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SUMMARY

Lymph node metastasis (LNM) is a critical prognostic and therapeutic determinant in small cell lung cancer
(SCLC), yet its spatial cellular ecosystem remains poorly understood. Here, we perform single-cell spatial
transcriptomics using the CosMx Spatial Molecular Imager on 105 primary and metastatic lymph node spec-
imens from 75 SCLC patients, generating a comprehensive atlas of over 600,000 cells. We identify three LNM-
enriched malignant subclusters with distinct metabolic and angiogenic programs that spatially correlate with
immune exclusion features. Spatial analysis reveals vascular-immune crosstalk, wherein endothelial cells
orchestrate immune activation through avoidance of malignant cells while forming functional perivascular
niches with cytotoxic T cells during LNM. Cellular neighborhood analysis delineates distinct multicellular
niches and identifies a pan-immune hotspot (PIHs-1) whose abundance is an independent predictor of sur-
vival. This study provides a high-resolution spatial map of the SCLC tumor microenvironment during LNM and

establishes spatially defined architectures as both mechanistic insights and translatable biomarkers.

INTRODUCTION

Small cell lung cancer (SCLC) is a highly aggressive neuroendo-
crine malignancy that accounts for about 15% of lung cancer
cases and is characterized by rapid metastasis and poor prog-
nosis.” The majority of SCLC patients already have metastatic
disease at diagnosis, with lymph nodes (LNs), brain, liver, and
bone being common sites of dissemination.? Despite initial
responsiveness to chemotherapy and radiation, the prognosis
for SCLC patients remains poor due to the high frequency of
metastasis, recurrence, and treatment resistance.® Therefore,
a better understanding of the molecular and cellular mechanisms
underlying SCLC progression and metastasis is important for
improving patient outcomes and developing more effective ther-
apeutic interventions.

The metastatic potential of SCLC is attributed to its significant
intra-tumoral heterogeneity, which may enable subpopulations
of tumor cells to adapt to different microenvironments and evade
immune surveillance.” Bulk and single-cell transcriptomic
studies have revealed distinct molecular and cellular features
associated with metastatic capacity, including transcriptional
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plasticity® and immune microenvironment remodeling.® Howev-
er, these approaches, by necessitating tissue dissociation, do
not capture the spatial organization of cells within the tumor
microenvironment (TME), which is critical for understanding
how cellular interactions influence tumor behavior. Recent ad-
vances in spatially resolved transcriptomics, such as Stereo-
seq, Visium HD, GeoMx Digital Spatial Profiler, and CosMx
Spatial Molecular Imager (SMI), allow for the mapping of cellular
ecosystems within tumor tissues at the single-cell and subcellu-
lar resolutions and have revolutionized our understanding of the
TME in cancers.”® These technologies have begun to elucidate
how the spatial arrangement of immune, stromal, and malignant
cells influences progression and treatment efficacy in cancers
such as esophageal squamous cell carcinoma,'® melanoma, "
non-SCLC, '? ovarian cancer, ' and pancreatic cancer.'* Recent
pioneering studies have provided novel insights into the spatial
architecture of primary SCLC tumors, identifying features such
as immune cell niches and neuroendocrine heterogeneity. 22
LNs are not passive receptacles but immunologically specialized
organs that constitute a pivotal niche in the metastatic cascade.
A systematic, high-resolution comparative analysis of the spatial

Cell Reports Medicine 7, 102713, April 21, 2026 © 2026 The Author(s). Published by Elsevier Inc. 1
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:jmying@cicams.ac.cn
mailto:yanglin@cicams.ac.cn
mailto:zhoumeng@wmu.edu.cn
https://doi.org/10.1016/j.xcrm.2026.102713
http://crossmark.crossref.org/dialog/?doi=10.1016/j.xcrm.2026.102713&domain=pdf

¢? CelPress Cell Reports Medicine

OPEN ACCESS

A 1. Sample collection 2. Staining of in situ images 3. Morphological observation
>

SCLC patients (N = 75)

Primary tumors without
lymph node metastasis
(n=31)

Primary tumors with

| Readout -
domain !

‘gennaito

!

¥

|
7o

c©
=2}
N
o
Q
=
N
[11]
[ ]
X
Q

= @  lymph node metastasis S e ks .
E / (n=42) Z-stack of multi-channel
A, ® tissue images
Lymph node / ag y
metastasized tumors
(n=32)
lecccccrcccc e ccccc e rc e e e e e e eceeee e e e e e e e ce e e - - ------------- L
| DEGs Spatial maps Cell annotation
! ] EEr— .
! +- |0 @
, ® e
' I |8
! 14— ce
| 1 =
: = @8
1 Cellular niche  Prognosis  mlF validation ~ Multi-center cohorts ®o
!
e g = -®
: F High EEE n=125 |z
: -~ w1y i“" é’ High 2
. C Low EEE
! ol
5. Bioinformatic analysis 4. Image-based cell segmentation
B Cellular compartment (604,230 cells) C Broad cell type (604,230 cells)

P mm e e oo R T
©® Immune PT (153,111 cells) PT-LNM (226,709 cells)
® Fibroblast Y 2
@ Endothelial Y 3 (

