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Abstract
Microglia, well recognized as immune effector cells inherent in the central nervous system, plays a fatal
role in brain development and neurodegenerative diseases; however, the extent of human microglia
heterogeneity and complex molecular functions are still poorly understood. Currently, most approaches to
cell heterogeneity determine the function of cell subsets solely through high/low gene expression levels,
indirectly ignoring the linkages between genes. Here, from the point of view of inter-gene association, we
separately constructed gene regulatory networks of each microglia subtype based on single-cell RNA
sequencing (scRNA-seq) and then identi�ed signi�cant genes in each network using tools from graph
theory. Surprisingly, disease enrichment analysis of these genes revealed that two microglia subsets were
closely related to Alzheimer's disease (AD), in which one subset was ulteriorly discovered involved in the
antibiotic synthesis, and the other associated with Aβ plaque phagocytosis not only promoted
in�ammatory responses by NF-kappa B signaling pathway but also participated in tau protein binding
and beta-amyloid binding, suggesting that this microglia subtype might act as tau protein phagocytosis
as well. In a word, the approach that gene regulatory network combined with graph theory to identify the
function of microglia subtypes makes up for the de�ciency of differential expression and provides new
insight into the cell type therapies related to AD.

Introduction
Parenchymal immune cells of the central nervous system not only make an essential contribution in
regulating brain development and repairing damaged neurons but also participate in many neurological
diseases [1]. Recently, microglia cells have been found to be activated or maladjusted in disease states,
resulting in disease severity [2, 3]. Activated microglia could release numerous different cytokines and
chemokines after the anti-in�ammatory and pro-in�ammatory signals imbalances, which makes
continued in a state of immune response of the brain, leading to brain neuron loss and the emergence of
diverse neurological disorders [4–7]. Therefore, the study of microglia subtypes and their internal
molecular functions is of great signi�cance to discover the pathogenesis and delay of these neurological
diseases. Currently, most microglia subtypes have been obtained by conventional differential expression
analysis [8]. However, gene expression is strictly regulated by transcription factors and cofactors and
signi�cantly up-regulated as well as down-regulated genes cannot fully reveal key factors in the
phenotype. Single-cell network biology as a feasible scheme could further understand the potential
regulator of cellular heterogeneity in human disease [9–10].

Recognizing that single-cell data requires new approaches to GRN modeling, a number of methods have
recently been developed, such as SCENIC, PIDC, ACTION, SINCERA and so on. But SCENIC is limited to TF-
based relationships [11], PIDC is di�cult to scale to sparse single-cell data [12–13], ACTION requires TFs
and their targets and only constructs TF-driven networks [14], and SINCERA also considers only TF and
its targets and requires gene /TFs expression in most cells at the same time [15]. Only by
comprehensively considering the regulatory and co-expression relationships of various genes, TF, etc.,
can we better identify microglia subtypes and their functions. Therefore, Iacono et al. 's approach, which
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considers gene expression is strictly regulated by TF, cofactors and signal molecules, is the most suitable
model for our microglia subgroup network [16]. In addition, this network model adopts self-developed Z-
scores to convert counts and Pearson correlation coe�cient to capture the correlation between genes,
which greatly improved the size and number of correlations. And the use of noisy probabilistic models
also largely eliminates the effects of drop-out events and other technical artifacts. Nevertheless, the gene
regulatory network obtained in this way is very dense. In order to identify signi�cant nodes in the network,
we introduce four kinds of centralities in graph theory, namely Degree, Betweenness, Closeness, and
Pagerank. Each centrality could be regarded as a measure of the importance of a gene in the network and
is obtained by a different algorithm. By screening out all the genes with high centralities, we could
ulteriorly �nd the function and role of microglia subsets through enrichment analysis of these genes.
Here, the preponderance of graph theory is not only to mine important elements with a regulatory network
but also to expand other centralities, which greatly improves the reliability of the network model method.

