence of 
confounders on outcomes, thereby enhancing the reliability 
of causal inference. We employed five statistical methods 
for Mendelian randomization analysis, including MR Egger, 
weighted median, inverse variance weighted (IVW), simple 
mode, and weighted mode, and presented the results in for-
est plot format.

Based on IVW < 0.05, we identified nine relevant genes 
(ARHGAP31, CMPK2, DPY19L1, NEIL2, NPDC1, 
NUP85, OSGIN2, SAMD12, VIPR1) associated with 
B lymphocytes and AAV receptor integration outcomes 
(Fig. 4). Eight relevant genes (AK9, DPY19L1, MAP3K5, 
POLR1E, SAMD12, SLC22A5, SOX4, XBP1) associated 
with microglia and AAV receptor integration outcomes 
(Fig. 5). No relevant genes were found in the remaining cell 
types. Subsequently, we conducted heterogeneity analysis, 
pleiotropy analysis, and leave-one-out sensitivity analysis 
on the identified genes for further evaluation (Fig. 6E, Sup-
plementary Fig. 2). The analysis suggests that the afore-
mentioned genes may serve as potential factors influencing 
AAV receptor integration. Further research can delve into 
the specific mechanisms through which these genes oper-
ate in the process of AAV receptor integration, shedding 
light on their roles in modulating intracellular signaling and 
immune responses.

Analysis of the mechanisms and key factors 
of immune cell‑related genes in AAV receptor 
integration

To further narrow down the scope of key genes, in the B 
lymphocyte-related genes, utilizing volcano plot visualiza-
tion, it was revealed that ARHGAP31, CMPK2, DPY19L1, 
and SAMD12 were positively correlated with AAV recep-
tor integration (OR > 1), while NEIL2, NPDC1, NUP85, 
OSGIN2, and VIPR1 were negatively correlated with AAV 
receptor integration (OR < 1) (Fig. 6A). Predicting the func-
tions of these genes and analyzing their interaction networks, 

it was found that NUP85 played a particularly significant 
role. NUP85 is involved in crucial biological processes such 
as virus transport, gene silencing, and nucleoside diphos-
phate metabolism. Specifically, NUP85 may participate in 
regulating the process of virus entry into host cells, impact-
ing its infectivity (Fig. 6B).

According to the research findings, it was observed that 
among the mononuclear cell-related genes, DPY19L1, 
MAP3K5, SAMD12, and AK9 showed a positive correla-
tion (OR > 1) with the AAV receptor integration process. 
Additionally, POLR1E, SLC22A5, SOX4, and XBP1 
were found to exhibit a negative correlation (OR < 1) with 
the AAV receptor integration process (Fig. 6C). Further 
gene function prediction and interaction network analysis 
revealed the distinct roles these genes play in regulat-
ing the AAV receptor integration process. Among them, 
XBP1 emerged as one of the most significant participants. 
Acting as a transcription factor, XBP1 is involved in mul-
tiple crucial biological processes, including endoplasmic 
reticulum protein folding, endoplasmic reticulum stress, 
and the unfolded protein response (Fig.  6D). In sum-
mary, the aforementioned results provide insights into 
the diverse roles and mechanisms of immune cell-related 
genes in the AAV receptor integration process, aiding in 
a deeper understanding of the biological events and inter-
relationships involved in this process.

XBP1 indirectly participates in the regulation 
of immune suppression in B cells

Based on key findings from transcriptome sequencing data, 
we identified CCL2 as the target gene for further investi-
gation. Subsequently, through comprehensive analysis of 
single-cell transcriptome sequencing data, we successfully 
pinpointed B lymphocytes and monocytes as two critical 
immune cell types. In B lymphocytes, Mendelian randomi-
zation analysis confirmed NUP85 as a pivotal gene, while in 
monocytes, XBP1 emerged as an important candidate gene. 
The selection of CCL2, NUP85, and XBP1 for functional 
prediction and interaction analysis was based on their sig-
nificant expression changes observed in both transcriptome 
and single-cell data, as well as their verified roles via Men-
delian randomization analysis in specific cell types. To fur-
ther elucidate the functions of these genes and the biological 
pathways they are involved in, we conducted KEGG and GO 
enrichment analyses (Fig. 7A). The KEGG analysis revealed 
that these genes participate in viral protein-cytokine interac-
tions, chemokine signaling pathways, and cytokine-receptor 
interactions (Fig. 7B). According to the GO analysis results, 
these genes are involved in several key biological processes, 
including myeloid cell differentiation, cell chemotaxis, leu-
kocyte migration, and chemotaxis, which play crucial roles 
in immune system regulation, infection defense, and tissue 

