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Abstract

Background Microglia, the brain's resident immune cells, play a pivotal role in Alzheimer’s disease (AD) pathogenesis.
These cells exhibit diverse transcriptional states in response to neuroinflammatory stimuli, and characterizing these
states is essential for understanding AD mechanisms.

Methods We integrated single-cell and spatial transcriptomic datasets from multiple cohorts and brain regions,
encompassing both experimental models and human tissues. Findings were validated through immunostaining of
human brain samples.

Results Our comprehensive atlas revealed pronounced heterogeneity among microglial states, with disease-
associated microglia (DAM) significantly enriched in AD brains compared to controls. Spatial transcriptomics
and immunohistochemistry demonstrated that DAM predominantly localize to external cortical layers and near
amyloid plaques, whereas homeostatic microglia are more abundant in internal cortical layers and distal regions.
Immunofluorescence staining for P2RY12 and CD68 confirmed these spatial distributions.

Conclusion By harmonizing single-cell and spatial transcriptomics, we provide a detailed atlas of microglial diversity,
highlighting regional and pathological specificity of microglial states in AD.

Significance This work advances prior studies by mapping microglial transcriptional states across multiple human
cohorts and experimental contexts, integrating spatial data to reveal novel anatomical patterns. The enrichment of
DAM in external cortical layers and homeostatic microglia in internal layers represents a previously unreported finding
with potential therapeutic implications. While not exhaustive of all microglial datasets, this study establishes the first
integrated reference combining single-nucleus and spatial transcriptomics, underscoring the importance of linking
microglial diversity to AD neuropathology and brain architecture.
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Background

Alzheimer's disease (AD) is a complex and devastating
neurodegenerative condition affecting millions glob-
ally. It is characterized by the accumulation of amyloid
beta (AP) plaques, neurofibrillary tangles (NTFs), glio-
sis, and neuronal death, leading to cognitive impair-
ment and dementia [1]. Microglia play a significant role
in AD, contributing to inflammation, phagocytosis, and
neurodegeneration [2]. These are the brain's resident
immune cells and exhibit diverse morphology, physiol-
ogy, and gene expression patterns, which are associated
with specific phenotype [3-5]. Induced pluripotent stem
cell-derived microglia-like cells (iPSC-derived MLC)
have been shown to have a significant potential in mod-
eling microglial behavior in vitro, offering new avenues
for studying AD pathogenesis [6—8]. Moreover, high-
throughput sequencing technologies, particularly single-
cell RNA-sequencing (scRNA-seq) and spatially resolved
transcriptomics (SRT) enable high-resolution mapping
of cellular states and spatial distributions within human
tissues, providing unprecedented insights into AD patho-
genesis. Identifying and characterizing microglia tran-
scriptional states holds great promise for understanding
the underlying mechanisms of this neurodegenerative
disease [9, 10]. Although substantial efforts have been
devoted to investigating the transcriptional repertoire of
microglia, in both postmortem brains and experimental
models of Alzheimer's disease, the spatial distribution of
microglia across different cortical regions still remains
under-investigated.

While the pathological hallmarks of AD, such as AP
plaques and misfolded tau proteins, are well-docu-
mented, several fundamental questions remain unan-
swered. These include which microglial transcriptional
states are associated with early and late-onset Alzheim-
er's, how these states are distributed in the human brain,
and how they relate to AP plaques and NTFs. Addition-
ally, understanding the predominant transcriptional
states across different cortical layers that correlate with
high AP plaque and tangle burden could provide critical
insights into disease progression. Similarly, it is critical to
understand how experimental models in vitro recapitu-
late transcriptional states observed in ex vivo tissues. To
address these questions, we study microglial transcrip-
tional states across human and experimental model sam-
ples in AD.

Multiple studies have examined the heterogeneity
of the human brain [11-13], but a systematic effort to
integrate postmortem microglia data with experimen-
tal models, such as iPSC-derived microglia in culture
or xenografted into mouse brains, is lacking. Given the
inherent plasticity of microglia, it is crucial to assess
how experimentally generated and manipulated microg-
lia compare to those found in the human brain, and to
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identify specific brain regions associated with amyloid-
beta pathology. We integrated microglial single-cell data-
sets from human and experimental models to capture
novel insights of the heterogeneity of pathways, biologi-
cal processes, and microglia transcriptional states present
in AD pathology. This approach allowed identification of
different transcriptional states associated with various
stages of AD, such as Sporadic AD (sAD), presymptom-
atic, early, and late-stages of AD, and carriers of genetic
mutation in APP and presenilins (autosomal dominant
AD; ADAD), shedding light on the diversity of immune
responses and molecular signatures in the context of the
AD. Moreover, the integration of spatially resolved tran-
scriptomics (SRT) from human Middle Temporal Gyrus
(MTGQ) and frontal cortex (FC) provides a new means of
understanding microglia in relation to the pathological
features of the disease but also its distribution across the
cortical layers. To validate transcriptomic predictions, we
performed immunohistochemistry experiments to deter-
mine homeostatic microglia, Disease-associated microg-
lia (DAM) and AP plaque distributions in human AD
brains.

In summary, our findings emphasize the power of
leveraging large and diverse single-cell and SRT datasets
to advance our understanding of the molecular mecha-
nisms underlying AD. These insights have implications
for the development of targeted therapeutic approaches
aimed at modulating neuroinflammatory processes and
potentially altering the course of the disease. By serving
as an atlas to translate findings from experimental mod-
els to postmortem human brain studies and vice versa,
this research bridges the gap between basic science and
clinical application, paving the way for developing new
therapeutic strategies in AD.

Methods

Single cell datasets

The first dataset was collected from the transcriptome
of human wild-type TREM2 and isogenic TREM2-R47H
DAM xenografted microglia (xMGs), isolated from chi-
meric AD mice [14]. The second dataset, integrated with
xenografted microglia was collected from multimodal
CRISPR-based genetic screens in human iPSC-derived
microglia [15]. The third single-nuclei transcriptomic
profiles of brains were collected from the Knight-ADRC
and DIAN brain banks (WASHU) to enrich with the car-
riers of familial mutations causal of early onset familial
AD (in APP, PSENI and PSEN?2), carriers of high-risk
variants in TREM2, and sporadic non-carriers AD and
controls. SNRNA-seq data preprocessing, clustering, and
cell state annotation of this third dataset were described
elsewhere [12]. The last dataset integrated into these
three datasets was derived from the aged postmortem
brain samples from the Religious Orders Study and Rush
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Memory and Aging Project (ROSMAP) study [16]. Sam-
ples with a minimum of 10 cells were considered for fur-
ther analysis.

Integration of cohorts

The selected four scRNA-seq data underwent a rigorous
preprocessing pipeline, adhering to best practices in data
normalization and integration. The merged expression
matrix was normalized using the SCTransform protocol
by Seurat Version 5.0.1 [17]. This function calculates a
model of technical noise in scRNA-seq data using “regu-
larized negative binomial regression” as described in [18].
We regressed out, during the normalization, the num-
ber of genes, the number of UMIs, and the percentage of
mitochondria.

After extensive optimization of Seurat V5 integration
methods we found Anchor-based CCA integration out-
performed other methods. The principal components
were calculated using the 3000 most variable genes, and
the Uniform Manifold Approximation and Projection
(UMAP) analysis was performed with the top 30 PCs.
However, PC1 with high batch effects was excluded from
downstream analysis. The clustering was done using a
resolution of 0.3.

