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Abstract
Background  Dry age-related macular degeneration (AMD) is characterized by progressive degeneration of the 
retinal pigment epithelium–choroid interface, accompanied by immune dysregulation. However, the cellular 
interactions and regulatory mechanisms driving macrophage activation in this process remain incompletely 
understood.

Methods  We integrated spatial transcriptomics and single-cell RNA sequencing data from a photo-oxidative damage 
mouse model and human dry AMD samples. A series of bioinformatic analyses, including cell–cell communication 
analysis, enrichment analysis, and pseudotime trajectory analysis, were performed to characterize cellular features and 
regulatory pathways.

Results  In the photo-oxidative damage mouse model, the RPE–choroid region showed marked infiltration of 
myeloid cells. In human dry AMD samples, SLC16A10-positive macrophages were enriched and exhibited pro-
inflammatory features. Further analysis revealed that endothelial cells regulate SLC16A10-positive macrophages 
through the TNFSF10–TNFRSF10B pathway, with NFKB1 acting as a key regulator to activate NF-κB signaling, thereby 
promoting the formation of a vascular–immune inflammatory niche.

Conclusions  This study systematically characterizes immune remodeling in the RPE–choroid region in dry AMD and 
identifies an endothelial–macrophage TNFSF10–TNFRSF10B–NF-κB signaling pathway that drives disease progression. 
These findings provide new insights into disease mechanisms and suggest potential therapeutic targets for dry AMD.
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​​Background
Age-related macular degeneration (AMD) is a leading 
cause of irreversible vision loss worldwide, with a rapidly 
increasing global burden driven by population aging [1–
3]. Clinically, AMD progresses from early and intermedi-
ate stages to late-stage disease, characterized by central 
geographic atrophy (GA) or choroidal neovasculariza-
tion, both of which result in severe visual impairment [4].

GA is defined by progressive degeneration of the retinal 
pigment epithelium (RPE), photoreceptor loss, and struc-
tural disruption of the retina–choroid interface, accom-
panied by choriocapillaris alterations [5, 6]. Increasing 
evidence suggests that AMD progression is driven not 
only by neuroretinal degeneration but also by chronic 
inflammation within the RPE–choroid niche [7, 8]. This 
persistent inflammatory state is characterized by sus-
tained activation of immune cells, particularly myeloid 
cells, which contribute to tissue degeneration through 
the production of inflammatory mediators [9, 10].

In parallel, the choroidal vasculature plays a critical 
role in maintaining local tissue homeostasis. Chorio-
capillaris damage progresses with disease severity and is 
associated with alterations in the local vascular–immune 
niche in AMD [11–13]. Endothelial cells actively regulate 
immune responses by secreting cytokines and chemo-
kines, thereby influencing immune cell recruitment and 
activation and shaping the vascular–immune niche [14, 
15]. However, how endothelial cells regulate macrophage 
activation and their interactions within the RPE–choroid 
niche in GA remains poorly understood.

Despite advances in anti-vascular endothelial growth 
factor therapy for neovascular AMD, effective treatments 
for dry AMD, particularly at the GA stage, remain limited 
[16]. This highlights the need to investigate endothelial–
immune interactions beyond angiogenesis to identify 
new therapeutic targets.

In this study, we integrated spatial transcriptomics 
and single-cell RNA sequencing to characterize macro-
phage heterogeneity and cell–cell communication in the 
RPE–choroid niche, with a focus on endothelial–macro-
phage interactions. We aimed to identify key endothe-
lial-derived signaling pathways that drive macrophage 
activation and inflammatory remodeling in dry AMD.

Methods
Mouse spatial transcriptomics sequencing and data 
processing
Upstream analysis
Mouse eye spatial transcriptomics data were downloaded 
from the Gene Expression Omnibus (GEO; accession: 

GSE248517), comprising seven samples, including one 
Control sample (n = 1) and six PD samples (PD1D, PD3D, 
and PD5D, with n = 2 per time point). These samples 
were originally reported by Schumann U et al. [17]. (see 
Supplementary Table 1 for detailed sample information).

All data had been preprocessed using the 10x Genom-
ics Space Ranger pipeline, including filtered gene–bar-
code matrices (matrix.mtx), gene feature files (features.
tsv), and barcode files (barcodes.tsv), and were directly 
used for downstream analyses.

Downstream analysis

1.	 Data preprocessing:

Data preprocessing and integration were performed 
in RStudio using the Seurat (v5.3.1) and Semla (v1.3.1) 
packages [18, 19]. Raw gene expression matrices were 
imported using the Read10X function, and Seurat objects 
were constructed using CreateSeuratObject.Quality 
control was conducted by excluding spatial spots with 
fewer than 500 detected genes or with mitochondrial 
gene content > 30%. After filtering, a total of 3,640 spots 
were retained, including 577 (Control), 532 (PD1Drep1), 
510 (PD1Drep2), 611 (PD3Drep1), 473 (PD3Drep2), 439 
(PD5Drep1), and 498 (PD5Drep2).Data were normal-
ized using the NormalizeData function with the “Log-
Normalize” method and a scale factor of 10,000. Highly 
variable genes were identified using the FindVariableFea-
tures function with the variance-stabilizing transforma-
tion (vst) method [20], and the top 2,000 features were 
selected.Integration anchors across the seven datasets 
were identified using FindIntegrationAnchors based on 
canonical correlation analysis (CCA), followed by data 
integration. The integrated data were scaled using Scale-
Data, and principal component analysis (PCA) was per-
formed using RunPCA (top 10 principal components 
retained). UMAP was then applied using RunUMAP for 
dimensionality reduction and visualization [21].A shared 
nearest neighbor (SNN) graph was constructed using 
FindNeighbors, and unsupervised clustering was per-
formed using FindClusters with a resolution of 0.8. Cell 
type annotation was achieved by integrating spatial local-
ization from H&E-stained images with cluster-specific 
marker genes identified using FindAllMarkers. Visualiza-
tion of UMAP clustering and spatial gene expression pat-
terns was performed using SCP (v0.5.6) ​(​​​h​t​​t​p​s​​:​/​/​g​​i​t​​h​u​b​.​c​
o​m​/​z​h​a​n​g​h​a​o​-​n​j​m​u​/​S​C​P​​​​​) and ggplot2 (v4.0.2) [22]. Spa-
tial visualization of cluster labels and feature expression 
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was further conducted using the MapLabels and Map-
Features functions in Semla.

(2)	 Spatial transcriptomics deconvolution:

To characterize the spatial distribution of cell types, the 
Robust Cell Type Decomposition (RCTD) method imple-
mented in the spacexr R package (v2.2.1) was applied 
[23]. This method maps cell subtypes defined by single-
cell RNA sequencing (scRNA-seq) data onto Visium spa-
tial transcriptomics data and estimates the proportion 
of each cell type or state within individual spatial spots 
using a probabilistic framework.