In this study, we analyzed single-cell transcriptomes of 71,070 human brain parenchymal immune cells
across diverse neurological disorders, and these cells were all puri�ed by a validated experimental
pipeline [17]. Here, the Harmony algorithm was selected as the batch processing method for single-cell
data, and the latest KNN-Louvain iterative algorithm was used to cluster the processed samples, which
facilitated successful identi�cations of functionally diversi�ed rare microglial populations associated
with neurodegeneration, especially AD [18–19]. Inspired by the interconnectedness of genes, we
combined knowledge of gene regulatory networks and graph theory to analyze the potential function of
our microglia subtypes. Inherently, single-cell transcriptome data are highly sparse and extremely noisy;
thus, we took the Z-scores obtained by iterative differential expression to evaluate the correlation between
genes so as to construct the gene regulatory network of subpopulations. After that, we assessed the
importance of genes according to the size of the different centralities of each node in the network and
performed enrichment analysis based on the genes with high centrality ranking to explore the function of
microglia subtypes. Finally, two microglia subtypes (clusters 5 and 16) with different in�ammatory
functions were found to be associated with AD. Cluster 16 was closely associated with pro-in�ammatory
responses, while cluster 5 might play an anti-in�ammatory part complying with the brain immune
environment. And so, this whole set of ideas gets rid of the constraints of differential expression and
provides a new direction for the identi�cation of rare microglia subtypes.

Methods
In this section, we described in detail the whole experimental design work�ow, which included batch
processing, cell clustering, construction of gene regulatory networks, and means of seeking out
momentous genes in the networks.

Overall experimental �ow design
The main goal of this research is to excavate the models of a different microglia population structure and
explore the factors that play a key role in the unknown microglia cell types and ultimately infer the
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hypothesis of their association with diseases. Figure 1 describes the entire experimental procedure and
designing scheme in detail, which included datasets of single-cell RNA sequencing (scRNA-seq)
preprocessing (Figure. 1a), subpopulation-based single-cell regulatory network construction, and
identi�cation of momentous genes through gene centralities (Figure. 1b).

The human brain parenchymal immune cells across various neurological disorders were all derived from
the dorsolateral prefrontal cortex and were contributed from 16 individuals of both sexes (Fig. 1a). The
gene expression data from these cells were then executed to Harmony algorithm for eliminating the
impact of batches on clustering after quality control, and from results in the graph, the cells from various
subjects perfectly blend with others hence no bias produced by batch effects. After that, we made use of
the iterative KNN-Louvain approach to cluster the samples, and the population structure consisted of 18
cell types was subsequently obtained by adjusting the proper resolution, of which nine cell
subpopulations were subsets of microglia (Fig. 1b). To further explore the molecular heterogeneity of
microglia clusters, we constructed gene regulatory networks of microglia subpopulations respectively and
calculated the centrality of each node in the network using the concept of graph theory. Meanwhile, we
evaluated the importance of each gene according to the centrality size ranking as well. Adds: AD&LBD
Alzheimer disease and Lewy body disease, AD Alzheimer disease, GLI gliosis, PD&MDD Parkinson
disease, and major depressive disorder, PD&OB&DM Parkinson disease and obesity and dementia,
BD&MDD Bipolar Disorder and major depressive disorder, SP&HP schizophrenia and hypoxia, TBI
traumatic brain injury, VD vascular dementia.

Batch processing with Harmony algorithm
Considering a variety of experimental and potential biological factors, we �nally chose the Harmony
algorithm with superior performance for batch processing of vast samples obtained [18]. Speci�cally,
Harmony �rst embedded the single-cell transcriptome pro�le into low-dimensional space through
principal component analysis (PCA) and then applied an iterative process to remove the effects speci�c
to the dataset. The iterative process mainly consisted of two steps: clustering and calibration of each cell.
One step was to calculate the linear correction factor speci�c to cell type or cell state by self-developed
soft K-means clustering algorithm, and the model was

min
R ,Y

∑
i , k

Rki2 1 − YT
kZi + σRkilogRki + σθRkilog

Oki
Eki

∅i

1

s. t. ∀i∀kRki > 0, ∀i

K

∑
k =1

Rki = 1

2

( ) ( )
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The formula showed the distance of the cells to their assigned centroids concretely, in which Z
represented the eigenspace of some data and Y represented centroids obtained by clustering. Besides, 

Rki denoted the relationship between cell i and cluster k, and log
Oki
Eki

∅i meant adding an entropy

regularization term to R, weighted by a hyperparameter σ. For each batch variable, this algorithm
introduced a new parameter θ to measure the dependency between batch membership and cluster
allocation. The other step was to eliminate batch-speci�c variations from each cell cluster according to
the linear mixture model, and the model was

Wk = (∅ ∗ diag Rk ∅ ∗ T
+ λI)

−1
∅ ∗ diag Rk ZT

3
The equation above was mainly used to solve the collinearity issue of the model and ∅ ∗  was a design
matrix containing intercept items that capture the independent batch variations in each cluster. Z

represented the matrix of the original PCA embedding and diag Rk  represented the diagonal matrix of

cluster member terms in cell cluster k. Additionally, λ as ridge penalty hyperparameter would shrink Wk
gradually approaching 0.

