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Spatial transcriptomics has emerged as a transformative approach for

insitu mapping of cellular heterogeneity and interactions, yet existing
methods often compromise throughput, cost and tissue coverage. Here

we introduce Imaging Reconstruction using Indexed Sequencing (IRISeq):
anoptics-free, cost-effective platform that leverages spatial interaction
mapping by indexed sequencing to profile tissues at adjustable sizes and
resolutions (5-50 pm). We applied IRISeq to map gene expression across
more than 70 coronal sections from both adult and aged mouse brains,
including wild-type and two lymphocyte-deficient models (Ragl and
Prkdc mutants) and generated more than 460,000 spatial transcriptome
profiles. Our integrated analysis with 783,264 single-cell transcriptomes
revealed region-specific aging signatures that are lymphocyte dependent,

notably adownregulation of interferon signaling and inflammationin
ventricular regions upon lymphocyte depletion, alongside mutant-specific
upregulation of senescence pathways. Furthermore, lymphocyte deficiency
was linked to preserved abundance of ependymal cells that line the brain’s
ventricles and to distinct microglial state dynamics, highlighting a key role
for lymphocytes in driving inflammatory processes during brain aging.
Overall, IRISeq provides a high-throughput and cost-effective solution

for spatially resolved transcriptomic profiling, opening new avenues for
elucidating region-specific cellular mechanisms underlying aging and
identifying potential therapeutic targets to preserve brain homeostasis.

Understanding the spatial organization of molecules and cells is
essential for studying cellular network dynamics in aging and disease.
Although recent advances in spatial transcriptomics, such as multi-
plexed in situ hybridization' and indexed oligonucleotide capture
arrays*'°, have greatly expanded our ability to profile genome-wide
RNA expression across anatomical locations, current methods still
face limitations in throughput, cost and comprehensive tissue cov-
erage. Specifically, methods like in situ hybridization are limited by

imaging speed, and indexed array methods (for example, 10x Visium,
Slide-seq*") are often constrained by scalability, area coverage or
the technical challenges of optical imaging. The concept of ‘spatial
mapping by sequencing’ uses barcoded DNA sequences to encode
spatial proximity among biological molecules™. This strategy, first
used in DNA Hi-C to reconstruct three-dimensional chromatin
structure”, has recently been adapted to measure spatial interactions
among targeted messenger RNAs (mRNAs) in cultured cells' and the
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distribution of cellular surface proteins®. Despite these advances, a
robust, high-throughput and cost-effective sequencing-based plat-
form for region-specific transcriptomic analysis of complex tissues
remains unavailable.

Here we present Imaging Reconstruction using Indexed Sequenc-
ing (IRISeq), ascalable and cost-effective spatial genomic method that
reliesentirely onsequencing, eliminating the need for predefined cap-
turearrays or opticalimaging. IRISequses DNA-barcoded beads to cap-
ture gene expression across thousands of spatial locations and infers
bead positions from interaction signals with neighboring beads. We
applied IRISeq to adult and aged mouse brain sections and identified
bothwidespread and region-specific molecular and cellular changesin
aging. By integrating IRISeq with our single-nucleus genomics platform
EasySci'®, we further showed that depleting functional lymphocytes
reduces IFN-responsive glial populations and preserves ependymal
cellsinaged ventricles.

Results

Overview of IRISeq

The optimized IRISeq protocol involves several key steps (Fig. 1a-c).
First, two types of oligo-barcoded beads are prepared: receiver beads
coated with poly(T) sequences to capture nearby cellular mRNA and
sender beads carrying a photocleavable linker and poly(A) sequence.
These beads are generated through a split-pool ligation approach”
so that each bead carries a unique barcode. Second, the beads are
evenly distributed on a glass slide, and ultraviolet exposure allows
local diffusion and capture of sender oligos by nearby receiver
beads, mimicking the capture of tissue mRNA. Third, frozen tissue
sections are transferred onto the array, and tissue mRNA is captured
by receiver beads through hybridization and tissue digestion. Fourth,
after tissue digestion, beads are collected for reverse transcription
(RT), second-strand synthesis, tagmentation and polymerase chain
reaction (PCR), followed by sequencing to generate transcriptome
and bead-connection information. Detailed IRISeq protocols are
provided to enable cost-efficient spatial transcriptomic mapping of
tissue sectionsinindividual laboratories (Supplementary Note 1and
Supplementary Table1).

After library preparation and sequencing, IRISeq yields two out-
puts: a bead-bead interaction matrix for identifying connections
and a gene expression matrix assigning transcripts to each receiver
bead (Fig. 1e, left). The global spatial positions of receiver beads
were inferred by applying principal component analysis (PCA) and
uniform manifold approximation and projection (UMAP)* to the
interaction matrix (Methods and Extended Data Fig. 1). The resulting
two-dimensional UMAP coordinates recapitulated the designed assay
layout and preserved positional relationships among beads (Fig. 1e,
middle). Simultaneously, the gene expression matrix was used for
dimensionality reduction and clustering to annotate receiver beads
based on region-specific expression patterns (Fig. 1e, right).

For an initial demonstration, we used a 50-um bead array
(0.6 cm x 0.6 cm) to profile a coronal mouse brain section (Fig. If).
Thisexperimentyielded 5,028 receiver beads, each capturing amedian
of 4,587 unique transcripts (2,535 genes) and 1,998 unique bead-bead
connection oligos, with each receiver bead connecting to amedian of
five sender beads (Fig. 1g and Extended Data Fig. 2a). Clustering analysis
of receiver-bead gene expression profiles identified 12 transcription-
ally distinct brain region clusters, validated by region-specific mark-
ers (Fig. 1i) and external datasets (Extended Data Fig. 2b-d). We then
reconstructed the spatial positions of all receiver beads using only their
connection signals with sender beads (Fig.1h). The resultingimage pre-
served local neighborhood structure and accurately positioned beads
from distinct brain regions in their expected locations, similar to the
preindexed 10x Visium oligo array (Fig. 1j and Extended DataFig. 2e,f).
Of note, although UMAP replicates may differ slightly in overall orienta-
tionor global placement, the relative distances and local relationships

between beads remained highly stable, confirming the reproducibility
of spatial reconstruction (Extended DataFig. 2g). Overall, these results
demonstrate that IRISeq can map spatially barcoded transcriptomes
without optical imaging.

A distinctive feature of IRISeq is its ability to reconstruct bead
positions solely from local interactions, eliminating the need for prein-
dexed arrays orimaging. This enables profiling of large tissue sections
beyond the limits of conventional methods, demonstrated by the simul-
taneous profiling of two entire mouse brainsectionsonal.5cm x 1.5cm
array (Extended Data Fig. 2h-k). Furthermore, its generalizability
was shown by successfully profiling a high-resolution (10-pm) mouse
kidney section. At only 20% sequencing saturation, we captured a
median of 1,306 unique molecular identifier (UMI) counts and 882
unique genes (Extended DataFig. 2I). Analysis resolved expected renal
territories, and canonical markers showed the expected spatial pat-
terns (Extended Data Fig. 2m-s). In addition, IRISeq offers adjustable
resolution by varying bead size, similar to other bead-based spatial
transcriptomics methods>". To support high-resolution profiling, a
dendrimer-based strategy'’ wasimplemented during bead synthesis,
which markedly increased oligo density on the bead surface (Fig. 2a
and Extended Data Fig. 3a).

We next evaluated the performance of high-resolution IRISeq
using 10-um and 5-um beads. A 0.6-cm diameter circular bead array
with10-pmbeadsyielded 384,802 unique receiver beads before qual-
ity filtering and 78,791 high-quality receiver beads from a mouse hip-
pocampal section (Fig. 2b). Despite relatively shallow sequencing
depth (63% saturation), we achieved a mean capture of 926 UMIs and
646 genes per receiver bead, with medians of 763 UMIs and 558 genes
(Extended Data Fig. 3b-d). Using an annotated single-cell reference
from the mouse brain®®, we assigned cell identities to bead-specific
transcriptomes from the high-density array (Fig. 2c and Methods).
The identified diverse brain cell types mapped to their expected ana-
tomical locations (Extended Data Fig. 3e) and were further validated
by region-specific gene expression patterns, such as CIgl2in the den-
tate gyrus (Fig. 2d). We further validated the approach in a cerebel-
lum section, where we observed highly specific spatial localization
of cerebellar granule neurons and Purkinje neurons (Fig. 2e-g and
Extended Data Fig. 3f). Testing with 5-um beads, we achieved an even
higher density of 154,103 high-quality beads (an average of 404 UMIs
and 309 genes per bead) for detailed mapping of gene expression in
the hippocampalsection, including Ttrin the ventricles and Hpcainthe
hippocampus (Extended Data Fig. 3g). Notably, the practical resolu-
tion of IRISeq corresponds directly to bead diameter, and transcript
capture efficiency remains robust relative to existing high-resolution
methods under comparable conditions.

Insummary, IRISeq offers several key advantages over traditional
spatial genomic methods: itis more cost-effective than typical commer-
cial platforms” (approximately $30 per tissue section; Fig. 1d); scalable
for profiling multiple, large tissue sections; and enables optics-free
spatial mapping vialocal neighborhood interactions. Furthermore, its
adjustableresolution through varying bead size establishes IRISeq as
aversatile platform for spatial transcriptomic analysis across diverse
research applications.