A reference scRNA-seq dataset was constructed from 
mouse eye tissues, including the bipolar cell layer (BCL), 
photoreceptor layer (PRL), and retinal pigment epithe-
lium/choroid (RPE/Choroid), comprising three samples 
(GSM6914767, GSM7677901, and GSM8372459). Given 
the complex laminar structure of the retina and the rel-
atively low resolution of Visium data, the “full” mode 
(doublet_mode = “full”) was used, allowing each spatial 
spot to be modeled as a mixture of multiple cell types. 
This approach improves the accuracy of cell-type map-
ping in regions of interest. Normalized cell-type abun-
dances (z-scores) were subsequently calculated across 
spatial regions.

(3)	 Differential expression and enrichment analysis:

Differential expression analysis was performed using the 
FindMarkers function in Seurat with the Wilcoxon rank-
sum test to identify significantly upregulated genes in the 
retinal pigment epithelium and choroid (RPE/Choroid) 
of PD groups compared with the Control group (adjusted 
p < 0.05 and fold change > 1.5).

Gene Ontology (GO) biological process (BP) enrich-
ment analysis was conducted using the enrichGO func-
tion in the clusterProfiler package [24]. Only results with 
an adjusted p value ≤ 0.05 were considered statistically 
significant.

Mouse single cell transcriptome sequencing and data 
processing
Data processing using cell ranger
The transcriptomic datasets integrated in this study were 
obtained from publicly available datasets GSE222094, 
GSE239941, and GSE271262 (detailed sample informa-
tion is provided in Supplementary Table 1) [25–27]. 
All datasets were processed using a standardized pipe-
line starting from raw FASTQ files to ensure analytical 
consistency.

Sequencing data were processed using Cell Ranger 
software (v8.0.1, 10x Genomics). Reads were aligned to 
the mouse reference genome GRCm39 (Mus musculus; 

GENCODE vM33 annotation; refdata-gex-GRCm39-
2024-A) provided by 10x Genomics. Sequence align-
ment, UMI counting, and cell barcode identification were 
performed following the official 10x Genomics recom-
mended pipeline, resulting in gene expression matrices 
for downstream analysis.

Quality control and clustering analysis
Single-cell RNA-seq data were analyzed and visualized 
using Seurat, SCP, and other R packages. Quality control 
criteria were applied to exclude cells with fewer than 500 
or more than 6,000 detected genes, mitochondrial gene 
content > 20%, ribosomal gene content > 20%, or gene 
complexity scores (log10GenesPerUMI) < 0.8.

Potential doublets were identified and removed using 
scDblFinder (v1.22.0) [28], resulting in a total of 28,452 
high-quality cells retained for downstream analysis.

The filtered data were normalized using the Normalize-
Data function with log normalization, followed by data 
scaling using ScaleData to mitigate technical variation. 
Highly variable genes were identified using the Find-
VariableFeatures function, and the top 2,000 genes were 
selected for downstream analysis.

Principal component analysis (PCA) was performed 
using the RunPCA function, and the top 11 principal 
components were selected for subsequent dimensional-
ity reduction and clustering. To correct for batch effects 
arising from different sample sources, Harmony (v1.2.4) 
was applied using sample identity as the grouping vari-
able [29].

Following Harmony correction, a shared nearest neigh-
bor (SNN) graph was constructed using the FindNeigh-
bors function, and clustering was performed using the 
FindClusters function with a resolution of 0.8 to identify 
distinct cell populations.

Human single cell transcriptome sequencing and data 
processing
Data processing using cell ranger
The transcriptomic datasets integrated in this study were 
obtained from publicly available datasets GSE210543, 
GSE188280, GSE230348, and GSE203499 (detailed sam-
ple information is provided in Supplementary Table 2) 
[30, 31]. All data were processed using a standard anal-
ysis pipeline, starting from raw FASTQ files, to ensure 
consistency of results. Sequencing data were processed 
using Cell Ranger software (v8.0.1, 10x Genomics). 
The reference genome used was the GRCh38 version 
(Homo sapiens, GENCODE v44 annotation, refdata-
gex-GRCh38-2024-A) provided by 10x Genomics, and 
sequence alignment, UMI quantification, and cell bar-
code identification were performed strictly according to 
the official 10x Genomics recommended pipeline ​(​​​h​t​​t​p​s​​
:​/​/​w​​w​w​​.​1​0​​x​g​e​​n​o​m​i​​c​s​​.​c​o​​m​/​s​​u​p​p​o​​r​t​​/​s​o​f​t​w​a​r​e​/​c​e​l​l​-​r​a​n​g​e​

https://www.10xgenomics.com/support/software/cell-ranger/downloads/cr-ref-build-steps
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② Gene set enrichment analysis (GSEA) was also per-
formed using clusterProfiler (version 4.16.0) [33], with a 
significance threshold of adjusted p < 0.05. Visualization 
of GSEA results was achieved using the gseaplot2 func-
tion in the R package enrichplot (version 1.28.4, ​h​t​t​​p​s​:​/​​/​b​i​​
o​c​​o​n​d​u​c​t​o​r​.​o​r​g​/​p​a​c​k​a​g​e​s​/​e​n​r​i​c​h​p​l​o​t​​​​​)​.​​

(3)	 Cell–cell interaction analysis:

Cell–cell communication analysis was performed using 
CellChat (v2.1.2) [34], scCrossTalk (v1.0) [35], and 
nichenetr (v2.2.0) [36].

① Based on the Seurat object, a CellChat object was 
constructed, and cell type information was embedded 
as metadata. To ensure database consistency, the built-
in CellChat database was replaced with the scCrossTalk 
database for analysis. CellChat calculates the probability 
value (prob) of overexpressed ligand–receptor pairs in 
each cell group to quantify the communication strength 
between different cell groups. In the generated bubble 
plots, communication strength was displayed after trans-
formation as log10(prob) + 1, with values limited to the 
range of 0–1.

② At the same time, RNA counts data and cell type 
information were extracted from the Seurat object, and 
genes were standardized and annotated using rev_gene. 
The processed expression matrix and cell type informa-
tion were used to construct a scCrossTalk object and 
perform ligand–receptor pair analysis. In this analysis, 
only ligand–receptor pairs expressed in at least 10 cells 
and detected in at least 10% of cells were retained, with a 
significance threshold set at p < 0.05. The final extracted 
cell–cell interaction (CCI) network was used for subse-
quent analysis.

③ NicheNet analysis focused on the DEGs of 
SLC16A10⁺ macrophages, from which potential down-
stream target genes were extracted and used for sub-
sequent analysis to explore signaling pathways and 
functional effects that may be dominated by macro-
phages under dAMD conditions.

