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Multi-modal spatial characterization
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diffuselargeB celllymphoma
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Diffuse large B cell ymphomas (DLBCLs) are a heterogeneous group

of malignancies that can arise in lymph nodes or extranodal locations,
including immune-privileged sites. Here, we applied highly multiplexed
spatial transcriptomics and proteomics together with genomic

profiling to characterize theimmune microenvironment architecture

of 78 DLBCL tumors. We define seven distinct cellular niches, each
characterized by unique cellular compositions, spatial organizations and
patterns of intercellular communication associated with niche-specific
phenotypes of both T cells and tumor B cells. Among these, DLBCLs from
immune-privileged sites showed abundant T cellinfiltration into diffuse
niches, where immune cells were intermixed with tumor B cells and bore
transcriptional hallmarks of activation and effector function, suggesting
that they may be primed for anti-tumor immunity. Spatial characterization
of the DLBCL immune microenvironment, therefore, reveals cellular niches
that foster divergent patterns of cell-cell interactions contributing to the
phenotypic heterogeneity of both niche-resident tumor and immune cells.

DLBCLs are acommon and heterogeneous group of mature B cell
malignancies that typically arise in lymph nodes, sites in which stro-
mal cells, antigen-presenting cells and other myeloid cells facilitate
adaptive immune responses by T cells and B cells against pathogens.
Lymphnodesarearchitecturally arranged to facilitate complex cell-cell
interactions that control cell migration, expansion, clonal selection
and negative feedback required for robust immune responses and
their post-infection resolution. This architecture is lost in the setting
of DLBCL, inwhich malignant B cells efface large portions of the lymph

node, although many of the underlying cell types remain at variable
frequencies and contribute to disease etiology.

Although most DLBCLs respond to first-line chemoimmunother-
apy, approximately 40% of patients are either refractory or will relapse.
The outcomes for these patients were historically poor', but have
significantlyimproved with the introduction of CD19 chimeric antigen
receptor (CAR) T cells** and, more recently, bispecificantibodies**. The
breakthrough success of these immune therapiesin some patients, but
limited responsein others, highlights theimportance of understanding
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lymphoma immunobiology to identify strategies that can improve
patient outcomes. Gene expression deconvolution-based approaches
have shown that DLBCLs have significant interpatient heterogeneity
inlymphoma microenvironment composition, whichimpacts patient
outcomes but shows only a modest relationship to genetic or tran-
scriptional subtypes®’. Single-cell RNA sequencing (scRNA-seq) offers
a substantial advantage over deconvolution-based approaches by
directly measuring individual cells and has highlighted the diversity
of the non-malignant T cell compartment of DLBCLs* ™. However, the
tissue disaggregation approaches used in most studies resultin the loss
of non-hematopoietic and myeloid cells. Furthermore, both deconvo-
lution and scRNA-seq approaches lose the 2D spatial organization of
cellular niches (CNs) that foster distinct patterns of cell-cell interac-
tion that contribute to the functional state of cells residing within
each niche. Recent studies of DLBCL using imaging mass cytometry
have uncovered characteristic patterns of cell type assembly into CNs,
often defined by the predominance of amajor cell type thatis eitherin
close proximity to or largely excluding tumor B cells* **. These studies
also suggested that tumor microenvironment characteristics may be
associated with molecular features such as cell-of-origin subtypes,
somatic mutations and patient outcomes'>'*, However, spatial prot-
eomics is typically limited by the number of antibodies available per
platform and thus limits the discovery potential forimmunological
mechanisms underlying CN structure and resident cell phenotypes.
Spatial transcriptomics is an emerging technology that leverages the
advantages of single-cell transcriptomic analysis while retaining 2D
tissue architecture”.