A spatially resolved transcriptome atlas of the mouse brain

We utilized IRISeq to profile 24 coronal sections from adult (4-month)
and aged (23-month) wild-type (WT) C57BL/6 mouse brains (n =3
per age group), spanning the frontal to dorsal cortex, including the
hippocampus, thalamus, hypothalamus and surrounding regions.
For each brain, this included one frontal cortex section (‘section1’),
onemiddle cortex section (‘section2’) and two adjacent dorsal cortex
sections (‘section 3’) (Fig. 3a). After processing and quality control,
we recovered a median of 3,905 receiver beads per section, yielding
98,006 spatially distinct transcriptome profiles overall (Fig. 3b).
Although these samples were generated using an earlier version of
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Fig.1| Overview and validation of the IRISeq platform. a, Schematic illustrating
the generation of barcoded hydrogel beads (‘sender beads’ and ‘receiver beads’)
through combinatorial indexing. b, Diagram showing the dual interaction
between sender and receiver beads for capturing RNA from tissue samples

and indexing spatial locations on the array. ¢, Schematicillustrating the IRISeq
experimental pipeline utilizing barcoded gel beads (‘receiver beads’) to capture
mRNA expression from nearby cells, along with barcoded oligos from adjacent
‘sender beads’ for spatial localization. d, Pie chart detailing the reagent cost
breakdown for profiling a tissue section using a 0.6 cm x 0.6 cm bead array.

e, Diagram showing the generation of gene count and bead-bead connection
matrices from IRISeq data to identify region-specific gene expression and infer
bead spatial locations forimage reconstruction. f, Depiction of a small-scale
IRISeq experiment using a 0.6 cm x 0.6 cm bead array to profile amouse brain
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hemisection. g, Box plots displaying the distribution of unique transcripts and
gene counts across 5,028 receiver beads from a single tissue section (n = 5,028
observations from one section). Center line, median; box, interquartile range;
whiskers, minimum to maximum. h, UMAP plot showing the spatial distribution
of receiver beads based oninteractions with sender beads, colored by the
number of unique transcripts per bead. i, We integrated the gene expression data
of receiver beads with spatial transcriptome data from 10x Visium'. The UMAP
plot shows the integrated gene expression clusters, with each bead colored

by annotated brain regions. j, UMAP plot visualizing the spatial distribution of
receiver beads, with each bead colored by annotated brain regions. Schematics
created in BioRender: a, Cao, J. https://biorender.com/6¢cr9gte (2026); b,c.e f,
Cao, ). https://biorender.com/i2ew4vq (2026).

IRISeq that was less efficient than the optimized platform (Supplemen-
tary Note 1), we still recovered an average of 3,725 unique transcripts
and 6,771 unique bead-bead connection oligos per receiver bead
(Extended Data Fig. 4a-c).

To annotate spatial transcriptomic profiles across brain regions,
we integrated IRISeq gene expression data with published datasets
from corresponding brain sections using LIGER?***?*, This analysis
showed strong overlap with published datasets and enabled anno-
tation of 25 distinct brain regions (Extended Data Fig. 4d). Spatial
location was then reconstructed using bead-bead connection infor-
mation. These reconstructions were highly consistent with both gene
expression-based annotations and published references (Fig. 3d and
Extended DataFig.4e),anaccuracy further supported by region-specific
marker genes (forexample, Tacl and Ttr) (Fig.3e). Cross-replicate corre-
lation analysis also demonstrated reproducible spatial transcriptomic
profiles acrosstissue sections (Extended DataFig. 5). To define spatial
cell-type organization, we applied robust cell-type decomposition

(RCTD)* tointegrate the spatial transcriptomics data from IRISeq with
our previously published brain single-cell transcriptome dataset that
has identified more than 300 distinct cell subtypes across different
age stages'®. This effectively mapped known brain cell types and sub-
types across various regions (Extended Data Fig. 4f), and the inferred
cell-typelocations showed high concordance with anindependent 10x
Visium platform' (Extended Data Fig. 6).

We next identified highly region-specific gene features and
cell types through differential analysis (Extended Data Fig. 4g and
Supplementary Tables 3 and 4). For instance, genes like Ccdc153 and
Rarres2 were highly enriched in the ventricular areas of sections 2
and 3, consistent with previous findings**?’ (Fig. 3b). However,
section-specific features were also evident, such asthe enriched expres-
sion of Enpp2only insection 3. Similarly, cell-type distributions varied
by section and region; specific choroid plexus subtypes (for example,
ChPec-2, ChPec-4) enrichment mainly appeared in section 3, corre-
sponding with its prevalence near the ventricle regions.

Nature Neuroscience


http://www.nature.com/natureneuroscience
https://biorender.com/6cr9gte
https://biorender.com/i2ew4vq

Technical Report

https://doi.org/10.1038/s41593-026-02293-1

a
Functionalized coated beads
10-pum beads

Dendrimer coating

5-um beads

or 0 3 DSS DNA
R T NN
+ 3 NH2
+
Amine N\NN
dendrimers
b UMI counts c
High
(N

-

UMAP 1

UMI counts
High

Fig. 2| High-resolution spatial transcriptomics profiling enabled by the
IRISeq platform. a, Schematicillustrating the dendrimer-based strategy for
generating high-DNA-density beads. Functionalized beads are incubated with
poly(amidoamine) dendrimers. DNA primers are then conjugated to the beads,
followed by split-pool bead barcoding. b, Analysis of amouse brain tissue section
encompassing the hippocampal region, with UMI density mapped onto the
spatially reconstructed array. ¢, Gene expression UMAP overlaid on the spatial
reconstruction, revealing clusters aligned with known anatomical features.

d, Expression plot of C1ql2, a marker specific to the dentate gyrus. e, Spatial
profiling of the mouse hindbrain region, showing UMI density distributions
and anatomical boundaries. f, Gene expression UMAP overlaid on the spatial
reconstruction, highlighting clusters corresponding to distinct anatomical
structures. g, Visualization of Calbl, a Purkinje cell marker, demonstrating its
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A. https://biorender.com/ncdwror (2026); Cao, ). https://biorender.com/6¢cr9gte
(2026). Chemical structure of DSS reproduced from Wikimedia Commons
(Edgar181, public domain). Histology images inb,e reproduced from Allen

Brain Atlas®. Astro, astrocytes; Amy, amygdala; CA1-CA3, hippocampal cornu
ammonis regions 1-3; ClauPyr, claustrum/piriform cortex; DG, dentate gyrus;
DSS, disuccinimidyl suberate; Endo, endothelial cells; Ext, excitatory neurons;
HPC, hippocampus; Hypo, hypothalamus; Inh, inhibitory neurons; LGN, lateral
geniculate nucleus; LowQ, low-quality cluster; Micro, microglia; Nb, neuroblasts;
Oligo, oligodendrocytes; OPC, oligodendrocyte precursor cells; Pvalb,
parvalbumin-positive interneurons; Sst, somatostatin-positive interneurons;
STN, subthalamic nucleus; Unk, unknown cluster; Vip, vasoactive intestinal
peptide-positive interneurons; WM, white matter.

Age-associated changes in region-specific gene expression
programs

We next investigated aging-associated gene expression changes by
conducting differentially expressed gene (DEG) analysis across 25 brain
regions, identifying 538 unique upregulated genes and 386 unique
downregulated genes (false discovery rate (FDR) of 0.05, with more
than threefold changes between aged and young brains) (Fig. 4a and
Supplementary Table 5). Among these, 80 downregulated and 33 upreg-
ulated genes consistently exhibited aging-associated changesin more
thantenbrainregions (Fig. 4b). Genes showing global downregulation
were primarily associated with mitochondrial function (for example,
Cox8a, Cox17), ribosomal functions (for example, Rpl30, Rpsi5a) and
ciliafunctions (for example, Cfap74, Catsperd) (Extended DataFig. 7a).
These findings suggest age-related declines in energy production,

cellular metabolism, protein synthesis and ependymal cell function®®%,

which may impair ciliary performance and fluid circulationin the aging
brain® (Fig. 4b).

In contrast, genes upregulated across aged brain regions were
significantly enriched in immune-response pathways, including the
complement pathway, antigen presentation and interferon response
(Fig.4b and Extended DataFig.7a). Although broadly altered, the great-
estchangesininterferonresponse occurredinthe ventricular regions, a
primary site ofinflammation in brain aging® (Fig. 4c,d). These regional
changes were accompanied by the downregulation of neurogenesis
genes (for example, Hdac8, Romol) and upregulation of genes related
toglialactivation (for example, Serpina3n, Gfap), findings consistently
confirmed across different ventricular regions in two coronal sections
(Extended DataFig. 7b,c). Reanalysis of a previously published dataset™®
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Fig. 3| Spatial transcriptomic analysis of mouse brain aging using IRISeq.
a, Schematic of IRISeq profiling across various brain regions, including the
frontalisocortex, dorsal cortex, hippocampus, thalamus, hypothalamus and
additional associated regions. ‘Section1 and ‘section 2’ are for the frontal and
middle parts of the cortex, and ‘section 3’is near the dorsal part of the cortex.
b, Regional gene expression heatmap. ¢, Regional gene expression UMAP.
d,e, Image reconstruction of all receiver beads derived from bead-bead
connections (d), with coloring corresponding to the annotated regions
based ongene expression (e). Schematicinacreated in BioRender; Cao, J.
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https://biorender.com/c6n61lz (2026). AMY, amygdala; CA1-CA3, hippocampal
cornuammonis regions 1-3; CP, caudate putamen; CRTX_RA, retrosplenial
cortical area; CTX, cortex/cortical area; CTX_A, cortical associated area;

DG, dentate gyrus; Glia_Vascular, glia- and endothelial-rich region; HAB_V3,
habenula/third ventricle region; Hipp_CA, hippocampal CA1-CA3 region; Hipp_
DG, hippocampal dentate gyrus; HYP, hypothalamus; NA, nucleus accumbens;
OLF_STR, olfactory and striatal area; SI, substantiainnominata; THcv, central
ventral thalamus; THrn, thalamic reticular nucleus; VEN, ventricles; V3, third
ventricle; WM, white matter. S1-S3 indicate tissue sections 1-3, respectively.

further detected increased interferon-associated gene expression in
ependymal cells, underscoring enhanced interferon responses in the
ventricles and ventricle-associated cells (Extended Data Fig. 7d).