Sample and batch entropy by clusters

To evaluate the sample and batch effects in clustering,
Shannon entropy was used to calculate individual cluster
entropies (Eq. 1) [19], and the weighted sum was used to
calculate overall clustering entropy (Eq. 2). The entro-
pies were normalized by dividing each entropy value by
the maximum entropy possible for each scenario (batch
(n=4)=-2; sample (n=490) =-8.9).

H (i) == p(ij)logsp (i;) (1)
i€k
N
H=— Z H (i) ~ )
ieC

Normalized pointwise mutual information

To quantify the association between the original tran-
scriptional state labels with integrated clusters, normal-
ized pointwise mutual information (NMI) was calculated
for each cohort (Eq. 3). We normalized the NMI value
between -1 to 1, where value of -1 indicates a complete
absence of association between the original transcrip-
tional state labels and integrated clusters, 0 denotes inde-
pendence, and+1 signifies a perfect alignment where
each label consistently corresponds to a specific cluster,
and vice versa. We used the svs version 3.0.0 to calculate
NMIL
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Microglia transcriptional state differential
expression

To determine if there was unique functionality of each
integrated cluster, we fitted a linear mixed model that
predicted the expression level of each gene for the indi-
vidual nuclei by integrated cluster and corrected for
the subject of origin and datasets (Eq. 4) [20]. Expres-
sion levels were extracted from the Seurat objects using
GetAssayData with the ‘slot’ parameter set to “counts”
The R package nebula (v1.5.1) [21] was used to imple-
ment the model, including parameters for a zero-inflated
negative binomial distribution (model=“NBLMM’
method =“LN”) and the random effect of the subject of
origin [21]. Within each microglia cluster, differential
expression (DE) was calculated on each cluster versus all
other.

Expression ~ Cluster + (1|Subject); ZI model = ~1; 4
ZINB distribution (4)

Pathway analyses

The upregulated genes (logFC>0.25) identified for each
integrated cluster were utilized in a subsequent pathway
analysis employing the R-based application enrichR. For
pathway enrichment, we utilized gene sets from either
“KEGG 2021 Human” or “GO Biological Process 2021”.

A heatmap was constructed to consolidate the upregu-
lated “GO Biological Process 2021” (GO_BP) hits across
all clusters. The -logl0 P values for each GO_BP term
within each cluster were combined into a single table.
The top ten GO_BP terms with the highest averages of
transformed P values across all clusters were then ranked.
Subsequently, these terms were processed through rrvgo
(v1.14.1), an R package implementing the Revigo [22]
tool for summarizing GO_BP terms. The calculateSim-
Matrix function was employed to determine the relation-
ships between the GO_BP terms, with parameters set as
follows: orgdb = “org.Hs.eg.db’, ont = “BP’, method =“Rel”.
The terms were further summarized using reduceSim-
Matrix with the following specifications: score =“Rank’,
threshold =0.6, orgdb="“org.Hs.eg.db” The summarized
terms or “parentTerms” along with their correspond-
ing P-values were then utilized to generate the heatmap.
Row ordering was performed using the dist function with
method =“euclidean’, while column ordering utilized
method =“p” for Pearson correlation.

Differential proportion analysis

We employed linear regression models testing each indi-
vidual’s cluster compositions to identify associations
between microglia transcriptional states and disease
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group. More explicitly, the number of nuclei a subject
had in a specific cluster was divided by the subject’s total
nuclei count from clusters representing all cell types, cre-
ating a proportion.

The proportions were normalized using a cube root
transformation and were corrected by disease status
depending on the variable of interest. We removed par-
ticipants without sample information. We utilized glm, a
standard function in R, to implement the model (Eq. 5).

(Proportion)'/® ~ AD status 5)

To visualize these results, cell state proportions were
averaged between the samples in a group and displayed
in a stacked barplot using the ggplot2 (v3.4.4) library in
R.

Integration of snRNA-Seq and SRT data from human MTG
The 10X Genomics Visium data from the MTG of
three Control (Braak stages I-1I, male, aged 58, 72, and
82 years) and three AD (Braak stages III-IV, male, aged
86, 86, and 89 years) cases was collected [23]. We specifi-
cally chose the gray matter from three AD and Control
donors for integration due to its direct relevance to AD
pathology. The merged expression matrix of these AD
and Control samples underwent normalization using
the SCTransform protocol in Seurat Version 5.0.1, with
parameters set to assay=“Spatial” and method =“pois-
son”. Principal component analysis was conducted on the
first 3000 variable genes, followed by UMAP analysis uti-
lizing the top 12 principal components. Clustering was
performed using default parameters (0.8). We employed
‘Reference-based’ integration method of Seurat V5 to
integrate snRNA-seq and SRT dataset. Subsequently,
using above mentioned four datasets we constructed an
integrated reference comprising 222,822 single-cell nuclei
of microglial transcriptional states. This integrated refer-
ence facilitated the analysis of conserved states across
different conditions and brain regions. Given the pivotal
role of microglia transcriptional states in AD etiology.

Validation of spatial segregation of Homeostatic and DAM
states in FC

We selected SRT samples from the frontal cortex of AD,
non-treated individuals from van Olst et al. (2025) [24]
as a validation dataset for microglial spatial segregation.
This dataset was generated using the same spatial tech-
nology as the MTG samples. We selected the highest-
quality sample (GSM8184313) from van Olst et al., based
on the median number of detected genes and UMIs per
spot, to perform marker-based annotation of cortical lay-
ers. First, low-quality spots were removed using the 5%
percentile threshold for both the number of UMIs and
detected genes. Spot deconvolution was performed using
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cell2location (v0.1.4) [25] with default parameters and the
SEA-AD reference atlas [26] to identify neuron-enriched
spots, based on the 10™ percentile of the inferred neu-
ronal cell distribution. Normalization and spatial clus-
tering followed the same protocol used for MTG SRT
data preprocessing, and cluster markers were identified
using the FindAllMarkers() Seurat function with default
parameters. We intersected spatial cluster markers with
established layer-specific markers [24], which resulted in
high concordance between our cluster-based annotation
and the manual annotation reported in the original study.
This enabled classification of cortical regions as “Exter-
nal” (Layers I-III) or “Internal” (Layers IV—VI). Finally,
our microglial atlas was projected onto this sample using
the Seurat v5 reference-based integration method. We
quantified the state enriched spots by selecting the ones
within the top 25% probability for each DAM or Homeo-
static states and compared their proportions in each cor-
tical region using a Chi-square test in R.

Annotation of cortical layers and AD pathology-associated
spots

To compare each integrated transcriptional states expres-
sion between cortical layers, we calculated the fraction
by dividing the number of spots in a specific transcrip-
tional state by the total number of spots in that cortical
layer. This data was utilized to create a heatmap using the
ggplot2 (v3.4.4) library in R.

AP plaques and AT8-tangles spots were categorized
into proximal and distal levels based on their distance
from AP and tau pathology respectively. All spots were
previously manually annotated regarding the presence
of AP plaques based on immunostaining from imme-
diately adjacent tissue slices [23]. For the comparisons
between Ap-proximal versus distal spots, we defined as
AB-proximal spots any spot that directly overlapped AP
plaques, and others as Ap-distal spots.