(4)	 Single-cell weighted gene co-expression network 
analysis (WGCNA):

Weighted gene co-expression network analysis was per-
formed using the R package hdWGCNA (v0.4.03) [37, 
38]. First, the Seurat object was preprocessed using 
SetupForWGCNA, and genes expressed in at least 5% 
of cells (fraction = 0.05) were selected for subsequent 
analysis.

Subsequently, based on the Harmony-corrected low-
dimensional embeddings, metacells (k = 25) were con-
structed within the same celltype and sample groups 
and were further normalized. After constructing the 

r​/​d​o​w​n​l​o​a​d​s​/​c​r​-​r​e​f​-​b​u​i​l​d​-​s​t​e​p​s​​​​​)​, ultimately generating 
standardized gene expression matrices for downstream 
analysis.

Quality control and clustering analysis
Single-cell data were analyzed and visualized using 
Seurat, SCP, and other R packages. The quality con-
trol criteria were as follows: cells with fewer than 500 
or more than 6000 detected genes, mitochondrial gene 
proportion > 20%, ribosomal gene proportion > 20%, or 
gene complexity score (log10GenesPerUMI) < 0.8 were 
excluded. Potential doublets were identified and removed 
using scDblFinder (v1.22.0), and a total of 41,828 high-
quality cells were retained for downstream analysis (n_
Control = 26,848, n_dAMD = 14,980).

The filtered data were first normalized using the log-
normalization method (NormalizeData), and subse-
quently scaled using ScaleData to correct for potential 
technical variation. The top 2,000 highly variable genes 
were selected using the FindVariableFeatures function 
for downstream analysis. Principal component analy-
sis (PCA) was then performed using RunPCA, and the 
top 18 principal components were selected for subse-
quent dimensionality reduction and clustering analysis. 
To eliminate batch effects caused by different sample 
sources, Harmony (v1.2.4) was applied, using sample 
origin as the grouping variable for data integration and 
batch correction.

In the Harmony-corrected low-dimensional space, a 
shared nearest neighbor (SNN) graph was constructed 
using FindNeighbors, and clustering analysis was per-
formed using the FindClusters function (resolution = 0.7), 
thereby identifying distinct cell populations.

Downstream analysis

1.	 Differential gene analysis:

DEGs among all cell clusters were analyzed using the 
FindAllMarkers function in Seurat [32], with the mini-
mum expression proportion (min.pct) set to 0.25, requir-
ing that the gene be expressed in at least 25% of cells in 
at least one cluster. The Wilcoxon rank-sum test (Wilcox 
test) was applied, and the adjusted P-value threshold was 
set to 0.05, while the log2 fold change threshold was set 
to log2(1.5).

(2)	 Enrichment analysis:

① Based on the differential expression analysis results, 
enrichment analysis was performed using the R package 
clusterProfiler (version 4.16.0) in both the GO Biological 
Process (GO_BP) and KEGG databases, with a signifi-
cance threshold of p < 0.05.

https://bioconductor.org/packages/enrichplot
https://bioconductor.org/packages/enrichplot
https://www.10xgenomics.com/support/software/cell-ranger/downloads/cr-ref-build-steps
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expression matrix for network analysis, a signed network 
(networkType = “signed”) was used to evaluate the fit of 
different soft-thresholding powers to scale-free topology 
using TestSoftPowers.

Based on the soft-threshold evaluation curve, a 
soft-thresholding power of β = 10 was selected to 
construct the weighted co-expression network. The 
minimum module size was set to 60 (minModule-
Size = 60), the module merging threshold was set to 0.15 
(mergeCutHeight = 0.15), and module detection was per-
formed with deepSplit = 1.

Module eigengenes (MEs) were subsequently calcu-
lated and integrated at the sample level. Gene–module 
relationships were evaluated by calculating intramodular 
connectivity (kME), and modules were renamed accord-
ingly. The top 25 hub genes in each module were selected 
to calculate module expression scores. Finally, UMAP 
embedding was performed based on the top 10 hub genes 
of each module (n_neighbors = 15, min_dist = 0.1) to visu-
alize the co-expression network structure.

(5)	 Gene set activity scoring analysis:

To evaluate the activity of specific gene sets and signal-
ing pathways at the single-cell level, the UCell method 
(v2.12.0) was applied for module scoring [39]. First, tar-
get gene sets (e.g., TNFSF10 downstream target genes) 
were organized into gene lists, and module scores were 
calculated based on the RNA expression matrix of the 
Seurat object.

In addition, KEGG pathway gene sets were obtained 
using KEGGREST (v1.48.1, ​h​t​t​​p​s​:​/​​/​d​o​​i​.​​o​r​g​/​1​0​.​1​8​1​2​9​/​B​9​.​
b​i​o​c​.​K​E​G​G​R​E​S​T​​​​​) (organism: human, organism = “hsa”), 
and the corresponding pathway gene lists (e.g., NF-κB 
signaling pathway, hsa04064) were extracted. Subse-
quently, pathway activity scores were calculated using the 
AddModuleScore_UCell function, and the scoring results 
were added to the Seurat object for downstream analysis 
and visualization.

(6)	 Transcription factor regulon activity analysis:

Transcription factor regulatory network analysis was 
performed based on the SCENIC framework [40]. First, 
gene filtering was performed on the expression matrix, 
retaining only genes expressed in ≥ 1% of cells, with total 
expression exceeding 3% of the number of cells, and pres-
ent in the hg38 motif database.

Subsequently, pySCENIC (v0.12.1) was used for co-
expression network construction, motif enrichment anal-
ysis, and regulon identification. Regulon activity (AUC) 
in each cell was calculated based on AUCell.

Further, in the R environment, regulon activity was 
extracted and visualized using SCENIC (v1.3.1)-related 
functions. Based on the regulon AUC matrix, a linear 
model (~ 0 + group) was constructed using limma to com-
pare the dAMD and Control groups (contrast = “dAMD 
- Control”). Empirical Bayes moderation was performed 
using eBayes, and multiple testing correction was con-
ducted using the Benjamini–Hochberg (BH) method. 
LogFC, P values, and FDR were extracted as the results of 
differential transcription factor activity analysis.

In addition, based on regulons obtained from pyS-
CENIC, a one-sided Fisher’s exact test (alternative = 
“greater”) was performed to evaluate the enrichment of 
TNFSF10 target genes within transcription factor regu-
latory networks, using expressed genes in the target 
cell population as the background. Only regulons with 
≥ 10 target genes were included in the analysis, and BH 
correction was applied for multiple testing. Transcrip-
tion factors with FDR < 0.05 and overlapping gene num-
ber ≥ 10 were considered significantly enriched.