Meanwhile, some aging-associated expression changes are
region-specific (Fig. 4b). In several brain areas, downregulated genes
are primarily neuronal markers involved in signaling and transcrip-
tional regulation (for example, Pvalb, Cck, Sst), suggesting age-related
neuronal loss. Additionally, smooth-muscle-related genes (for exam-
ple, Myom1i, Mylk, Myl9) were significantly downregulated in aged
brain vascular regions, indicating declining vascular integrity with
age (Extended Data Fig. 7e). Conversely, region-specific upregula-
tion includes lymphocyte markers (for example, Cd24a, Ighm and
Cd52), particularly in the ventricles, white matter and hypothalamus
(Extended DataFig. 7f,g). Other findings included afivefold increase in
Sulticlinthe aged ventricular region of section 3, unique upregulation
of Cleci8a in the aged habenular region and a decrease in Hcrt in the
aged hypothalamicregion. The observed age-related, region-specific
gene expression changes were further validated using the 10x Visium
platform’® (Extended Data Fig. 7h).

Age-associated changes in the spatial distribution and
interaction of different cell types

Using the cell-type-specific deconvolution approach RCTD* to
integrate IRISeq spatial expression data with a published single-cell
transcriptome dataset', we mapped previously annotated brain cell
types and subtypes across various regions. We then conducted dif-
ferential abundance analyses to explore region-specific cell popula-
tion dynamics during aging and quantified cell-cell interactions by

analyzing colocations on the same bead (Fig. 5a). Using differential
abundance analysis between adult and aged conditions, we identi-
fied 123 region-specific differentially abundant cellular subtypes
(twofold change between ages with an FDR of 0.05) (Fig. 5b,c and
Supplementary Table 6). The high consistency between these results
and previously published dataset™ validated the reliability of our decon-
volution and regional abundance analysis (Fig. 5d).

Compared to single-cell analysis, spatial transcriptome analysis
offers unique advantages for identifying region-specific cell popula-
tion alterations in the aged brain. The most depleted populations in
the aged brain included olfactory bulb (Ob) neuroblasts (marked by
Prokr2and Robo2) and Ob neuronal progenitor cells (marked by Mki67
and Egfr”"), found primarily in the ventricle regions, which aligns with
reduced adult neurogenesis along the walls of the lateral ventricles*
(Fig.5¢). Additionally, various vascular and blood cell types, including
Myh11+vascular smooth-muscle cells and Nefh+ endothelial cells, were
significantly depleted, indicating region-specific dysregulation of the
vascular system in aging®. Furthermore, a specific ependymal cell
subtype (Slit2+) was depleted in the ventricles, corroborating global
single-cell analysis and suggesting impaired cerebrospinal fluid flow
in the aged brains* (Fig. 5¢,d).

Meanwhile, several cell subtypes significantly expanded across
different regionsinthe aged brain (Fig. 5¢,d). For example, the ventricu-
lar and meningeal regions in section 3 showed the highest predicted
lymphocyte abundance with aging (Extended Data Fig. 7g). Other sig-
nificantly expanded cell types included disease-associated microglia
(DAM, marked by Apoe+, Csfl+) and areactive oligodendrocyte subtype
(OLG-7,C4b+, Serpina3n+ (refs. 35,36)), both predominantly found in
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Fig. 4| Age-associated changes in region-specific gene expression programs.
a, Bar charts depict the number of genes DE between adult and aged

animals across various brain regions, categorized as upregulated (red) and
downregulated (blue). DE genes are defined by more than threefold changes
between the ages with an FDR-adjusted Pvalue < 0.05. Numbers of significant
genes were calculated from region-specific DE analysis for aging using the
likelihood-ratio test in Monocle2; g-values denote multiple-testing-adjusted
Pvalues. Significant genes were defined as those with g < 0.05, FC > 3 between
the highest and second-highest expressed conditions and TPM > 50 in the
highest expressed condition. b, Heatmap showing the log2-transformed FCs in
normalized gene expression between aged and adult animals for DE genes across

different brain regions, distinguishing shared changes (left) from region-specific
changes (right). ¢, Barplots showing the scaled expression and standard error

of gene modules related to interferon response across brain regions in both
adult (blue) and aged (red) conditions. Gene inclusion for interferon module
(Ifi27, Ifitm3, Ifi2712a, Isg20, Isg15, Ifit3, Rtp4) (b). Expression values for each
pathway were calculated by aggregating and normalizing pathway-related gene
expressions, followed by log transformation and scaling. d, Reconstructed
spatial maps display the expression levels of gene modules associated with the
complement and interferon response pathways in adults (top) and aged animals
(bottom) for sections 2 (left) and 3 (right).

the white-matter and ventricle regions and validated by the 10x Visium
dataset'. This expansion aligns with the notably upregulated inflamma-
toryresponseintheseareas (Fig.4d). Furthermore, border-associated
macrophages (marked by Mrc1, Cd163 and Lyz2) expanded around the
meningeal and white-matter regions (Fig. 5c,d), achange reported to
contribute to age-related vascular function defects*%,

Leveraging the IRISeq platform, where each bead captures tran-
scriptomes from multiple cells within the same neighborhood, we
quantified colocalization of two cell subtypes around the same beads
to assess local cellular spatial interactions (Methods). Differential

analysisidentified atotal of 499 interaction pairs significantly altered
with aging (1.5-fold change between ages, with an FDR of 1 x107),
prominently in cortical, striatal, amygdala and white-matter regions
(Fig. 5f,g and Supplementary Table 7). Although most changes were
region-specific, aged white matter showed a consistent decrease
in interactions between Pcdhé6+ oligodendrocyte precursor cells
(OLG-6) and Gfap-low Fat2-high astrocytes (Astrocyte-12) across dif-
ferent sections (Fig. 5f), corresponding with reduced abundance of
oligodendrocyte differentiation during aging'®. Conversely, we noted
increased colocalization among CsfI+ disease-associated microglia
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(DAM), C4b+reactive oligodendrocytes and Gfap-high activated astro-
cytes, which are involved in astroglial activation and gliosis during
aging and neurodegeneration® (Fig. 5f,g). This upregulated colocaliza-
tion, which we termed a potential ‘DAM niche’, was further validated
by 10x Visium (Extended Data Fig. 8d). A hypergeometric test con-
firmed that interactions between reactive oligodendrocytes, DAM
and activated astrocytes were significantly enriched within the same
neighborhood, beyond what is expected from random distribution
(Pvalues = 0.0005and 1x 107 for interactions between DAM and reac-
tive oligodendrocytes and between DAM and activated astrocytes)
(Fig.5hand Extended DataFig. 9). Gene signature analysis of the ‘DAM
niche’ beads further supported these altered cellular interaction net-
works as key features of brain aging (Fig. 5i and Extended Data Fig. 8f).

Unraveling lymphocyte-driven mechanisms in mouse
brainaging
Recent studies* indicate that T cells, particularly CD4+ subsets, infil-
trate the central nervous system in neurodegenerative diseases like
Lewy body dementia and Alzheimer’s disease, contributing to neu-
ronal damage. Aligning with these reports, we observed a dramatic
increase in lymphocyte-associated signaling (for example, Cd24a,
Ighm and Cd52) across different brain regions associated with aging
(Fig.4b). Tofurtherinvestigate therole of ymphocytesinbrainaging,
we employed a systemic lymphocyte knockdown strategy using two
immunodeficient mouse genotypes—B6.12957-RagltmiMom/J and
B6.Cg-Prkdcscid/Sz/—that lack functional or mature lymphocytes*-*.

Utilizing our IRISeq platform, we performed spatial transcrip-
tome analysis on the brains of 23-month-old WT and the two types
of aforementioned immunodeficient mice (three replicates per
group) (Fig. 6a). We profiled a total of 45 coronal sections—including
representative sections from the frontal, middle and dorsal cortex
(Fig. 6a and Supplementary Table 2)—thereby covering brain regions
from the isocortex to areas such as the hippocampus, thalamus and
hypothalamus. After quality-control filtering to remove low-quality
receiver beads, we recovered a median of 7,470 beads per section,
yielding 363,777 spatially distinct transcriptome profiles (Fig. 6b and
Extended Data Fig. 10). Bead-connection data enabled us to recon-
struct the spatial distribution of beads across the sections, which
mapped them to specific brain regions consistent with their annota-
tions (Fig. 6¢).

