Downloaded from genome.cshlip.org on June 13, 2026 . Published by Cold Spring Harbor Laboratory Press

ENOME
ESEARCH

Molecular and genetic landscapes of retina and brain microgliain
neurodegenerative diseases

Khang Ma and Rinki Ratnapriya

Genome Res. 2025 35: 2143-2157 originally published online August 26, 2025
Access the most recent version at doi:10.1101/gr.280554.125

References This article cites 91 articles, 5 of which can be accessed free at:
http://genome.cshlp.org/content/35/10/2143.full.html#ref-list-1

Creative This article is distributed exclusively by Cold Spring Harbor Laboratory Press for the
Commons first six months after the full-issue publication date (see
License https://[genome.cshlp.org/site/misc/terms.xhtml). After six months, it is available
under a Creative Commons License (Attribution-NonCommercial 4.0 International),
as described at http://creativecommons.org/licenses/by-nc/4.0/.

Email Alerting  Receive free email alerts when new articles cite this article - sign up in the box at the
Service top right corner of the article or click here.

To subscribe to Genome Research go to:
https://genome.cshlp.org/subscriptions

© 2025 Ma and Ratnapriya; Published by Cold Spring Harbor Laboratory Press


http://genome.cshlp.org/lookup/doi/10.1101/gr.280554.125
http://genome.cshlp.org/content/35/10/2143.full.html#ref-list-1
https://genome.cshlp.org/site/misc/terms.xhtml
http://creativecommons.org/licenses/by-nc/4.0/
http://genome.cshlp.org/cgi/alerts/ctalert?alertType=citedby&addAlert=cited_by&saveAlert=no&cited_by_criteria_resid=protocols;10.1101/gr.280554.125&return_type=article&return_url=http://genome.cshlp.org/content/10.1101/gr.280554.125.full.pdf
https://genome.cshlp.org/subscriptions
http://genome.cshlp.org/
http://www.cshlpress.com
http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cship.org on June 13, 2026 . Published by Cold Spring Harbor Laboratory Press

Research

Molecular and genetic landscapes of retina and brain
microglia in neurodegenerative diseases

Khang Ma' and Rinki Ratnapriya'-2

" Department of Ophthalmology, Department of Biochemistry and Molecular Pharmacology, Baylor College of Medicine, Houston,

Texas 77030, USA

Microglia-driven dysregulation has emerged as a significant underlying mechanism in many neurodegenerative diseases,
suich as age-related macular degeneration (AMD) and Alzheimer’s disease (AD). Although both brain and retinal microglia
originate from the yolk sac, it is uncertain whether they share molecular similarities or genetic and molecular foundations
related to neurodegenerative diseases. In this study, we examine the transcriptomic and epigenetic profiles of retina and
brain microglia through integrative analyses of single-nucleus RNA sequencing (snRNA-seq) and single-nucleus ATAC se-
quencing (snATAC-seq) from 97 independent human samples across Il different studies. Our findings reveal that retina and
brain microglia share similar expression and regulatory profiles compared with other cell types in the retina and brain. By
integrating genome-wide association study (GWAS) data with gene expression profiles, we demonstrate that genetic variants
associated with AMD and AD are linked to microglia-specific gene signatures. Furthermore, integrating regulatory annota-
tions with GWAS data shows that susceptibility loci for both AMD and AD are notably enriched in the open chromatin
regions of microglia from the brain and retina, emphasizing their relevance to these neurodegenerative conditions.
Finally, a comparison with microglia annotations from other tissues highlights the specific enrichment of microglia in rela-
tion to neurodegenerative diseases. These findings contribute to the understanding of the role of microgliain AMD and AD
pathogenesis and offer an opportunity to utilize resources from both retinal and brain microglia to deepen our understand-

ing of their contributions to genetic variations in neurodegenerative diseases.

[Supplemental material is available for this article.]

Dysregulated immune function and neuroinflammation have
emerged as a common underlying mechanism in aging (Ponnap-
pan and Ponnappan 2011) and various neurodegenerative diseases
(Labzin et al. 2018), including age-related macular degeneration
(AMD) (Nussenblatt et al. 2014) and Alzheimer’s disease (AD)
(Bettcher et al. 2021). Recent studies suggest that inflammation
and immune regulation are causes of the diseases rather than mere-
ly responses to degeneration (Zhang et al. 2023). As aresult, there is
growing interest in unraveling the intricate involvement of the im-
mune system in the development and progression of these condi-
tions (Hammond et al. 2019). AMD affects almost 10 million
individuals in the United States and is expected to double by
2050 (Friedman et al. 2004). At the same time, nearly 7 million
Americans currently live with AD, a number projected to reach
13 million by 2050 (Alzheimer’s Association 2023). Given the lim-
ited therapeutic options, these diseases contribute to a significant
financial burden, underscoring the need for a better understand-
ing of their underlying mechanisms to inform potential
treatments.

Microglia represent the resident immune cells in both the ret-
ina and brain, akin to macrophages. They are derived from eryth-
romyeloid precursors in the yolk sac and migrate to the brain and
retina at early embryonic stages (Ginhoux et al. 2010). The retina is
considered an extension of the CNS and shares features related to
anatomical composition, neurological functions, as well as immu-
nological aspects (London et al. 2013). Microglia actively partici-
pate in synaptic pruning by phagocytosing the cellular debris in
early development in the brain (Paolicelli et al. 2011) and retina
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(Anderson et al. 2019). Later it assumes a quiescent state in provid-
ing immunological surveillance to the entire retina, promoting
neuroprotection and a rapid return to homeostasis (Li et al.
2019). However, in disease conditions, they can get activated, mi-
grate to the site of degeneration, and undergo morphological
transformation, leading to excessive release of inflammatory medi-
ators and exacerbation of neurodegeneration (Rashid et al. 2019).
More recently, the neuroprotective role of microglia in retinal
degeneration has been elucidated (Yu et al. 2024).

Microglia have recently emerged as a key player in the patho-
genesis of AMD (Kuchroo et al. 2023; Yu et al. 2024; Ma et al. 2025)
and AD (Hansen et al. 2018). A putative role for the immune sys-
tem in the pathogenesis of AMD has been suggested since the
1980s (Penfold et al. 1985), and substantial clinical evidence un-
derscores the involvement of immunologic processes such as the
production of inflammatory molecules, recruitment of macro-
phages, complement activation, and microglial activation in
AMD pathology (Parmeggiani et al. 2012). More recently, their
critical role has been substantiated by a flurry of research using ge-
nome-wide association studies (GWAS), which have implicated
immune, complement, cholesterol and lipid metabolism, extracel-
lular/collagen matrix, and angiogenesis pathways in AMD patho-
genesis (Fritsche et al. 2016). Of particular note are complement
and immunoinflammatory genes like CFH, CFI, CFB, C3, HIRAI,
and APOE, which exhibit significant effect sizes (Fritsche et al.
2016), are predominantly expressed in retinal immune cells
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(Menon et al. 2019), and play pivotal roles in regulating immune
responses (Killick et al. 2018). Similarly, microglia play a critical
role in complement-mediated synapse loss around plaques in AD
(Hansen et al. 2018). Morphological changes in microglia were de-
scribed by Alois Alzheimer as one of the histopathologic features
for the AD (Alzheimer et al. 1995). Subsequent human genetic
studies, mostly driven by GWAS, have confirmed the involvement
of amyloid/tau and microglia activation pathways and identified
microglia as the only significant disease-relevant tissues in the sin-
gle-cell expression analysis of brain (Bellenguez et al. 2022).
Additionally, extracellular deposits represent a common patholog-
ical hallmark for both diseases, manifesting as drusen in AMD
(Abdelsalam et al. 1999) and as amyloid plaques in AD (Busche
and Hyman 2020).