Clustering based on an iterative KNN-Louvain approach
In order to cluster the pre-processed samples accurately, we combined batch processing and adopted a
graph-based clustering method, which primarily constructed a KNN graph using the Euclidean distance in
PCA space and re�ned the edge weights between any two cells based on the shared overlap in their local
neighborhoods (Jaccard similarity). After that, the Louvain algorithm, as one of the most popular
algorithms to optimize modularity, was applied to uncover the community structure by means of iterative
grouping [19], and the algorithm model was

Q =
1

2m ∗ ∑
ij

A i , j −
ki ∗ kj

2m ∗ δ(Ci, Cj)

4
In this equation, m was the total number of edges involved in clustering and A i , j referred to the edge
weights between nodes i and j. If nodes i and j were connected, then A ij = 1; otherwise, A ij = 0. In
addition, ki represented the sum of all edge weights pointing to node i, and the same went for k. Ci was
the community where node i belonged and Cj was the community where node j belonged. When i and j
located in the same community, δ(Ci, Cj) = 1; else, it was 0.

Construction of gene regulatory network

( )

( ) ( )

( )

[ ]
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After clustering, for constructing the gene regulatory network of microglia subsets, we then utilized
function subset () in Seurat to extract the gene expression matrix of microglia subsets, severally. On
account of the noise and sparsity of single cell data, we determined to employ Z-scores to measure
correlations between genes since these correlations might be obscured by drop-out events and other
technical artifacts, and the model was

Z − score = Z2
num.model + Z2

Wilcoxon

5
This algorithm compensated for the weaknesses of numerical model and Wilcoxon, and the synergy of
these two tests broke through the limitation of sample size. Znum.model was calculated by the numerical
model, homoplastically Zwilcoxon was calculated by Wilcoxon rank-sum test.

Identi�cation of signi�cant genes in networks using graph
theory
For the sake of accurately pinpointing the key players in microglia subsets, we chose four types of
centralities (Degree, Betweenness, Closeness and Pagerank) in graph theory and network analysis to
evaluate the status and signi�cance of genes in gene regulatory networks and these four metrics are all
obtained by different calculation methods. And if the four centrality values of a certain gene in the
network are all large, it suggests that this gene may be associated with many other genes and play a vital
role in this subtype of cell. Additionally, Degree refers to the number of undirected edges a node has to
other nodes is the most basic means to evaluate the signi�cance in networks, which indicates the
possibility of acquiring the information spreading in the network. Betweenness implies the ability to
control the information is a centrality based on shortest paths as the interaction between two non-
adjacent members depends on the other members of the network, especially those on the path between
the two members. It is calculated by enumerating all the shortest paths of the network and quantifying
the number of times each node falls into the shortest path and its model is

CB(v) = ∑
s ≠v≠t∈V

σst(v)
σst

6
In this equation, σst(v) represents the number of shortest paths of s → v through node v, and σst refers
to the number of shortest paths, simply Betweenness responses the importance of node v as ‘bridge’.
Closeness is from the reciprocal of the sum of the minimal distances of a vertex to all other vertices,
which indicates the velocity of getting the information from network. Pagerank centrality created by
google results from a random walk of the network and the nodes with high Pagerank shows the
prevalence of the gene in the network. Besides, the speci�c algorithm is as follows:

√
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PR pi
=

1 − d
n + d ∑

P j∈M ( i )

PR pj

L ( j )

7
In this formular, pi ,pj point different nodes in regulatory network, M ( i )  refers the collection of all the

nodes link to this gene and L ( j )  is the number of external links which means other nodes contact to pj.