To study lymphocyte deficiency-driven transcriptome changes,
we next performed differential gene expression analysis across 25
brainregions, identifying 597 upregulated genes and 790 downregu-
lated genes (FDR < 0.05 with more than twofold changes between WT
and mutant brains) (Fig. 6d and Supplementary Table 5). The Prkdc
mutant uniquely showed upregulation of senescence pathway genes

(for example, Cdknla, Btg2, CcndI), which is likely a consequence of
impaired DNA repair leading to chronic cellular stress in this spe-
cific mutant®. Importantly, both Ragl and Prkdc mutants exhibited
increased expression of ependymal cell markers (Foxj1, Ccdc153, Rsphl)
and the choroid plexus marker Ttr, particularly in the habenular and
third ventricle regions. This suggests that lymphocyte deficiency
is linked to the preservation of these cell populations (Fig. 6e and
Extended Data Fig. 10e). Additionally, we observed a brain-wide
decrease of lymphocyte marker genes such as Igkc, a B cell marker,
validating the depletion of mature B cells. Other genes we observed
significantly depleted were primarily associated with the interferon
response pathway (for example, Ifit3, Ifit3b, Oasl2) (Fig. 6e). Notably,
although interferon-related gene expression was generally reduced
in the aged brains of lymphocyte-deficient mutants, the most pro-
nounced decreases were observed in the lateral ventricular regions
and white matter, areas that are key sites of inflammation during brain
aging”® (Fig. 6e—g). This finding is consistent with our previous observa-
tionthat aging-associated interferon signatures peakinthe ventricular
regions (Fig. 4d), thereby underscoring the role of lymphocytes in
driving interferon activation and suggesting that targeted ablation
could mitigate age-related ventricular inflammation.

To further elucidate lymphocyte-driven mechanisms in brain
aging, we analyzed the transcriptional profiles of single cells isolated
frombrainsections of aged WT and lymphocyte-deficient mice using
the EasySci platform'. Intotal, we profiled 36 samples: the three brain
regions included in our IRISeq analysis, as well as the midbrain and
hindbrain regions omitted from our spatial analysis. Samples were
derived from WT mice and two immune-deficient genotypes, with
three biological replicates per condition. After sequencing and filter-
ing to remove low-quality cells and doublets, we obtained 783,264
high-quality single-nucleus gene expression profiles (Fig. 7a), with
an average of 3,155 unique transcripts per cell (median = 2,122 UMIs;
Supplementary Fig. 1a). UMAP visualization and Leiden clustering
revealed 42 major cell types (Fig. 7b and Supplementary Fig. 1b), which
we annotated using predicted labels from published brain atlas data'***
(Supplementary Figs. 2-5), with their anatomical origins further con-
firming the annotations (Supplementary Fig. 1b).

We next performed a differential gene expression analysis across
42 brain cell types, identifying 9,860 and 7,836 cell-type-specific DE
genesin Ragl and Prkdc mutants, respectively. Among these, 2,113 DE
genes were shared between the two mutants, exhibiting significantly
consistent changes (Pearsonr=0.87, Pvalue <2.2 x107%; Fig. 7c). Gene
ontology (GO) analysis revealed that the shared upregulated genes
were enriched in neurogenesis and axonogenesis pathways (Fig. 7d),
consistent with the regulatory function of inflammatory lymphocytes
in suppressing neurogenesis®. Notably, key immune-response genes

Fig. 5| Age-associated changes in region-specific cell-type abundance and
cell-cellinteractions. a, Overview of the approach used to identify region-
specific cellular depletion or expansion associated with aging and to analyze
cell-cellinteraction dynamics. b, Scatter plot illustrating the number of cell
types across different brain regions, showing differential abundance between
adult and aged animals. Increases are shown in orange and decreasesin blue.
Differentially abundant cells were defined by a1.5-fold change withan FDR <1075,
¢, Heatmap showing the FC in key aging-associated cell types across different
brain regions. d, Both global' and region-specific changes (IRISeq) in various
cell populations with aging. Significant changes are highlighted to show how
specific cell types respond to aging in different brain regions, providing insights
into the cellular dynamics associated with the aging process. e, Spatial plots
depicting DAM microgliaand DAM microglia-associated gene localization
inthe white-matter regions of section 3. f, Volcano plot showing significant
enrichment and depletion of cell-cell interaction changes in aged versus

adult white matter, across two anatomically distinct white-matter regionsin
sections 2 and 3, highlighting significantly changed cell-cell interactions in
aging. g, left: representative spatial maps depicting white-matter regions in two

sections from the adult (top) and aged (bottom) brain. Middle: beads indicating
colocalization of reactive oligodendrocytes and DAM. Right: beads with both
reactive oligodendrocytes and activated astrocytes. h, Histogramillustrating the
null distribution of beads with both cell types, assuming random distribution,
withadashed line marking the observed number. Colocalization enrichment
between cell subtype pairs was assessed by one-sided hypergeometric test within
eachregion after filtering RTCD subtype likelihood values <0.05; significant
interactions were defined by adjusted P < 0.05.1, Volcano plots comparing

gene expression in beads with or without DAM in the white matter of section

3, highlighting the top DEGs. NPC, neuronal progenitor cells; Nb, neuroblasts;
scRNA-seq, single cell RNA sequencing. Schematic in a created in BioRender;
Cao,). https://BioRender.com/i2ew4vq (2026). Astro, astrocytes; BAM, border-
associated macrophages; DAM, disease-associated microglia; Endo, endothelial
cells; Ependymal, ependymal cells; Microglia, microglia; Nb, neuroblasts;

NPC, neural progenitor cells; Ob_Nb, olfactory bulb neuroblasts; Ob_NPC,
olfactory bulb neural progenitor cells; Oligo, oligodendrocytes; Oligo precursor,
oligodendrocyte precursor cells; Reactive Astro, reactive astrocytes; Reactive
Oligo, reactive oligodendrocyte-lineage cells; Striatal, striatal neurons/cells.
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(for example, Igkc, Ighm) were significantly downregulated in both
mutants (Fig. 7e). To further validate lymphocyte deficiency in both
mutants, we extracted 18,588 immune cells for clustering analysis,
which yielded nine distinct immune-cell populations—including T
and B lymphocytes as well as different microglia subtypes—based
on cell-type-specific markers (Fig. 7f,g and Supplementary Fig. 5).
Differential abundance analysis using Milo*® confirmed a significant
depletion of lymphocytes in the mutants, as expected (Fig. 7h). In
contrast, major microglial subtypes suchas proliferating microgliaand
disease-associated microglia (DAM) showed minimal alterations, sug-
gesting that their dynamics are less affected by lymphocyte depletion.
Notably, weidentified a unique mutant-specific microglial state charac-
terized by the expression of genesinvolved in cholesterol biosynthesis

a Spatial distribution of
gene expression

Spatial distribution of
cell types

Receiver beads

Region-specific
cell population dynamics

(Dhcr7) and calcium homeostasis (Tmtc2) (Fig. 7h,i). Although this
state has not beenreported previously, prior studies have shown that
Dhcr7is expressed in a subset of microglia, with its deficiency driving
increased microglial activation and astrocyte reactivity*.

Focusing on the effects of lymphocyte depletion on other brain cell
populations, particularly in the aging-vulnerable ventricular regions,
our spatial analysis revealed decreased inflammation in both of these
ventricular regions in immune-deficient brains and elevated expres-
sion of choroid plexus epithelial cells and ependymal cells marker
genesinthethird ventricle region of section 3 (Fig. 6e,f). Both mutants
consistently exhibited reduced pallidal-striatal GABAergic-cholinergic
neurons and increased numbers of ventricular-specific choroid plexus
epithelial and ependymal cells (Fig. 7j and Supplementary Fig. 6a).
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Fig. 6 | IRISeq reveals lymphocyte-dependent shifts in aging-associated indicate DE genes that are shared between both mutants. f, Heatmap showing
interferon gene signatures. a, Schematic of the study design, showing the interferon-related gene expression levels in mutants compared to WT (left).
number of replicates per genotype and anatomical locations in coronal sections. g, left: highlights the ventricles as anatomical landmarks, with Ccdc153 gene

b, UMAP visualization of bead-specific gene expression, colored by genotypes. expression (second from left) marking ventricle ependymal cells. Third from left:
¢, UMAP visualization of gene expression (left) and spatially reconstructed brain aggregated expression of interferon-related genes (Bst2, Ifit3, Ifit3b, Rtp4, Oasl2)
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Fig. 7 | Identification of cell-type-specific gene expression and population
changes inimmune-deficient brains. a, Scatter plot of the number of cells
profiled per sample across brain regions, colored by genotype. b, UMAP
projection of all brain cells, colored by annotated major cell types. ¢, DE analysis
identifying cell-type-specific DE genes in each mutant compared to WT. The
scatter plot demonstrates a strong concordance of DE genes between the