Despite their common origin and increasing evidence of their
roles in neurodegeneration, it remains uncertain whether brain
and retinal microglia share molecular or genetic similarities, as
comparative studies in health and disease are still limited. As the
majority of AMD- and AD-associated variants are noncoding
(Fritsche et al. 2016; Bellenguez et al. 2022), they are likely to be
enriched in the cis-regulatory elements (CREs), such as promoter,
enhancer, and silencer elements of the disease-relevant tissues
and cell types, and exert their effects through gene expression reg-
ulation (Albert and Kruglyak 2015; Ratnapriya et al. 2019, 2025).
In this study, we analyzed the transcriptomes and epigenomes of
microglia from the retina and brain across multiple donors, com-
pared their molecular profiles between the two tissues, and ex-
plored their involvement in AMD and AD.

Results

Retina and brain microglia share transcriptional signatures

We analyzed data from 97 independent human samples from ret-
ina (Fig. 1A) across 11 different studies and analyzed their tran-
scriptome (single-nucleus RNA sequencing [snRNA-seq]) (Fig. 1B)
and epigenome (single-nucleus ATAC sequencing [snATAC-seq])
(Fig. 1C). Finally, we explored the disease implications of retinal
microglia in AD and brain microglia in AMD using respective
GWAS data from genetic studies (Fig. 1D; Fritsche et al. 2016;
Bellenguez et al. 2022).

Microglia constitute ~0.2%-0.4% of total retinal cells (Li et al.
2019; Wang et al. 2023). To ensure an adequate number of cells for
analysis, we integrated the snRNA-seq of 28 human retinas from
five different data sets (Supplemental Table S1; Orozco et al.
2020; Wang et al. 2022; Kuchroo et al. 2023; Yu et al. 2024) and
implemented fast integration pipeline in Seurat 4.4 (Stuart et al.
2019) to harmonize the data (Supplemental Fig. S1). In total, we
analyzed 214,635 cells and identified 11 cell types using cell
type-specific markers (Supplemental Table S2; Macosko et al.
2015; Yan et al. 2020), including amacrine, astrocyte, cones, hori-
zontal, microglia, Miiller glia, OFF cone bipolar, ON cone bipolar,
retinal ganglion, rod bipolar, and rod cells (Supplemental Table S3;
Supplemental Fig. S2). For the brain, we analyzed 125,343 cells
from three data sets (Velmeshev et al. 2023; Haney et al. 2024;
Sepp et al. 2024), comprising samples from 24 individuals
(Supplemental Table S1). We annotated six distinct brain cell
types, including astrocytes, endothelial cells, excitatory neurons,
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Figure 1. Overview of the study. (A) Retina and brain microglia share a common origin from the yolk sac. (B,C) Integration of single-nucleus RNA se-

quencing (snRNA-seq) and single-nucleus ATAC sequencing (snATAC-seq) data from 97 human retina and brain microglia samples. (D) Integration of ge-
nome-wide association study (GWAS) data for age-related macular degeneration (AMD) and Alzheimer’s disease (AD) with transcriptomic and epigenetic

annotations using various enrichment methods.
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inhibitory neurons, microglia, and oligodendrocytes using cell
type-specific markers from published studies (Supplemental
Tables S2, S3; Supplemental Fig. S3; Haney et al. 2024). Next, we
integrated and clustered cells from the retina and brain, applying
batch effect correction, and visualized them using uniform mani-
fold approximation and projection (UMAP) plots generated with
the Seurat package (Hafemeister and Satija 2019). Our analysis re-
vealed overlapping microglia cell clusters between the retina and
brain, indicating similar transcriptional signatures (Fig. 2A). To
identify molecular similarities among different cell types in the ret-
ina and brain, we performed a cross-tissue analysis for both inte-
grated data sets, using a tree-based method, SpeciesTree (Bakken
et al. 2021). The resulting hierarchical clustering revealed that ret-
ina and brain microglia were closely related compared with other
cell types (Fig. 2B).

Microglia and monocytes are both members of the mononu-
clear phagocyte system and share essential tissue-specific func-
tions that are critical for homeostasis and the response against
pathogen evasion (Guilliams et al. 2014). Thus, we further refined
the microglia cluster to distinguish yolk sac-derived microglia
(Ginhoux et al. 2010) from perivascular macrophages (PVMs)
and monocyte-derived myeloid precursors (Guilliams et al.
2014). We annotated these cell types based on the module scores
(Fig. 2C) calculated using the top differentially expressed genes
identified in human donor retina data from retina (Yu et al.
2024) and brain microglia (Bottcher et al. 2019) as well as cell
type-specific marker genes (Supplemental Table S2; Butovsky
and Weiner 2018; O’Koren et al. 2019; Hao et al. 2021;
Bloomfield et al. 2024; Yu et al. 2024) for the retina (Fig. 2D) and
brain (Fig. 2E). Upon merging, 2064 retina microglia cells clustered
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Figure 2. Shared transcriptome signature of retina and brain microglia. (A) The snRNA-seq analysis of retina and brain. The plot shows uniform manifold

approximation and projection layouts (UMAP) for the 11 retina cell types and six brain cell types, with overlapping microglia cluster highlighted in a red
circle. (B) Hierarchical clustering of cell type clusters from the retina and brain reveals distinct yet overlapping patterns of similarity. Notably, retina and brain
microglia cluster together on the same branch, indicating a close relationship between these cell types across both tissues. (C) Dot plot of module scores

displaying the z-scores for transcriptional signatures based on differentially

expressed genes and curated markers, visualizing the expression profiles of an-

notated microglia subclusters. The color and size of each dot correspond to the average expression level and fraction of expressing cells, respectively. (D)
High-resolution UMAP plots showing the distinct clustering of microglia, PVMs, and monocytes in the retina. (E) High-resolution UMAP plots of microglia,

PVMs, and monocytes in the brain. (F) The UMAP plots show that the clust:
perfectly, indicating a high degree of similarity in their subcluster organizati

ers of microglia, PVMs, and monocytes from both the retina and brain overlap

ion across these two tissues. (RGC) Retinal ganglion cell, (hMG1) human retinal
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with 4927 cells from brain microglia, forming a distinct and uni-
fied microglial group. Transcriptomic signatures from these micro-
glia subcluster in the retina and brain were used in all subsequent
analyses to ensure greater specificity and resolution. Additionally,
retina PVMs clustered with brain PVMs, as well as retina mono-
cytes with brain monocytes, each forming separate and distin-
guishable groups (Fig. 2F). Taken together, our analyses shows
that the transcriptome profile of retina microglia closely resembles
that of brain microglia.