Epithelial . B cell i

® Undefined _ :

|
i . )
| Do |
1 1 I I
) | | H
1 1 1 1
1 1 1 1
1 1 1 1
1 1 1 1
: o Malignant |
1
! Epithelial '\ 1 20gnarn !
| ! !
I If’ - LNMT (224,410 cells) ® Tcel !
: A | : I ® Macrophages |
| i . Plasma cell I
! 3 o ® Beell '
o " @ Fibroblast I
I~ oy S | o .
g Endothelial v ' ' i1 &4 Endothelial | ® Endothelial !
- 3 ) : : = Malignant I
1> UMAPY v ©1Z umaP | ® Undefined '
1 | i 1
D E : . : '
Immune w” H&E image Raw image Cell segmentation Cell lineage ID
& 20+ fa B
o io |8
! mmg i f
8
8 N .2 B
= © 3 E
g /MmN ;: g
b [
Malignant s
g 60 5
. =
5 5 o
g 5 £
f = © o~
3 = o
[} [=%
[ g
Other s O T EEERERS T e
30 A 2
= 5 =
g g 3
: WEE: S
iol pu— £
< 82 ©
o 2% K
o 52 [
o [ e
04 ° <]
(1]
= =
& = S
:- 5 ® DAPI B2M/CD298 ® Tcell ® Macrophages Plasma cell
o ® PanCK ® CD45 ® Bcell @ Fibroblast Endothelial
CD68 Malignant @ Undefined

(legend on next page)

2 Cell Reports Medicine 7, 102713, April 21, 2026



Cell Reports Medicine

TME architecture between primary SCLC tumors and their
matched LN metastases (LNMs) is still lacking.

In this study, we aimed to characterize the spatial landscape of
SCLC across primary and LN metastatic sites. Using CosMx
SMI, we profiled over 600,000 single cells across 105 tumor
samples from 75 patients, including primary tumors without LN
metastasis (PT), primary tumors with LN metastasis (PT-LNM),
and LN metastasized tumors (LNMT). Our goal was to map the
cellular diversity, spatial architecture, and tumor microenviron-
mental changes associated with LNM in SCLC, providing a valu-
able resource for further investigation into the spatial biology of
SCLC progression.

RESULTS

Single-cell spatial transcriptomic atlas of SCLC primary
tumors and lymph node metastases

To delineate the TME landscape of SCLC progression, we per-
formed high-plex CosMx SMI with the 1,000-gene panel on
105 primary and metastatic LN samples (31 PTs, 42 PT-LNMs,
and 32 LNMTs) from 75 patients (Figures 1A and S1A). Baseline
clinical and pathologic variables of the SCLC cohort were dis-
played in Table S1. Using the specific pretrained segmentation
pipeline of CosMx SMI data and rigorous quality control,>®> we
profiled approximately 600,000 high-quality single cells and
assigned 294 million transcripts across 384 fields of view
(FOVs), each covering an area of 510 pm x 510 pm (Figures 1A
and S1B-S1D; Table S2). Following batch correction
(Figures S1E and S1F), unsupervised clustering identified four
major cell compartments based on canonical markers, including
epithelial (n = 353,268, EPCAM), endothelial (n = 10,560, VWF
and CD34), fibroblast (n = 36,669, COL1A2 and ACTA2), and im-
mune cells (n = 97,926, PTPRC, CD68, JCHAIN, and CD2)
(Figures 1B and S2A), as well as seven broad cell types, including
B cells (n = 9,678, CD19 and MS4A1), T cells (n = 38,149, CD2,
CD3D, and CD3E), plasma cells (n = 17,100, JCHAIN), macro-
phages (n = 32,999, CD68), endothelial cells (n = 10,560,
PECAMT1, CD34, and VWF), fibroblasts (n = 36,669, ACTA2,
COL1A1, and COL1A2), and malignant cells (n = 353,268,
EPCAM, SFN, KRT8, KRT18, KRT19, and CDHT1) (Figures 1C
and S2B). Comparative analysis of the cellular composition re-
vealed changes among the conditions, with LNMT showing a
significant enrichment of immune cells compared to primary tu-
mors (PT, PT-LNM) (Figures 1D, S2C, and S2D). Spatial mapping
uncovered distinct organizational patterns. For example, in met-
astatic samples (PT-LNM and LNMT), fibroblasts were sur-
rounded by immune cells, a spatial relationship that was not
observed in PT samples (Figure 1E). This architecture was vali-
dated by matched H&E and immunofluorescence staining, con-
firming the robustness of our spatial transcriptomic data
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(Figure 1E). Collectively, these data establish a high-resolution
spatial atlas and reveal the heterogeneity and complexity of
the TME during LNM in SCLC.

Identification and characterization of metastasis-
associated malignant cell subpopulations

We performed uniform manifold approximation and projection
(UMAP) analysis to re-cluster 353,268 malignant cells into 13
transcriptionally distinct subclusters (Figure 2A). Tissue distribu-
tion analysis revealed that subclusters C5, C6, and C9 were spe-
cifically enriched in tumors from patients with LNM (PT-LNM and
LNMT) and were largely absent from metastasis-naive PT
(Figures 2B and S3A). To explore transcriptional changes of ma-
lignant cells associated with LNM, we performed differential
gene expression analysis across the malignant cell subclusters
to identify key marker genes for these metastasis-associated
subclusters (Figure 2C). The results revealed that five genes
were significantly up-regulated in C5, 28 genes in C6, and seven
genes in C9. Notably, C5, C6, and C9 upregulated genes with
established roles in metastasis and cell cycle regulation (e.g.,
FYN, NR2F2, FOS, TGFB3, and HIF1A) (Figures 2C and S3B).
Additionally, potential gene signatures, including DHRS2,
SERPINA1, and COL6A2, were specifically identified for C6
and C9 (Figure S3B). Gene Ontology analysis indicated enrich-
ment for processes involved in cell migration, proliferation, and
invasion (Figure 2C). Specifically, the C6 subcluster exhibited
a dual signature implicating metabolic reprogramming and
immunosuppression, supported by its significant negative
correlation with infiltrating immune cells (Figure S3C). Multiplex
immunofluorescence (mIF) staining confirmed the presence
of FYN+NR2F2+ C5, SERPINA1+DHRS2+ C6, and HIF1A+
COL6A2+ C9 in PT-LNM and LNMT tumors (Figures 2D and
S3D). Further examination of the malignant subclusters C5, C6,
and C9 across SCLC molecular subtypes revealed that C6 was
exclusively enriched in the SCLC-Y subtype, whereas C5 was
broadly distributed and C9 was associated with SCLC-N/P sub-
types (Figure S3E). To assess whether these subclusters are uni-
versal or site-specific adaptations, we analyzed their defining
gene signatures in independent, multi-organ metastasis single-
cell RNA sequencing (RNA-seq) data from Savchuk et al.
cohort.?* We found that the markers associated with C5, C8,
and C9 showed low expression in tumor cells from brain, liver,
kidney, or pleural metastases (Figures S4A and S4B), indicating
that these subclusters may be LN-specific adaptive programs
rather than universal in other metastatic contexts.