two mutants. d, Dot plot showing significantly enriched pathways among the
upregulated and downregulated DE genes shared by both mutants. e, Scatter
plotillustrating the high consistency of immune-cell-specific DE genes across
both mutants. f, UMAP plot of immune cells, colored by annotated immune-cell
subtypes. g, Heatmap of the relative expression of cell-type-specific marker
genes across immune subtypes. Expression is aggregated for each cell type,
normalized by library size and log-transformed. h, Density plots of mutant-
depleted (top) and mutant-enriched (bottom) immune-cell states identified

by Milo. i, UMAP plot, asinf, colored by normalized expression of Dhcr7 (top)

and Tmtc2 (bottom). j, Scatter plot showing the consistent changesin cell
populations for both mutants in the hippocampal section (section 3), with top-
changed cell typeslabeled. k, Box plot illustrating the decreased proportion of
ependymal cells using data froma published brain aging atlas (n = 4 biologically
independent samples per group). Center line, median; box, interquartile

range; whiskers, minimum to maximum. I, Barplot showing the normalized
deconvoluted proportion of ependymal cells across different brain regions in the
IRISeq spatial dataset, with error bars representing standard error. m, Box plot
showing the aggregated and normalized expression of interferon response genes
(Interferon_Inflammatory Hallmark gene set and Supplementary Table 10) across
genotypes in ependymal cells from section 3. n = 3 biologically independent
samples per group for all panels unless otherwise indicated. Center line, median;
box, interquartile range; whiskers, minimum to maximum. BAM, border-
associated macrophage.
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Notably, the elevated abundance of ependymal cells in mutants coun-
teracted their typical age-related decline (Fig. 7k). This observation
was further validated by cell-type deconvolution analysis of spatial
IRISeq data, which confirmed elevated proportions of ependymal cells
inventricle regions across three different regions (Fig. 71). We further
examined the molecular signatures underlying the increased abun-
dance of ependymal cells in bothimmune-deficient mutants. Notably,
theincreased abundance of these cells was accompanied by amarked
suppression of interferon signaling (Fig. 7m), which s consistent with
our spatial analysisrevealing reduced interferonactivity inthe ventricle
region (Fig. 6g). Inaddition, we identified C3, a critical component of
the complement system, to be heavily downregulated in ependymal
cells (Supplementary Fig. 6b). Collectively, these findings suggest that
immune deficiency creates a molecular environment that favors the
preservation of ependymal cells in the aging brain.

Discussion

Thelimitations of current, oftenimaging-based, spatial transcriptomics
methods' "’ interms of throughput and timeled us to develop IRISeq, an
optics-free spatial profiling platformusing ‘spatial interaction mapping
byindexed sequencing’. IRISeq s highly cost-effective (approximately
$30 per tissue section), is scalable for profiling multiple large tissue
sections and offers adjustable resolution (5-50 um bead size). By elimi-
nating the need forimaging or preindexed arrays, IRISeq establishes a
versatileand accessible tool for comprehensive spatial transcriptomic
analysis across diverse research applications. Our IRISeq analysis of
age-related changes across 25 mouse brain regions revealed a down-
regulation of genes for mitochondrial, ribosomal and neuronal func-
tion across almost all brain regions. Conversely, genes related to the
complement and interferon pathways, as well asinflammation markers,
were predominantly upregulated in specific areas such asthe ventricles
and white matter, aligning with their increased susceptibility to aging.

Further cell-centric analysis pinpointed precise region-specific
changes in cell populations, notably a marked depletion of
neurogenesis-related cellsinthe subventricular zone and the expansion
of celltypes suchas border-associated macrophages and reactive oli-
godendrocytes. Moreover, our computational pipeline to analyze local
cell-cell interactions by assessing the colocalization of two cell types
on the same beads revealed a significant, abundance-independent
increasein colocalization among disease-associated microglia, reactive
oligodendrocytes and activated astrocytes in the aged white matter.
This observation aligns with findings from previous imaging-based
studies*® and validates the effectiveness of our platform in detecting
region-specific alterationsin cellular networks during aging.

To further investigate the cellular mechanisms underlying
region-specific molecular alterations during aging, we applied
IRISeq to profile 45 coronal sections from aged WT and two immuno-
deficient mouse models (Ragl and Prkdc mutants), yielding 363,777
spatially distinct transcriptome profiles. This analysis revealed both
mutant-specific alterations and shared changes that were identified
by single-cell analysis of 783,264 high-quality transcriptomes from
similar regions. Integrating the spatial and single-cell data validates
the keyregulatory role of lymphocytesin elevatinginterferon signaling
inventricular regions and influencing cell population dynamics. Spe-
cifically, lymphocyte depletion was associated with the suppression of
interferonsignaling, the preservation of ependymal cells (counteract-
ing their typical age-related decline) and the emergence of a distinct
Dhcr7+ Tmtc2+microglial population associated with astrocyte reactiv-
ity, whereas canonical microglial populations showed minimal change.

IRISeq s a highly optimized platform for spatial transcriptomics,
yet there are opportunities for further improvement. Currently, the
method does not provide isolated single-cell information. However, it
isreadily compatible with nuclei hashing techniques to extend its spa-
tial analysis capabilities*’. Additionally, IRISeq can be integrated with
methods to profile proteins and the epigenetic landscape, broadening

itsapplication spectrum. Further protocol modifications may enable
IRISeq to profile formalin-fixed, paraffin-embedded samples. Another
limitationis thatimage reconstruction relies on the stochastic UMAP
algorithm'®, whichyields digital approximations; however, all critical
downstream biological analyses rely onlocal bead-bead connection
information and are unaffected.

Insummary, IRISeq demonstrates significant potential for detailed
mapping of region-specific molecular signatures, cell population
dynamics and local cell-cell interactions across varied and complex
biologicallandscapes. Its capacity to reconstructimages based solely
onsequencinglocal DNAinteractions allows for the profiling of tissues
without size constraints and across varied resolutions. Looking ahead,
the high-throughput, cost-effective nature of IRISeq positions it as
a transformative tool for comprehensive spatial mapping of entire
organs or organisms, across various genders, ages and disease states.
This opens new possibilities for identifying region-specific vulner-
abilities linked to different diseases, enhancing our understanding of
complex biological systems.

Online content
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Methods

Animals

C57BL/6 WT mice, B6.129S7-RagltmiMom/J and B6.Cg-Prkdcscid/Sz/
were acquired fromtheJackson Laboratory and the National Institute
onAging colony at Charles River. Allmice were housed under standard
conditions, with groups matched for sex and age. Mice were socially
housed. All animal procedures complied with institutional, state
and federal regulations and were approved under IACUC protocols
21049 and 20047. Comprehensive metadata for each animal, includ-
ing individual ID, sex, age, birth and euthanasia dates, are detailed in
Supplementary Table 2. No statistical methods were used to predeter-
mine sample sizes, but our sample sizes are similar to those reported
inprevious publications. Inall studies, we adhere to the recommenda-
tions for animal use and welfare, as outlined by Rockefeller University,
the Comparative Bioscience Center and the guidelines established by
the NIH. The Federal Animal Welfare Assurance number for Rockefeller
University is A3081.

IRISeq library preparation
Adetailed step-by-step IRISeq protocolisincluded asasupplementary
protocol (Supplementary Note 1).

Brain nuclei extraction for EasySci

The samples were processed by EasySci with minor modifications. In
brief, 40-um-thick, cryosectioned, frozen brain tissues were added
to a 6-cm cell culture dish containing 3 ml of lysis buffer solution
(EZ Lysis Buffer containing 1% diethylpyrocarbonate). Each sample
was homogenized with a razor blade until the solution could be aspi-
rated with 1,000-pl tips to pass through a 40-pM filter above a 50-ml
tube that contained 6 ml of lysis buffer solution. We then used the
plunger from a 10-ml syringe to further homogenize the tissue on
the filter until the solution passed through the filter completely. The
filters were washed with 1 ml of additional lysis solution. The nuclei
were concentrated by centrifugation at 500g for 5 min at 4 °C. The
nuclei were washed three times in nuclei wash buffer (NWB) contain-
ing nuclei buffer (10 mM Tris-HCI pH 7.5, 10 mM NacCl, 3 mM MgCI2
in RNase-free water) supplemented by 1% of 10% Tween-20 diluted
in RNase-free water, 1% recombinant albumin (NEB, cat. no. B9200S)
and 0.1% SUPERase«In RNase Inhibitor. After the washes, nuclei were
aliquoted into two cryovials containing 500 pl of nuclei resuspended
inNWB containing 10% dimethyl sulfoxide and stored in slow freezers,
coolingat1°C per minute, at -80 °C overnight.

Thefollowing day, one aliquot of the nuclei from each sample was
rapidly thawedina37 °Cwater bath and centrifuged at 500gfor 5 min at
4 °C.Thesupernatant was removed, and the nuclei were resuspended in
freshly prepared NWB containing 0.005 mg ml™ DAPI(Thermo Fisher,
cat.no.D1306) for fluorescence-activated cell sorting. The nuclei were
stained for 10 min before performing fluorescence-activated cell sort-
ing on a SH800 Cell Sorter with a100-pm sorting chip (Sony, cat. no.
LE-C3210), to capture all DAPI-positive singlet nuclei and to exclude cel-
lular debris and doublet cell populations. Nuclei were collected into a
1.5-mIDNA Lo-Bind tube containing 100 pl of NWB, vortexed to coat the
tubes for optimal nuclei capture and subsequently centrifuged at 500g
for 5 minat4 °C before proceeding directly to library construction.