Here, we used spatial transcriptomics together with proteomicand
genomic analysis toinvestigate the spatialimmunology and pathobiol-
ogy of DLBCL. We define distinct CNs that differ in frequency across
tumors, related to both Epstein-Barr virus (EBV) infection status and
the anatomical site of the tumor, and we show that residence within dif-
ferent CNsis associated with divergent functional states of T cells and
tumor B cells owing to different patterns of cell-cell communication.
This provides a framework for understanding stereotyped patterns
of spatial organization in DLBCL and immunological interactions
associated with heterogeneity inimmune cell infiltration and function
across patients.

Results

High-resolution cell typing by single-cell spatial
transcriptomics

We assembled six tissue microarrays (TMAs) from excisional biopsies
of 78 large B cell lymphomas and five controls (four tonsil, one lymph
node) (Supplementary Tables1and 2 and Supplementary Fig.1a). Large
B cell ymphomas included 66 DLBCLs not otherwise specified; five
EBV-positive DLBCLs not otherwise specified; four T cell/histiocyte-rich
large B cell lymphomas; two primary mediastinal large B cell lympho-
mas; and one post-transplant lymphoproliferative disorder. Of these,
47 were previously untreated and 31 were relapsed-refractory cases
(median prior line of therapy, 1; range, 1-6). High-quality whole-exome
sequencing datawere available for 75 samples (Supplementary Table 3),
and each TMA was subjected to single-cell spatial transcriptomics using
the NanoString CosMx platform with the 1K gene panel (949 probe sets;
Supplementary Table 4) and spatial proteomics using a 31-antibody
Co-Detection-by-InDEXing (CODEX) panel (Supplementary Table 5
and Fig.1a).

After rigorous quality control, 1,322,740 high-quality, character-
izable cells were retained from the CosMx profiling for downstream
analysis. Following batch correction (Supplementary Fig. 1b-d),
unsupervised clustering identified seven major cell types (Fig. 1b), as
determined by canonical marker genes (Fig. 1c). Cells from each TMA
were distributed across all cell types, indicating minimal batch effect
(Supplementary Fig.1b-d). To validate the accuracy of cell typing, we
used our in-house large B cell ymphoma single-nucleus multiome

(snMultiome) dataset, which contains all major lineages™. The major
lineages (B cell, T cell, myeloid and non-hematopoietic) within our
CosMx data showed high specificity in the expression of signatures
from orthogonal snMultiome data and co-alignment within the joint
embedding of the two datasets (Supplementary Fig. 1e,f). We further
validated cell typing performance using a proteomic approach with
CODEX, performed on the same TMAs but not on sequential sections,
by comparing cellular frequencies between all cells from the core for
CODEX and all cells from the field of view (FOV) for CosMx (Fig. 1d).
Despite CosMx and CODEX being separated along the Z dimension,
which prevents cell-level mapping, the four major lineages identified
using a marker-based approach by CODEX (Extended Data Fig. 1a)
showed asignificant correlation with the cell types identified by CosMx
(Spearman correlation, P < 0.05; Extended Data Fig. 1b). The strongest
correlations were observed for B cell and T cell lineages, which were
defined by three antibody markersin CODEX (Extended DataFig.1a,b).
Both modalities confirmed a high degree of heterogeneity in cellu-
lar composition and tissue architecture across samples (Fig. 1d and
Extended DataFig.1c). Spatial transcriptomic profiling with the CosMx
platformis therefore a robust tool for exploring spatial composition
and gene expression at single-cell resolution.