Chromatin accessibility is similar in retina and brain microglia

RNA expression is regulated by the changes in chromatin accessi-
bility at gene promoters and other distal regulatory elements,
such as enhancers. Furthermore, snRNA may not fully capture a
cell’s transcriptional profile, as it primarily detects mRNA levels.
Thus, to understand a comprehensive picture of transcriptional
regulation that dictates microglia identity, we compared global
chromatin accessibility profiles of the retina and brain using the
assay for transposase-accessible chromatin using sequencing
(ATAC-seq) (Buenrostro et al. 2013). We integrated chromatin ac-
cessibility data from 38 human retinas from three different studies
(Orozco et al. 2020; Wang et al. 2022, 2023) and eight samples
from three human brain data sets (Supplemental Table S1;
Supplemental Fig. S4; Corces et al. 2020; Morabito et al. 2021;
Zhu et al. 2023). After performing initial analyses with SEURAT
(Hafemeister and Satija 2019; Stuart et al. 2021), we annotated
11 cell types in the retina (Supplemental Table S2; Supplemental
Fig. S5) and six cell types in the brain (Supplemental Table S2;
Supplemental Fig. S6), using cell type-specific markers for the ret-
ina (Macosko et al. 2015; Yan et al. 2020) and brain (Haney et al.
2024). This analysis identified 275,579 and 366,041 peaks in the
retina and brain, respectively. Next, we integrated the data by clus-
tering 255,747 retina and brain cells (Supplemental Table S3), cor-
recting for batch effects, and visualized the results with UMAP
plots generated using Seurat (Hafemeister and Satija 2019). This
analysis revealed overlapping microglia cell clusters between the
retina and brain, indicating shared epigenetic signatures (Fig.
3A). Hierarchical clustering further supported this, with microglia
from both retina and brain clustering in a distinct branch separate
from other cell types in these tissues (Fig. 3B).

Similar to transcriptome, we next performed unsupervised
clustering at higher resolution followed by annotation based on
module scores derived from retina (Yu et al. 2024) and brain micro-
glia (Bottcher et al. 2019), as well as cell type-specific marker genes
(Fig. 3C; Supplemental Table S3; Butovsky and Weiner 2018;
O’Koren et al. 2019; Hao et al. 2021; Bloomfield et al. 2024; Yu
et al. 2024). In our analysis of the retina, we were able to identify
distinct immune cell populations, including microglia, mono-
cytes, and PVMs as distinct clusters (Fig. 3D). A comparable assess-
ment in the brain revealed the presence of these immune cell
populations (Fig. 3E). A combined projection of the two tissues
onto the UMAP showed significant overlap of 702 retina microglia
with the 1887 brain microglia, with a clear distinction from the
other cell types (Fig. 3F), confirming the similarity seen in the tran-
scriptome level. For all subsequent analyses, microglia were re-
ferred to the annotations derived from these subclusters. We also
observed that unlike in the transcriptomic data, in which mono-
cytes from the retina and brain clustered together (Fig. 3F), in
the ATAC-seq data, they were distinctly separated. This separation
was further supported by differential analysis, which identified 99
differentially expressed genes between retina and brain monocytes

compared with 1421 differentially accessible regions (DARs) in
the snATAC-seq data (Supplemental Fig. S7). Notably, in the tran-
scriptomic data set, the number of retina and brain samples was
comparable, with 28 and 24, respectively. However, in the
ATAC-seq data, we had a much larger number of from the retina
—38 in total—compared with only eight samples from the brain.
Therefore, the observed separation of monocytes in the ATAC-
seq data may be influenced by sample imbalance or may reflect
tissue-specific epigenetic programming in response to the distinct
local environments of the retina and brain. These findings
demonstrate that the gene expression and chromatin accessibility
of the retina and brain microglia cells are similar. Furthermore, de-
spite their functional similarities, macrophages and microglia have
distinct expression profiles, indicating cell type-specific functions.

Molecular signatures of retina and brain microglia

To gain deeper insight into the similarities and differences be-
tween microglia in the retina and brain at the molecular level,
we examined global gene expression profiles using correlation
heatmaps. For these analyses, we obtained the average gene expres-
sion for all cell types in the retina and brain and computed the
Spearman’s rank correlation for all possible pairs. Correlation be-
tween microglia, monocytes, and PVMs was significantly higher
between the brain and retina compared with other cell types
(Fig. 4A; Supplemental Fig. S8). We observed a clear separation be-
tween this cluster in which correlations within microglia and relat-
ed-cell types were significantly higher than correlations between
all other cell types of the retina and brain regardless of the tissues
(P=1.06x 107'°). Specifically, the correlation of retina and brain
microglia reached the value of 0.88 (Fig. 4B; Supplemental Fig.
S8). For the ATAC-seq data, we observed the same pattern with
brain and retina microglia, monocytes, and PVMs, showing higher
(Fig. 4C) and significantly different correlations compared with
other cell types (P=3.5 x 107'%). The correlation between the brain
and retina microglia was 0.96 (Fig. 4D).

A differential expression (DE) analysis of gene expression pro-
files identified 596 genes that were upregulated (more than two-
fold) in retina microglia compared with other retinal cell types
(Fig. 4E; Supplemental Table S4). Similarly in the brain, 470 genes
were upregulated in microglia compared with other brain cell types
(Fig. 4E; Supplemental Table S4). One hundred ninety-seven of
these genes were shared between the retina and brain microglia
(Fig. 4E). Next, we performed DE analyses between retina and brain
microglia that identified 374 genes upregulated in retina microglia
and 547 in brain microglia (Supplemental Table S4). We then com-
pared these two gene lists, identifying 311 genes upregulated in
retina microglia relative to other cell types in the retina and brain
microglia (Fig. 4F). In the brain microglia, we identified 218 genes
that were upregulated compared with other brain cell types and
retina microglia (Fig. 4G). Among the top 20 differentially regulat-
ed genes (Fig. 4H,I), many were immune-related and included sev-
eral known microglia marker genes (Supplemental Fig. S9). In the
retina microglia, we identified upregulation of CD74, C1QA, and
MHC class II molecules (HLA-DRA, HLA-DPA1, and HLA-DPBI)
whereas P2RY12 and CX3CR1 were upregulated in brain microglia
(Fig. 4J; Supplemental Table S4).

Considering the dynamic role of transcription factors (TFs) in
determining transcriptional program and regulation, we next
compared the TF motifs of retina and brain microglia using
Signac (Stuart et al. 2021). Among these, 140 motifs were shared
between the two tissues, each showing greater than twofold
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that retina and brain microglia form a separate, closely related cluster, highlighted in a red box, distinct from other cell types. (C) Module scores based on
differentially expressed gene lists and our curated marker list are visualized using a dot plot for the annotated microglia, PVMs, and monocyte clusters. The
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ATAC-seq data shows distinct clustering of microglia, PVMs, and monocytes.

(F) UMAP plots reveal that the chromatin accessibility profiles of microglia

and PVMs overlap closely between the retina and brain, suggesting conserved subcluster organization across these tissues. (RGC) Retinal ganglion cell,
(hMGT) human retinal microglia clusters marker 1, (hnMG2) human retinal microglia clusters marker 2, (hMG3) human retinal microglia clusters marker

3, and (PVM) perivascular macrophages.

enrichment (Supplemental Table S5). These included motifs for
TFs previously associated with microglial function, such as
HINFP, EGR2, HES1, and PLAG2 (Manouchehri et al. 2023).
These findings support our characterization of both the similarities
and differences between retina and brain microglia, with shared
motifs reflecting substantial commonalities. Finally, we compared
the intracellular communications between retinal and brain
microglia using LRLoop (Xin et al. 2022), which utilizes transcrip-
tome data from both ligand sender and receiver cells. In the retina,
we identified 110 ligands and 102 receptors specific to microglia
compared with other retinal cell types. In the brain, microglia
exhibited 74 ligands and 88 receptors (Supplemental Table S6).
Of these, 55 ligands and 57 receptors were shared between
retinal and brain microglia (Fig. 4K). These shared interactions
were enriched in Gene Ontology (GO) terms related to immune
regulation and phagocytosis (Supplemental Table S6). Taken to-

gether, our data identify unique signatures in retina and brain
microglia and highlight the molecular diversity despite the com-
mon origin.