EasySci library construction and sequencing

The subsequent steps for the generation of sequencing libraries fol-
lowed the published EasySciRNA protocol™. Initially, the sorted nuclei
were distributed across 96-well plates (Geneseesci, cat. no. 24-302) for
RT. Before RT, indexed oligo-dT and indexed random hexamer prim-
ers were utilized to introduce the first index. The nuclei were pooled,
washed andredistributed into new 96-well plates for the addition of the
second index through ligation. After subsequent pooling and washing
steps, the nuclei were diluted to 500 nuclei pl™ and distributed into new
plates for second-strand synthesis and 1x AMPure XP SPRI purification

(Beckman Coulter, cat. no. A63882). After elution of the complemen-
tary DNA (cDNA), tagmentation with Tn5 transposase was performed,
followed by a16-cycle PCRreaction. The resulting PCR products were
then pooled and purified twice using 0.8x volume of AMPure XP SPRI.
Thelibrary concentration and fragment size were measured using an
Agilent TapeStation, and sequencing was carried out on an lllumina
NovaSeq 6000 System with an S4 Flow Cell.

Computational procedures for processing IRISeq libraries
Bead-connection processing. Following the sequencing process, data
from two beads—receiver beads and sending beads—were obtained,
with UMIs used to identify and quantify individual connection mol-
ecules. Reads were classified into R1 (receiver-bead barcodes) and R2
(sender bead barcodes) and mapped to a whitelist of barcodes with a
onebase pair error tolerance. Duplicated reads were filtered out based
on UMIs, and acomma-separated value file was generated containing
thereceiver-bead barcode, UMl and sender bead barcode, where each
line represented a unique molecular connection between beads.

Toensure dataquality, connections between beads with fewer than
seven UMIs were filtered out. A matrix was then generated, with each
row representing areceiver bead, each columnrepresenting asender
bead, and the values corresponding to the number of UMIs for each
connection. PCA was applied to this matrix to reduce dimensional-
ity while preserving variance, using an elbow plot to determine the
optimal number of principal components, typically capturing around
80% of the variance. Subsequently, UMAP was performed on the PCA
matrix to further reduce dimensionality, using parameters such as a
minimum distance of ~-0.2 and approximately ~20 neighbors to obtain
asquare-shaped projection. UMAP coordinates for each receiver bead
were saved in comma-separated value files for spatial mapping. For
larger arrays, UMAP was run on a GPU with increased training epochs
(from~500t0~10,000 or more) to handle the larger data matrix. Addi-
tionally, for large-array analysis, density-based spatial clustering of
applications with noise was applied post-UMAP to remove several
erroneously mapped beads®'. A detailed workflow is summarized in
Supplementary Fig. 2.

cDNA data matrix processing

After the sequencing process, the data were obtained as two sets
of FASTQ files. The first set of FASTQ files (R1.fastq) contained the
barcode sequences for receiver beads along with their associated
UMIs, and the second set of FASTQ files (R2.fastq) contained the
tagmented cDNA sequences. The barcode sequences from Rl.fastq
were mapped to a whitelist of bead barcodes with a tolerance of one
base pair error, and the identified bead barcode was added as an
identifier for the corresponding sequences in R2.fastq. New Read2
files were then generated, incorporating the corresponding Readl
barcodes in the sequence names, and any poly(A) tails present at
the end of the sequences were trimmed for accurate mapping and
analysis. The filtered and trimmed reads were mapped to the refer-
ence genome using STAR (Spliced Transcripts Alignment to a Refer-
ence)*” to align the sequences from R2 to the genomic sequences,
identifying their locations and potential splice sites. Duplicate reads
were identified and removed post-mapping to eliminate redundant
data and ensure accuracy in downstream analysis, resulting in new
sequence alignment map files containing the mapped reads with
duplicates removed. Finally, gene count matrices were generated
from the processed sequence alignment map files for each receiver
bead, quantifying the number of reads aligned to each gene and
providing information about gene expression levels.

EasySci sequencing data preprocessing

Binary base call files were demultiplexed using the barcode informa-
tion from the last round of PCR indexing utilizing Illumina’s bclfastq2
program (version 2.20.0.422) to convert the file format to FASTQ.
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For single-nucleus RNA-seq, read alignment and gene/exon count
matrix generation were conducted using our EasySci pipeline (https://
github.com/JunyueCaolab/EasySci). Cells from the gene count matrix
were filtered according to the following parameters: unmatched rate
lessthan 0.4, combined shortdT and randomN UMI countless than 200
andgene countsless than100. Scrublet (version 0.2.3) was utilized for
the doublet removal set with the following parameters: min_count = 3,
min_cells =3, vscore_percentile = 85, n_pc =30, expected_doublet_
rate = 0.08, sim_doublet_ratio =2, n_neighbors = 30. Cells with a dou-
blet score of more than 0.2 were discarded, which corresponded to
10% of the processed and filtered dataset.

Dimensionality reduction, clustering and region annotation
for IRISeq spatial dataset

Raw data from the cDNA sequencing experiment, presented as
receiver bead-by-gene expression matrices, underwent several pre-
processing steps. The first step included removing beads with low
UMI counts (fewer than 600 for the mouse aging dataset). The sec-
ond step included dividing the dataset according to the anatomical
sections by which tissue sections were cryosectioned. LIGER objects
were constructed by first normalizing the number of UMIs*. Then
the 2,000 highest variable features were selected for each tissue
section, followed by scaling of gene expression features. After data
normalization and processing, each anatomical dataset with associ-
atedindividual tissue sections was integrated by LIGER’s non-negative
matrix factorization (iNMF) approach, followed by UMAP mapping.
Louvain clustering was then performed on the normalized NMF factor
loadings. Clusters with low UMI and non-specific gene features were
iteratively removed to ensure data quality, followed by using the LIGER
iNMF workflow to recluster and run UMAP again until no low-quality
clusters were formed.

Brainregionidentification was performed based on NMF factors,
gene markers and performing Wilcoxon differential expression (DE)
analysis for eachidentified cluster. A similar analysis scheme and data
processing were performed for IRISeq and 10x Visium integration
analysis and 10x Visium aging validation analysis. Similar normaliza-
tion and scaling were done for IRISeq high-resolution data analysis.

Large-area dataset analysis (Fig. 1) was performed utilizing
Scanpy™ for PCA followed by UMAP. Leiden clustering was imple-
mented using Scanpy* to group beads with similar gene expression
profiles. Additionally, beads within each cluster were annotated by
utilizing differential gene expression analysis for each cluster and
associated cluster-specific genes to known cell type and/or brain
regions, along with utilizing genes and/or cluster mapping onto spa-
tial anatomical location.

DE analysis for spatial IRISeq data, and EasySci single-cell

RNA sequencing

Inour DE gene analysis, we employed the likelihood-ratio test to iden-
tify aging DE for specific regions using Monocle2**. DE genes were fil-
tered based on the following cutoffs: g-value < 0.05, with FC > 3between
the maximum and second expressed condition and with transcripts per
million (TPM) >50in the highest expressed condition. FC > 2 was used
for mutantspatial IRISeq data to capture more shared signals, because
fewer genes met the stricter cutoff.

Cell-type deconvolution

To perform cell-type deconvolution, we applied RCTD*, a computa-
tional method that uses cell-type profiles from single-cell RNA-seq to
decompose cell-type mixtures while accounting for differences across
sequencing technologies. We integrated IRISeq spatial expression
data with a single-cell transcriptome dataset from an earlier study'
following parameters suited for ~50-pm-sized spots and excluded cell
types not present in the microdissected sections. For deconvolution
of 10-um-sized beads, we adjusted the RCTD parameters accordingly

and utilized a previously published study with a single-cell reference
derived froma brain region similar to the one we profiled™.

Differential abundance analysis for IRISeq

To perform cell abundance analysis across different regions, first,
RTCD maximume-likelihood cell-type proportions were binarized by
assigning them to one of five categories: values less than 0.05 were
categorized as 0, values between 0.05and 0.2 as 1, values between 0.2
and 0.6 as 2, values between 0.6 and 0.8 as 3 and values greater than
0.8 as 4. This method allowed for transforming continuous propor-
tion datainto discrete categories, facilitating subsequent analysis and
visualization. After this, acount matrix of receiver bead by cell subtypes
was obtained. We later converted raw counts of cell subtypesinto nor-
malized counts per million. For differential abundance analysis of cell
subtypes, we used the negative binomial model, acommonapproach
for differential gene expression analysis that is well-suited for count
dataand large-scale datasets. We used a likelihood-ratio test to identify
differentially abundant cell subtypes, employing the differentialGe-
neTest() function of Monocle2 (version 2.28.0)**.

For FC calculations, we first normalized the cell counts for each cell
subtyperelative to the total cell countin each condition. We then com-
pared these normalized values between case and control conditions,
adding a small numerical value (10°) to reduce noise from very small
clusters. To classify a cell subtype as a ‘significantly changed cell sub-
type’, we set criteria of amaximum FDR of 1 x 10 and FC greater than 2
between conditions. We quantified the abundance of aging-associated
cell subtypes in the different annotated brain regions by performing
differential abundance tests comparing adult and aged samples. Rec-
ognizing that variations in one cell subtype can influence the relative
proportions of others, particularly static cell subtypes, our analysis
focused on cell subtypes exhibiting significant changes: more thana2
shiftin population during aging. This approach was based on the obser-
vation that many significantly changed cell clusters corresponded
to rare cell states and represented a small portion of the global cell
population. Consequently, evenif these changing cell subtypeshad a
substantialimpact on others, we expected the overall relative propor-
tion shifts to remain within a twofold range.