We identified and quantified each transcriptional state
expression changes around these regions by selecting
spots with the top 25% highest probability for each level.
We conducted a Chi-square significance test in R to com-
pare the fraction between levels. Specifically, we divided
the number of spots in a specific transcriptional state by
the total number of spots in that level to create a fraction.
The results were visualized using bar plots created with
the ggplot2 (v3.4.4) library in R.

Tissue processing and immunofluorescence stanning

Serial adjacent sections (10 um each) of the MTG and
fresh-frozen frontal lobe tissue were obtained from post-
mortem human donors clinically diagnosed with AD.
FFPE MTG sections were air-dried at 60 °C for 10 min,
fixed and permeabilized in pre-chilled acetone (-20 °C,
15 min), and subjected to antigen retrieval as previously
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described [23]. Sections were blocked for 1 h at room
temperature with 10% donkey serum in PBS and incu-
bated overnight at 4 °C with primary antibodies: anti-Ap
(Ab2539, Abcam; 1:500) or anti-P2RY12 (848,002, BioLe-
gend; 1:1000). Subsequently, sections were washed three
times in 0.3% PBST, incubated with species-appropriate
secondary antibodies for 2 h at 37 °C, and counterstained
with DAPI.  Autofluorescence was quenched using
0.5 x TrueBlack (Biotium) in 70% ethanol for 10 min.
Quantitative comparisons of P2RY12 immunoreactiv-
ity between AD samples were performed using Student’s
t-test.

Fresh-frozen FC tissue fragment was embedded in
Optimal Cutting Temperature (OCT) and cryosec-
tioned at 10 um. Two consecutive tissue sections were
fixed in 3.7% formaldehyde and blocked in 2% bovine
serum albumin (BSA) solution for 30 min. One section
was co-immunostained for AB and phosphorylated-TAU
(pSer202/pThr205) respectively using anti-Ap (10,323,
IBL; 1:1000) and anti-tau (SMC-601, StressMarq; 1:1000)
primary antibodies. The adjacent section was stained
for CD68, a marker of activated microglia, using a con-
jugated anti-CD68 antibody (AB_3251373, Thermo-
Fisher; 1:10). Primary antibodies were incubated at room
temperature for 1 h, followed by three washes in 0.3%

Table 1 Demographic characteristics of samples
(a) Xenografted microglia

Samples Wild TREM2
Total 3 2
Total 17,769 7638
#nuclei
(b) Human parietal cortex (WASHU)
Samples Control ADAD SAD Presym Other
Total 7 15 25 3 7
Total 2784 3927 6048 544 2423
#nuclei
MS4A (AG)* 1665 1521 2951 167 334
PSEN1 - 12 - - -
TREM2 - - 7 - 3
AOD 92.14(83) 526468 81(884) 7733 8986
(mean, sd) (15.28) (5.64)
Sex (XY%)  40.05 48.28 53.95 30.7 30.13
PMI (mean, 123 (5.51) 14.73 (8) 11.81(74) 1242 13.87
sd) (191)  (9.17)
(c) Human multiple region (ROSMAP)
Sample Control EarlyAD LateAD
Total 220 133 74
Total 89,926 47,787 28,626
#nuclei
AOD 88.2(10.67) 87.57(835) 87.86(7.61)
(mean, sd)
Sex (XY%)  51.72 50.03 34.28
PMI (mean, 15.33(16.52) 1296 (94) 9.25(5.98)
sd)

"MS4A is referring to SNP rs1582763 (GG:25, AG:28, and AA:13)
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PBST and secondary antibody incubation for 20 min in
a 0.5x DAPI solution. Prior to imaging, the autofluores-
cence was quenched using 1 x TrueBlack solution, as pre-
viously described.

CD68 immunofluorescence (IF) was analyzed using
QuPath (v0.6.0) [27]. To quantify the prevalence of
CD68* cells in internal and external cortical regions,
we first defined a region of interest (ROI) spanning the
full thickness of the gray matter, from the innermost to
the outermost cortex. Nuclei were detected using DAPI
staining with the cell detection tool from QuPath, apply-
ing default parameters except for an optimized intensity
threshold of 30, which provided the most accurate nuclei
segmentation, followed by cell expansion to define cell
boundaries. CD68* cells were then identified by overlap-
ping high-intensity CD68 IF signals with the detected
cells. Cells with CD68 intensity above the average signal
were classified as CD68*. To determine cortical depth,
we selected cells located at the inner and outer extremes
of the ROI and used their positions to define a relative
depth axis. All cells were projected onto this axis using
min-max normalization, generating a continuous scale
ranging from 0 (most internal) to 1 (most external). The
distribution of CD68" cells was assessed in this relative
depth scale.

Results

Building an atlas to discover the shared transcriptional
diversity across human and iPSC-derived microglia atlas
To provide a comprehensive repertoire of microglia
diversity in postmortem human brains and human cell
based experimental models, we integrated single-cell and
SRT dataset from multiple cohorts and brain regions.
Table 1 provides a summary of the clinical, neuropatho-
logical, and experimental data of these datasets.

We integrate microglia from two in vitro models:
The first experimental dataset involves Xenografted-
microglia (xMGs) that represents seven distinct clusters
of approximately 31,617 single cell nuclei [14]. Homeo-
static, DAM, IFN, IL1B and MHCII transcriptional states
were selected to be further integrated into the atlas, how-
ever clusters labeled “Degranulation” and “Humanin-
like” were excluded due to their underrepresentation in
human postmortem tissues. In this study, wild-type and
R47H human microglial progenitors were transplanted
into 5x-hCSF1 mice, to investigate how this mutation
affects lipid droplet accumulation, and the microg-
lial response to AP plaques. After seven months, GFP-
expressing TREM2 and isogenic TREM2-R47H xMGs
were extracted from the brains of 5x-hCSF1 mice and
subjected to scRNA-seq [14]. Each cluster represents a
unique microglial state for both TREM2 and TREM2-
R47H xMG@Gs [14] (Fig. 1a, Table 1a).
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Fig. 1 Integration of Single-cell transcriptomics datasets. a Diagram depicting the single-cell transcriptomics dataset utilized. b Highlighted transcrip-
tional states selected from each single-cell transcriptomics dataset, demarcated with dotted lines. ¢ UMAP plot showing 14 distinct integrated clusters
labeled 0-13, comprising a total of 222,822 cells. d Quantification of individual cell state contributions to the integrated transcriptional state. e—f Gene
expression analysis within each transcriptional state, referencing studies by Yun Chen et al. [28] and Sun Victor et al. [16]. Cluster numbers and gene names
are highlighted with the same color code to indicate enrichment. Note: Xenografted-mic term used for Xenografted-microglia

The second dataset included in this atlas was derived
from multimodal CRISPR-based genetic screens in
human iPSC-derived microglia (also named as iPSC-
MLC CRISPRi/a) [15] (Fig. la). Unsupervised cluster-
ing and UMAP dimensional reduction of iPSC-MLC
CRISPRi/a revealed nine transcriptionally distinct clus-
ters for 19,834 nuclei [15]. Here, Homeostatic, SPP1 +,
CXCL10-Interferon, Interferon, Chemokine and CCL13-
chemokine were selected, although clusters associated
with “Metallothioneins’, “P53”, and “Proliferative” signa-
tures were excluded from the integrated atlas due to their
underrepresentation in the postmortem human datasets.