Immune cell dynamics and functional reprogramming in
lymph node metastasis

We characterized the immune cell composition across PT, PT-
LNM, and LNMT and found that B cells and T cells were

Figure 1. Single-cell spatial transcriptomic profiling of the SCLC tumor microenvironment

(A) Schematic workflow. Tissue microarrays containing 105 samples from 75 SCLC patients were analyzed using CosMx SMI (1,000-plex panel), followed by cell
segmentation and lineage assignment. Scale bars: 100 pm and 10 um. Created with BioRender.com.

(B and C) UMAP visualization of 604,230 high-quality cells, colored by (B) major cell compartment and (C) broad cell type (left) or sample group (right).

(D) Stacked bar plots quantifying the relative frequency of broad cell types across PT, PT-LNM, and LNMT.

(E) Representative images validating spatial architecture. For each group (PT, PT-LNM, LNMT): H&E staining, composite CosMx SMIimage (DAPI, PanCK, CD68,
CD45, B2M/CD298), and spatial map of annotated cell lineages. Scale bars: 100 um (left) and 10 um (right).
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significantly more abundant in LNMT than in PT (Figures 1C and
S2D). We annotated 38,149 T cells into six subsets, including
effector CD4* T cells, effector CD8" T cells, inflammatory Tregs,
double-negative T cells ([DNTs] CD3*CD4 CD8~), exhausted
Tregs, and exhausted CD8" T cells (Figures 3A and S5A). Simi-
larly, 9,678 B cells were classified into four subsets: memory B
cells, proliferative B cells, naive B cells, and transitional B cells
(Figure 3B and S5B). Comparative analysis revealed a distinct
immunosuppressive shift. PTs were enriched for effector CD4*
and CD8* T cells, whereas PT-LNMs and LNMTs exhibited
higher proportions of exhausted and inflammatory Tregs
(Figures 3C and 3D). Among B cells, naive B cells were predom-
inant in LNMT, while transitional and proliferative B cells were
significantly increased in metastatic samples, suggesting active
B cell recruitment and differentiation during LNM (Figure 3D).

To explore molecular heterogeneity beyond cell proportions,
we identified differentially expressed genes (DEGs) in each im-
mune cell type for pairwise comparisons (Figure 3E). Interest-
ingly, the magnitude of expression changes between LNMT
and PT was strongly correlated with changes between PT-
LNM and PT (Spearman’s p = 0.73, p < 2.2 x 107'9), and with
changes between LNMT and PT-LNM (p = 0.79,
p < 2.2 x 107" (Figure 3F), which implies a continuous tran-
scriptional continuum underlying the LNM process. Monotonic
trend analysis further identified a core set of 11 consistently
up-regulated and 42 down-regulated genes from PT to PT-
LNM to LNMT (Figures 3G and S6). Pathway enrichment analysis
of the monotonically up-regulated genes revealed the activation
of pathways involved in immune cell recruitment, such as che-
mokine signaling, cytokine-cytokine receptor interaction, and
nuclear factor (NF)-kB signaling, in PT-LNM and LNMT
(Figure 3G). These findings collectively underscore the immuno-
suppressive reprogramming of the TME during LNM in SCLC,
linking cellular distribution changes to a coordinated metas-
tasis-associated transcriptional program.

Spatial interaction and avoidance behaviors reveal
vascular-immune niche dynamics in SCLC metastasis

To investigate the spatial cell-cell co-localization, we performed
interaction/avoidance analyses across PT, PT-LNM, and LNMT
(Figure 4A). Despite sharing similar tissue niches, we observed
that malignant cells in PT exhibited more interactions with non-
cancer cell types (10 pairwise interactions) compared to PT-
LNM (five pairwise interactions) (Figures 4B and S7). Notably,
the three LNM-associated subclusters (C5, C6, and C9) ex-
hibited spatial immune exclusion-like behavior, characterized
by spatial avoidance of the surrounding immune cell populations
(Figure 4B). Interestingly, the overall abundance of these sub-
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clusters positively correlated with immune cell infiltration
(Figures 4B, 4C, and S8A), indicating that their local immune
exclusion is a spatially regulated phenomenon, independent of
bulk abundance.

The endothelial cells exhibited strong avoidance behaviors
with all malignant subpopulations, indicating a vascular-immune
niche characterized by indirect tumor-vasculature contact
(Figure 4B). In contrast, endothelial cells showed frequent inter-
actions and positive correlations with multiple immune cell
types, including macrophages, effector CD4" T cells, effector
CD8"* T cells, memory B cells, and plasma cells (Figures 4B,
4C, and S8B). These interactions were further validated using
CellChat analysis, which revealed robust cell-cell signaling links
(Figure S9). Notably, perivascular immune cells exhibited distinct
functional marker expressions compared to those avoiding
endothelial cells across PT, PT-LNM, and LNMT (Figures 4D
and S10). In PT, perivascular effector CD4* T cells expressed
higher levels of the immune checkpoint molecule CTLA-4
compared to non-perivascular cells. In contrast, in PT-LNM
and LNMT, perivascular effector CD4* T cells expressed
elevated levels of the cytotoxic markers GZMA and GZMB
(Figures 4D and S10). These findings highlight the functional di-
versity of immune cells within the vascular niche, which is
dynamically reprogrammed during LNM.