DLBCL harbors spatially distinct CNs

High-resolution clustering of CosMx data defined 19 cell types and
states (Fig. 2a, Extended Data Fig. 2 and Supplementary Table 6),
including a predominant (35.27% of cells) B cell cluster characterized
by high expression of proliferation markers (TOP2A, PCNA) and immu-
noglobulin heavy-chain and light-chain restriction (Supplementary
Fig.2), therefore probably representing tumor B cells (CO_Tumor-B).
We also identified three clusters of plasma cells distinguished by
different immunoglobulin heavy-chain expression (C1_PC_IgG, C2_
PC_IgA, C4_PC_IgM) and a CD44-expressing resting B cell population
(C3_Resting-B). Asingle cluster of T cells was defined (C5_T), together
with tumor-associated macrophages (TAMs) (C6_TAM_APOE_C1Q,C7_
TAM_SPPI) and multiple other macrophage subsets (C8_Mac_DUSPI,
C9_Mac_CXCLS,C10_Mac_MT2A).The non-hematopoieticcompartment
included diverse subsets such as follicular reticular cells (FRCs) (C11_
FRC), highendothelial venule cells (C12_HEV), endothelial cells express-
ing von-Willebrand’s Factor (C13_Endothelial_ VWF), vascular smooth
muscle cells (C14_VSMC), follicular dendritic cells (C15_ FDC) and asmall
number of epithelial cells (C17_Epithelial). Finally, we detected asmall
cluster of red blood cells (C18_RBC) and cells expressing heat-shock
proteins that are hallmarks of cellular stress” (C16_Stressed). Although
the CosMx 1K platform lacks the transcriptome-wide coverage of
scRNA-seq, it was able to markedly exceed the resolution of cell typ-
ingachievable with other spatial approaches, such as our 31-antibody
CODEX panel.

A key advantage of single-cell spatial transcriptomics over
scRNA-seqis the ability to map cells back onto the 2D space toidentify
cell neighbors and CNs. Indeed, with knowledge gained from spatial
studies over the past decade', it is increasingly better appreciated that
groups of tissue-specialized cells work together as functional units
rather than individually. In line with this notion, we performed cell
neighborhood analysis for each cell and subsequently quantified the
ability of immune cells to make functional contacts with one another
and with tumor cells, using spatial statistics. A cellular neighborhood
was defined as the collection of cells whose centroids lay within 200
pixels (24 pM) from the center of the neighborhood (Fig. 2b). The
neighborhood structures were highly similar across different radius
thresholds (Supplementary Fig. 3). As such, we selected the 200-pixel
threshold, which included approximately 10-20 cells per neighbor-
hood to maintain consistency with prior studies’". Accordingly,
determination of the neighborhood compositions revealed that a
cell state was always highly overrepresented in the neighborhoods
centered by the same cell state (Fig. 2c). The propensity of like cells to
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Fig.1|Study design and major cell type identificationin CosMx SMIand CODEX.
a, Schematic representation of the workflow, created with Biorender.com.

Tissue cores from 78 B cell [ymphoma samples and five normal tissue samples
were assembled into six TMAs and underwent paired single-cell spatial
transcriptomic and proteomic profiling using CosMx SMland CODEX,
respectively. Unsupervised cell clustering, spatial neighborhoods and niches,
cell-cell communications, as well as association with clinical parameters were
deeply dissected. b, Uniform manifold approximation and projection (UMAP)

plot of major cell types identified in the CosMx SMI dataset. RBC, red blood cell.
¢, Canonical marker genes for each cell type shown in (b). d, Representative
CosMx SMI (top) and CODEX (middle) images of samples from five different
clinical conditions: IPS, EN-O, nodal (EBV-negative (EBV-)), nodal (EBV-positive
(EBV+)) and normal tonsil. The regions in CODEX images that correspond to
CosMx FOVs are highlighted. The major lineage compositions in each sample, as
identified by CosMx and CODEX, are shown at the bottom.

spatially aggregate suggests the formation of distinct CNs. We there-
fore characterized reproducible patterns of spatial organization into
niches by performing clustering of cell neighborhoods (Fig. 2d). This
identified seven stereotypical CNs characterized by an enrichment
of T cells (CNL_T; 8.76% of cells), plasma cells (CN2_PC; 2.34% of total
tumor area), myeloid cells (CN3_Myeloid; 9.18% of total tumor area),
stromal cells (CN4_Stromal; 6.93% of total tumor area), tumor B cells