Our atlas also integrated ex vivo data. We included
microglia from postmortem human microglia from
parietal cortex from our previous work [12]. We iden-
tified nine microglia transcriptional states for about
16,944 nuclei from 57 donors, including 15 carriers of
pathogenic mutations in APP and PSENI (autosomal
dominant AD; ADAD), 25 sAD non-carriers. Clusters
showing nucleus with lowest QC scores (namely mic-5,
6, 7, and 8) were exclude from WASU dataset. In addi-
tion, we included three individuals who matched AD-
neuropathological criteria but without clinical cognitive
impairment at death (presymptomatic), 7 individuals
who matched non-AD neurodegenerative pathologies
criteria (Other), and 7 individuals who exhibited neither
neurodegenerative pathology nor evidence of dementia
(Control) (Fig. 1a, Table 1b).

The fourth dataset includes 166,339 single microglia
nuclei from aged postmortem brain samples of 427 indi-
viduals from the ROSMAP study [16]. This includes 207
AD donors (133 early and 74 late) and 220 nonAD indi-
viduals across six brain regions: prefrontal cortex (PFC),
hippocampus, mid-temporal cortex, angular gyrus, ento-
rhinal cortex, and thalamus. Here, we identified 12 dis-
tinct microglia transcriptional states (Fig. 1a, Table 1c).

We selected clusters that were sufficiently represented
in each of the datasets (Fig. 1b), considering both the
number of cells contained within each cluster and the
extent to which these clusters fairly represented the
diverse range of donors included in the study (Table 2).
This selection process ensured that each cluster provided
a comprehensive overview of the biological diversity pres-
ent across the samples. By maintaining broad biological
representation, we were able to maximize the significance
and robustness of the integration, thereby enhancing the
reliability and validity of our findings (Additional file 1).
After comparing methods and optimizing parameters, we

chose the Canonical Correlation Analysis (CCA) method
implemented in the SeuratV5 package that high accuracy
and exhibited minimal batch effects (Fig S1a-h). We inte-
grated a total of 222,822 nuclei into 14 clusters that are
represented in the four datasets (Fig. 1c). We confirmed
that all samples and batches were adequately represented
across the different clusters (Fig S2a-b).

We examined overlap exists between integrated clus-
ter and transcriptional states of each cohort. Cells from
all cohorts were reorganized while preserving their bio-
logical relevance. (Fig. 1d, see NMI in Methods: Fig S1).
For instance, the majority of homeostatic cells from both
in vitro and ex vivo were grouped into Cluster 0, stress-
related cells from both ex vivo were found in Cluster 6
while DAM states from in vitro and the ex vivo parietal
cortex cohort converged into Cluster 8. Although no
DAM cluster was clearly identified in the Human multi-
ple region (ROSMAP) samples [16], by virtue of aggregat-
ing multiple dataset we were able to reassign few nuclei
to the DAM cluster (Fig. 1d). Finally, to evaluate the
association of transcriptional states to amyloid plaques
and tau tangles, we selected SRT datasets from human
Middle Temporal Gyrus (MTG) AD samples (N=3) and
Control (N =3) generated using the 10X genomics Visium
platform.

Characterization of integrated transcriptional states

We annotated the 14 integrated clusters based on their
molecular signatures and functions, utilizing well-known
canonical standard markers for Homeostatic, DAM, IFN,
and MHCII [28] (Additional file 2). We expanded this list
by incorporating additional representative markers from
Sun et al. (2023) [16] for newly reported transcriptional
states. We identified an average of 941 upregulated genes
(FDR<0.05) for each transcriptional state, revealing a
rich transcriptional diversity within all integrated tran-
scriptional states (Additional file 3).

Homeostatic microglia (Cluster 0) were charac-
terized by high expression of well-known homeo-
static markers such as P2RY12 (log2FC=0.28,
adj. p=7.73x10"%), P2RY13 (log2FC=0.21, adj.
p=524x10""%1), and CX3CR1 (log2FC=0.19, adj.
p=923x10"'%) (Fig. le, Additional file 3). DAM
microglia (Cluster 8) exhibited higher expression
of SPP1 (log2FC=145, adj. p=7.97x107?*), LPL
(log2FC=1.93, adj. p=3.40x 10°"%), CD9 (log2FC=1.83,
adj. p=227x107"3%!), TREM2 (log2FC=0.59, adj.
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Table 2 Distribution of microglia across cohorts

Xeno- iPSC- Human  Human

grafted MLC parietal mul-

microglia  CRISPR  cortex tiple

i/a region

Total # nuclei 31,617 19,834 16,944 166,339
Total # nuclei selected* 25,407 15,350 15,726 166,339
Transcriptional states 5/7 6/9 5/9 12/12
selected®
Mean # genes 1459 338276 1815266 1634
Mean #UMI 2926 11,069.8 3398226 29939
Avg % mitochondria 4912 303148 099792 08811

“Samples were removed if they don't have at least ten nuclei
*Number

@selected transcriptional states are mentioned in Additional filel

p=150x10"°"), and CD68 (log2FC=0.29, adj.
p=8.04x1077% [29] (Fig. le, Additional file 3).

In MHCII (Cluster 3), we observed higher expression
of HLA-A (log2FC=0.22, adj. p=1.52x107'%%), HLA-E
(log2FC=0.08, adj. p=457x10"*), and HLA-DPB1
(1og2FC=0.64, adj. p=6.17x10"%) and marker genes
associated with “positive regulation of lymphocyte prolif-
eration” (adj. p=1.75 x 107%) (Fig. le, Additional file 3 and
4).

We identified three inflammatory states showing high
expression of IFN-induced gene (Clustersl, 5, and 7).
Cluster 7 showed overexpression of IFIT3 (log2FC=1.57,
adj. p=1.37x1071*18) (Fig. le, Additional file 3), and
showed strong functional enrichment in immune
responses, including defense response to virus (adj.
p=745x10"%), and cytokine-mediated signaling path-
way (adj. p=2.77x107'!) (Additional file 4). We also
found TMEM163 (log2FC=0.52, adj. p=9.82x 107*3) in
Cluster 1 and LRRK2 (log2FC =0.36, adj. p = 1.45 x 1071%°)
in Cluster 5 (Fig. 1f, Additional file 3).

We observed significant enrichment of stress markers
such as HSP90AA1 (log2FC=1.73, adj. p=5.92 x 1075228)
and HSPH1 (log2FC=1.56, adj. p=3.21 x 10732*%) related
to the regulation of cellular response to heat (adj.
p=3.23x107%) in Cluster 6 (Fig. 1f, Additional file 3 and
4). Interleukin IL1B (log2FC=3.70, adj. p = 8.41 x 102°%)
and CCL4 (log2FC =4.82, adj. p = 1.31 x 107'%%%) and addi-
tional genes related to the “cytokine-mediated signaling”
(adj. p=2.29 x x1071%) were overexpressed in Cluster 11
(Fig. 1f, Additional file 3 and 4).