Moreover, n represents the quantity of nodes and d (0 < d ≤ 1) is damping factor which represents the
probability that the link will continue after reaching a node, and the default value is 0.85. All these
centralities were speci�cally calculated with the package igraph 1.2.2 in the end.

Results

Data Sources and preprocessing
The dataset, which mainly consisted of 33 donors with different psychiatric disorders, stages of age and
genders in this study, were all from the Synapse database [20]: syn24168322. However, many individuals
were not labeled with speci�c diagnoses, so 16 individuals with explicit diseases, including Alzheimer
Disease, Bipolar Disorder, Gliosis, Parkinson Disease and so on were ultimately selected for further
analysis, which included six females and ten males. Then, through 10X method in the
IlluminaNovaseq6000 platform, the dataset composed of 71,070 parenchymal immune cells from the
dorsolateral prefrontal cortex in the brain of selected individuals were obtained after quality control.
Furthermore, this microarray data also eliminated the effects of brain region heterogeneity in this way.
Afterward, the dataset was loaded into a puri�ed preprocessing pipeline to eliminate dimensional effects,
and this process was then accomplished by functions NormalizeData () and ScaleData () via the Seurat
package. Since immune cells were obtained under different experimental conditions in the presence of a
batch effect, imposing a negative impact on clustering, we considered the combination of PCA reduction
and Harmony algorithm for batch processing of standardized data to facilitate subsequent cluster
analysis [21–23]. Eventually, we implemented these vital steps through the functions RunPCA () and
RunHarmony () in Seurat and Harmony packages and chose the �rst 20 pcs as input.

Identi�cation of human brain parenchymal immune cells
After the dataset was partially optimized by pretreatment, we used the iterative KNN-Louvain clustering
algorithm for unsupervised clustering of cells, and these critical processes were then performed with
functions FindNeighbsors () and FindClusters () in Seurat v3, respectively. Meanwhile, the resolution
parameter of clustering was set as 0.6. To identify human brain myeloid cell subsets at the genetic level,
non-parametric Wilcoxon rank sum test, a reliable and mainstream differential expression test, was
ultimately identi�ed to look for features of differential expression between clusters of cells and numerous
known signature genes which have been demonstrated these genes could differentiate various cell types
in broad categories were higher expression levels (Fig. 2). In addition, to visualize the clustered cells in a
two-dimensional plane, we performed the tSNE (t-Distributed Stochastic Neighbor Embedding) nonlinear

( )
( )
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dimensionality reduction method to display the clustering results, and this step was achieved by function
RunTSNE ().

Of the 18 cell clusters obtained by the iterative KNN-Louvain clustering algorithm, 10 clusters (clusters
1,2,4,5,6,9,13,14,16,18) were preliminarily inferred as myeloid cells because of a high level of myeloid
marker (AIF1) expression and higher cells proportion expressing the markers through the Wilcoxon rank
sum test [24], yet the expression of microglial cell markers (C1QA, C1QB, and C1QC) in cluster 6 was not
very high; thus this cluster probably represents monocytes. Whereafter, the surplus clusters were
analogously characterized by high expression of unique marker genes from the CellMarker database,
such as MT-ND3 (cluster 3), CD3E (cluster 7,15), NKG7 (cluster 8), SPARCL1 (clusters 10,12), CD79A
(cluster 11), and TPSAB1 (cluster 17), likely representing monocytes, T cells, natural killer cells,
astrocytes, B cells, and mast cells, respectively (Fig. 2a). TSNE plot composed of tens of thousands of
heterochromatic dots delineates the population distribution of different microglia subsets and other
subgroups, in which each dot is considered as a cell; simultaneously all cells are put colors on according
to their classi�cation relations (Fig. 2b). By projecting the expression of selected genes into a model of
population structure (Fig. 2c), marker genes were found enriched so observably in certain clusters gene,
just as C1QA was signi�cantly aggregated and highly expressed in a microglial cell and gene CD3E was
mainly expressed in cluster 7, which implying the feasibility of genetically annotating cell types. Adds:
MG microglia, Mono monocyte, TC T cell, NK nature kill cell, AST astrocyte, BC B cell, MC mast cell.