(CN5_Tumor-B; 14.21% of total tumor area), diffuse tumor cells amongst
aheterogeneousimmune infiltrate (CN6_Diffuse; 35.47% of total tumor
area) or a mixed pattern of non-malignant cells with sporadic tumor
cells (CN7_Mixed; 23.12% of total tumor area) (Fig. 2e and Extended Data
Fig.3a,b). The dominance of cell states within CN1-CN5 was reflected
intheir cell state-specific differentially expressed genes (DEGs), while
CN6 and CN7 showed a mixed patternin their DEGs reflective of their
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Fig. 2| Cellular neighborhood structures and unique spatial nichesin B cell
lymphoma. a, High-resolution cell state identification in the CosMx SMI
dataset. b, Schematic depiction of cellular neighborhood analysis, created with
Biorender.com. A cellular neighborhood of 200 pixels in radius was identified
for each cell. On top of that, the neighborhood compositions, spatial niches and
neighborhood-based cell-cell communication analysis were performed. ¢, The
neighborhood compositions of 19 different cell states in the CosMx SMI dataset,
asrepresented by the sub-segmented barplots colored according to panel a.
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d, Identification of seven unique spatial niches from unsupervised clustering
of cells based on cellular neighborhood compositions. The distribution of cells
from spatial nichesin the PCA space is shown. e, The cell state compositions
of each spatial niche, represented by the sub-segmented barplots colored
accordingto panel a.f, The representative DEGs in each spatial niche.

g, Representative FOV images from CosMx SMI, each with adominant spatial

niche. CN cluster (above) is colored according to panel e, and cell type (below) is

colored accordingto panel a.
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diverse cellular compositions (Fig. 2f). Representative FOVs for each
cellniche and their corresponding cell states are shown in Fig. 2g and
Extended DataFig.3c, and the spatial aggregations of major cell types
(T cells or natural killer cells, B cells, myeloid and non-hematopoietic
cells) within CN1-CN5 was validated using orthogonal CODEX images
from the same samples (Extended Data Fig. 3d). In each specific cell
niche (CN1-CNS5), the dominant cell state occupied the center of the
cell co-localization network, but no obvious center was observed in
the mixed cell niche (CN7) (Extended Data Fig. 4). Interestingly, tumor
B cells formed the center of the co-localization network within the
diffuse cell niche (CN6), indicating contact between tumor B cells and
diverse immune cell types within this microenvironment (Extended
DataFig. 4). The two niches with the highest fraction of tumor B cells
were CN5 and CN6, representing densely packed tumor cells or dif-
fuse tumor cells among immune infiltrate, respectively (Fig. 2e and
Extended DataFig.3). The CN6 diffuse cell niche was present at variable
degrees in 75 out of 78 tumors, representing a median of 33% of cells,
whereas the CN5 dense tumor-B cell niche was more restricted, being
observed in 58 out of 78 tumors and representing a median of 5% of
cells (Supplementary Table1and Supplementary Fig. 4a).

No obvious associations were found between the relative repre-
sentation of discrete cell niches within each tumor and other molecular
characteristics, such as cell of origin subtype, dark-zone signature” or
somatic mutation (Supplementary Fig. 4a). However, tumors harboring
mutations in major histocompatibility complex class | (MHC-I) genes
(B2M, HLA-A, HLA-B, HLA-C) tended to have a higher fraction of the dif-
fuse cell niche (CN6) (Wilcoxon rank sum, P=0.0118; Supplementary
Fig. 4b), suggesting that immune evasion mechanisms may facilitate
tumor B cell residence within an inflammatory niche. Comparison of
the patterns of cell niche representation with previously described
tumor microenvironment subtypes determined by deconvolution of
bulk RNA sequencing’ showed only modest overlap. The previously
described ‘depleted’ microenvironment subtype was enrichedin seven
outofeighttumors, with a high tumor areaoccupied by the CN5dense
tumor-B cell niche, while the ‘inflamed’ microenvironment subtype was
enrichedinsix out of six and three out of four tumors, witha predomi-
nant CN3 myeloid-enriched cellniche or CN1T cell-enriched cellniche,
respectively (Supplementary Fig.4a). However, both the ‘depleted’ and
‘inflamed’ microenvironment subtypes were also identified in tumors
inwhich the CN6 diffuse and CN7 mixed cell niches were the dominant
compartments (Supplementary Fig. 4a). Other subtypes, such as the
‘mesenchymal’and ‘GC’ microenvironments, showed no clear pattern,
demonstrating anoveralllack of alignment between microenvironment
characteristics directly measured by spatial transcriptomics and those
inferred from deconvolution of bulk transcriptome data. Spatial tran-
scriptomics, therefore, provides amore accurate construction of CNs
inDLBCL thatinform stereotypical patterns of cellular co-localization
and interaction.