(7)	 Pseudotime analysis:

Pseudotime trajectory analysis was performed using 
Monocle 2 (R package monocle, v2.36.0) [41, 42]. First, 
the raw UMI count matrix was extracted from the Seurat 
object (assay = “RNA”, slot = “counts”) to construct a Cell-
DataSet object. The expression distribution model was 
set according to the data type using a negative binomial 
model (negbinomial.size).

During preprocessing, estimateSizeFactors and esti-
mateDispersions were applied to normalize gene expres-
sion and estimate dispersion. Genes with a minimum 
expression threshold of min_expr = 0.1, and expressed 
in at least 10 cells, were retained for subsequent analy-
sis. The total UMI counts per cell (Total_mRNAs) were 
calculated, and cells with Total_mRNAs ≥ 1 × 10⁶ were 
removed.

Ordering genes were selected through differential-
GeneTest based on cell subpopulations, and genes with 
qval < 0.01 were used to construct the trajectory. Dimen-
sionality reduction was performed using the DDRTree 
method (reduction_method = “DDRTree”, max_com-
ponents = 2), with batch variables incorporated into 

https://doi.org/10.18129/B9.bioc.KEGGREST
https://doi.org/10.18129/B9.bioc.KEGGREST
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the model (residualModelFormulaStr = “~sample”, 
sigma = 0.1).

Cells were then ordered along pseudotime using order-
Cells, and the Monocyte subpopulation was defined as 
the root state. Finally, the two-dimensional trajectory 
coordinates calculated by Monocle 2 were integrated 
into the Seurat object’s low-dimensional embeddings for 
visualization.

Results
Spatial transcriptomic analysis reveals myeloid cell 
accumulation and inflammatory activation in the RPE–
choroid of PD mice
To characterize changes in the immune niche at the 
RPE–choroid interface in AMD, we reanalyzed a publicly 
available spatial transcriptomics dataset [17]. This data-
set was generated from a photo-oxidative damage (PD) 
mouse model, which induces outer retinal degenera-
tion and is widely used to model AMD [43]. The dataset 
includes dark-reared controls (DR, hereafter referred to 
as Control) and samples collected at days 1, 3, and 5 after 
PD exposure (Fig. 1A).

Unsupervised clustering of the spatial transcriptomic 
data identified major anatomical regions [44], including 
the ganglion cell layer (GCL), bipolar cell layer (BCL), 
photoreceptor layer (PRL), and the RPE–choroid region 
(Fig. 1C). These regions were annotated based on canoni-
cal marker gene expression [45, 46], such as Pou4f1 for 
ganglion cells (Fig. 1D; Supplementary Fig. S1). The spa-
tial distribution of these regions across samples is shown 
in Fig. 1E.

To resolve cell-type composition across spatial loca-
tions, we integrated publicly available single-cell RNA-
seq datasets as references and applied Robust Cell Type 
Decomposition (RCTD) for spatial deconvolution (Fig. 
1F; Supplementary Fig. S2) [23, 25–27]. At 5 days after 
PD treatment, myeloid cell proportions were significantly 
increased in the RPE–choroid region compared to Con-
trol and showed pronounced enrichment toward the cho-
roidal side, indicating an inflammatory activation state 
under injury conditions.

Gene Ontology (GO) enrichment analysis of differ-
entially expressed genes (DEGs) between PD and Con-
trol within the RPE–choroid region revealed significant 

enrichment in inflammatory response [47], innate 
immune activation, and macrophage migration (Fig. 1H), 
further supporting an inflammatory activation state. 
Consistently, the macrophage marker Cd68 was upregu-
lated in PD samples and predominantly localized to the 
RPE–choroid region (Fig. 1I) [48].

In conclusion, spatial transcriptomic analysis revealed 
that the RPE–choroid region exhibits pronounced 
myeloid cell accumulation accompanied by enhanced 
expression of inflammation-related genes in the PD 
model, suggesting that myeloid cells participate in local 
inflammatory responses.

Single-cell RNA-seq analysis reveals inflammatory 
activation and enhanced endothelial–myeloid interactions 
in dAMD
We integrated publicly available single-cell RNA-seq 
datasets of human RPE–choroid tissue (Fig. 2A), includ-
ing healthy reference (HR, n = 12) and dry AMD (dAMD, 
n = 4) samples. UMAP-based clustering identified 11 
major cell types, including RPE, endothelial, and myeloid 
cells (Fig. 2B), which were annotated based on canonical 
marker gene expression (Fig. 2D) [30, 49]. Cell propor-
tion analysis revealed the presence of diverse immune 
cell populations across conditions (Fig. 2C).

Differential expression analysis demonstrated marked 
transcriptional changes across cell types in dAMD (Fig. 
2E). Myeloid cells upregulated multiple genes, includ-
ing ACOD1, NID1, KANK1, PPP1R13L, and SEPTIN4, 
among which NLRP3, a key component of the inflamma-
some [50], suggests activation of inflammatory responses. 
Meanwhile, endothelial cells upregulated multiple pro-
inflammatory genes, including chemokines such as 
CXCL1 and CXCL3, suggesting activation of pro-inflam-
matory signaling. These findings suggest that endothelial 
cells may contribute to the activation of myeloid cells.

Enrichment analysis further supported these obser-
vations. Upregulated genes in endothelial cells were 
enriched in leukocyte chemotaxis, monocyte migration, 
and cell–matrix adhesion, as well as TNF and NF-κB sig-
naling pathways (Fig. 2F). In contrast, upregulated genes 
in myeloid cells were enriched in inflammatory response 
and NF-κB signaling (Fig. 2G).
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Fig. 1 (See legend on next page.)
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We next analyzed cell–cell communication changes 
in dAMD using CellChat [34]. Compared to HR, overall 
interaction strength was increased among endothelial 
and myeloid cells with other cell types (Fig. 2H–I). Fur-
ther analysis revealed that interactions from endothelial 
cells as senders to myeloid cells as receivers were specifi-
cally enhanced in dAMD (Fig. 2J).

In conclusion, single-cell analysis of the human RPE–
choroid indicates that myeloid cells exhibit inflammatory 
activation in dAMD, while endothelial cells may drive 
myeloid activation through pro-inflammatory signaling, 
together contributing to a disease-promoting inflamma-
tory niche.

A disease-associated SLC16A10⁺ pro-inflammatory 
macrophage subcluster in the dAMD niche
To further characterize myeloid cell activation in dAMD, 
the myeloid compartment was reclustered. UMAP visu-
alization revealed four major subpopulations: mono-
cytes, dendritic cells (DCs), SLC16A10⁻ macrophages, 
and SLC16A10⁺ macrophages (Fig. 3A), with correspond-
ing marker gene expression shown in Fig.  3C. Notably, 
the proportion of SLC16A10⁺ macrophages was mark-
edly increased in dAMD compared to controls (Fig. 3B), 

suggesting that this subcluster represents a disease-asso-
ciated activated phenotype.