Fig. 6   Key gene interaction analysis for Mendelian randomization. A 
A volcano plot of exposure genes for B lymphocytes. Red indicates 
exposure genes with an odds ratio (OR) greater than 1, representing 
risk factors. Green indicates exposure genes with an OR less than 1, 
representing protective factors. B Prioritizing exposure genes for B 
lymphocytes using GeneMANIA for functional analysis. C A volcano 
plot of exposure genes for microglia. Red represents exposure genes 
with an odds ratio (OR) greater than 1, indicating risk factors. Green 
represents exposure genes with an OR less than 1, indicating protec-
tive factors. D Prioritizing exposure genes for microglia using Gene-
MANIA for functional analysis. E Heterogeneity analysis, pleiotropy 
analysis, and leave-one-out sensitivity analysis of the key exposure 
gene NUP85 in B lymphocytes and the key exposure gene XBP1 in 
microglia

◂
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Fig. 7   Functional prediction and interactome analysis of CCL2, 
NUP85, and XBP1. A Prioritizing CCL2, NUP85, and XBP1 using 
GeneMANIA for functional analysis. B Bar graph representing the 
predicted genes’ KEGG pathways following analysis using GeneMA-

NIA. C Bubble chart representing the predicted genes’ GO biological 
processes following analysis using GeneMANIA. D The gene expres-
sion levels of CCL2, NUP85, and XBP1 were analyzed in the tran-
scriptome sequencing data
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repair. Additionally, in terms of cellular components, the 
endoplasmic reticulum lumen emerged as an important 
structure, while in terms of molecular functions, these genes 
are implicated in chemokine receptor binding, cytokine 
receptor binding, and G-protein coupled receptor binding, 
among others (Fig. 7C).

While XBP1 is predominantly expressed in monocytes, 
it may indirectly influence B cell function by modulating 
the production of cytokines such as CCL2. As a chemokine, 
CCL2 plays a critical role in attracting and activating vari-
ous immune cells, including B cells. Consequently, altera-
tions in XBP1 expression within monocytes could impact 
B cell migration, activation, or differentiation through the 
regulation of CCL2 production. Moreover, XBP1 may also 
indirectly affect B cell function by influencing interactions 
between monocytes and B cells, such as antigen presenta-
tion and costimulatory signaling. This hypothesis was vali-
dated using transcriptome data analysis (Fig. 7D), which 
demonstrated decreased expression levels of CCL2 and 
NUP85, alongside increased expression of XBP1 following 
AAV injection. These changes in gene expression may sig-
nificantly influence the brain’s immune microenvironment. 
Specifically, reduced expression of CCL2 and NUP85 may 
collectively contribute to an immunosuppressive state within 
the brain, mitigating unnecessary inflammatory responses 
and immune cell activation, thereby protecting the brain 
from potential damage. Additionally, elevated XBP1 expres-
sion may further modulate the brain’s immune microenvi-
ronment by regulating monocyte and other immune cell 
functions. Furthermore, increased XBP1 expression may 
suggest that cells are experiencing endoplasmic reticulum 
stress post-AAV injection, potentially related to the pro-
cessing, trafficking, or expression of the AAV vector within 
cells, which could impact cell survival and proliferation.

Taken together, while there is currently insufficient 
direct evidence to demonstrate a direct interaction between 
XBP1 and B cells via the MDK-NCL signaling pathway, 
we propose a hypothetical mechanism: alterations in XBP1 
expression in monocytes may indirectly influence B cell 
function by modulating pathways such as CCL2. This pro-
posed mechanism offers a novel perspective on MDK-NCL-
dependent immune suppression in the brain and suggests 
potential avenues for future research. Further experimental 
validation is essential to elucidate the precise nature and 
mechanisms of these interactions.

Discussion

The process of virus infection in cells is generally similar 
in nature, involving attachment, entry, uncoating, genome 
replication, protein synthesis, assembly, and release [36]. 

In general, the efficiency of infection is closely associated 
with the specific recognition between virus surface proteins 
and cell membrane receptor proteins, as well as polysac-
charides and other molecules [37]. AAV vectors are widely 
utilized tools for in vivo gene therapy. However, the human 
immune system poses significant challenges to the use of 
this platform. Both innate and adaptive immunity appear to 
be crucial factors determining the outcomes of gene transfer 
experiments, due to the complex interactions between vector 
components and transgenic products. In this study, transcrip-
tomic and scRNA-seq data are employed to investigate the 
causal relationships between immune factors and the brain 
immune environment associated with AAV delivery. Key 
genes and their impact on immune pathways are identified to 
elucidate the immunogenic response mechanisms triggered 
by AAV vectors in the brain.