Cluster 4 showed expression of SPARC (log2FC=0.51,
adj. p=1.27x10"°) (Fig. le, Additional file 3), and
strong functional enrichment of extracellular structure
organization (adj. p=2.68x107°), external encapsulat-
ing structure organization (adj. p=2.68x107°), extra-
cellular matrix organization (adj. p=5.64x107%), and
ECM-receptor interaction (adj. p=8.17x107%), hence-
forth designated as Extracellular Vesicular (EV) microg-
lia (Additional file 4). And Cluster 2 exhibited high
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expression of neurotransmitter receptors related to cell-
cell junction organization (adj. p=2.73x107%) (Fig. 1f,
Additional file 4), while we identified Cluster 12 as a
cycling state due to the enrichment in DNA metabolic
process (adj. p=2.42x107%") (Fig. 1f, Additional file 4).
We annotated Cluster 13 as a lipid-processing state based
on the enrichment of representative marker TPRG1
(log2FC=1.20, adj. p=9.96x107") (Fig. 1f, Additional
file 3). We did not find any specific functional enrichment
in clusters 9 and 10, neither were those nuclei flagged by
our quality control process. Therefore, we labeled them
as Unknown (Fig. le-f, Additional file 3).

Furthermore, we examined the expression of each
marker gene in each dataset (Fig. 2a and Fig S3), to
verify they were consistently expressed. We also cal-
culated pairwise pearson correlations between the log
fold-changes (logFC) of all differentially expressed genes
(logFC>0.25, P<0.05) from each cohort microglia sub-
type and our integrated microglial clusters. We found
high degree of concordance between our integrated tran-
scriptional state and each cohort transcriptional state
indicating that key transcriptional features are biocon-
served (Additional file 5). Our analysis revealed consis-
tency in gene expression patterns across all datasets,
further enhancing the reliability and generalizability of
our insights. Based on strong evidence of gene expres-
sion and proportional analysis, Clusters 0, 3, 8, 6, and 11
were classified as Homeostaticc MHCII, DAM, Stress,
and IL1B. IFN-I, IFN-II, and IFN-III cells were identified
in clusters 7, 5, and 1. Clusters 2, 4, 12, and 13 were anno-
tated as Neuronal Surveillance, extracellular vesicular,
Cycling, and Lipid Processing respectively (Fig. 1c). The
biological pathway analysis of each annotated transcrip-
tional state is shown in Additional file 6.

Relative proportions of microglia transcriptional states
across AD groups

To evaluate whether the relative proportions of these
transcriptional states change in AD groups, we tested
the statistical significance of cell fractional differences
between control and other individuals, including those in
ex vivo datasets and in Xenografted-microglia with AD
risk variants in TREM2 and wildtype (Fig. 2b, Additional
file 7).

A prominent Stress cell state was enriched in ADAD
samples from the Human parietal cortex (WASHU)
cohort (B=0.30, p=1.67x107% Fig. 2b, Additional file
7). The Gene Ontology analysis revealed its associa-
tion with “regulation of cellular response to heat” (adj.
p=3.29x107%), “chaperone cofactor-dependent protein
refolding” (adj. p=1.15x1077) and “regulation of inclu-
sion body assembly” (adj. p=6.19x10~%) (Fig. 2c, Addi-
tional file 8). These nuclei overexpressed HSP90AA1 and
HSPH1 genes, suggesting these play a role in synaptic
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(See figure on previous page.)

Fig. 2 Biological conservation of functionality across diverse populations or conditions. a Analysis of canical marker gene expression within each inte-
grated cohort. Cluster numbers and gene names are highlighted with the same color code to indicate enrichment. b Proportion plots illustrating the
enrichment of specific transcriptional states in Control participants compared to all other participants across each cohort. Proportions were calculated
for each sample (see Methods). For visualization, sample proportions are averaged by sample status. (¥) denotes significant (p <0.05) enrichment of that
cluster within samples, as determined by linear regression. Exact p-values can be found in the Supplementary Dataset. ADAD: Autosomal Dominant Al-
zheimer's Disease, SAD: Sporadic Alzheimer's Disease, Pres: Presymptomatic, CO: Neuropathology-free, OTH: Non-Alzheimer's Disease Neurodegenerative.
c Heatmap displaying enriched pathways within the upregulated genes for each transcriptional state. Differentially Expressed Genes (DEGs) were identi-
fied from linear mixed models comparing each transcriptional state to all other states. Gene Ontology (GO) Biological Process terms were summarized
and selected as described in the Methods. () indicates a significant (Benjamini-Hochberg adjusted p <0.05) association, as calculated by the R package

enrichR. Exact p-values can be found in the Source Data file. Note: Xenografted-mic term used for Xenografted-microglia

homeostasis and AP pathology, as previously observed in
the entorhinal cortex in AD patients [30]. In the case of
Human multiple regions (ROSMAP) we did not find sig-
nificant enrichment of Stress transcriptional state in AD
groups comparison to control.

Both ex vivo datasets exhibited enrichment of DAM
transcriptional states in AD groups, but such association
was not significant in the Xenografted TREM2-R47H
samples. The DAM transcriptional state was specific to
ADAD (B=0.23, p=1.78 x 10°3; Fig. 2b, Additional file 7),
and sporadic AD (B=0.19, p=5.53x107%; Fig. 2b, Addi-
tional file 7) in the Human parietal cortex (WASHU),
similarly in the earlyAD (B=0.12, p=9.44x 10~'% Fig. 2b,
Additional file 7) and late AD (B=0.19, p=9.81x107';
Fig. 2b, Additional file 7) from the Human multiple
region (ROSMAP) cohort. Several experimental mod-
els support that in response to Ap pathology, microglia
cells proliferate and acquire a DAM transcriptional pro-
file [31-33]. However, excessive microglia activation may
exacerbate neuronal damage at later stages of amyloid
pathology [31, 34-36]. A gene ontology analysis reveals
that DAM cells are associated with the regulation of cell
migration (p=1.67 x 107, regulation of ERK1 and ERK2
cascade (p=1.18x1072), and positive regulation of stress
fiber assembly (p=2.61x107°) (Fig. 2c, Additional file
8). Additional studies support that the ERK1/2 pathway
governs inflammatory cytokine production and iNOS
expression in DAM, highlighting its importance in neu-
roinflammatory processes and as a potential therapeutic
target [37]. Additionally, activation of the Rho/ROCK
signaling pathway boosts stress fiber assembly in microg-
lia, facilitating essential cytoskeletal rearrangements for
phagocytosis and activation [38, 39].

The Cycling transcriptional state was enriched in
Presymptomatic individuals (general linear regres-
sion p=0.19, p=1.86x107% Fig. 2b, Additional file 7)
from the Human parietal cortex (WASHU). Biological
pathway analysis revealed associations of the Cycling
transcriptional state with the DNA metabolic process
(p=2.42x107%"), microtubule cytoskeleton organization
involved in mitosis (p=1.12x 107'?), and mRNA splicing
via spliceosome (p=1.32x107'®) (Fig. 2c, Additional file
8). These findings suggest a potential role for these path-
ways in driving microglial proliferation, implicating their

involvement in the early stages of neuroinflammatory
processes associated with AD.