Functional annotation of DEGs in each subpopulation 
revealed that genes upregulated in SLC16A10⁺ macro-
phages were enriched in leukocyte migration and innate 
immune processes (Fig. 3D), indicating their role in shap-
ing an inflammatory niche. To further characterize their 
transcriptional programs, gene co-expression networks 
were constructed using hdWGCNA [37], identifying nine 
modules (Fig. 3E). The co-expression network is visual-
ized by UMAP (Fig. 3F), and module activity across 
myeloid subclusters is shown in Fig. 3H.

Modules 3, 5, and 8 were specifically enriched in 
SLC16A10⁺ macrophages (Fig. 3G). Enrichment analysis 
revealed strong associations with NF-κB signaling, TNF 
signaling, and immune/inflammatory processes (Fig. 3I), 
suggesting that this subcluster plays a central role in 
inflammatory regulation in dAMD.

In conclusion, reclustering of myeloid cells identified a 
disease-associated SLC16A10⁺ macrophage subcluster in 
dAMD. Combined transcriptional and pathway analyses 
indicate that this subcluster exhibits pronounced inflam-
matory activation and may function as a key effector 
population in dAMD progression.

(See figure on previous page.)
Fig. 1  Spatial transcriptomics reveals myeloid cell infiltration in the RPE/Choroid layer of PD mouse eyes. (A) Schematic representation of spatial tran-
scriptomics (ST) analysis of whole eyes from dark-adapted control(Control) and photo-oxidative (PD 1-day、PD 3-day、PD 5-day) model mice, designed 
with BioRender (https://www.biorender.com/). (B) UMAP visualization showing diverse ocular cell lineages, highlighting distinct regional layers includ-
ing ganglion cell layer༈GCL༉,bipolar cell layer༈BCL༉、PRL、retinal pigment epithelium/choroid (RPE/Choroid)、Iris/Ciliary body、Optic nerve head, 
Ocular muscle、Conjunctiva、Cornea、Lens、Vitreous. (C) Spatial plots illustrating the anatomical distribution of ocular regions in Control and PD1D, 
PD3D, PD5D mice.Colors for each region are consistent with the classification in panel (B). (D) Bubble plot displaying the expression patterns of marker 
genes for distinct ocular regions in the spatial transcriptomics dataset.Dot color represents the average expression of genes within each region, while 
dot size reflects the percentage of spots expressing the gene. (E) Stacked bar plots showing the relative proportion of distinct ocular spatial regions in 
each sample from the Control and PD groups.Each vertical bar represents one sample, with colored segments corresponding to different spatial regions, 
and segment height indicating their relative proportion. (F) Heatmap illustrating the deconvolution scores of cell type composition across BCL, PRL, and 
RPE/Choroid regions, as inferred by RCTD from Visium spatial transcriptomics data. (G) Spatial feature plots showing the myeloid cell type scores inferred 
by RCTD.The upper panel shows one sample from the control group, and the lower panel shows two samples from the PD5D group. (H) Lollipop plots 
depicting the enrichment analysis of up-regulated genes in RPE/choroid in the PD group.The bar length indicates the enrichment significance of each 
term, while the adjacent dots represent the number of enriched genes, with dot size proportional to the gene count. (I) Spatial feature plots showing the 
spatial distribution of Cd68 expression in the standard Visium dataset. A common color scale was used across all 7 samples

https://www.biorender.com/
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Endothelial-derived TNFSF10–TNFRSF10B signaling 
recapitulates macrophage transcriptional programs and 
implicates NF-κB activation in dAMD
To further delineate the signaling mechanisms between 
endothelial cells and SLC16A10⁺ macrophages, we sys-
tematically analyzed ligand–receptor interactions. 
Communication networks with endothelial cells as sig-
nal senders revealed that signaling toward SLC16A10⁺ 
macrophages exhibited the highest interaction strength 
(Fig. 4A). Comparative analysis between HR and dAMD 
further showed that this interaction was markedly 
increased in dAMD (Fig. S3), indicating enhanced endo-
thelial–macrophage crosstalk.

Differential analysis of candidate ligand–recep-
tor pairs identified multiple altered interactions (Fig. 
4B–C). By integrating cell type–specific expression pat-
terns (Fig. 4D), the TNFSF10–TNFRSF10B signaling 
pathway was identified as the most specific interaction 
from endothelial cells to SLC16A10⁺ macrophages [51, 
52]. This pathway was globally strengthened in dAMD 
and predominantly enriched along the endothelial-to-
SLC16A10⁺ macrophage direction (Fig. 4E), suggesting 
its potential role in driving inflammatory responses.

To further evaluate the functional relevance of 
TNFSF10 signaling, we used NicheNet to predict its 
downstream target genes and constructed a TNFSF10 
target gene set (Fig.  4F). This gene set was significantly 
enriched in dAMD SLC16A10⁺ macrophages (Fig.  4G), 
accompanied by an increased TNFSF10 target program 
score (Fig. 4H).

Notably, enrichment analysis revealed that TNFSF10 
target genes were primarily associated with inflamma-
tory and stress-related pathways (Fig.  4I). Consistently, 
DEGs in dAMD SLC16A10⁺ macrophages were also 
enriched in these pathways (Fig. 4J). Intersection analysis 
further identified a substantial overlap of enriched path-
ways between these two gene sets (Fig. 4K), indicating a 
strong concordance between TNFSF10 downstream sig-
naling and the endogenous transcriptional program of 
SLC16A10⁺ macrophages.

Together, these findings suggest that endothelial-
derived TNFSF10 signaling closely recapitulates the 
intrinsic transcriptional programs of SLC16A10⁺ mac-
rophages. Enrichment of the NF-κB signaling pathway in 
both gene sets suggests that TNFSF10 signaling may pro-
mote inflammatory activation through NF-κB–depen-
dent mechanisms.