Retina and brain microglia are dominant pathogenic cell type
for AMD and AD

As our understanding of immune system dysfunction in relation
to AMD (Nussenblatt et al. 2014) and AD (Bettcher et al. 2021) pa-
thology grows, the role of microglia in the pathogenesis of AMD
(Yuetal. 2024) and AD (Hansen et al. 2018) has garnered consid-
erable attention. However, the molecular similarities between
microglia’s roles in AMD and AD are still not fully elucidated.
Therefore, we set out to examine the molecular-genetic mecha-
nisms of AMD and AD in the context of retina and brain micro-
glia. We examined the relationship between the microglia-
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Microglia in neurodegenerative diseases

enriched/specific gene expression signatures and the disease risk
for AMD and AD. We generated the microglia-enriched/specific
signature using the “FindMarkers” (Butler et al. 2018) function,
which compared the microglia cluster against all other clusters
to identify potential marker genes (Supplemental Table S4). We
also included three gene sets: 197 genes common to both retina
and brain microglia (Fig. 4E), as well as genes upregulated in ei-
ther retina or brain microglia compared with the other, with
374 upregulated in retina and 547 in brain microglia (Fig. 4F,G).

Next, we employed two enrichment methods to evaluate
whether cell type-specific or enriched gene sets from the retina
and brain show significant association with AMD and AD. First,
we used multimarker analysis of GenoMic annotation (MAGMA)
(de Leeuw et al. 2015), which uses a multiple regression approach
to properly incorporate LD between markers and to detect multi-
marker effects. For this analysis, we used summary statistics from

two GWAS studies: one with 16,144 AMD patients and 17,832 con-
trols, identifying 34 AMD loci (Fritsche et al. 2016), and another with
111,326 AD cases and 677,663 controls, identifying 75 AD loci
(Bellenguez et al. 2022). Using the MAGMA baseline model, we ex-
amined the effects of variant-to-gene mapping augmentations on
gene-set scores and identified enrichment for retina and brain micro-
glia in AMD (Fig. 5A; Supplemental Table S7). Similarly, the gene sets
in both retina microglia and brain microglia were also significantly
enriched in AD (Fig. 5B). Next, we implemented a LD score regression
method, LDSC-SEG (Finucane et al. 2018), to quantify the heritabil-
ity enrichment (Supplemental Table S8). Consistent with the results
of MAGMA, LDSC-SEG identified retina and brain microglia to be
significantly enrichment for both AMD (Fig. 5C) and AD (Fig. SD).
In addition, the 197 genes that were shared between retina and brain
microglia also showed significant enrichment for AMD and AD in
MAGMA and for AD in LDSC-SEG (Fig. 5A-D).
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Figure 5. Integration of gene expression and GWAS data identified microglia as disease-critical cell type in AMD and AD. (A) MAGMA enrichment analysis

of gene expression data from retina and brain cell types for AMD-associated variants. The plot shows the P-value for MAGMA enrichment of AMD-asso-
ciated variants in gene expression across retina cell types. The x-axis represents the mean strength of association (—log;o(P-value)), and the y-axis displays
the different cell types. (B) Enrichment of AD-GWAS variants within retina and brain cell types using MAGMA. (C) Retina and brain cell type—specific en-
richment of SNP heritability for AMD estimated using LDSC-SEG. The y-axis displays negative logqo P-values of enrichment P-value for each individual test.
(D) Enrichment estimates for retina and brain cell types for AD-GWAS variants using LDSC-SEG. The dashed line indicates the P-value cutoff for individual
annotations, and the asterisks represent statistical significance at a false-discovery rate (FDR) of >5% across all four plots. (E,F) Heatmap of AMD-GWAS
genes across retina and brain cell types. This highlights that AMD-GWAS genes that are enriched in retina microglia (E) are also predominantly expressed
in brain microglia (F). (G,H) Heatmap of AD-GWAS genes across retina and brain cell types. This reveals that AD-GWAS genes enriched in brain microglia
(H) are also highly and specifically expressed in retina microglia (G). (RGC) Retinal ganglion cell, (Common) genes common to both retina and brain micro-
glia, (Retina-specific) genes upregulated in retina microglia compared with brain microglia, and (Brain-specific) genes upregulated in brain microglia com-
pared with retina microglia.
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Next, we investigated how GWAS signals are enriched within
genes differentially expressed between brain and retinal microglia.
For AMD, signatures from both the retina and brain showed en-
richment, whereas for brain microglia, enrichment was observed
only with AD in the MAGMA analyses (Fig. SA,B; Supplemental
Table S7). In LDSC-SEG analyses (Supplemental Table S8), retina-
specific and brain microglia—specific signatures showed enrich-
ment exclusively for AMD and AD, respectively (Fig. SC,D).
These findings indicate that although microglia in both the retina
and brain play roles in AMD and AD, the distinct molecular signa-
tures are likely specific to each disease.

Finally, we examined the expression of genes (40 for AMD
[Fritsche et al. 2016] and 76 for AD [Bellenguez et al. 2022])
located within GWAS-associated loci (Supplemental Fig. S10).
We selected genes with normalized expression values greater
than 1.5 in retina or brain microglia. Among these, several AMD-
associated genes showed selective or preferential expression in ret-
ina microglia (Fig. SE), whereas those linked to AD exhibited sim-
ilar patterns in brain microglia (Fig. SH; Hansen et al. 2018). We
observed that AMD genes that were highly expressed in retina
microglia also showed specific expression in brain microglia
(Fig. SF), as well as AD genes in retina microglia (Fig. 5G), consis-
tent with shared transcriptome profiles of retina and brain micro-
glia. Collectively, these results implicate microglial dysfunction as
a contributing factor in AMD and AD pathogenesis.

Retina and brain microglia open chromatin is enriched
in disease heritability

Because majority of AMD- and AD-associated variants are noncod-
ing (Fritsche et al. 2016; Bellenguez et al. 2022), they are likely to
impact the function of regulatory elements. Thus, we leveraged
snATAC-seq data to determine the relevance of retina and brain
microglia in AMD and AD using MAGMA (de Leeuw et al. 2015).
First, we identified the DARs for each cell type within the retina
and brain, using a log-fold-change threshold of 0.25 and
Bonferroni-adjusted P-values (P,qj<0.05) (Supplemental Table
S9). DARs represent the peaks that were either exclusively or
more open in one cell type compared with others. The DARs
were then assigned to the nearest genes using Signac (Stuart
et al. 2021), and gene-set enrichment analysis was conducted us-
ing MAGMA (de Leeuw et al. 2015) to determine whether these
genes were enriched in genetic associations with AMD and AD.
We observed enrichment of AMD-GWAS variants in retina micro-
glia compared with other retina cell types (Fig. 6A; Supplemental
Table S10). Although this did not reach significance after correc-
tion for multiple testing, likely owing to the relatively small sample
size of the AMD-GWAS data set. Among brain cell types, microglia
and excitatory neurons showed significant enrichment (Fig. 6A).
For AD-GWAS, significant enrichment was observed only in
microglia from both the retina (Fig. 6B) and brain (Fig. 6B). We
next applied S-LDSC (Finucane et al. 2015) for partitioning herita-
bility analyses of chromatin accessibility. We estimated heritabili-
ty enrichment (defined as the proportion of heritability explained
by SNPs in an annotation divided by the proportion of SNPs in the
annotation) for each disease-cell type pair conditional on annota-
tions from the baseline-LD model for each. For AMD, enrichment
was not significant for retina or brain microglia (Fig. 6C), possibly
because of small sample size in the AMD-GWAS data. For AD, both
the retina (enrichment score =31.00, SNP heritability explained =
27.06%) and brain microglia (enrichment score=25.91, SNP heri-
tability explained =36.33%) showed significant enrichment (Fig.