The brain harbors specialized resident immune cells 
[38], and further investigation is needed to understand their 
response to AAV vectors. To investigate the transcriptional 
landscape following AAV injection into the brain, we ini-
tially analyzed mRNA databases of normal mouse brains and 
mouse brains integrated with AAV. A total of 11,980 genes 
were examined, and under conditions of fdrFilter = 0.05 
and logFCfilter = 1, 73 differentially expressed genes were 
identified. Through GO, KEGG, and differential gene-based 
protein interaction network analysis, we discovered that, in 
the process of AAV vector integration in the brain, ccl2 
played a crucial role compared to RELB and SYK. Subse-
quently, for a more in-depth assessment at the single-cell 
level, we selected four scRNA-seq samples from the GEO 
database. During the integration process of AAV vectors in 
the brain, B lymphocytes and microglia exhibited distinct 
cell characteristics, with an observed MDK-NCL-dependent 
immunosuppression.

To further clarify the causal hypothesis, we inferred 
the impact of scRNA-seq results on AAV infection based 
on MR analysis. Five statistical methods were employed 
for MR analysis, and based on IVW < 0.05, nine relevant 
genes (ARHGAP31, CMPK2, DPY19L1, NEIL2, NPDC1, 
NUP85, OSGIN2, SAMD12, VIPR1) were identified in 
B lymphocytes and AAV receptor integration outcomes, 
while eight relevant genes (AK9, DPY19L1, MAP3K5, 
POLR1E, SAMD12, SLC22A5, SOX4, XBP1) were identi-
fied in microglia and AAV receptor integration outcomes. 
Heterogeneity analysis, pleiotropy analysis, and leave-one-
out sensitivity analysis conducted on the identified relevant 
genes suggest that these genes may serve as potential factors 
influencing AAV receptor integration.

The field of gene therapy is currently experiencing an 
exciting period, with several clinical trials demonstrating 
long-term efficacy. Candidate gene therapy drugs have also 
progressed to late-stage clinical development and mar-
ket approval phases [39]. Diseases that were previously 
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incurable or had suboptimal treatment options are now 
being effectively cured, bringing unprecedented results for 
patients. However, challenges such as the immunogenic-
ity of AAV vectors and emerging complexities persist. 
Our research innovatively employs a variety of analytical 
approaches to delve into the AAV immune environment 
within the brain, aiming to preliminarily uncover the immu-
nosuppressive mechanisms induced by AAV vectors in the 
brain.

This study elucidates the B cell immune suppression 
induced by AAV vectors in the brain through a comprehen-
sive analysis of scRNA-Seq and RNA-Seq. Furthermore, 
it posits that XBP1 may play an indirect role in mediating 
MDK-NCL-dependent B cell immune suppression. It is 
evident that this study has certain limitations. Currently, in 
AAV trials, circulating T cells are frequently utilized for 
immune monitoring, serving as a crucial surrogate marker 
to track vector-related immune responses [40]. Nevertheless, 
analyzing in situ immune responses may contribute to a bet-
ter understanding of the mechanisms underlying transgene 
expression loss or maintenance. Preexisting B cell immunity 
poses a significant hurdle, as targeting therapies are more 
complex than merely inhibiting immune responses [41]. 
From a technical standpoint, there exists a significant paucity 
of suitable enrollment samples within the current databases. 
The transcriptomic sequencing data included in this study 
lack fundamental information regarding serotypes; thus, we 
supplemented this gap with data derived from single-cell 
sequencing. It is conceivable that the immune response ini-
tially targets the AAV capsid, followed subsequently by the 
transgene product. Consequently, the temporal aspect is of 
paramount importance, as the initiation of transgene expres-
sion necessitates a certain period. Additionally, the choice 
of promoter is critical, as it dictates the expression profile. 
Building upon this premise, future investigations should 
employ intervention experiments to validate the hypothesis 
that XBP1 indirectly contributes to MDK-NCL-dependent 
B cell immune suppression.

Conclusion

In summary, the intricate interplay between innate and 
adaptive immunity is a pivotal determinant of the outcomes 
of in vivo gene therapy utilizing AAV vectors. This study 
underscores the potential role of the XBP1 protein in medi-
ating B-cell immunosuppression in the brain via the MDK-
NCL ligand-receptor pair and associated genes, as evidenced 
by RNA-seq and scRNA-seq data. Moreover, through the 
application of MR analysis, this research lays the foundation 

for investigating regulatory factors and pathways within the 
immune modulation network, along with their potential ben-
efits in immunotherapeutic interventions.
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