NFKB1-mediated NF-κB signaling drives inflammatory 
transcriptional programs in dAMD SLC16A10⁺ 
macrophages
To further investigate the transcriptional regula-
tion downstream of TNFSF10 signaling, we per-
formed SCENIC analysis focusing on transcription 
factors in SLC16A10⁺ macrophages. Differential analysis 
showed that NFKB1, a key transcription factor medi-
ating NF-κB signaling, was significantly upregulated 
in dAMD compared with the HR group (Fig.  5A). By 
assessing the overlap between TNFSF10 target genes 
and transcription factor regulons, we identified a set 

(See figure on previous page.)
Fig. 2  Single-cell transcriptomic landscape and intercellular communication features in control and dry age-related macular degeneration (dAMD) RPE–
choroid tissues. (A) Schematic overview of the single-cell RNA sequencing (scRNA-seq) workflow using macular and peripheral RPE–choroid tissues from 
control and dAMD samples. The illustration was created with BioRender. (B) UMAP visualization showing cellular heterogeneity within the RPE–choroid, 
identifying major cell populations including retinal pigment epithelial cells (RPE), melanocytes, endothelial cells (Endo), smooth muscle cells (SMC), fibro-
blasts (Fib), Schwann cells, myeloid cells, B cells, T cells, natural killer (NK) cells, and mast cells. (C) Bubble plot illustrating the relative proportions of major 
cell types between control and dAMD groups. Each dot represents the proportion of a specific cell type within a given group, with dot size indicating 
relative abundance. (D) Violin plots displaying canonical marker gene expression across major cell populations in the RPE–choroid. (E) Volcano plots il-
lustrate the distribution of DEGs across major cell types in dAMD, with all genes shown as points. Selected representative genes are labeled, and key genes 
in endothelial and myeloid cells are highlighted in red. (F) Enrichment analysis of upregulated genes in endothelial cells from dAMD samples. Bar length 
reflects enrichment significance, whereas an adjacent dot column indicates the number of enriched genes, with dot size proportional to gene count. 
(G) Enrichment analysis of upregulated genes in myeloid cells from dAMD samples. Bar length reflects enrichment significance, whereas an adjacent dot 
column indicates the number of enriched genes, with dot size proportional to gene count. (H) Dumbbell plot depicting differences in incoming signal-
ing strength among cell types between control and dAMD groups. Dot size indicates the number of inferred interactions. (I) Dumbbell plot showing 
differences in outgoing signaling strength among cell types between control and dAMD groups. Dot size indicates the number of inferred interactions. 
(J) Heatmap illustrating differential communication strength within identical cell types between control and dAMD conditions
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of TNFSF10-associated transcription factors (Fig.  5B). 
Intersection with transcription factors upregulated in 
dAMD revealed that NFKB1 was included in the overlap 
and exhibited significantly increased activity (Fig.  5C–
D), indicating its potential role as a central regulator of 
TNFSF10-associated transcriptional programs.

A regulatory network centered on NFKB1 was con-
structed (Fig.  5E), revealing associations with multiple 
inflammation- and signaling-related genes, including 
TANK, TRAF3, and CFLAR. Consistently, NFKB1 
expression was elevated in dAMD SLC16A10⁺ macro-
phages, accompanied by increased NF-κB signaling path-
way activity (Fig. 5F–G).

These findings indicate that NFKB1 links TNFSF10 sig-
naling to NF-κB pathway activation in dAMD SLC16A10⁺ 
macrophages.

Progressive activation of NF-κB signaling during 
monocyte-to-SLC16A10⁺ macrophage differentiation
To investigate the differentiation trajectory of SLC16A10⁺ 
macrophages in dAMD, pseudotime analysis was per-
formed on myeloid cells. Trajectory inference revealed 
that monocytes were positioned at the root and 
diverged into two major branches (Fig.  6A–B), with 

one branch predominantly enriched for SLC16A10⁺ 
macrophages and the other mainly comprising 
SLC16A10⁻ macrophages.

Clustering of pseudotime-associated genes identified 
four gene modules (C1–C4) (Fig.  6C). Notably, specific 
modules (e.g., cluster 2 and cluster 4) were upregulated 
along the lineage corresponding to SLC16A10⁺ macro-
phages (Lineage 2) and were enriched in inflammation-
related pathways, including NF-κB signaling and TNF 
signaling pathways.

To assess dynamic changes in NF-κB signaling along 
the differentiation trajectory, an NF-κB signaling path-
way score was calculated and projected onto the pseu-
dotime space. The results showed a progressive increase 
in NF-κB pathway activity along the SLC16A10⁺ mac-
rophage lineage (Fig.  6D). Consistently, NFKB1 expres-
sion gradually increased along this branch, whereas it 
exhibited a declining trend along the alternative lineage 
(Fig. 6E).

Collectively, pseudotime analysis indicates that the dif-
ferentiation of SLC16A10⁺ macrophages is accompanied 
by enrichment of inflammation-associated gene modules, 
together with progressive upregulation of NFKB1 expres-
sion and NF-κB signaling activity. These findings suggest 

(See figure on previous page.)
Fig. 3  Characterization of myeloid cell subpopulations and co-expression network analysis. (A) UMAP visualization of cellular heterogeneity within 
myeloid cells, identifying distinct subpopulations including monocytes, dendritic cells (DCs), SLC16A10-positive macrophages (SLC16A10 ⁺ Macro), and 
SLC16A10-negative macrophages (SLC16A10− Macro). (B) Bar plot showing the relative proportions of myeloid subpopulations between control and 
dAMD groups. (C) Bubble plot displaying marker gene expression patterns across myeloid subpopulations. Dot color represents the average expression 
level of each gene within the corresponding cell type, and dot size indicates the proportion of cells expressing the gene. (D) Heatmap showing enrich-
ment analysis of DEGs among myeloid subpopulations. Enrichment results are presented as horizontal bands, with only selected representative func-
tional terms annotated. (E) hdWGCNA gene dendrogram illustrating nine co-expression modules constructed based on gene functional relationships. 
Each module is indicated by a distinct color. Each leaf of the dendrogram represents a gene, and the color bar below denotes module assignment. The 
gray module contains genes not assigned to any co-expression module and is excluded from downstream analyses. (F) UMAP visualization of the co-
expression network. Each node represents a gene, and edges indicate co-expression relationships with module hub genes. Node size is scaled according 
to kME values, and nodes are colored by module assignment. (G) Bubble plot showing module expression patterns across four myeloid subpopulations. 
(H) UMAP projection displaying the expression distribution of modules within myeloid cells. (I) Enrichment analysis of Module3, Module5 and Module8 
genes. The left lollipop plot represents the number of enriched genes, while the right bar plot shows enriched pathways, with bar length reflecting 
enrichment significance
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that SLC16A10⁺ macrophages may respond to endothe-
lial–macrophage crosstalk through NF-κB–mediated 
inflammatory signaling, thereby contributing to immune 
niche remodeling and disease-associated inflammation in 
dAMD.

Discussion
Age-dependent, progressive degeneration of the outer 
retina, encompassing the retinal pigment epithelium 
(RPE) and choroid, constitutes a hallmark pathological 
feature of dry age-related macular degeneration (dAMD) 
[2, 49, 53, 54], with chronic inflammation serving a cen-
tral pathogenic role [55, 56]. In this study, we innovatively 
integrated single-cell and spatial analyses to elucidate 
the mechanisms underlying inflammatory niche forma-
tion in the outer retina. Using spatial transcriptomics, 
we first identified myeloid cell infiltration as a key pro-
inflammatory alteration in the RPE-choroid niche of a 
photo-oxidation mouse model. We subsequently demon-
strated that endothelial cell-derived TNFSF10 activates 

SLC16A10⁺ macrophages via TNFRSF10B/NF-κB signal-
ing, driving the release of inflammatory cytokines and 
establishment of a pro-inflammatory niche.