Spatial cellular neighborhoods reveal metastasis-
associated niches and prognostic immune hotspots
Using SMI imaging and spatial maps, we characterized multicel-
lular communication structures by performing cellular neighbor-
hood (CN) analysis based on the local cellular composition of the
10 nearest neighbors for each cell (Figure 5A). We identified 11,
18, and 15 distinct CNs in PT, PT-LNM, and LNMT, respectively.
These CNs were then consolidated into six major spatial struc-
tures: tumor compartment, exhausted niche, pan-immune
hotspot-1 (PIHs-1), pan-immune hotspot-2 (PIHs-2), B cell-en-
riched niche, and vascular niche (Figures 5B, S11A, and S11B).
Among these, CNs specifically enriched for the LNM-associated
malignant subclusters C5, C6, and C9 were predominantly found
in PT-LNM and LNMT, with distinct spatial interactions
(Figure 5B). In LNMT, C5-enriched CNs were associated with ex-
hausted CD8* T cells, while C6-enriched CNs were linked to
DNTs, specific B cell subsets (Figure 5B). The distribution of
CNs varied significantly across PT, PT-LNM, and LNMT.
PIHs-2 was exclusive to PT, while B cell-enriched CNs were spe-
cific to LNMT. Notably, the abundance of the PIHs-1 was highest
in PT (median 1.458%) compared to PT-LNM (0.294%) and
LNMT (0.0197%), whereas PT-LNM was enriched in the ex-
hausted tumor niche (median 6.510%) (Figure 5C). However,

Figure 2. Malignant cell heterogeneity associated with lymph node metastasis
(A) UMAP plots of 353,268 malignant cells colored by subcluster, with matched H&E and spatial maps from representative PT, PT-LNM, and LNMT samples.

Scale bars, 100 pm.

(B) Tissue distribution of subclusters. Heatmap showing the Ro/r scores of each malignant subcluster across PT, PT-LNM, and LNMT groups (left). Orange dots
represent enriched states (Ro/e > 1) and blue dots represent depleted states (Ro/e < 0.2) (right).

(C) Heatmap of differentially expressed genes for key malignant cell subclusters. Bar plots showing the top enriched pathways in C5, C6, and C9 subclusters.
(D) Representative mIF images confirming the co-expression of SERPINA1 and DHRS2 (C6 markers) in PT-LNM and LNMT samples. Scale bars: 200 pm, 100 pm,

and 10 pm.
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Figure 3. Heterogeneity of T and B cell landscapes in SCLC lymph node metastasis

(A and B) UMAP pilots visualizing the annotated subsets of (A) T cells (n = 38,149) and (B) B cells (n = 9,678) across PT, PT-LNM, and LNMT samples. Each dot
represents a single cell, colored by its respective subtype.

(C) Stacked bar plots showing the relative proportions of T cell (top) and B cell (bottom) subsets across PT, PT-LNM, and LNMT.

(D) Lollipop plot illustrating the log, fold change (FC) in the proportion of each T cell and B cell subset for the comparisons PT-LNM vs. PT, LNMT vs. PT, and LNMT
vs. PT-LNM.

(E) Lollipop plot showing the number of DEGs identified in each immune cell type for the three comparisons.

(F) Scatterplots demonstrating the correlation between the log,FC values of DEGs across the indicated pairwise comparisons. Spearman’s correlation coefficient
(p) and p value are shown.

(G) Conserved transcriptional trends and pathway activation. (Left) Venn diagram identifying 11 DEGs with a monotonic increase from PT to PT-LNM to LNMT.
(Middle) Heatmap showing the scaled expression of these 11 DEGs across sample types. (Right) Bar plots of the top KEGG pathways enriched for the shared
up-regulated DEGs.
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Figure 4. Single-cell spatial analysis unravels cell-cell co-localization profiles
(A) Schematic illustrating the cell-cell co-localization across PT, PT-LNM, and LNMT. Scale bars: 100 pm (overview) and 6 pm (detail, right panels).

(B) Heatmaps summarizing significant pairwise interactions (red) or avoidance (blue) between all cell types in PT (top), PT-LNM (middle), and LNMT (bottom).
(C) Heatmaps of Spearman’s correlation coefficients for pairwise cell type abundances. Red indicates positive correlation and blue indicates negative correlation.
(D) Boxplots comparing the expression of CTLA-4, GZMA, and GZMB in effector CD4™ T cells that are spatially interacting with (red) or avoiding (blue) endothelial
cells. Data are represented as the median and interquartile range (IQR), and whiskers indicate maximum and minimum values. The p values from two-sided
Wilcoxon signed-rank tests; ns denotes not significant (o > 0.05).
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Figure 5. Spatial CNs correlated with LNM and survival

(A) Spatial maps (left) of CN assignment in representative PT, PT-LNM, and LNMT samples. (Right) Corresponding Voronoi diagram representations of the CNs.
Scale bars, 100 pm.

(B) Heatmaps showing the cellular composition within each identified CN across PT, PT-LNM, and LNMT, calculated based on the composition of the N = 10
nearest neighboring cells. A total of 11, 13, and 15 CNs were identified in PT, PT-LNM, and LNMT, respectively.

(C) Pie plots showing the relative frequency of the six major CNs in PT, PT-LNM, and LNMT. Boxplots comparing the log,-transformed percentage abundance of
specific CNs among PT, PT-LNM, and LNMT. Data are represented as the median and IQR, and whiskers indicate maximum and minimum values. The p values
were calculated using two-sided Wilcoxon signed-rank tests.

(D) Forest plots from univariable Cox regression analysis showing the HR and 95% confidence interval for each CN’s association with OS and DFS.