Neuronal surveillance cells were enriched in late onset
AD (general linear regression p=0.06, p=2.06x107%
Fig. 2b, Additional file 7) samples from multiple region
cohorts, showing it significant involvement in “cell-
cell adhesion via plasma-membrane adhesion mole-
cules” (p=9.00x107%), “cell-cell junction organization”
(GO:0045216) (p=2.73x107%), and “regulation of cell
migration” (p=4.52x107%) (Fig. 2c, Additional file 8).
These processes suggest a potential role in modulating
immune cell infiltration, microglial activation and pos-
sibly involvement in the blood-brain barrier integrity,
highlighting them as potential therapeutic targets for
mitigating neuroinflammation in AD [40-43]. However,
we did not include the iPSC-MLC CRISPRi/a in Fig. 2b
because the original study didn’t expose these cells to any
AD-relevant stimulus.

Benchmarking the microglial atlas by adding additional
experimental iPSC-derived data

We integrated single-cell data from developmentally
patterned models [44], to determine how well the atlas
extends to iPSC-derived microglia models.

We conducted a comparative analysis between our
integrated microglial clusters and stem-cell-differentiated
microglia (iMGLs). Using the Seurat V5 label transfer
we were able to annotate the 56,454 iMGLs (cell scores
are shown in Additional file 9). We found an overlap
between microglia states in Dolan et al. (2023) [44] and
our reference predicted model (Fig. S4). Nuclei originally
clustered and annotated as Antigen-presenting were pre-
dicted as MHCII (30.16%); similarly, DAM nuclei were
predicted as DAM (22.10%). Interferon-responsive nuclei
were predicted as Inflammatory-II (15.13%), proliferation
nuclei as Cycling (58.46%), Transition nuclei as MHCII
(26.10%), and neuronal-surveillance nuclei as Neuronal
Surveillance (25.73%). Notably, a very small proportion of
cells were predicted to match the Homeostatic microglia
state, which aligns with expectations from in vitro mod-
els. These results suggest that our reference captures a
wide range of microglial activation states that are present
in longer-term differentiation models.



Garg et al. Alzheimer's Research & Therapy

(2026) 18:22

10pm

2mm

Human multiple region |

Human parietal cortex
iPSC-MLC CRISPR i/a
Xenografted-mic

All

Human multiple region
Human parietal cortex
iPSC-MLC CRISPR i/a
Xenografted-mic

All

Human multiple region
Human parietal cortex
iPSC-MLC CRISPR i/a
Xenografted-mic

All

Human multiple region
Human parietal cortex |
iPSC-MLC CRISPR i/a
Xenografted-mic

All

Human multiple region
Human parietal cortex
iPSC-MLC CRISPR i/a
Xenografted-mic

All

Reference

Fraction

0.6 0.40.2 0.0

Spatial cluster

Homeostatic

Enriched spot @ No @ Yes

K

©

X X X X X
& N N N

A A A Y
Cortical layers

g Region

@Extemnal @ lInternal @ Meninges ® WM

DAM

213e)S08WOH

Q

Wva

IIOHN

J

-JeuoinaN

|-Ai0jewweyu) ddUe|jlBAING

Enriched spot @ No @ Yes

Fig. 3 (See legend on next page.)

b AD-1

AD-2

AD-3

IIOHIN Wva ole}soswoy

aoue||loAINg
-leuoinaN

AD (B(r::gk) 11-1v) ;‘ AB plaque
‘ AB-proximal spot
(O Apdistal spot
e
AB spots
Layers Homeostatic Pval DAM Pval
Combined Il-VI Q. 1.36e-06 e 1.06e-08

External ll-Il; =

2560-03;

6 95003

Internal IV-VI

ey

= Xk I —

1.28e-01

o
=}

e
=)
o

Proportion of spots
o o
B g

=
o
=]

USPUSPUSIUSIU
0.1 02 03 04 05

| EUSSUSSUSSUSRU
0 01 02 03 04 05
& Proximal -4- Distal

Enriched spotll] o [l vs

Enviched spot [l o Il e

Homeostatic (P=8.53¢-162) DAM (P=1.17e-27)

:
050
oo
070
os0
510
o0
L 0

External Internal  External Internal

Region

Page 11 of 18



Garg et al. Alzheimer's Research & Therapy (2026) 18:22 Page 12 of 18

(See figure on previous page.)

Fig. 3 Microglial transcriptional shift in response to AD pathology. a Spatial transcriptomics (SRT) of the Middle Temporal Gyrus (MTG) in Alzheimer's
disease (AD), with each section being 10 um thick. b Visium spots highlighting the top 25% highest probability for Homeostatic, DAM, MHCII, Neuronal
Surveillance and Inflammatory-I states. ¢ Heatmap illustrating the fraction of predicted transcriptional states within each cortical layer. d Overview of spa-
tial transcriptomics AR localization. AR-proximal spots refer to those directly overlapping AR plaques, while all others are considered AB-distal. e Upper:
Quantification of transcriptional states around proximal and distal AB spots for Combined II-VI, External lI-Ill, and Internal IV-VI cortical layers. f-j SRT sample
from AD frontal cortex from van Olst et al. [24]. f Spatially resolved clusters based on gene expression from van Olst et al. AD sample. g Cortical layers
identified based on main layer markers reported in van Olst et al, shown in panel h. The grey matter layers were identified as External (Layers I-ll) and
Internal (Layers IV-VI). Meninges and white mater were not considered in the analysis. i The Homeostatic and DAM enriched spots identified across the
grey matter. j Proportion of Homeostatic and DAM enriched spots in each Internal and External layers. Chi-square significance tests were used to calculate

p-values (refer Fig. S9 for other transcriptional states). Note: Xenografted-mic term used for Xenografted-microglia

Microglial transcriptional shift in response to AD
pathology

We sought to investigate the anatomical and neuropatho-
logical transcriptional distribution of single-cell microg-
lia atlas. To do so, we integrated SRT datasets from
human MTG AD samples (N=3) and Control (N=3)
generated using 10X genomics Visium SD platform [23].
We selected those spots characterizing the cortical lay-
ers II to VI obtaining a total of 7,884 spots in AD and
5,976 spots in CT samples. As few spots were captured
for layer I in AD samples, we removed those from our
analyses. Then we integrated this data with the scRNA-
seq datasets [12, 14—16] to investigate the distribution
of microglia transcriptional states among cortical layers
(Fig. 3a) and their proximity to AD pathological lesions
(AP or NFTs). To do so, we conducted a reference-based
integration to deconvolve and assign scores to each spot
based on the resemblance of microglial transcriptional
states. In our analysis, we focused on the highly predicted
(top 25%) Visium spots for each sample, examining the
distribution of each integrated reference transcriptional
states across cortical layers (AD: Fig S5 and Control:
Fig S6) and dataset (Fig S7). We observed a significant
increase in spots capturing DAM in the external corti-
cal layers II-III (p=2.20e-16), while internal layers IV-VI
showed an increase in Homeostatic microglia (p <2.2e-
16) (Fig. 3¢, Additional file 10). We determined that this
observation was not attributable to the presence of A or
NFTs. We observed this specific distribution of Homeo-
static microglia from each of the dataset included in our
atlas. Furthermore, we observed increased distribution of
the DAM when we mapped each of the datasets, with the
exemption of the Human multiple regions (ROSMAP)
study (Additional file 10), possibly because this study
did not capture sufficiently large number of DAM [16].
The MHCII transcriptional state showed a significant
enrichment in the internal cortical layers in AD samples
across multiple cohorts (p=2.03x102%%), and was not
dataset specific (Xenografted microglia (p=5.81x 101%),
Human parietal cortex (p=9.35x10"%), and Human
multiple region (p=1.86x107)) with the exception of
the iPSC-MLC CRISPR i/a model. The Neuronal Sur-
veillance microglia state was predominantly enriched in
the outer cortical layers of AD samples across datasets