Several prior studies have employed light-induced oxi-
dative damage to generate mouse models recapitulating 
the human dAMD phenotype [57, 58]. In the present 
work, PD 1D mice, which approximate an early-stage 
AMD phenotype [59], exhibited no substantial myeloid 
cell aggregation in the RPE/choroid (Supplementary 
Fig. 1), whereas PD5D mice displayed marked choroi-
dal myeloid infiltration and elevated expression of the 
monocyte/macrophage marker CD68 (Fig. 1), implicating 
myeloid cells in advanced AMD progression within this 
region. While retinal microglia (a myeloid subcluster) 
have been extensively studied [60–62], choroidal mac-
rophage populations have received less attention, with 
most studies focusing on nAMD [63–65]. Thus, a more 
comprehensive investigation of dAMD-associated mac-
rophages is warranted.

(See figure on previous page.)
Fig. 4  TNFSF10–TNFRSF10B–mediated endothelial–SLC16A10⁺ macrophage communication and functional characterization. (A) Circular network plot 
illustrating intercellular communication centered on endothelial cells. Nodes represent distinct cell types and are colored by cell category; edges indicate 
inferred ligand–receptor interactions, with edge width reflecting communication strength (number of ligand–receptor pairs). (B) Bar plot showing the 
top 40 upregulated ligand–receptor pairs in the dAMD group ranked by communication probability (prob). The ligand–receptor pair TNFSF10–TNFRS-
F10B of particular interest is highlighted with a red box. (C) Bubble plot comparing ligand–receptor interactions between endothelial cells and SLC16A10⁺ 
macrophages in Control and dAMD groups. Bubble size represents statistical significance (p value, p < 0.01), while bubble color denotes communication 
probability. The TNFSF10–TNFRSF10B pair is highlighted with a red box. (D) Bubble plot depicting gene expression patterns of ligand–receptor pairs 
across major cell types. Dot color indicates average gene expression within each cell type, and dot size reflects the proportion of cells expressing the 
gene. Ligands and receptors are annotated according to the legend. (E) Circular network plot showing signaling strength of the TNFSF10–TNFRSF10B 
ligand–receptor pair in Control and dAMD groups. Nodes represent cell types, and edges denote ligand–receptor–mediated signaling. Edge color in-
dicates signal source, and edge width reflects communication weight. Edge widths were normalized using a shared maximum value across groups to 
enable comparison. (F) Heatmap displaying the regulatory potential of ligand TNFSF10 on predicted target genes. Rows represent ligands and columns 
represent filtered predicted target genes, with color intensity indicating regulatory strength. (G) GSEA enrichment plot showing enrichment of the 
TNFSF10 target gene program (TNFSF10_target_program) in dAMD SLC16A10⁺ macrophages. The curve represents the running enrichment score, and 
the peak reflects the degree of enrichment within the ranked gene list. Analysis was performed using the top 300 TNFSF10 target genes ranked by 
NicheNet-predicted regulatory potential. (H) Module activity of the TNFSF10 target gene program in RPE–choroid cell types assessed by UCell scoring. 
Violin plots show score distributions across Control and dAMD groups, with colors indicating group identity. Statistical comparisons are annotated (ns: 
p > 0.05; *: p ≤ 0.05; **: p ≤ 0.01; ***: p ≤ 0.001; ****: p ≤ 0.0001), reflecting activity differences between groups. (I) Bar plot showing enrichment results of the 
TNFSF10 target gene program. Bar length represents significance (− log10 p value), and color indicates the number of enriched genes, with deeper color 
corresponding to higher gene counts. (J) Chord diagram illustrating enriched pathways of DEGs in SLC16A10⁺ macrophages in dAMD versus Control and 
their associated genes. Links represent pathway–gene associations with directionality from pathways to genes. Pathway nodes are colored by category, 
and gene nodes are colored according to expression change in dAMD (avg_log2FC). (K) Venn diagram displaying pathway overlap between enrichment 
results of the TNFSF10 target gene program and enrichment results of DEGs in SLC16A10⁺ macrophages (dAMD vs. Control). Numbers indicate pathway 
counts and intersections, with proportional percentages annotated for each region. Representative overlapping GO and KEGG pathways are highlighted 
in red
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In-depth analysis of human RPE-choroid scRNA-seq 
data revealed substantial transcriptional alterations in the 
myeloid cell compartment of dAMD samples, accompa-
nied by significantly enhanced incoming signaling from 
other cell populations (Fig. 2). Myeloid cells are charac-
terized by diversity and plasticity, enabling the genera-
tion of subclusters with distinct molecular phenotypes 
and functions in response to various stimuli [66, 67]. 
Traditionally, macrophages have been dichotomized into 
pro-inflammatory (M1) and anti-inflammatory (M2) sub-
clusters [68, 69]. Here, based on SLC16A10 expression, 
we designated the two identified macrophage subclusters 
as SLC16A10⁻ and SLC16A10⁺ macrophages. SLC16A10⁻ 
macrophages are primarily engaged in metabolism and 
protein synthesis, supporting tissue homeostasis and 
repair. In contrast, SLC16A10⁺ macrophages exhibited 
pronounced pro-inflammatory, stress-response, and 
vascular-migration signatures, with enrichment of clas-
sic inflammatory pathways such as NF-κB, indicative of 
an activated state central to tissue injury, oxidative stress, 
and the formation of a complex vascular-inflammatory 
niche (Fig. 3). This subcluster may thus represent a key 
target for impeding dAMD progression. Notably, strong 
endothelial-to-macrophage signaling was markedly 

enhanced in dAMD (Fig. 4). Endothelial degeneration, 
an early event in AMD pathogenesis [70, 71], has also 
been shown to critically regulate macrophages in vari-
ous vascular and inflammatory diseases [72, 73]. Collec-
tively, these findings underscore endothelial-SLC16A10⁺ 
macrophage crosstalk within the vascular-inflammatory 
niche as a pivotal driver of dAMD progression.