(E) Survival analysis based on PIHs-1 abundance. Kaplan-Meier curves for OS (left) and DFS (right) of 73 SCLC patients stratified into high (>median) and low
(<median) PIHs-1 abundance groups. p values were calculated using the log rank test.
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no significant differences were observed in the vascular niche
(Figure 5C). We further validated the presence of major immune
cell types in pan-immune hotspots of PT and PT-LNM using mIF
images (Figure S11C). These results suggest that the reorganiza-
tion of spatial immune and tumor niches is a critical feature of
metastatic progression.

To evaluate the clinical relevance of spatial organization, we
stratified patients based on CN abundance. Univariable and sur-
vival analysis revealed that high abundance of the PIHs-1 was
significantly associated with superior overall survival and dis-
ease-free survival (DFS) (Figures 5D and 5E). However, the abun-
dance of individual immune cell types was not predictive, high-
lighting that prognostic value lies in spatial architecture, not
merely cellular composition (Figure S12A). Multivariable Cox
regression analysis confirmed that PIHs-1 is an independent
prognostic factor for overall survival (OS) (hazard ratio [HR] =
4.418, 95% confidence interval [Cl]: 1.415-13.795, p = 0.011)
and showed a strong association with DFS (HR = 2.195,
95% Cl: 0.993-4.852, p = 0.052), after adjusting for clinicopath-
ological variables (Table S3; Figure S12B). Furthermore, the
percentage of PIHs-1 did not show significant differences
across SCLC-A, SCLC-N, SCLC-P, and SCLC-Y subtypes
(Figure S12C), indicating the presence of a universal immune
microenvironment that is independent of SCLC molecular sub-
type. To translate this spatial discovery into a clinically appli-
cable biomarker, we derived a 20-gene signature from its
defining transcripts and validated it in two independent, multi-
center bulk RNA-seq cohorts of SCLC. Patients were stratified
into PIHs-1 high and PIHs-1 low subgroups based on the
median PIHs-1 signature score. Patients with a low PIHs-1
signature score had significantly poor OS (log rank p = 0.018;
HR = 1.756, 95% CI: 1.095-2.816, p = 0.019), confirming
the robust and generalizable prognostic value of this spatial im-
mune microenvironment feature beyond our discovery cohort
(Figure S12D).

DISCUSSION

Spatial molecular imaging technologies now enable spatial
multi-omics profiling of archival formalin-fixed and paraffin-
embedded tissues at the cellular and subcellular resolution, pre-
serving the native tissue architecture essential for studying
cellular ecosystems and their prognostic implications. Here,
we leveraged high-plex, spatial single-cell transcriptomics to
reveal the TME landscape of SCLC LNM using CosMx SMI. By
analyzing a large, clinically annotated cohort of matched primary
and metastatic lesions, we provide a comprehensive spatial
atlas that moves beyond cataloging cellular diversity to reveal
the spatial organization and niche-specific adaptation underly-
ing metastatic progression.

While previous studies on SCLC metastasis have provided
foundational insights through cell line models, bulk analyses,
or single-cell sequencing of dissociated cells,>>2® these ap-
proaches inherently lack the spatial context critical for under-
standing the functional architecture of metastatic sites. Recent
pioneering spatial studies have begun mapping SCLC architec-
ture, revealing features such as immune cell colonies and
neuroendocrine state organization.’>***° However, a system-
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atic, high-resolution comparative spatial analysis of the TME ar-
chitecture between primary tumors and their matched LNMs
has been lacking. Our study directly addresses this critical
gap. We identified several metastasis-associated malignant
subpopulations enriched in LNM samples. These subpopula-
tions express markers associated with metastasis and adapta-
tion, such as FYN, NR2F2, and HIF1A,°"%* and exhibit tran-
scriptional programs involving metabolic reprogramming,
angiogenesis, and extracellular matrix remodeling. Crucially,
by integrating our spatial signatures with an independent
multi-organ metastasis single-cell atlas,”* the defining tran-
scriptional programs of C5, C6, and C9 are predominantly spe-
cific to LNM and are negligible in the brain, liver, or other
visceral sites. However, as previously described in previous
studies,**** LNs are immunologically specialized organs that
host dynamic tumor-immune interactions that are distinct
from those in visceral sites. Therefore, the observed transcrip-
tional differences may reflect context-specific immune adapta-
tions rather than intrinsic metastasis-driving programs. The im-
mune microenvironment of the LN, with its unique immune and
stromal components, may significantly influence the tumor’s
transcriptional landscape. The functional implications of these
adaptive states are underscored by their spatial behavior.
Notably, subclusters C5, C6, and C9 exhibited significant
spatial avoidance of immune cells, an “immune-exclusion”
phenotype occurring despite a positive correlation with overall
immune cell abundance in the tissue. This suggests an active,
localized mechanism of immune evasion within the LN niche.
Therapeutically, these subclusters present potential targets
for modulating metastatic immune microenvironments. For
example, targeting FYN could improve the effectiveness of im-
mune checkpoint blockade (ICB) in preclinical models by
decreasing tumor cell migration and increasing T cell infiltra-
tion,®>*° while NR2F2 inhibition could make tumors more sus-
ceptible to ICB.%"%®

The transition from primary tumors to metastatic LNs is char-
acterized by a progressive shift toward an immunosuppressive
TME, characterized by Tregs, B cell polarization, and vascular
niche reprogramming. The dominance of exhausted Tregs and
the decrease of effector CD8" T cells in metastatic tumors are
consistent with chronic antigen exposure and sustained
activation of immune checkpoint pathways such as PD-1
and CTLA-4.%° While previous single-cell and proteo-transcrip-
tomic studies had highlighted the roles of immune cell infiltra-
tion, stromal reprogramming, and neuroendocrine states in
SCLCs,*'"1849 gpatial interaction analysis revealed dynamic
vascular-immune niche rewiring. While endothelial cells spatially
avoided malignant subclusters, they engaged in frequent inter-
actions withimmune cells, suggesting that the tumor vasculature
plays an important role in immune modulation during LNM.
These findings are consistent with a recent study that highlighted
the role of the vasculature in modulating the immune response
within tumors.*’ Notably, perivascular effector CD4* T cells
in metastatic sites expressed elevated cytotoxic markers
(GZMA/GZMB), which contrasts with the CTLA-4+ T cell popula-
tions in primary tumors. These results suggest that the perivas-
cular space in metastases may be co-opted to sustain a cyto-
lytic, yet potentially dysfunctional immune response, which is
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supported by the enrichment of NF-xB and tumor necrosis factor
signaling pathways in metastatic samples.*?