6D; Supplemental Table S11). Next, we investigated how GWAS
signals are enriched within DARs identified between brain and ret-
inal microglia. In contrast to gene expression analyses, the DAR
analysis revealed only a limited number of regions: 58 upregulated
in retinal microglia and 45 in brain microglia. Subsequently, no
significant enrichment was observed for AMD or AD, likely owing
to limited statistical power (Fig. 6A-D; Supplemental Table S11).

Finally, we applied GWAS analysis of regulatory or func-
tional information enrichment with LD correction (GARFIELD)
(Totchkova et al. 2019) to estimate the enrichment of AMD-
GWAS and AD-GWAS associations in chromatin accessibility
peaks of 11 retina and six brain cell types (Supplemental Table
S12). Significant enrichment of AMD-associated loci was observed
in retina (OR=2.68, P=5.54x 107°) (Fig. 6E). Within the brain cell
types, AMD-GWAS signals were most enriched in microglia (OR=
2.32, P=2.91x107°) compared with other cell types (Fig. 6E).
Similarly, AD-GWAS signals were significantly enriched in both
brain (OR=2.53, P=1.42x107%°) and retina microglia (OR=
2.67, P=9.23x107'%) at different GWAS P-value thresholds (Fig.
6F). The findings reveal enrichment of both AMD-GWAS and
AD-GWAS signals in microglia, consistent with the shared pro-
files. To better understand the specificity of AMD-GWAS variants
in brain microglia and AD-GWAS variants in retinal microglia, we
aimed to extend our analysis by incorporating the regulatory an-
notation of open chromatin regions, as assessed through ATAC-
seq, across 63 tissues available in the Encyclopedia of DNA
Elements (ENCODE) (The ENCODE Project Consortium et al.
2020). The ENCODE data exhibited wide variation in sample sizes
across tissues, leading to differences in the number of open chro-
matin regions, which could introduce bias in comparative enrich-
ment analyses. To minimize this, we focused on regions that were
uniquely open or shared with no more than 10% of the tissues.
Along with microglia, AMD-GWAS variants were significantly en-
riched in the liver (Fig. 6G; Supplemental Table S12), consistent
with the liver’s role in complement pathways (Qin and Gao
2006), which accounts for significant proportion of AMD herita-
bility (Fritsche et al. 2014). Similar analysis of AD-GWAS variants
identified the most significant enrichment retina microglia (Fig.
6H; Supplemental Table S12). These findings emphasize the specif-
icity of brain and retinal microglia compared with other tissues in
explaining the heritability of AMD and AD, underscoring their
critical relevance to both conditions.

Discussion

Microglia are emerging as a key player in immune responses in de-
velopment and disease. In this study, we demonstrate that human
retina and brain microglia exhibit shared transcriptional and epi-
genetic regulation. Importantly, we also report significant enrich-
ment of retina microglia in brain neurodegenerative disease,
specifically AD, and of brain microglia in AMD. These findings sig-
nificantly advance our understanding of microglial contributions
to inherited variations in AMD and AD and offer a framework for
further mechanistic exploration of immune dysfunction-driven
neurodegeneration that can have implications for improving our
understanding of AMD and AD.

We note several key distinctions between our work and previ-
ous studies. Previous efforts of comparing retina and brain micro-
glia had been limited to transcriptional data (Murenu et al. 2022;
Wolf et al. 2022). Our study extends this to a detailed comparison
of both transcriptomic and epigenetic profiles of retina and brain
microglia to confirm high degrees of similarity. Additionally,
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Figure 6. Integration of epigenetic annotations and GWAS shows enrichment for disease heritability in retina and brain microglia. (4) MAGMA enrich-
ment analysis of open chromatin data. Bar plots display the mean strength of association (—log;o P-values) for MAGMA enrichment in retina and brain cell
types, highlighting significant enrichment in retina and brain microglia for AMD-GWAS variants. (B) MAGMA enrichment analysis of AD—-GWAS variants in
open chromatin data across retina and brain cell types, showing significant enrichment specifically in retina and brain microglia. (C) Heritability enrichment
estimates from retina and brain annotations for AMD-GWAS variants using S-LDSC. (D) Enrichment estimates with S-LDSC for epigenetic annotations from
retina and brain cell types for AD. In all four plots, the dashed line marks the P-value significance for individual annotations, and asterisks represent the
significant at an FDR <5%. (E,F) GARFIELD enrichment analysis of open chromatin data for AMD-GWAS (£) and AD-GWAS (F) for retina and brain cell types.
Radial lines show odds ratio (OR) values at five GWAS P-value thresholds (T) for ATAC-seq peaks from retina and brain microglia cell types. Colored dots in
the innerring of the outer circle show where GARFIELD enrichment is significant, with stronger significance closer to the center (from T< 107> to T<107%).
The dot’s color represents a specific cell type. (G, H) The bar plot shows enrichment for AMD-associated (G) and AD-associated (H) variants in ATAC-seq data
from ENCODE and Roadmap Epigenomics data sets across different tissues. ORs for enrichment are shown for variants at GWAS threshold of P<1x 1078
after multiple-testing correction for the number of effective annotations. The dashed lines represent the P-value significance threshold for enrichment.
(RGC) Retinal ganglion cell, (Retina-specific MG) DARs identified between in retina microglia compared with brain microglia, and (Brain-specific MG)
DARSs identified between in brain microglia compared with retina microglia.
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unlike previous work, which mostly focused on the expression-lev-
el comparison of retina and brain microglia, we systematically in-
tegrated cell type-specific expression and epigenetic annotations
with the GWAS summary statistics to identify the disease-relevant
cell types. Moreover, by analyzing data from multiple studies, we
enhanced the power and reproducibility of our findings through
comparisons of snRNA-seq and snATAC-seq profiles. Finally, our
study reveals, for the first time, the substantial heritability of a ret-
ina phenotype (AMD) attributed to brain microglia and, similarly,
of a brain phenotype (AD) attributed to retina microglia. Although
these diseases have distinct pathogenetic mechanisms, the com-
mon involvement of microglia-driven neuroinflammation may
help explain their similarities. Additionally, microglia account
for ~10% of the cellular composition in the brain (Lawson et al.
1990) compared with just 0.4% in the retina (Yu et al. 2024).
The smaller proportion of the retina has led to unavailability of ge-
nomic resources such as eQTL and epigenetic profiles from a large
number of donors for studying their role in AMD despite their role
bring critical in the disease. In contrast, the brain’s significantly
larger size has led to a greater abundance of large data sets for
studying brain microglia (Kosoy et al. 2022; Lopes et al. 2022).
Our findings of shared gene expression and regulatory patterns be-
tween retinal and brain microglia highlight the potential to lever-
age resources from both tissues to gain deeper insights into the
functional mechanisms underlying GWAS loci.