Differential abundance analysis for single-nucleus dataset

To assess cell population dynamics across different conditions, we
conducted the differential abundance test as demonstrated in ref. 18.
Briefly, cell count matrices across replicates (cell population x repli-
cates) were constructed by counting the cellnumbers of each cell popu-
lation and then normalized against the total cell number recovered
fromaspecific replicate. We then employed the likelihood-ratio test to
identify differentially abundant cell populations using the differential-
GeneTest() function of Monocle2 (version 2.28.0). For FC calculations,
we first normalized the number of cells in each cell populationrelative
to the total cell countin the respective condition. We then compared
these normalized values between the case and control conditions,
incorporating a small numerical value (107°) to reduce the noise from
very small clusters. To assess the significance of cell population dynam-
ics of specific cell populations, we used an FDR threshold of 0.05 and
FC higher than 2 between conditions.

Cell-cellinteraction analysis

To assess whether the increased spatial interaction of specific cell
subtypeswas dueto their expansion, we performed a hypergeometric
test. This test compared the observed number of beads with colo-
calized cell types against a null model that assumed a random dis-
tribution of cell subtypes colocalization within the region. Before
conducting the hypergeometric test, we created a new receiver bead
by cell-cellinteraction matrix. We generated this matrix by first filter-
ing out low-RTCD-likelihood probability values (<0.05) for subtype
deconvolutions. Next, we conducted a pairwise analysis of cell subtype
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coexistence onthe samebead. If two cell subtypes had a positive value
after filtering out low-RTCD-likelihood probability values, we added a
count of1tothe corresponding cell-cellinteraction column. Using the
hypergeometric test, we defined the total number of beads within the
region (N), the number of beads with a specific cell subtype-subtype
interaction (k), the number of beads where colocalization was observed
(n) and the number of beads with the other interacting cell subtype (x).
The hypergeometric probability P (X =x) was calculated as

=

—K
—X

==
Il

PX=x)=

Sz

This formula determined the likelihood of observing the number
of colocalized cell subtypes under the null hypothesis.

Single-cell clustering and annotation analysis

For clustering analysis of the single-cell RNA-seq dataset, we firstinte-
grated our datawith a published EasyScibrain atlas'. The EasySci atlas,
which contains approximately 1.5 million cells, was subsampled to
126,285 cells by selecting 5,000 cells from each major cell population
(using all cells for populations with fewer than 5,000 cells). We then
integrated this subsampled atlas with our full dataset using the inte-
gration function in Seurat®°°, Briefly, each dataset was normalized,
andthetop 5,000 highly variable features were selected using the ‘vst’
method. Integration features were identified with the SelectIntegra-
tionFeatures() function, and integration anchors were determined
using FindIntegrationAnchors(). The datasets were then merged using
the IntegrateData() function, and clustering was performed with the
FindClusters() function. To visualize the combined data, all cells were
coembedded in asingle low-dimensional space.

For cell annotation, we initially employed a support vector
machine classifier. Specifically, we used the LinearSVC function from
scikit-learnto trainamodel on the log-transformed expression values
of the subsampled atlas cells, with their corresponding major cell
populations as the target variable. The performance of the trained
support vector machine was evaluated against a model trained on
permuted data before applying it to our full dataset for main cell
population prediction. In parallel, we used the BICCN MapMyCells
program** (https://knowledge.brain-map.org/mapmycells/process/)
for hierarchical mapping, retaining high-probability labels for further
annotation. Finally, we manually refined the cluster annotations based
on the majority vote from the Allen brain atlas** or the EasySci atlas'
label transfer.

To analyze microglia specifically, we first extracted immune cells
from the overall dataset using Seurat® and focused on the top 3,000
highly variable genes. We performed UMAP visualization using the top
30 principal components and set min.dist = 0.01. Major immune-cell
types were manually annotated based on established marker genes. To
identify cellular neighborhoods associated with genotype differences,
we applied Milo*® using the UMAP coordinates as input, with the follow-
ing parameters: neighborhood size (k) of 30, dimensionality (d) set to
2 and ‘UMAP’ used for reduced_dims. Differential abundance analysis
integrated within Milo*® was then used to detect cellular neighbor-
hoods that significantly differed between WT and mutant mice (FDR
of 0.05).

Differential gene expression analysis with single-cell

RNA-seq data

For each major cell population, DEGs between WT and mutant mice
wereidentified usingalikelihood-ratio testimplemented inMonocle2**
(version 2.28.0) via the differentialGeneTest() function. We applied
stringent criteria to ensure both statistical significance and biological
relevance: (1) an FDR threshold of 0.05, (2) an enrichment FC greater
than 1.5 when comparing the most highly expressed cell cluster to the

second highestand (3) amaximum TPM value exceeding 50 under spe-
cificconditions. The top enriched molecular pathways were identified
using gene module enrichment analysis through EnrichR¥.

Sample size and data exclusion statement. No statistical methods
were used to predetermine sample size. The assumptions underly-
ing each statistical test were evaluated before analysis. For paramet-
ric tests, normality and equality of variance were assessed where
applicable; when these assumptions were not met, nonparametric
or distribution-free tests were used. No animals or data points were
excluded for downstream analyses.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Raw FASTQ files, processed count matrices, cell metadata and gene
metadata can be downloaded from NCBIGEO under accession number
GSE270383.

Code availability

A GitHubrepository for data analysis, image reconstruction pipeline,
analysis and figuresis available at https://github.com/AbdulAbdulRU/
IRISeq.
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Extended Data Fig. 1| IRISeq computational pipeline. Customized computational pipeline outlining the derivation of two matrices from each /RISeq experiment.
The gene count matrix captures gene expression for each bead, while the bead-bead connection counts matrix infers bead locations for image reconstruction.
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Extended Data Fig. 2 | See next page for caption.
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Extended Data Fig. 2 | IRISeq quality control and performance comparison.
(a) The top panel displays the distribution of unique bead-bead interactions per
receiver bead. The bottom panel shows the distribution of connected sender
beads per receiver bead, with the median indicated by a dashed lineinboth
panels. (b) UMAP plots compare the spatial distribution of receiver beads from
asmall-scale IRISeq experiment (left) with 10x Visium data (right), colored by
the expression of region-specific markers Ttr (ventricle region, top) and Hpca
(hippocampus region, bottom). (c) UMAP plot showing the integrated gene
expression profiles from /RISeq receiver beads and 10x Visium spots, colored by
assay type. (d) UMAP plot illustrating spatial distribution colored by annotated
brain regions, similar to Fig. 1g. (e) UMAP plot showing the reconstructed spatial
distribution of receiver beads from /RISeq, with beads colored according to the
number of unique interaction oligos with a selected sender bead, validating the
spatial reconstruction pipeline. (f) Histograms depicting Fuclidean distances
(inSupplementary Fig. 3e) between pairs of receiver beads connected to the
same sender bead (top) versus distances between randomly selected receiver
beads (bottom). (g) Running UMAP across multiple seeds. UMAP reproducibility

across different seeds. Violin plots show reproducibility metrics across six UMAP
runs. Procrustes RMSE (blue) measures global alignment error after orthogonal
Procrustes adjustment, while KNN overlap (green=k15, red =k30) reflects local
neighborhood stability. (h) Depiction of a large-area IRISeq experiment using a
1.5 cmx 1.5 cm bead array to profile two entire brain sections. (i) UMAP plot of
receiver beads from the large-area IRISeq experiment, colored by the number
of unique transcripts detected per bead. (j-k) UMAP plots displaying gene
expression clusters (j) and reconstructed spatial distributions (k) of receiver
beads from the large-area experiment, colored by annotated brain regions.

(I) Quality-control metrics showing the distribution of total UMI counts (left)
and detected gene counts (right) per 30 pum bin following filtering to retain

bins with >700 UMI counts. (m) UMAP visualization of kidney gene expression
transcriptomes colored by regional type. (n) Spatial reconstruction of the same
dataset showing the spatially resolved distribution of identified regions. (p-r)
Spatial plots of gene expression identified to be regionally specific. (s) Dot plot
showing regional specific gene expression markers. Schematicin h created in
BioRender; Cao, J. https://biorender.com/i2ew4vq (2026).
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Extended Data Fig. 3 | See next page for caption.

Nature Neuroscience


http://www.nature.com/natureneuroscience

Technical Report

https://doi.org/10.1038/s41593-026-02293-1

Extended Data Fig. 3| IRISeq enables spatial transcriptomic profilings at high
resolution. (a) Comparison of fluorescence intensities of DNA probes on 5 pm
dendrimer-coated beads versus 5 pm non-coated beads. (b) Box plots displaying
the distribution of unique transcripts and genes detected per receiver bead in
two separate experiments with 10 pum beads (left) and 5 pm beads (right).