Our study also provided valuable prognostic insights by iden-
tifying PIHs-1, a spatial immune niche enriched in specific tu-
mor and immune cell populations. This PIHs-1, a multicellular
niche of coordinated T/B cell positioning, is an independent
favorable prognostic factor. Its prognostic value was indepen-
dent of the abundance of any single immune cell type and
consistent across SCLC molecular subtypes. These findings
demonstrated that spatial architecture, not just cellular compo-
sition, dictates clinical outcome, aligning with growing evidence
of the importance of spatial immune structures over mere im-
mune cell abundance in determining patient outcomes and
therapeutic response.**™*” This PIHs-1 architecture may repre-
sent a “spatial checkpoint” where specific cellular positioning
enables productive anti-tumor immunity. Furthermore, the suc-
cessful derivation and validation of a PIHs-1-derived gene
signature in independent bulk RNA-seq cohorts underscores
its potential as a non-spatial, transcriptomic biomarker for pa-
tient stratification. This bridges our high-resolution spatial dis-
covery with practical clinical application. Future prospective
studies are warranted to standardize this signature and eval-
uate its utility in guiding therapy.

In conclusion, our high-resolution, single-cell spatial atlas de-
lineates the cellular and spatial heterogeneity of the SCLC TME
during LNM. We uncover distinct, LN-specific malignant cell
states, reveal dynamic vascular-immune crosstalk that is reprog-
rammed during metastasis, and define a prognostic spatial im-
mune architecture whose organization is more informative than
mere cellular abundance. Collectively, these findings advance
our understanding of SCLC LN metastasis biology beyond bulk
or single-cell dissociation studies and establish a valuable foun-
dational resource for future mechanistic exploration and the
development of spatially informed biomarkers and therapeutic
strategies in SCLC.

Limitations of the study

Several limitations of our study should be noted. First, our
spatial analysis focused exclusively on LN metastases; the
LN-specific TME we describe may not generalize to all meta-
static niches and their spatial architecture in visceral organs re-
mains to be mapped. Second, the 1,000-plex CosMx SMI
panel, while providing high sensitivity and quantitative spatial
profiling at single-cell resolution, has relatively limited gene
coverage and inherently limits unbiased discovery of novel bio-
logical programs and precludes high-resolution delineation of
certain cellular or biological states dependent on excluded
markers. Future studies leveraging spatial technologies with
more gene coverage (e.g., CosMx 6K or Xenium 5K) will be
essential to build upon this foundational spatial map and fully
resolve the spectrum of cellular plasticity in the TME. Third,
while we used the field-standard “Cellpose” algorithm and
rigorous post-segmentation QC, potential inaccuracies in sin-
gle-cell segmentation inherent to all highly multiplexed imaging
technologies could influence fine-grained spatial metrics such
as CN definitions. Future improvements in segmentation algo-
rithms may further refine such analyses. Finally, although we
identified key metastatic-associated cell populations and prog-
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nosis-related spatial immune hotspot, further validation in
larger cohorts or through clinical trials will be necessary to
establish its robustness and utility as a clinical biomarker.
Translating these spatially defined niches and cell states into
therapeutic strategies will require functional interrogation in
preclinical models.

RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources should be directed to and will
be fulfilled by the lead contact, Lin Yang (yanglin@cicams.ac.cn).

Materials availability
This study did not generate new unique reagents.

Data and code availability

® The raw CosMx SMI data in this study have been deposited in Zenodo
database (https://doi.org/10.5281/zenodo.15104582). All data analysis
was performed using publicly available software, packages, and tools,
as described in the STAR Methods section.

® The code from this manuscript is available at https://github.com/
ZhoulabCPH/SCLC-LNM-SMl.git.

® Any additional information required to reanalyze the data reported in this
work is available from the lead contact upon request.
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REAGENT or RESOURCE SOURCE IDENTIFIER

ClusterR (v1.3.3) CRAN Repository https://cran.r-project.org/web/packages/
ClusterR/index.html

GSVA (v2.0.7) Bioconductor https://new.bioconductor.org/packages/
devel/bioc/html/GSVA.html

stats (v4.3.0) CRAN Repository https://search.r-project.org/R/refmans/
stats/html/00Index.html

survminer (v0.4.9) CRAN Repository https://cran.r-project.org/web/packages/
survminer/index.html

Survival (v3.4-0) CRAN Repository https://cran.r-project.org/web/packages/
survival/index.html

BioRender BioRender https://www.biorender.com/

Other

The spatial coordinate data, cell annotation This paper https://github.com/ZhoulabCPH/

information and analysis codes SCLC-LNM-SMl.git

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

We retrospectively collected 105 archival formalin-fixed and paraffin-embedded (FFPE) tissue samples from 75 treatment-naive
SCLC patients who underwent surgical resection at the Cancer Hospital, Chinese Academy of Medical Sciences (CHCAMS) between
January 2017 and December 2022. The cohort comprised three groups based on lymph node metastasis (LNM) status: 31 primary
tumor samples from patients without LNM (PT group), 42 primary tumor samples from patients with concurrent LNM (PT-LNM group),
and 32 matched lymph node metastasized tumor samples (LNMT group). The majority of patients presented with localized disease
(limited stage according to VALSG criteria). Only one patient had multi-organ metastases (lung and pleura) confirmed intraoperatively
and all other patients had no evidence of distant visceral metastases at the time of surgery. The study protocol was approved by the
Ethics Committee and Institutional Review Boards of the Cancer Hospital, Chinese Academy of Medical Sciences (Approval No. 22/
250-3452). The age, gender, stage, concurrent treatment and other clinical information of the SCLC patients was shown in Table S1.
All procedures were performed in accordance with the ethical standards of the responsible committee and with the Helsinki Decla-
ration. Informed consent was waived for this retrospective study using archival samples.