Assessment of microglia heterogeneity within and among
individuals
To explore correlations between microglia subsets and individuals, we calculated the proportion of each
cell subpopulation in the same individual with the diseases and compared the variations of the
percentage of the same microglia subsets across different individuals from the view of the distribution of
clusters.

From a global perspective, the bar plot depicts exactly how different clusters of cells are distributed in a
donor and the line chart shows how the percentage of the same microglia changes in different
individuals with the diseases. Then, the �rst �ve cell clusters distinctly show a higher percentage of cells
in all individuals with different diagnoses (Fig. 3a), which indicates these cells might be homeostasis
microglia associated with the cellular state (fresh or frozen). Moreover, the proportion of three microglia
subsets (clusters 9,16 and 18) was dramatically upregulated in some diagnosed individuals, cluster 16
occurs only in Alzheimer's disease and gliosis as well as cluster 18 in bipolar disorder and major
depressive disorder, which implies that these cell subtypes could serve as a potential target for disease
treatment (Fig. 3b, c, d).

Annotation of microglia clusters using reported features
To further understand the function and role of microglia subtypes, we then turned to annotate our
microglia clusters obtained by the iterative KNN-Louvain clustering algorithm (clusters 1, 2, 4, 5, 6, 9, 13,
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14, 16, and 18) using microglia types and corresponding genes that have appeared in the literature.

On account of these highly expressed genes in cluster 4 (Fig. 4a), we deduced that our human microglia
subpopulation (cluster 4) represented “IEG+” microglia which was produced by the stimulus of
environmental change since the genes had recently been described to be induced by tissue dissociation
or FACS by van den Brink and colleagues, and most of the genes in the plot were immediate early genes
(IEG) [25–26]. After that, in the same way, cluster 9 (Fig. 4b) was found to be enriched in amounts of
interferon-related genes, which indicated that this subtype probably represented late-response state
microglia [24, 27]. Furthermore, homeostasis microglia markers were highly expressed in the �rst four cell
subsets (Fig. 4c), consistent with our previous assumptions, suggesting that these cells (clusters 1,2, and
5) mainly perform daily nervous system tasks [28]. Finally, cluster 16 was annotated as a subtype of
microglia associated with Aβ plaque phagocytosis in regards to a high expression of HIF1A, which might
regulate synaptosome phagocytosis in vitro [29]. For the remaining microglia subpopulations (clusters
13, 14, and 18), we subsequently used functional annotation to explore its existence signi�cance.

Single-cell regulatory networks identify essential genes in
microglia subsets
Since genes interact with each other, we turned to a network model to explore the underlying genes in
microglia subsets (Fig. 5). However, the abnormal noise and sparsity of single-cell data, along with large
amounts of dropout events, made it very di�cult to construct single-cell regulatory networks. Therefore,
we chose the self-developed Z −score as the standard to measure the correlation between genes to
increase the number of inter-gene associations. In addition, gene regulation networks were extremely
complex and node–dense; thus, we �ltered nodes in the network according to the four centralities in
graph theory. Concretely, this process was completed by the function compute.network () in bigSCale and
the adaptive threshold was ultimately set to 0.85 (ρthresh = 0.85) to retain signi�cant correlations. Here,
cluster 1 was taken as the example, and the visualization results were as follows.

In this part, we mainly described the construction of the gene regulatory network and the screening
criteria of characteristic genes. From Fig. 5a, it could be seen that many genes (TIMM17A, MRTO4,
SLC11A1, SLC7A5, NME1, and SORL1) with higher degree centrality tended to accompany by higher
betweenness centrality. Therefore, gene screening should not rely on a single indicator but a combination
of four indicators to screen genes in the network. Taken cluster 1 as an example (Fig. 5b), we sorted the
genes in the gene regulatory network of cluster 1 according to the size of their centralities and then
intersected the top genes to select approximately 200 genes for subsequent enrichment analysis. For
unknown microglia clusters (Cluster 13, 14, and 18), we did the same and selected about 200 genes in the
end.