Niche-specific cell-cell communication

Although the initial round of unsupervised clustering defined only a
single T cell cluster (C5_T), we reasoned that T cell phenotypes may
differ within discrete cell niche structures owing to differing patterns
of cell-cell communication from neighboring cells (Extended Data
Fig.5a). To explore this possibility, we conducted a supervised analysis
of gene expression differences betweenT cellsin CN1 (T cell-enriched),
CN3 (myeloid-enriched) and CN5 (tumor B cell-enriched). The T cells
within CN1 expressed the highest levels of naive/memory markers,
high levels of cytotoxic markers and low levels of dysfunction markers
(adjusted P < 0.05; Fig. 3a,b, Extended Data Fig. 5b and Supplemen-
tary Table 7), suggesting more functional and healthier T cell states.
By contrast, T cells within CN3 showed lower expression of naive/
memory markers but elevated levels of cytotoxic markers (adjusted
P <0.05; Fig. 3aand Extended Data Fig. 5c), along with high expression
of LAG3, HAVCR2 (TIM3) and TNFRSF9 (4-1BB), indicative of an activated,

effector phenotype combined with signs of dysfunction or exhaustion
(adjusted P< 0.05; Fig. 3a and Supplementary Table 7). T cells within
CNS5did not strongly express cytotoxic markers and instead expressed
significantly higher levels of alternative markers of dysfunction, such
as ENTPD1, TIGIT and PDCDI (adjusted P < 0.05), suggesting that the
tumor-enriched niche is suppressive to T cell function (Fig. 3a). To
investigate the mechanisms of T cell recruitment and exclusion, we
applied two approaches. First, we evaluated the expression of T cell
chemotactic chemokines among the DEGs from each niche, reveal-
ing high expression of multiple chemotactic cytokines from diverse
cell types, including APOE'C1Q* TAMs (C6), tumor B cells (CO) and
follicular reticular cells (FRCs) (C11) within both the T cell-enriched
CN1 and myeloid-enriched CN3, but not within the tumor-enriched
CNS5 (Fig. 3b,c and Extended Data Fig. 5d,e). APOE'C1Q" TAMs (C6)
within the T cell-enriched niche (CN1) also expressed the highest
level of antigen presentation genes (Fig. 3d), potentially contribut-
ing to the improved T cell health observed in this niche. Our second
approach involved cell-cell communication analysis, which sup-
ported the prior result by demonstrating a significant enrichment
of multiple chemokine-chemokine-receptor interactions within the
T cell-enriched niche (CN1). These chemokines emanated from multiple
cell types, with the corresponding chemokine receptors expressed
on T cells (Extended Data Fig. 6a). Such interactions were absent in
other cell niches, including the tumor-enriched niches, as summa-
rized schematically in Fig. 3e. Inspection of single-molecule-resolution
transcriptexpression within neighboring APOE'CIQ" TAMs and T cells
(Fig. 3f), or high endothelial venule cells and T cells (Extended Data
Fig. 6b), clearly shows chemokine and chemokine receptor expression
onneighboring cells, supporting the notion of local interactions within
eachniche. Cell-cell communication analysis also confirmed increased
antigen presentation viaMHC class Il (MHC-II) to CD4 T cells within the
T cell-rich niche (Extended Data Fig. 6¢) and, by contrast, highlighted
an enrichment of CD274-PDCDI (PD-L1-PD-1) interactions within the
myeloid-enriched and tumor-enriched niches, with the source of PD-L1
emanating from myeloid cells or tumor cells, respectively (Fig. 3g,hand
Extended DataFig. 6d,e). Together, these findings highlight substantial
differencesin T cell states and phenotypes across diverse CNs, which
are probably influenced by distinct patterns of cell-cell communica-
tion within each niche.