METHOD DETAILS

CosMx SMI data acquisition and processing

Spatial molecular imaging was conducted using the CosMx SMI platform (Bruker Spatial Biology) according to company manuals,*
details are below.

Sample selection and preparation

FFPE blocks of primary and lymph node metastases were reviewed by two board-certified pathologists to confirm the diagnosis, and
assess the quality of the tissue and tumor content. Representative tumor regions identified via H&E staining were selected to
construct two tissue microarrays (TMAs). For TMA construction, 1 mm cores from each sample were arrayed into a recipient block.
Serial 5 pm sections were cut from the TMA blocks and adhered onto VWR Superfrost Plus slides (VWR, 48311-703) for subsequent
CosMx SMI analysis and H&E staining.

SMiI library preparation and hybridization

The CosMx Human Universal Cell Characterization Panel (1000-plex RNA panel) was used for spatial transcriptomic profiling, strictly
following the manufacturer’s protocol (MAN-10184-02, Bruker Spatial Biology). The workflow included deparaffinization, target
retrieval at 100°C for 15 min, protease digestion at 40°C for 30 min, overnight hybridization with the 1000-plex gene-specific probe
panel, and serial rounds of fluorescent reporter hybridization, imaging, and cleavage (16 cycles) to decode all targets.
Morphological staining and imaging

Following RNA readout, the samples were stained with a five-fluorophore-conjugated antibody panel for cellular segmentation:
DAPI (nuclei), PanCK (epithelium), CD45 (immune cells), CD68 (macrophages), and a cocktail of B2M/CD298 (membrane). z
stack images (eight slices at 0.8 ym intervals) were acquired for each field of view (FOV, 260,100 um?) using the CosMx SMI
instrument.

Image processing and cell segmentation

Raw image data were processed using the AtoMx Spatial Informatics Platform (v1.3).%° Single-cell segmentation was performed
using the “Cellpose” pretrained neural network model, which is the platform-standard and field-validated method optimized for
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CosMx SMI data. This algorithm leverages the nuclear (DAPI), membrane (B2M/CD298), and protein morphology (PanCK, CD45 and
CD68) signals to delineate cell boundaries. Transcripts were then assigned to cells based on their spatial coordinates relative to the
segmented boundaries.

Data preprocessing and quality control

Following the quality control pipeline of CosMx SMI data described in a previous study,’® cells with negative probe counts >1 or total
detected genes (features) < 20 were removed. Cells co-expressing high levels of both PanCK and CD45 protein (likely due to seg-
mentation errors) were excluded. After quality control, 604,230 high-quality cells (81.5% of the total number of cells) were retained for
downstream analysis. Gene expression counts were log-normalized (log1p) using Seurat (v5.1.0). Technical batch effects across
samples were corrected using ‘Harmony’ (v1.0) applied to the top 50 principal components.

Multiplex immunofluorescence (mliF)

mlF was performed on serial FFPE sections using the Opal Polaris 7-Color Manual IHC Kit. Staining was performed using the Bond
RX automated staining system, followed by imaging via the Vectra Polaris multispectral imaging system. The panel included anti-
bodies against the following: NR2F2, FYN, HIF1A, SERPINA1, COL6A2, DHRS2, CD4, CD8, FOXP3, CD20, CD3D, and CD68. For
antibody details, see the key resources table.

Immunohistochemistry (IHC)

IHC staining was performed on formalin-fixed, paraffin-embedded (FFPE) SCLC tissue sections using an automated BenchMark UL-
TRA stainer (Roche Diagnostics). Staining was conducted according to the manufacturer’s protocol and validated internal laboratory
standards. Primary antibodies and dilutions are as follows: ASCL1 (1:200, Abcam ab74065), NEUROD1 (1:150, Abcam ab60704),
POU2F3 (1:300, Bioss bs-21046R), and YAP1 (1:80, Abcam ab52771). All stained slides were digitized using a KFBIO slide scanner
(KF-PRO-400-HI) at 40x magnification. Protein expression was quantified in tumor regions by a certified pathologist using QuPath
(v0.5.1).°° An H-score was calculated for each marker by combining staining intensity and the percentage of positive tumor cells.

QUANTIFICATION AND STATISTICAL ANALYSIS

Dimensionality reduction and clustering

For the integrated CosMx SMI dataset, highly variable genes were identified using the FindVariableFeatures function in Seurat
(v5.1.0). Principal component analysis (PCA) was performed using all 1,000 profiled genes. The top 50 principal components, which
captured the majority of biological variance, were used for downstream analysis. A shared nearest neighbor graph was constructed
using FindNeighbors, and unsupervised graph-based clustering was performed with FindClusters at a resolution of 0.8. For visual-
ization, Uniform Manifold Approximation and Projection (UMAP) was applied to the Harmony-corrected principal components
(dims = 1:20) using the RunUMAP function (umap.method = ‘uwot’). This clustering process was repeated iteratively on subsets
of cells to define finer subpopulations.