Discussion
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Exploration of associations between human microglia
clusters and diseases
Given too few individuals involved and lack of evidence of an association between microglia
subpopulation abundance and Alzheimer's disease, we determined to use the DOSE Bioconductor
package to perform disease ontology (DO) enrichment analysis to excavate possible relationship
between microglia subsets and pathology of AD based on all genes in the gene regulatory network of
microglia subpopulations (clusters 1, 2, 4, 5, 6, 9, 13, 14, 16 and 18) [30]. Living up to expectations, the
enrichment results of clusters 5 and 16 both appeared AD pathology, as the following picture showed.
Nevertheless, the remaining microglia subtypes (clusters 1, 2, 4, 6, 9, 13, 14, and 18) were not found to be
signi�cantly associated with AD. Therefore, we would focus only on clusters 5 and 16 here.

From the DO enrichment results (Fig. 6a, b), we could see that clusters 5 and 16 were obviously
associated with AD, especially cluster 16 with a higher signi�cance. And interestingly, we discovered that
both Alzheimer's disease and tauopathy occurred in two clusters simultaneously, implying that our
microglia subpopulations might affect AD by regulating Tau proteins. Due to the high signi�cance of AD
and tauopathy in cluster 16 and a large number of enriched genes, we decided to further discuss the
association between AD and Tauopathy through the similarity of the enriched gene sets. Then, by
mapping the network and Venn diagram between genes and diseases in cluster 16 (Fig. 6c, d), the genes
enriched in Alzheimer's disease and tauopathy showed striking similarities, which indicated that this
subtype of microglia associated with Aβ plaque phagocytosis might also in�uence synaptic growth
through tau protein. In addition, the enriched gene sets in cluster 5 also showed great overlap in AD and
tauopathy, as shown in Supplementary Table 1.

Functional enrichment analysis based on DAVID database
Eventually, we used the DAVID database to perform functional enrichment analysis of the selected genes
at the genetic level [31]. Speci�cally, for unknown microglia subpopulations (clusters 13, 14, and 18), we
screened about 200 genes with high centralities (Degree, Betweenness, Closeness, and Pagerank) ranking
in the gene regulatory network of each subgroup for KEGG enrichment analysis. As for cluster 5 and
cluster 16, we decided to annotate the function according to the genes enriched to AD in the DO analysis
results (134 genes in cluster16 and 22 genes in cluster5). Moreover, since cluster 16 was closely
associated with AD, we further performed Gene Ontology (GO) enrichment analysis based on those 134
genes, and the results are shown in the �gure below.

From the metabolic pathway enrichment analysis (Fig. 7a and Supplement Table 2), it could be seen that
cluster 13 was involved in antigen processing and presentation, cluster 14 was related to the chemokine
signaling pathway, and cluster 18 was signi�cantly enriched in cancer transcriptional dysregulation.
Indirectly, it could be inferred that cluster 14 had a pro-in�ammatory effect, and cluster 18 was closely
associated with the formation of cancer because much of the literature had shown an inverse
relationship between neurological diseases and cancer [32–35].
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Homoplastically, from KEGG enrichment results of cluster 5 and cluster 16 (Fig. 7b and Supplement
Table 3), cluster 5 was related to the biosynthesis of antibiotics, and cluster 16 was related to NF-kappa B
signaling pathway, which implied that cluster 5 was an anti-in�ammatory microglia subtype as well as
cluster 16 a proin�ammatory microglia subtype in AD pathology.

Due to the dramatic correlation between cluster 16 and AD (Fig. 6b), we then turned to perform the GO
enrichment analysis of genes associated with AD in cluster 16 to explore BP, CC, and MF in DAVID (Fig. 7c
and Supplement table 4). And as it turns out, cluster 16, a subtype of microglia associated with Aβ plaque
phagocytosis, was not only involved in the in�ammatory and innate immune response but also
associated with tau and beta proteins, which indicated that this microglia subpopulation was involved in
various pathogenesis of AD and could be a pivotal target for the treatment of Alzheimer's disease [36].

Additionally, cluster 16 was present only in AD and gliosis (Fig. 3b), which implicitly illustrated that this
microglia subtype might also play a similar role in gliosis.

Conclusion
As network modeling approaches are increasingly recognized in biology, in this study, we provide novel
thinking, single-cell sequencing combines with gene regulatory networks to uncover the microglia
subpopulations related to AD. Speci�cally, we �rst clustered the preprocessed samples through the KNN-
Louvain iterative clustering algorithm and then constructed gene regulation of subtypes and identi�ed
signi�cant genes in the network using relevant knowledge in graph theory. At the same time, the rank-sum
test was used to screen for genes signi�cantly expressed between cell clusters to facilitate the
identi�cation of known microglia subsets. Since genes didn't act independently of each other, our
approach based on the network model largely compensated for the defects caused by differential
expression analysis and facilitated the mining of transcription factors that played a dominant role in
subtypes.