Tumor B cell niches mirror germinal center interactions

Tumor B cells were found in all CNs, but were most enriched in CN5,
where they largely occupied the spatial regions, and in CN6, where
they were intermixed with a diverse immune infiltrate. To investigate
the mechanisms contributing to these divergent spatial niches, we
examined the characteristics of tumor B cells within CN5 and CN6.
We observed higher expression of cell-cycle-related markers and
the anti-apoptotic BCL2 oncogene in tumor B cells residing in CN5
compared to those in CN6 (adjusted P < 0.05; Fig. 4a,b, Extended
Data Fig. 7a-c and Supplementary Tables 7 and 8), providing further
evidence that rapid expansion of tumor B cells may contribute to the
effacement observed in these regions. A supervised analysis of DEGs
uncovered significantly higher expression of multiple genesimplicated
inlymphoma biology within CN5-resident tumor B cells, including
genesinvolved in BCR signaling and epigenetic regulation, compared
to CNé6-resident tumor B cells (Extended DataFig. 7d,e). Cell-cell com-
munication analysis revealed additional differences between the CN5
and CNé6 niches. The CXCL12-CXCR4 interactions were the most signifi-
cantinteraction in the tumor-enriched CNS niche, with FRCs serving
as asource of CXCL12 for CXCR4-expressing tumor B cells (Fig. 4c¢,d
and Extended Data Fig. 7f) and both FRCs and APOE*CIQ* TAMs serv-
ingasaCXCL12sourcefor T cells (Fig. 4¢,f). By contrast, tumor B cells
within CN1showed significant CD40L-CD40 interactions with CD4
T cells (Extended Data Fig. 7g), with a subset also having higher expres-
sion of multiple immune checkpoint ligands (Extended Data Fig. 7h).

Nature Genetics | Volume 57 | November 2025 | 2715-2727

2719


http://www.nature.com/naturegenetics

Article

https://doi.org/10.1038/s41588-025-02353-5

a C5_T in different spatial niches
@CNI1_T i
OCN2_PC
@ CN3_Myeloid

O CN4_Stromal
© CN5_Tumor-B
@ CN6_Diffuse
O CN7_Mixed

b By cell cluster

By CN cluster

@Q@ 1/\@& \\

<
c;z@ 0\ 00 O @*
@

Naive and memory Cytotoxicity Exhausnon
Avg. exp. Pct. exp. Avg. exp. Pct. exp. Avg. exp.  Pct. exp.
[ Y Y Y ) E W e00@® E.m 000
101 %290 101 QRO -101 OO P
c T cell chemotaxis 3|gnals d CG TAM APOE Cc1Q
@CNILT | i@
OCN2PC | = :
@ CN3_Myeloid | i@ @
O CN4_Stromal
© CN5_Tumor-B .
© CN6.Diffuse PRF1 ® GZMK < C5_ T XCLQ CCL5
h o ° =] ) o
O CN7_Mixed © C6_TAM_APOE_C1Q
V2 G 2 L D o Ak -
NN A AV VoV \UPRAIR ARSI UL CO_Tumor-B C11_FRC
& +o + d@ & dp & R Qovigz KO v0 ® &
\)\Vv N \/\\} MY
C6_TAM_  CO_Tumor-B C11_FRC
APOE_C1Q
Avg.exp.§ Fom § m AVg. exp. Ff‘:xa
-1 01 -0.505 15 -1 0 1 _‘1 0 1 0.0 .0
Pct.exp. o ® @ @ XX J 000 » e
ORPP 008 ORDP
e CN5_Tumor-B CN1T
e
GQD CO_Tumor-B ‘ g
~& - ® CXCL9 O CCL5 = CO_Tumor-B @ CXCL9 © CCL5  CI_FRC
CO_Tumor-B w
f CN1_T