We identified TNFSF10/TNFRSF10B signaling as a 
key conduit for endothelial regulation of SLC16A10⁺ 
macrophages, with NF-κB serving as the critical down-
stream pathway. Endothelial cell-derived TNFSF10 inter-
action with TNFRSF10B on SLC16A10⁺ macrophages 
was significantly augmented in dAMD (Fig. 4). We 
propose that during dAMD pathogenesis, endothelial 
TNFSF10 engages TNFRSF10B on SLC16A10⁺ macro-
phages, activating NF-κB signaling and inducing robust 
pro-inflammatory cytokine release, thereby perpetuat-
ing a sustained inflammatory niche. TNFSF10, a TNF 
superfamily member traditionally associated with apop-
tosis induction [74–76], has been reported to regulate 
angiogenesis, cell recruitment, and vascular stabilization 
when derived from endothelial cells [77], with emerging 
roles in inflammation control [78, 79]. Prior work dem-
onstrated that anti-TNFSF10 therapy suppresses retinal 

(See figure on previous page.)
Fig. 5  Characteristics of dAMD-associated transcription factors and NF-κB signaling pathway in SLC16A10⁺ macrophages. (A) Volcano plot showing dif-
ferentially expressed transcription factors (TFs) between dAMD and control groups in SLC16A10⁺ macrophages. Each point represents a TF, with the x-axis 
indicating log₂ fold change (log₂FC) and the y-axis showing −log10 adjusted p value. TFs meeting the significance threshold (FDR < 0.05 and |log₂FC| > 
0.5) are labeled, with upregulated TFs in dAMD shown in red, downregulated TFs in blue, and non-significant TFs in gray. (B) Rank plot displaying the top 
20 representative TF regulons associated with TNFSF10 and their significant overlap with TNFSF10 target genes. The x-axis represents TFs ranked by the 
number of overlapping genes, and the y-axis indicates the number of overlapping genes. The color of each point reflects the enrichment significance 
(− log₁₀ adjusted p value), with deeper colors indicating higher significance. (C) Venn diagram showing the overlap between upregulated TFs in dAMD 
(diff_up_TFs) and TNFSF10-related TFs (TNFSF10_TFs). Numbers indicate the size of each group and their intersection, with percentages representing 
the proportion of each part. TFs in the intersection are highlighted in red. (D) Boxplot illustrating the regulatory activity (AUC) of core TFs that are both 
upregulated in dAMD and TNFSF10-related (up_overlap_TFs) in SLC16A10⁺ macrophages from control and dAMD groups. Statistical comparisons be-
tween groups are indicated. (E) Regulatory network of the top 50 target genes controlled by NFKB1, with edges representing regulatory strength. Nodes 
represent TFs or target genes, with NFKB1 highlighted in yellow and target genes in black. Edge width and color indicate regulatory strength, with color 
intensity reflecting the magnitude. (F) Violin plot showing the expression of NFKB1 across different cell types in control and dAMD groups. Each violin rep-
resents the expression distribution within a cell type, with median values indicated by boxplots and colors distinguishing groups. Statistical comparisons 
between groups are indicated. (G) Violin plot showing the activity scores of the NF-κB signaling pathway across different cell types in control and dAMD 
groups. Each violin represents the distribution of pathway scores for a given cell type, with median values indicated by boxplots, colors distinguishing 
groups, and statistical comparisons annotated
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inflammation in age-related disease models by modulat-
ing inflammatory and anti-inflammatory microglia [80], 
consistent with our findings and supporting TNFSF10 
as a therapeutic target in dAMD. NFKB1, a core NF-κB 
family member, orchestrates inflammatory responses 
and drives expression of multiple inflammation-related 
genes in SLC16A10⁺ macrophages (Fig. 5) [81], further 
corroborating NF-κB pathway activation in this subclus-
ter. Pseudotime analysis revealed that the differentiation 
trajectory of SLC16A10⁺ macrophages involves progres-
sively increasing NFKB1 expression and NF-κB pathway 
activity (Fig. 6), suggesting that activation of inflamma-
tory programs is an acquired feature during subcluster 
divergence. These results provide evidence for endothe-
lial TNFSF10 paracrine signaling promoting pro-inflam-
matory activation in SLC16A10⁺ macrophages via NF-κB, 
while expanding our understanding of TNFSF10 function 
in dAMD pathology.

Based on these findings, we propose a schematic 
model in which endothelial-derived TNFSF10 activates 
SLC16A10⁺ macrophages through TNFRSF10B, leading 
to NFKB1-mediated NF-κB signaling and subsequent 
pro-inflammatory activation (Fig. 7). This process drives 

inflammatory remodeling of the RPE–choroid niche and 
contributes to dAMD progression.

In summary, by integrating scRNA-seq and spatial 
transcriptomics data, this study systematically maps 
the remodeling of the RPE-choroid niche in dAMD. We 
identify SLC16A10⁺ macrophages as a pro-inflammatory 
dAMD-associated subcluster whose inflammatory acti-
vation is closely tied to endothelial-derived TNFSF10 sig-
naling and NFKB1-mediated transcriptional regulation. 
These findings offer new cellular and molecular insights 
into how the RPE-choroid inflammatory niche contrib-
utes to dAMD progression, and provide a theoretical 
foundation for interventions targeting the endothelial-
macrophage TNFSF10/TNFRSF10B/NF-κB pathway.

Conclusions
This study systematically characterizes immune remodel-
ing in the RPE–choroid region in dry AMD and identifies 
an endothelial–macrophage TNFSF10–TNFRSF10B–
NF-κB signaling pathway that drives disease progression. 
These findings provide new insights into disease mecha-
nisms and suggest potential therapeutic targets for dry 
AMD.

(See figure on previous page.)
Fig. 6  Dynamics of myeloid cell subtypes. (A) Pseudotime trajectory analysis showing the developmental dynamics of three myeloid subtypes, with 
distinct colors representing different cell subclusters and arrows indicating the end points of the trajectory. (B) Pseudotime lineage trajectory showing 
distinct developmental lineages of myeloid cell populations. (C) Heatmap (right) depicting the dynamic changes in gene expression along the pseudo-
time trajectory. Genes within the trajectory were partitioned into four distinct modules. Corresponding enrichment analysis results for each module are 
shown on the left, where bar length represents the enrichment significance, and the numbers within adjacent circles indicate the number of enriched 
genes. (D) Feature plot illustrating the dynamic changes in the NF-κB signaling pathway score across the pseudotime trajectory. (E) Gene expression of 
NFKB1 over pseudotime.Scatter points are colored by distinct myeloid cell subtypes, and curves are colored by different lineages. (F) Schematic illustra-
tion of the endothelial–macrophage TNFSF10–NF-κB signaling pathway in dAMD
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Fig. 7  Proposed model of the endothelial–macrophage TNFSF10–TNFRSF10B–NFKB1–NF-κB signaling pathway driving inflammatory remodeling in 
dAMD. By integrating spatial transcriptomics and single-cell RNA sequencing, this study identifies an endothelial–macrophage TNFSF10–TNFRSF10B–
NF-κB signaling pathway as a key driver of inflammation in the RPE–choroid microenvironment in dAMD. Activation of this pathway promotes pro-in-
flammatory polarization of SLC16A10⁺ macrophages and drives inflammatory remodeling of the local niche, thereby contributing to disease progression. 
Targeting this signaling cascade may represent a potential therapeutic strategy for dAMD
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