Cell type annotation

Putative marker genes for each cluster were identified using FindAlIMarkers (only.pos = TRUE). Cell identities were assigned manu-
ally by cross-referencing these markers with canonical lineage-specific genes, the CellMarker 2.0 database,® and annotations from
previous studies on SCLC.>'®

Tissue distribution preference

The enrichment or depletion of cell subsets across sample types was quantified using the ratio of observed to expected (Ro/e) calcu-
lation.”" Statistical significance was assessed using a two-sided Fisher’s exact test. A Ro/e value greater than 1 indicates significant
enrichment in a given tissue context, while a Ro/e value between 0 and 0.2 indicates significant depletion.

Differential expression and functional analysis

Differentially expressed genes (DEGs) were identified using FindAllIMarkers with a stringent threshold (log,FC > 1, adjusted p value
<0.001, only.pos = TRUE). p-values were adjusted using the Benjamini-Hochberg (BH) method. Pathway and biological process
enrichment analyses for Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) were conducted on DEG using
the ‘clusterProfiler’ R package (v4.8.3).% Terms with a false discovery rate (FDR) of less than 0.05 were considered to be significantly
enriched.

Cell-cell interaction/avoidance analysis

Pairwise spatial interactions were assessed using a permutation-based method.>® Two cells were considered to be “interacting” if
their centroids were within a 6 pm radius. For each sample, we calculated the observed frequency of interaction for every pairwise
combination of cell types. To determine whether the observed frequency deviated significantly from a random spatial arrangement,
we generated a null distribution through spatial permutation. For each of 1,000 permutations per sample, the *x* and *y* coordinates
of all cells were randomized while preserving the overall cell density and sample boundaries. The p-value for an observed interaction
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(or avoidance) frequency was calculated as the proportion of permutations where the randomized frequency was greater than or
equal to (or less than or equal to, for avoidance) the observed frequency. p-values from individual samples within the same group
were combined using Fisher’s combined probability test. A combined p-value of less than 0.05 was considered statistically signif-
icant, indicating non-random spatial association (interaction) or dissociation (avoidance). The analysis assumed symmetry in pair-
wise relationships. Potential ligand-receptor interactions were inferred using the ‘CellChat’ R package (v1.6.1),>* which models
communication probability based on the expression of ligands and receptors and their published interaction databases. Significant
ligand-receptor pairs were identified using a permutation test within the ‘CellChat’ framework (p < 0.01).

Cellular neighborhood (CN) identification

The local microenvironment for each cell was characterized by the cell-type composition of its 10 nearest neighbors. All of these local
composition vectors were then aggregated and clustered using the MiniBatchKMeans function in the ‘ClusterR’ package (v1.3.3),
with the batch_size parameter set to 100 and the initializer parameter set to ‘kmeans++’. The optimal number of clusters (k) was
determined by evaluating the average silhouette score across a range of k values and selecting the k that maximized this metric.
The resulting clusters were defined as distinct CNs. To characterize each CN, we calculated the enrichment of specific cell types
within it relative to their global abundance, using normalized odds ratios (OR). Statistical significance of enrichment was assessed
via a two-sided Fisher’s exact test, with p-values adjusted for multiple testing using the false discovery rate (FDR) method. An
adjusted p-value of less than 0.05 was considered significant.

Public single-cell RNA-seq data processing

Processed single-cell RNA-seq data of primary SCLC tumors and brain, kidney, liver, and pleural metastases (n = 24 samples) from
Savchuk et al.,>* were downloaded from Gene Expression Omnibus (GEO, GSE303152). Data were re-processed using a standard
‘Seurat pipeline’ (v5.1.0) with consistent QC filters (500-10,000 genes, 1,000-60,000 UMIs, <10% mitochondrial gene content). Po-
tential doublets were identified and removed using ‘DoubletFinder’ (v2.0.6) with an expected doublet rate of 2.5%. Data normaliza-
tion was performed using NormalizeData, followed by the identification of the top 2,000 highly variable genes via
FindVariableFeatures. PCA was conducted on the scaled data of these variable genes, and the top 50 principal components
were used for downstream analysis. A shared nearest neighbor graph was constructed using FindNeighbors (dims = 1:10), and
graph-based clustering was performed with FindClusters at a resolution of 0.5. For visualization, UMAP was applied using the top
30 principal components. To integrate data across multiple samples and mitigate the batch effects, we used Seurat’s canonical cor-
relation analysis (CCA) based integration workflow prior to the final clustering and visualization steps.

Public bulk RNA-seq data processing

Two independent published SCLC bulk RNA-seq cohorts were obtained from George’s study“® and Jiang’s study.*® Raw RNA-seq
data from George cohort were processed and normalized to Fragments Per Kilobase Million (FPKM). The count expression profiles
from the Jiang cohort were normalized using a log, (count+1) transformation.

Survival analysis

To assess the association between CN abundance and patient survival, the patients were stratified into ‘*high’ or ‘low’ groups for each
CN, based on whether their sample level was above or below the median value across the entire cohort. To validate the spatial gene
signature, the top 20 DEGs defining the prognostically favorable Pan-immune hotspot-1 (PIHs-1) were used to create a gene signa-
ture. A single-sample gene set enrichment analysis (ssGSEA) score for this signature was computed for each sample in the indepen-
dent bulk RNA-seq cohorts using the ‘GSVA’ package (v2.0.7). The cohorts were dichotomized into PIHs-1 high/low groups based on
the median ssGSEA score for survival analysis. Survival differences were evaluated using the Kaplan-Meier method and the log rank
test. Univariable and multivariable Cox proportional hazards models were constructed using the ‘survival’ R package (v3.5-7). Hazard
ratios (HR) and 95% confidence intervals (Cl) are reported.

Statistical analysis

All statistical analyses and data visualizations were conducted in R (v4.3.0). Unless otherwise specified, comparisons between two
groups were performed using two-sided Wilcoxon rank-sum tests. Correlations were assessed using Spearman’s rank correlation
coefficient. All tests were two-sided, and a p value of less than 0.05 was considered significant; ns denotes not significant (o > 0.05).
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