(c) Kernel density estimation (KDE) plots of logl0-transformed UMI counts,
showing the distributional shift across platforms. (d) Left: Violin plots showing
per-unit UMl distributions for Slide-seq (10 pm beads), IRISeq (10 pm beads),

and Visium HD (8 pm bins) on alog scale. Red diamonds indicate median values,
and blue circles indicate mean values. Right: Violin plots of the same data clipped
atthe 99th percentile to highlight differences in the main distribution. Median
(red diamond) and mean (blue circle) are shown. (e-f) UMAP plots showing the
spatial distribution of 10 pm receiver beads in /RISeq experiment described in
Fig. 2e,f, colored by cell type annotated clusters; (g) UMI density and detected
gene features visualized on the reconstructed 5 pm bead array.
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Extended Data Fig. 4 | See next page for caption.
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Extended Data Fig. 4| IRISeq region annotation and published datasets
comparison. (a) Barplot showing the number of spatially barcoded receiver
beads recovered per mouse individual. (b-c) Boxplots showing the number
of unique transcripts (c) and unique bead-bead interactions (c) detected per

receiver bead, aggregated across all brain sections for each mouse individual.

(d) UMAPs by gene expression comparing /RISeq data with published spatial
transcriptomics datasets®®. The left panels show the gene expression profiles
colored by techniques (IRISeq, ‘ST for spatial transcriptomics, ‘Visium’for 10X
Visium), while the right panels color the beads by gene expression clusters
specific to each brainregion. (e) The left panels depict UMAPs showing the
reconstructed spatial distribution of receiver beads from /RISeq, colored by
gene expression clusters. The right panels display the spatial distribution

of transcriptome profiles from published datasets'®* (‘ST for spatial

transcriptomics, ‘Visium’for 10X Visium), with coloring corresponding to the
annotated brain regions as identified in the gene expression clustering in (d).
(F) cell type weight mapped onto reconstructed tissue representing cell type
abundance by RTCD analysis®. (g) Heatmap of cell type distribution across
regions, showing sub-cluster IDs from the previous single-cell study'. Cell type
weight s calculated using RCTD?, integrating published single-cell data™ with
IRISeq data, and then regional subtype proportions are aggregated, normalized,
and scaled. Cell type abbreviations: DGN: Dentate Gyrus Neurons. CtxPN1:
Cortical Projection Neurons 1. Endo: Endothelial Cells. Astro: Astrocytes. IMN:
Interbrain and Midbrain Neurons. VLMC: Vascular Leptomeningeal Cells. Oligo:
Oligodendrocytes. OBN: Olfactory Bulb Neurons. StrN: Striatal Neurons. HabN:
Habenula Neurons. Epen: Ependymal Cells. ChPec: Choroid Plexus Epithelial
Cells. Micro: Microglia.
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Extended Data Fig. 7 | Region-specific gene expression changes in aging.

(a). Barplot displays the distribution of down-regulated (top) and up-regulated
(bottom) DE genes across regions, highlighting genes consistently altered in
more than ten brain regions, grouped by pathway. (b) Volcano Plot showing
differentially expressed genes in the ventricles of Section 3 when comparing

aged versus adult samples, with significant changes highlighted in red. (c) Scatter
plots comparing the alterations in differentially expressed genes between
ventricle regions from Sections 2 and 3, including alinear regression line. Only

DE genes that are identified in both sections are shown. (d) Cell type-specific
expression of interferon-related genes during aging. Aggregated, normalized
counts per replicate reveal enrichment of interferon pathway genes in ependymal
cells. (e) Representative heatmaps of neuronal-related downregulated

genes (left) and downregulated genes involved in smooth muscles (right).

(f) Representative heatmaps of interferon related (left) and general inflammatory

marker genes (Right). (g) Dot plot showing significantly upregulated or
downregulated lymphocyte-associated transcripts across annotated brain
regions. Only genes meeting significance thresholds (false discovery rate [FDR]
<0.05and raw fold change > 3) are displayed. Dot size reflects the statistical
significance (-log,,[FDR]), and color indicates the direction and magnitude of
expression change (log, fold change), with red indicating upregulation and blue
indicating downregulation. Regions are organized by anatomical grouping, and
only significant associations are plotted. (h) Representative aging-associated
genes displaying similar upregulation or downregulation patternsin the 10X
Visium adult and aging dataset. Center line, median; box, interquartile range;
whiskers, minimum to maximum. In panel D, n = 4 biologically independent
samples per group for all plots unless otherwise indicated. Center line, median;
box, interquartile range; whiskers, minimum to maximum.
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Extended Data Fig. 8| Region-specific alterations of cellular abundance

in brain aging. (a) Box and whisker plot showing RCTD output probability
score (Normalized across capture beads per regions) for DAM microglia

and Lymphocytes (Non-binarized) across different regions per replicate

tissue sections. (b) RCTD probability score for DAM microglia and reactive
oligodendrocytes (Non-binarized) across two section-3 adult and aging
reconstructed spatial sections. (c) Display of the distribution of DAM,

reactive oligodendrocytes, and activated astrocytes, colored by their relative
abundance from RTCD analysis that integrates Visium data™ with the single-cell
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transcriptome atlas, shown for both adult and aged samples. (d) Display of the
distribution of interactions among reactive oligodendrocytes and DAM, reactive
oligodendrocytes and activated astrocytes, and DAM and activated astrocyte
utilizing Visium data® with the single-cell transcriptome atlas, shown for both
adultand aged samples. (e) Histogramiillustrating the null distribution of beads
withbothreactive oligodendrocytes and activated astrocytes assuming random
distribution, with a dashed line marking the observed number. (f) Heatmap
showing the normalized gene expression in DAM, reactive oligodendrocytes,
activated astrocytes, and the corresponding main cell types.
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Extended Data Fig. 9| Heatmap of canonical marker gene expression across cell subtypes. Heatmap of canonical marker gene expression across cell subtypes.

Panels (a-g) display representative marker expression patterns across distinct cell populations.
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Data collection  Data were collected using lllumina NextSeq 6000 and NovaSeq sequencing platforms. Initial data processing, including base calling and
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custom scripts in Python and R.
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- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

A detailed protocol of the IRISeq platform is outlined in supplementary note 1. Raw FASTQ files, processed count matrices, cell metadata, and gene metadata can be
downloaded from NCBI GEO under accession number GSE270383 (GEO reviewer token: izwrekiyffwjhyp)
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Reporting on sex and gender All animals used in this study were female mice, across all age groups and genotypes, including mutant and control groups.
Sex was determined based on biological characteristics at the time of animal acquisition. This information is detailed in Table
2. No sex-based comparative analyses were performed, as only one sex was included in the study.

Reporting on race, ethnicity, or N/A
other socially relevant

groupings

Population characteristics N/A

Recruitment N/A

Ethics oversight All animal procedures complied with institutional, state, and federal regulations, and were approved under IACUC protocols

21049 and 20047

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Sample size Sample sizes were determined based on standard practice in transcriptomic studies, balancing biological variability, statistical power, and
resource constraints. For each experimental comparison (mutant vs. wild-type and adult vs. aged), we included 3 biological replicates per
group, totaling 9 samples for mutant analysis (WT, RAG1, PRKDC) and 6 for aging analysis (adult, aged). A sample size of 3 per group is
commonly accepted in bulk and spatial transcriptomics studies to capture inter-individual variability while maintaining feasibility for high-
throughput sequencing and downstream analyses. This sample size has been shown to be sufficient to identify robust and reproducible gene
expression differences in similar contexts.

Data exclusions  No data was excluded

Replication Reproducibility was evaluated using independent biological replicates and repeated analyses with the same predefined experimental and
computational procedures. The main findings were consistently observed across replicate samples and experimental conditions, and/or
genotypes. No results presented in this study were found to be irreproducible.

Randomization  Not relevant to this study, as each group cohort were pre assigned based on genotype and/or age group.

Blinding Blinding was not relevant to study as each group was assigned prior to data collection.
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Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research

Laboratory animals C57BL/6 wild-type mice, B6.12957-Ragltm1Mom/J and B6.Cg-Prkdcscid/Sz) were acquired from the Jackson Laboratory and the
National Institute on Aging colony at Charles River. Mice were housed under a 12-h light/12-h dark cycle in a pathogen-free,
temperature- and humidity-controlled animal facility, with food and water provided ad libitum. Wild-type mice used for the aging
studies were obtained from the National Institute on Aging (NIA) aged rodent colony. Immunodeficient mice were obtained from The
Jackson Laboratory and included B6.12957-Rag1*tm1Mom?/J and B6.Cg-Prkdc”scid”/Sz).

Wild animals No wild animals were involved

Reporting on sex All experiments were conducted using female mice across all age groups and genotypes. Sex was considered in the study design to
control for sex-based variability. As only one sex was used, sex-based analyses were not performed. This information is detailed in
Table S2.

Field-collected samples  No field-collected samples

Ethics oversight All animal procedures complied with institutional, state, and federal
regulations, and were approved under IACUC protocols 21049 and 20047. In all studies, we adhere to the recommendations for
animal use and welfare, as outlined by Rockefeller University, the Comparative Bioscience Center, and the guidelines established by
the NIH. The Federal Animal Welfare Assurance number for Rockefeller University is A3081.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor

was applied.
Authentication Describe-any-authentication-procedures for-each seed stock used-or-novel-genotype generated.-Describe-any-experiments-used-to

assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
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