(p=3.36x10*, Xenografted microglia (p=1.49x1077),
iPSC-MLC CRISPR i/a (p=2.44x107%), Human parietal
cortex (p=1.94x10"*"), and Human multiple region
(p=2x107%%)), The Inflammatory-I microglial state was
significantly enriched in the inner cortical layers of AD
samples (p=1.66x10?) but only showed significance
in Xenografted microglia dataset (p=1.74x10"). In the
control SRT data, a small fraction of cells exhibited a
DAM signature, and DAM from the Xenografted microg-
lia showed enrichment in the outer cortical layers across
(p=6.32x1077), as did the ones from the iPSC-MLC
CRISPR i/a (p=1.46x10°%), and Human parietal cor-
tex (p=8.49x10™") datasets (Fig. S6, Additional file 10).
Homeostatic microglia population was enriched in the
inner cortical layers across all datasets (p=3.81x103%)
as well as specifically within the Human parietal cortex
(p=1.16x 1023, Single-cell MHCII microglia state also
showed enrichment in the inner cortical layers of SRT
from control brains (p=2.04x102*!) but only showed
significance in the Human multiple region dataset
(p=6.38x1071%2), In contrast, the Neuronal Surveillance
microglia were enriched in the outer cortical layers of
control brains (p=9.96x107% Xenografted microglia
(p=3.71x1073), iPSC-MLC CRISPR i/a (p=8.49x10%),
Human parietal cortex (p=7.49 x 10*%), and Human mul-
tiple region (p=2.55x 10 %))

Mapping single-cell transcriptional states to AD
neuropathology

Generation of single-cell using 10X genomics or similar
technologies requires the tissue dissociation, preclud-
ing the study of the relationship of transcriptional states
to AD neuropathological lesions. Thus, we leverage the
single-integrated cell and STR data to study relationship
of transcriptional states in relation to the proximity of
amyloid plaques (identified using Rabbit anti-Ap anti-
body) and NFTs (identified using Human/murine phos-
pho-tau pSer202/Thr205 antibody) in the human brain
(Fig. 3d). We found that spots proximal to plaques (<55
microns) tended to show DAM (p =1.06 x 10~%) and Neu-
ronal Surveillance (p =2.02 x 10~%) microglia states, while
distal spots showed a predominance of Homeostatic
(p=136x10"° and MHCII (p=9.68x107°) microg-
lial expression. The presence of the microglial disease
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Fig. 4 Spatial distribution of microglial activation across cortical layers in Alzheimer’s disease (AD) brain. a Immunofluorescence (IF) staining of P2RY12
and AB on adjacent Sects. (10 um interval) from the Middle Temporal Gyrus of an AD donor, aligned to 10X Genomics Visium spatial transcriptomics spots
(color-coded) across cortical layers I-VI (Chen et al., ANC, 2022) [23]. High-magnification images show nuclei (DAPI, gray), homeostatic microglia (P2RY12,
magenta), and AR plaques (blue) in external layers II-lll (top) and internal layers IV-VI (bottom). b Quantification of IF-stained P2RY12* cells and AB*
plaques across cortical layers lI-lll and V-Vl in AD samples. Bar plots display normalized counts for: Upper Left—P2RY12* cells; Upper Right—AR* plaques;
Lower Left—P2RY12*/AB* overlap; Lower Right—P2RY12*/AB" plaques. Counts were normalized to the total number within layers I-VI. ¢ IF co-staining of
A (red) and phosphorylated tau (pTAU, green) in frontal cortex sections with AD pathology (Section A). Nuclei stained with DAPI (blue). Adjacent section
(Section B) stained for CD68 (red), a marker of activated microglia. d Quantification of CD68* cells across cortical layers in AD frontal cortex. Graph shows

distribution of CD68* and CD68™ cells in external versus internal layers

associated (p=6.95x107%) and neuronal-surveillance
(p=1.65x107%) states in proximity to amyloid plaques
were predominantly observed in external cortical layers
II and IIT while the Homeostatic (p = 2.56 x 10~%) was pre-
dominantly observed distal to amyloid plaques in exter-
nal cortical layers II and III (Fig. 3e, Fig S8, Additional file
11). Notably, no such distinction was observed in relation
to proximity of amyloid plaques in Inflammatory-I and
NFT (Fig S8), although MHCII showed marginal associa-
tion (p=9.27 x 1072).

To ensure that our observations were not driven by a
single AD sample and/or limited to integrated data, we
examined the distribution of transcriptional states across
all AD samples using each cohort as a reference (Fig S9,
Additional file 11). We found a prevalence of DAM near
amyloid plaques, and the Homeostatic state was predom-
inantly observed distal to amyloid plaques in each sample
(Fig. 3e, Additional file 11). Importantly, this distribution
pattern was not driven by differences in the burden of
amyloid plaques among cortical layers.

To study other cortical regions, we analyzed SRT from
the FC of an AD donor from from van Olst et al. (2025)
[24]. We identified the cortical layers based on the gene
expression of the layer makers (Fig. 3f-h). The spatial seg-
regation of DAM and Homeostatic microglia was also
observed in this sample (Fig. 3i-j), suggesting that this
pattern of spatial differentiation can occur in different
brain locations.

Immunohistochemistry data shows homeostaticand DAM
distributions predicted by transcriptional data

To validate transcriptional findings, immunohistochem-
istry was performed on adjacent 10 pum sections of the
human Middle Temporal Gyrus (MTG), matching the
thickness used for Visium spatial transcriptomics [23].
Sections were stained for P2RY12, a purinergic recep-
tor selectively expressed by homeostatic microglia, to
map their distribution and assess microglial activity. To
examine the spatial relationship between homeostatic
microglia and amyloid-f (AP) plaques, the same sec-
tion was co-stained for AP (Fig. 4a). Hematoxylin and
eosin (H&E) staining of Visium gene expression sections
revealed that both the distribution of P2RY12* cell counts
(p=1.54x10"*) and the percentage of cortical area occu-
pied by P2RY12* signals (p = 4.41 x 107%) were significantly

higher in internal cortical layers IV-VI compared to
external layers II-III, consistent with patterns observed
in single-cell and SRT datasets (Fig. 4b; Additional file
12). The distribution of AP plaques (p=1.06x107") and
the spatial overlap between P2RY12* cells and AP plaques
(p=1.95%x107%) across cortical layers further confirmed
that this enrichment was not driven by amyloid pathol-
ogy (Fig. 4b; Additional file 12). Similarly, we performed
additional immunohistochemistry on two consecutive
sections of post-mortem human frontal lobe to assess
microglial activation across cortical layers in the context
of AD pathology (Fig. 4c-4d). One section was co-stained
for AP and phosphorylated tau (pTAU), two established
AD biomarkers (Fig. 4c, Section A), while the adjacent
section was immunostained for CD68 (Fig. 4c, Section
B), a marker of activated microglia (Fig. 2a) and over-
expressed in DAM (log2FC=0.29, adj. p=8.04x107%).
Quantitative analysis of CD68* cells revealed an enrich-
ment of activated microglia within external cortical lay-
ers of the frontal lobe (Fig. 4d), also corroborating spatial
patterns observed in integrated single-cell and spatial
transcriptomics datasets.