Collectively our results might suggest that microglial dys-
function as a contributing factor in AMD and AD presents the
framework for the cross-implications or shared mechanisms that
may exist between these two distinct neurodegenerative condi-
tions. Both diseases are common neurodegenerative disorders
with shared risk factors such as age (Friedman et al. 2004; Hou
et al. 2019) and cigarette smoking (Velilla et al. 2013; Durazzo
et al. 2014). Moreover, both diseases share some pathological fea-
tures such as progressive aggregation of protein and cellular debris
called drusen between retinal pigment epithelium and retina in
AMD (Abdelsalam et al. 1999) and amyloid beta and tau in AD
(Busche and Hyman 2020), as well as common pathways in their
pathogenesis, including inflammation, oxidative stress, and im-
paired autophagy (Nussenblatt et al. 2014; Labzin et al. 2018).
Additionally, patients with AMD exhibit a significant 1.21-fold
higher risk of developing AD (Wen et al. 2021; Tsai et al. 2023).
Furthermore, multiple studies have established a correlation be-
tween retinal and cerebral changes in AD, suggesting that ad-
vanced retina imaging may serve as a promising biomarker for
detecting AD (Alber et al. 2020). Genetic studies have highlighted
the significant association of the AMD-associated epsilon 4 APOE
allele with AD (Williams et al. 2015). It is noteworthy that the
genes associated with AMD and AD had minimal overlap, with
only two genes sharing ABCAI and APOE. At first glance, this
might suggest no commonality between the two diseases.
However immune and complement response (Fritsche et al.
2014; Nussenblatt et al. 2014; Shi et al. 2017), cholesterol-lipid dys-
regulation (Fan et al. 2017; Kjeldsen et al. 2022; Hussain et al.
2024), angiogenesis, and related signaling pathways are shared
in their etiology. Furthermore, GWAS findings have several limita-
tions. Not all relevant genes have been identified, and a significant
portion of heritability remains unexplained. Moreover, gene asso-
ciations in GWAS are largely based on statistical correlations, with
limited molecular and functional evidence to support the role of
many identified genes in disease. At the same time, different dis-
eases can target the same cell type, although the molecular mech-
anisms and resulting clinical manifestations can vary significantly.

For example, various lung diseases, such as asthma, COPD, and
pulmonary fibrosis, all affect lung epithelial cells (Crosby and
Waters 2010).

Despite the similarities between retina and brain microglia,
several important differences also emerge. Although the transcrip-
tomes and epigenomes of these two microglial populations exhibit
substantial overlap, we identified genes that are exclusively upre-
gulated in each tissue. Additionally, canonical microglial markers
display DE between the two. Although some of these differences
may result from homeostatic processes or cellular heterogeneity,
a significant portion is likely to reflect the tissue-specific roles
microglia adopt in the retina and brain. For example, circulating
monocytes experience changes in transcriptome upon entering
the brain (Bennett et al. 2018). This could partially explain why
the APOE gene, encoding apolipoprotein E (APOE), which is a ma-
jor risk factor for both AMD (McKay et al. 2011) and AD (Insel et al.
2021), exhibits opposite effects. In AMD, the APOEZ allele is asso-
ciated with increased risk, whereas APOE4 confers reduced risk
(McKay et al. 2011). In contrast, APOE4 is the major risk factor in
AD, with APOE2 acting as a protective allele (Insel et al. 2021).

We acknowledge several limitations in our study. First, our
ability to identify retinal microglia is constrained by the resolution
of the annotated cell types in the single-cell data we analyzed,
which represent a minority proportion. Therefore, we are unable
to capture the full diversity of the microglial subpopulations that
exist in the brain and retina. Additionally, all our analyses are
based on nondisease donors, which limits the identification of dis-
ease-specific microglia heterogeneity. Future studies that integrate
snRNA-seq and snATAC-seq data from both healthy and diseased
individuals will be crucial to advancing our understanding of the
disease pathogenesis. Finally, our analysis of open chromatin re-
gions assumes that regulatory elements act locally. However, it is
important to note that these regions can also engage in interac-
tions across greater distances and may not always regulate the
nearest gene. Future studies integrating GWAS, and chromatin
data could provide valuable insights into such distant regulatory
interactions. The enrichment of GWAS variants within epigenetic
marks should also be interpreted with caution, as this enrichment,
based on the overlap of epigenetic marks, is not quantitative
(Cano-Gamez and Trynka 2020). Moreover, distinguishing truly
causal features from those merely correlated remains challenging.
Experimental approaches that directly manipulate specific associ-
ated variants and assess their effects on gene expression, regula-
tion, and microglial function will offer deeper mechanistic
insights. Additionally, the open chromatin regions in our study
provide a snapshot that may not capture the dynamic, cell state—
specific nature of gene regulation (Alasoo et al. 2018), underscor-
ing the need for broader profiling across normal and disease stages
at various time points. Despite these limitations, our work high-
lights the common role of microglia in AMD and AD pathology
and offers new insights into the biological mechanisms underly-
ing neurodegenerative diseases.

Methods

Data acquisition and primary analysis

Data were downloaded from multiple published NCBI Gene
Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/)
accession numbers along with one data set on Zenodo (https://
zenodo.org) and two data sets from the CZI public website
(https://chanzuckerberg.com) (Supplemental Table S1). This study
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was performed in accordance with the ethical standards of the
Declaration of Helsinki, and informed consent was taken from
all the participants in original studies. The study was approved
by the Baylor College of Medicine review board. FASTQ files were
processed using Cell Ranger version 8.0.0 for RNA-seq data and
Cell Ranger ATAC version 1.2.0 for ATAC-seq data. Multiomic sin-
gle-nucleus data were processed using Cell Ranger Arc 2.0.2. Other
data sets from Zenodo and CZI included preprocessed count matri-
ces, which were directly loaded without the need for further prima-
ry analysis. GWAS summary statistics were obtained from the
GWAS catalog (Supplemental Table S1).

snRNA-seq analyses

Single-nuclei data from 28 retina samples from five data sets (Orozco
etal. 2020; Wang et al. 2022; Kuchroo et al. 2023; Yu et al. 2024) and
24 brain samples from three data sets (Velmeshev et al. 2023; Haney
et al. 2024; Sepp et al. 2024) were integrated for the analysis
(Supplemental Table S1). Counts data from Cell Ranger was ana-
lyzed using Seurat (Butler et al. 2018). Quality control was per-
formed on each sample to remove low-quality cells and doublets
with counts of fewer than 200 and more than 7500, respectively.
Cells with mitochondrial reads >10% were also removed. We
implemented the fast integration pipeline in Seurat 4.4 (Stuart
etal. 2019) for performing normalization with dimension reduction
using SCTransform V2 (Hafemeister and Satija 2019) and RunPCA
(seed.use=1) on data set-level objects. The lists for retina and brain
data sets were fed into SelectIntegrationFeatures (nFeatures =3000),
PrepSCTIntegration, and FindIntegrationAnchors (normalization
method =“SCT,” dims=1:30, reduction="“rpca,” k.anchors=20).
Using the anchors, we ran IntegrateData (normalization method =
“SCT,” dims =1:30). Cells embeddings were regenerated again after
integration and used for RunUMAP (reduction = “pca,” dims=1:30,
min.dist=0.2, seed.use=1). Unsupervised clustering and cluster
identification were performed using FindNeighbors and Find
Clusters (algorithm =1, resolution=0.5, random.seed=1). We an-
notated the cells using Seurat’s addModuleScore to calculate
scores for cell type-specific marker genes (Menon et al. 2019; Peng
et al. 2019; Yan et al. 2020). Module scores were visualized using
the DotPlot function from Seurat. Cells that could not be confident-
ly assigned to specific cell types were excluded in downstream
analysis. To combine data sets for the retina and brain, the two
Seurat objects were merged and regenerated the cell embedd-
ings using RunPCA, RunHarmony (group.by.vars=“sample”), and
RunUMAP (reduction=“harmony,” dims=1:30, seed.use=1,
min.dist=0.2) (Korsunsky et al. 2019).