Fortunately, we eventually identi�ed two microglia subtypes (clusters 5 and 16) closely associated with
AD through DO enrichment analysis, and these microglia cells were all related to in�ammation but had
completely different functions. Cluster 5, an anti-in�ammatory microglial subtype, potentially modulated
the immune microenvironment of the brain through biosynthesis of antibiotics while cluster 16, a pro-
in�ammatory microglial subtype, not only closely associated with Aβ plaque phagocytosis but also
involved in a variety of pathogenesis of AD, including NF-kappa B signaling pathway, tau protein binding,
and beta-amyloid binding, which indicated that cluster 16 possibly participated in tau protein
phagocytosis.

In�ammation is a central mechanism in Alzheimer's disease, and our methods further reveal the
connection of both at the cellular level. More critically, our approach opened up the possibility of cell
therapy for AD and unearthed a new target that played a pivotal role in Alzheimer's disease.
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Figure 1

Overview of human samples and experimental setup.

a Acquisition of immune cells and results of batch treatment.

b Microglia subtypes and gene regulatory networks and centralities.
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Figure 2

scRNA-seqreveals the relevancy between markers and cell subtypes

aEach dot in plot represents the level of expression and the percentage of the gene in a certain cluster.The
change in color from light to dark indicates a gradual increase in the average expression of this gene and
the variation in sizefrom small to large similarly indicates the gene in this subpopulation is expressed in
more cells.

bPopulation distribution of cell subsets.Each number represents a cell type and each cluster is
distinguished by a different color.

cEach dot in graphrepresents a cell and the level of expression of each selected gene is characterized by
color depth.
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Figure 3

The distribution of clusters in individuals and association between cell abundance and diseases

a Each column in combined bar chart represents a color-coded cluster and each row represents an
individual with explicit disease.
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b Differences in abundance of clusters 1, 2, 4 and 5 among individuals with different diseases.

c Differences in abundance of clusters 9, 13 and 14 among individuals with different diseases.

d Differences in abundance of clusters 16 and 18 among individuals with different diseases.

Figure 4
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Microglia subtypes annotation based on prior knowledge

a Expression level of the genes which were lately illustrated that their high expression was induced by
tissue dissociation or FACS.Each column in plot represents a microglia cluster.

b Expression of interferon-related gene sets across 9 clusters.

c Violin plot reveals the expression levels of homeostasis microglia marker TMEM119 inourmicroglia
subsets.

d Same as above, expression of the gene HIF1A among 9 clusters.

Figure 5

Construction of gene regulatory network and screening of important genes

a Visual display of gene regulatory networks in microglia subset, in which node size is proportional to
degree centrality and the color variation of nodes from yellow to purple indicates that the between
centrality is gradually increasing.

b Screening of important genes in network based on four centralities (Degree, Betweenness, Closeness
and Pagerank).
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Figure 6

DO enrichment analysis explores microglial subtypes associated with AD

a Cluster 5 DO enrichment results and the number of genes involved.
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b Cluster 16 DO enrichment results. The size of the dots in plot is proportional to the number of genes
enriched and the extend of red is proportional to the corrected pvalue, besides the abscissa is the ratio of
enriched genes to background genes.

c Network of links between enriched genes and diseases in cluster 16.The size of the dots represents the
number of genes related to the disease and the links between different diseases and genes are identi�ed
by color-coded lines.

d The number of genes shared across diseases in cluster 16 enrichment results.

Figure 7
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Functional annotation of unknown microglia subtypes

a KEGGenrichment analysis of genes in cluster 13,14 and 18. The dot size represents the number of
enriched genes and the shapes represents different clusters. The y-axis reports the pathways of
theenrichment analysis results, meanwhile the x-axis reports the percentage of genes involved in this
pathway.

b KEGG enrichment analysis of genes in cluster 5 and 16.

c GO enrichment analysis of genes in cluster 16 about molecular function (MF), biological process (BP)
and cellular component (CC).
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