Discussion

The integration of single-cell and SRT data from various
cohorts and brain regions has provided a comprehensive
repertoire of microglia diversity in postmortem human
brains and human cell-based experimental models. Sin-
gle-cell technologies have been critical to study the alter-
native microglia transcriptional states in AD. However,
because of the tissue dissociation processes needed to
generate this data, the spatial and contextual information
of the cells is not captured by these technologies, and
thus the distribution of microglia across different brain
regions is still not fully understood.

This study highlights the importance of considering the
multifaceted nature of microglial dynamics in AD [45].
We harnessed data from different in vitro models, includ-
ing xenografted-microglia and human iPSC-derived
microglia, and integrating it with ex vivo human microg-
lia from the ROSMAP study and parietal cortex samples,
to create a microglial transcriptional atlas. This approach
has enabled the identification of distinct microglial states
associated with Homeostatic, DAM, IFN-mediated, and
MHCII-expressing states across datasets.
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However, the literature is limited in exploring how
these varying transcriptional states correlate with Ap
plaques and NFTs, and how this relationship may differ
across regional or cortical areas. Our findings reveal sig-
nificant alterations in microglial transcriptional states in
regions associated with AD pathology, particularly exac-
erbated in cortical layers II and III. This regional specific-
ity underscores the nuanced interplay between microglial
states and AD pathology and cerebral cortex anatomy.
DAM and Neuronal Surveillance microglial states were
predominantly localized to the outer cortical layers,
whereas Homeostatic, MHCII and Inflammatory-I states
were more prevalent in the inner cortical layers. This dis-
tribution pattern was consistent across all AD samples,
indicating a robust association between microglial states
and cortical layer-specific pathology.

Furthermore, our study uncovered intriguing associa-
tions between microglial states and AP plaque proximity.
To the best of our understanding, this is the first study
to show that regions proximal to Ap plaques exhibited
higher DAM and Neuronal Surveillance microglia in
human brains, whereas distal regions displayed a preva-
lence of Homeostatic, and MHCII states. Numerous
murine and xenotransplanted human microglia studies
have also identified DAM—typically localized around
AP plaques [46—48] which is characterized by the down-
regulation of homeostatic microglial genes (e.g. P2ry12,
Tmem119, Cx3crl) [46, 49] and the upregulation of
genes involved in lipid metabolism, phagocytosis, and
Ap-related signaling (e.g. Apoe, Clec7a, Trem2) [46, 47].
Beyond the DAM profile, further transcriptomic stud-
ies have delineated additional AB-responsive microglial
states, including activated response microglia (ARM)
[50], interferon response microglia (IRM) [50], and
MHC-II [51]. The IRM state is enriched for interferon-
stimulated genes (e.g. Ifit3, Ifitm3, Irf7) and appears in
amyloidosis models such as 5xFAD, often in proxim-
ity to plaques and associated with synapse loss [47, 50].
This reinforces the translational relevance of murine and
xenotransplant models and emphasizes the consistency
of plaque-associated microglial responses.

This spatial relationship suggests a dynamic microglial
response to AP pathology, where microglia near plaques
are more likely to be in a disease-associated state, poten-
tially phagocytosing AP but also contributing to local
neuroinflammatory processes. The elucidation of diverse
transcriptional states of microglia and their spatial dis-
tribution in relation to AD pathology provides valuable
insights into the complexity of microglial responses in
neurodegenerative diseases. In this initial attempt, the
limited number of spatial transcriptomics samples may
restrict the generalizability of our findings, but it pro-
vides a valuable starting point for researchers to explore
this direction further. In line with prior studies [5, 52, 53],
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our finding suggest that regional microglial heterogene-
ity may reflect or contribute to the brain’s differential vul-
nerability to pathological processes.

Conclusion

This work significantly contributes to our understand-
ing of microglial activity in Alzheimer's disease. By inte-
grating single-cell and SRT datasets, we have provided
a detailed atlas of microglial diversity, revealing the
regional and pathological specificity of microglial states.
The study underscores the importance of considering the
multifaceted nature of microglial dynamics in neurode-
generative diseases and highlights regional heterogene-
ity of microglia across different regions in AD. Future
research should focus on validating these findings in
larger and more diverse cohorts to enhance their transla-
tional potential.

Limitation and future prospect
This is the first attempt, and although the amount of spa-
tial transcriptomics data is limited, we were still able to
observe systematic and significant results with the avail-
able samples. The reliance on a limited number of spatial
transcriptomics (AD (N=4) and Control (N =3) samples)
may restrict the generalizability of our findings. Similarly,
our analysis was confined to the Middle Temporal Gyrus
and Frontal cortex, which may not capture the full spec-
trum of microglial diversity across different brain regions.
To overcome these limitations and gain a more compre-
hensive understanding, future spatial studies encom-
passing additional vulnerable brain regions, such as the
hippocampus, entorhinal cortex, and nucleus basalis, will
be beneficial for mapping regional and disease-specific
microglial responses. Also, future iterations of the refer-
ence atlas would benefit from additional iPSC-microglia
models, particularly those involving xenotransplantation
or organoid incorporation [54, 55]. As spatial transcrip-
tomic technologies mature and larger, more anatomically
diverse datasets become available, we anticipate that such
analyses will provide deeper and more nuanced insights
into the spatial dynamics of microglial populations with
respect to amyloid plaque proximity and response [24,
56—58]. Our spatial analyses are inherently limited by
their cross-sectional design, which prevents determina-
tion of prior microglial exposure to amyloid-B plaques
and precludes distinguishing whether regional differ-
ences in microglial states reflect reduced pathological
burden or enhanced clearance capacity. Additionally, a
single amyloid- marker limits characterization of plaque
heterogeneity, which may influence microglial transcrip-
tional responses [59].

Further, the Visium SD spatial transcriptomics plat-
form is limited by its resolution, as each capture spot
(<55 um) often contains transcripts from multiple cells,
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which is improved from first report (capture>10,000
transcripts per spot) [60]. This prevents accurate assign-
ment of gene expression to individual microglia or other
single-cell types. Consequently, our spatial analyses
reflect spatially enriched transcriptomic signatures in
areas likely containing microglia, rather than single-cell-
level gene expression. To increase specificity, we focused
on expression of well-established microglial markers and
aligned these data with reference single-cell datasets to
aid interpretation. Nonetheless, we acknowledge that
cellular heterogeneity within each spot limits the resolu-
tion at which microglial states can be defined using this
approach. Additionally, Human multiple-region (ROS-
MAP) study did not identify prominent microglia expres-
sion [16] corresponding to DAM, whereas our integrative
approach was able to capture these particular profiles,
but still those are not significantly associated with AD.
These highlight that additional differences, including
cohort’s ascertainment, participants disease status, brain
regions, neuropathological examination, and tissue han-
dling play an important role and should be fully consid-
ered when interpreting this rich data.
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