Subclustering analyses of snRNA-seq

We selected the clusters with the highest module score for micro-
glia and regenerated the cell embeddings and UMAP plot. We then
run unsupervised clustering and cluster identification and anno-
tated them, including the sets of markers for microglia, PVMs,
and monocytes (Supplemental Table S2; Butovsky and Weiner
2018; O’Koren et al. 2019; Hao et al. 2021; Bloomfield et al.
2024; Yu et al. 2024). We generated module scores based on two
sets of lists of marker genes. The first list contains sets of markers
for microglia, PVMs, and monocytes (Butovsky and Weiner
2018; O’Koren et al. 2019; Hao et al. 2021; Bloomfield et al.
2024; Yu et al. 2024). The second list includes the top differentially
expressed genes, ranked by fold change, for hMG1, hMG2, and
hMG3—corresponding to human microglia clusters 1, 2, and 3—
as well as for PVMs and monocytes from a recently published sin-
gle-cell atlas of the human retina (Yu et al. 2024) and brain
(Bottcher et al. 2019). After annotation, cells identified as micro-

glia, PVMs, and monocytes were extracted in the retina and brain
for performing another round of integration (Stuart et al. 2019).
The lists for retina and brain data sets were fed into SelectIntegra-
tionFeatures (nFeatures=3000), PrepSCTIntegration, and FindIn-
tegrationAnchors (normalization method=“SCT,” dims=1:30,
reduction =“rpca,” k.anchors=20). Using the anchors, we ran
IntegrateData (normalization method="“SCT,” dims=1:30). Cell
embeddings were regenerated again after integration and used
for RunUMAP (reduction="“pca,” dims=1:30, min.dist=0.2,
seed.use=1) (Stuart et al. 2019).

DE analysis was performed using FindMarkers (logfc_thres-
hold=0.25, min.pct=0.2, test.use=“wilcox,” assay=“RNA")
from Seurat (Butler et al. 2018). Pairwise DE analysis was done
for all annotated cell types to produce lists of DE genes for use in
downstream processes. We also performed a separate DE analysis
between the identified microglia from the retina and microglia
from the brain. DE genes were filtered for genes with twofold
change or higher.

snATAC-seq analysis for the brain and retina

We integrated chromatin accessibility data from 38 human retinas
from three different studies (GEO: GSE196235, GSE247157) (Oroz-
co et al. 2020; Wang et al. 2022, 2023) and eight samples from
three human brain data sets (GEO: GSE174367, GSE204682,
GSE147672) (Supplemental Table S1; Corces et al. 2020; Morabito
et al. 2021; Zhu et al. 2023). Count matrices in form of .hS5 files
were generated for each sample using Cell Ranger ATAC 1.2.0 im-
ported into Seurat (Butler et al. 2018) and Signac (Stuart et al.
2021). Peaks in each sample were merged, and the counts
were regenerated for the combined data set. Gene annotation for
Homo sapiens hg38 was added with annotation package EnsDb
.Hsapiens.v86 (https://bioconductor.org/packages/EnsDb.Hsapiens
.v86/). Quality control was performed by removing cells with
counts lower than 200 and higher than 35,000, nucleosome signal
more than five, TSS enrichment less than two, blacklist ratio higher
than 0.05, and percentage reads in peaks less than 15. We retained
224,131 and 31,616 cells for the retina and brain, respectively. Inte-
gration of all data sets within each tissue was performed by normal-
ization and dimension reduction for each data set. First, features,
peaks in this case, were ranked based on their observed frequency
observed using FindTopFeatures (min.cutoff=10). Normalization
through term frequency-inverse document frequency (TF-IDF) was
done to correct for sequencing depth, and dimension reduction
was performed by running singular value decomposition (SVD)
on the corrected count matrix. Anchors were identified using Fin-
dIntegrationAnchors (reduction=“1lsi,” dims=2:30) (Stuart et al.
2019). The IntegrateEmbeddings function created a new cell embed-
dings layer in the Seurat object of each tissue for use with clustering
and visualization.

Next, a UMAP layer was generated using the RunUMAP func-
tion (min.dist=0.2, dims=2:30, seed.use = 1) after performing un-
supervised clustering and identification, as described above, with
FindNeighbors and FindClusters (algorithm=1, resolution=0.5,
random.seed = 1). Cells were annotated by generating gene activity
matrices with the GeneActivity function, followed by the creation
of an RNA assay. The count matrix in this assay was normalized us-
ing NormalizeData with default parameters. Finally, module scores
based on our curated list of marker genes were computed and visu-
alized using Seurat’s DotPlot function. To maintain high specific-
ity, cells lacking a definitive cell type label were removed from
further analysis.

To combine the retina and brain Seurat objects, the peaks
from both objects were first merged, and then the peaks were
requantified in each tissue’s respective object before combining
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them. A new gene activity matrix was calculated using the updated
count matrix. The cell embeddings were recalculated following
the steps outlined above, with the addition of RunHarmony
(group.by.vars =‘sample’) for batch correction (Korsunsky et al.
2019) prior to running RunUMAP.

Subclustering of retina and brain microglia
from the snTAC-seq data

To further refine the annotation of microglia cells from the retina
and brain, we extracted the microglia clusters from both tissues
and applied the same procedures to generate UMAP plots of their
subclusters. The Seurat object for the retina and brain initially
labeled as microglia were split into lists of smaller objects for
each data set. Fach data set then undergoes cell embeddings gener-
ated using FindTopFeatures (min.cutoff=10), RunTFIDF, and
RunSVD. Anchors were created using FindIntegrationAnchors(re-
duction="“1lsi,” dims=2:30) and additional parameters that are
different: k.anchor=100 for the brain and default for the retina.
Finally, the data sets from the retina and brain separately were in-
tegrated with IntegrateEmbeddings (dims.to.integrate=1:30) and
k.weight =50 for the retina and default for the brain. After integra-
tion, UMAP coordinates were generated by RunUMAP (reduction =
“integrated_lIsi,” dims=2:30, seed.use=1, min.dist=0.2) (Stuart
et al. 2019). Module scores were calculated based on differentially
expressed genes and our curated list of marker genes, as described
above, and were then visualized using the DotPlot function to an-
notate microglia, PVMs, and monocytes. After annotating the
cells, the CallPeaks function was run to generate a set of peaks
for each cell type in both tissues. These peaks were then filtered
to include only those with conventional chromosome notations
and to exclude any that overlapped with a blacklist provided in
Signac (Stuart et al. 2021). To visualize the identified microglia,
PVMs, and monocytes from the retina, brain, and combined, we
extracted the three cell types from each Seurat object and then re-
integrated them using the same steps as above, with some differ-
ences in parameters. For Retina, we changed k.weight=40 in
IntegrateEmbeddings. For the brain, k.anchor was changed to de-
fault, and k.weight was kept at default. For integrating both the ret-
ina and brain data sets, k.anchor was kept at default and k.weight =
20. RunUMAP was performed after these integrations with dims=
2:30, min.dist=0.2, and seed.use=05192025 (Stuart et al. 2019).

Pairwise differential accessibility region and overrepresented
TF motif analyses

Pairwise differential accessibility region (DAR) analysis was per-
formed using FindMarkers (logfc.threshold=0.25, min.pct=0.2,
random.seed =1, test=‘wilcox’) to compare the cell type of inter-
est against other cell types (Butler et al. 2018). DAR peaks were
linked to genes using the ClosestRegion function from Signac
(Stuart et al. 2021) to identify genes that overlapped with or
were in close proximity to these peaks. Motif analysis on the retina
and brain microglia data used the Signac package (Stuart et al.
2021). We acquired the DNA sequence motif information from
JASPAR2022 and added into snATAC-seq seu.obj with AddMotifs
function in Signac (Stuart et al. 2021). Finally, the FindMotifs func-
tion was used to identify overrepresented motifs within DAR
peaks.

Hierarchical clustering of microglia subclusters

Hierarchical clustering for snRNA-seq and snATAC-seq data was per-
formed using speciesTree (Bakken et al. 2021) to quantify the simi-
larity of the microglia cluster in each tissue. Counts from either the
gene expression matrix or chromatin accessibility peaks were used

as input. The distance matrix was calculated using the cor function
with method = “Spearman,” and the matrix was then used for hier-
archical clustering in speciesTree. The resulting plot was generated
using the default functions provided in the package.

Correlation heatmap for all cell types in the retina and brain

The average expression data from the RNA assay in the combined
retina and brain Seurat object were generated using the AverageEx-
pression function from Seurat. This matrix was then input into the
cor function with method = “Spearman” to account for differences
in gene expression scaling between the retina and brain. A heat-
map was generated using ComplexHeatmap (Gu et al. 2016), and
clustering was done using the hclust default method. The signifi-
cance of the difference between correlations of immune cells
with other cell types versus within immune cells was determined
using the Mann-Whitney U test via wilcox.test function.

Ligand receptor identification

We predicted the ligand-receptor interaction between retina
microglia and other retinal cell types, as well as brain microglia
with other brain cell types, using LRLoop (Xin et al. 2022). Interac-
tion strengths were first calculated based on the expression levels
of ligands in sender cells and receptors in receiver cells. We then
integrated cell type-specific signaling and regulatory networks
by overlaying known interactions with gene expression data.
The get_LRscores function (default parameters) was used to com-
pute interaction scores between each pair of cell types in both di-
rections. To refine these scores, we applied the updateLRscores
function (default parameters), using microglia interaction scores
and those from the partner cell type to account for regulatory
loops. Finally, we filtered for interactions in which both ligand
and receptor genes were expressed in at least 10% of their respec-
tive cell types and had a score of 0.5 or more across all time points.

Gene expression heatmap for all cell types in retina and brain
using AMD- and AD-GWAS genes

Relevant gene lists for AMD and AD were obtained to create heat-
maps of their expression in each cell type in the retina and brain.
For AMD, the list comprised most the likely target genes at those
loci identified through GWAS (Fritsche et al. 2016), eQTL
(Orozco et al. 2020), and rare variant (Ratnapriya et al. 2020) stud-
ies. For AD, we gathered the reported nearest protein-coding genes
to the associated GWAS variants (Bellenguez et al. 2022).
Heatmaps were generated using ComplexHeatmap (Gu et al.
2016). Genes with scaled expression greater than 1.5 in microglia,
relative to other cell types in the retina or brain, were further select-
ed for comparison.

Pathway enrichment analysis

DEGs were filtered based on average fold change greater than two
and an adjusted P-value 0.05. Venn diagrams were made using
DeepVenn (Hulsen 2022). Pathway enrichment analysis was per-
formed using a 5% FDR cutoff with Ensembl IDs as the key type
and the biological process subontology (Yu et al. 2012). Top five
GO terms with the lowest adjusted P-values were selected for plot-
ting. Dot Plots were generated using dotplot function from enrich-
plot package.

MAGMA

The significance of microglia in the retina and brain in neurode-
generative diseases was evaluated. For snRNA-seq data, genes
most specific to each cell type were selected (those showing at least
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a twofold higher expression compared with other cell types) and
analyzed using MAGMA (de Leeuw et al. 2015). GWAS data were
obtained from IAMDGC consortium for AMD (Fritsche et al.
2016) and the GWAS catalog for AD (Bellenguez et al. 2022). We
computed the full gene analysis using all gene locations and the
GWAS SNPs with default parameters. This step requires the LD ref-
erence, which we obtained from The 1000 Genomes Project
Consortium (2015); the gene locations in hg19 provided in the
MAGMA repository; and the summary statistics from the GWAS.
We used the hgl9 reference genome for our analysis, as the
AMD-GWAS and AD-GWAS data sets were originally aligned to
this build. Although newer reference genomes such as GRCh38 of-
fer improved annotations, we do not expect them to significantly
impact our conclusions, as the study focuses on common variants
that are well represented across reference builds. Gene-set analysis
was performed using the result from the full gene analysis along
with the list of genes from our DE analysis, including genes that
were present in >20% of the cells. For ATAC-seq data, genes over-
lapping or closest to the DAR peaks with a lower threshold of two-
fold change were selected for gene-set enrichment analysis using
MAGMA (de Leeuw et al. 2015). We applied the Benjamini—
Hochberg correction for multiple testing in R (R Core Team
2025) using p.adjust (method=“fdr”). The BETA value from the
MAGMA output was used to represent the enrichment, and results
were visualized in the form of a bar plot using log, of the adjusted
P-value.

LDSC-SEG and S-LDSC

We used the same set of genes as in the MAGMA analysis, selecting
cell type-specific genes with twofold or more expression. LD refer-
ence was acquired through the 1000 Genomes Project (The 1000
Genomes Project Consortium 2015) of European ancestry. For
LDSC-SEG (Finucane et al. 2018), we added a 100 kb window to
the hg19 gene body coordinates to create the binary annotation
for LD score calculation for each set of DE genes. A separate LD
score for all protein-coding genes was calculated. Partitioned heri-
tability was estimated by stratified LD score regression using GWAS
summary statistics for AMD and AD, the baseline model, LD score
for all protein-coding genes, and individual LD score sets for each
cell type in each tissue. For S-LDSC (Finucane et al. 2015), the an-
notation was generated by overlapping the peaks of interest with
the SNPs’ position located in the LD reference to create a single col-
umn file, containing 1 sec and O sec for hits and misses, respective-
ly. Peaks called for cells in microglia in the retina and brain are used
for creating annotations. These peaks were first filtered for conven-
tional chromosomes and through a blacklist provided by Signac,
which were then lifted to hg19 coordinates. The baseline-LD score
was provided by LDSC group (Finucane et al. 2015). After LD score
computations, we ran stratified partitioned heritability calcula-
tions for AMD-GWAS or AD-GWAS summary statistics using the
baseline-LD scores and each of the LD scores for those each anno-
tation separately. P-values were adjusted for multiple comparisons
in R (R Core Team 2025) using the Benjamini-Hochberg method
via p.adjust (method = “fdr”). The results were visualized through
bar plots of the log;( of the adjusted P-value.

GARFIELD

We performed the functional enrichment analysis using
GARFIELD (Iotchkova et al. 2019) of the open chromatin annota-
tion in retina and brain by leveraging GWAS summary statistics of
AMD and AD. We ran GARFIELD with default parameters and our
annotations, and the method is described in detailed elsewhere
(Iotchkova et al. 2019). Briefly, GARFIELD first performs the LD

pruning to extract independent SNPs from genome-wide genetic
associations, followed by LD tagging annotation to annotate
each variant with regulatory annotations. Then, utilizing a logistic
regression model, GARFIELD calculates enrichment statistics (odds
ratios [OR]) and P-values at user-defined GWAS P-value thresholds
for each annotation. Enrichment of significant SNPs was assessed
for each tier of GWAS P-value thresholds: 1x 1075, 1x107°, 1 x
1077, and 1x107®. The results are presented in the radial plots.
For the ENCODE data, we downloaded narrowPeak files from
61 tissues (The ENCODE Project Consortium et al. 2020).
Differences in the number of open chromatin regions across tis-
sues could introduce potential bias in comparative heritability
analyses. To minimize this effect, we initially focused on uniquely
open regions, defined as those active in <10% of the tissues.
However, for the AD-GWAS comparison of retina versus all other
tissues, we increased this threshold to 20% for retina microglia, as
the 10% threshold resulted in a very small number of peaks (fewer
than 3000) owing to the smaller sample size.

Data access

A Seurat object containing the processed snRNA-seq and snATAC-
seq data has been uploaded to Zenodo (https://zenodo.org/
records/16640709). The raw data were obtained from previously
published data sets, listed in Supplemental Table S1.
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