Cé_TA M_

APOE_C1Q
APOE_C1Q
C12_HEV C12_HEV 100 pm @ CXCR3 @ CXCL9 © C5.T © C6_TAM_APOE_C1Q
9 PD-L1(C6)-PD1 (C5) PD-L1(C0)-PD1(C5) h CN3_Myeloid
12 4 - -14 _ -15 . R
P=3.401x10 P=8879x10 By cell cluster By CN cluster Cell-cell communication

= 2.0 » T 3
Qg
S 73 09
o
g & 15
@® 9P
2 é 06 i
£3 f 1.0
B i
N l
T S5 03+ o i
g 3 s B 05
=4 e ‘ . .

0 el 0 s el

. va94 100 pm o C5.T o C6_TAM_APOE_C1Q
W cNT [] cN4_stromal  [] CN7_Mixed — ® FDCDI @ CD274
[ cN2pC [ cN5_Tumor-B

B cN3_Myeloid [0 CN6_Diffuse

Fig. 3 |Niche-specific functional states of T cells. a, The expression of naive/

memory, cytotoxic and exhaustion markers in T cells from different spatial niches.

Statistically significant DEGs are highlighted in dashed boxes. b, A representative
FOV from CosMx SMI dominated by CN1, with abundant expression of cytotoxic
markersinT cells, as well as T cell chemotaxis molecules from APOE"'C1Q* TAMs,
tumor B cells and FRCs. Cell cluster is colored according to Fig. 2a, and CN cluster
is colored according to Fig. 2d. ¢, T cell chemotaxis molecules in APOE' C1Q" TAMs,
tumor B cells and FRCs from different spatial niches. d, The expression of MHC-11

genesin APOE'CIQ' TAMs residing in different spatial niches. e, Summary of

T cell chemotaxis pathways in CN1and CNS5, created with Biorender.com. f, The
expression of CXCL9 and CXCR3in APOE*CIQ" TAMs and T cells from the same
FOV as panel b. g, Barplot depicting the normalized PD-L1-PD-1linteraction count
ineach spatial niche. P values were calculated with aKruskal-Wallis test. h, A
representative CN3-dominated FOV showing the PD-L1-PD-1linteraction between
APOE'C1Q" TAMs and T cells. Cell cluster is colored according to Fig. 2a,and CN
cluster is colored according to Fig. 2d.
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Fig. 4 |Unique tumor phenotypic states and cellular interactions in CN5.

a, The expression of cell cycle markers and G2/M signature score in tumor B cells
from different spatial niches. Statistically significant DEGs are highlighted
indashed boxes. The P value was calculated with a one-way ANOVA.b, A
representative FOV showing extensive expressions of the cell cycle marker

TUBB in tumor B cells from CNS5. Cell cluster is colored according to Fig. 2a, and
CN cluster is colored according to Fig. 2d. ¢, The CXCL12-CXCR4 interaction

between FRC and tumor B cellsin the same FOV as panel b. d, The activity of
CXCL12-CXCR4 interaction between all TME cells and tumor B cells in CN5 and
CNe6, with senders from the same spatial niche as tumor B cells. e, The activity
of CXCL12-CXCR4 interaction between APOE'C1IQ* TAM or FRCand T cells in
different spatial niches. f, A representative CN5-dominant FOV showing the
interactions depicted in panel e. Cell cluster is colored according to Fig. 2a, and
CN cluster is colored according to Fig. 2d.

The predominant tumor-B cell niche thus bears patterns that are
reminiscent of the germinal center dark zone, which is regulated by
CXCR4, harbors highly proliferative B cells and has low T cell abun-
dance compared to the germinal center light zone, in which B cells are
less proliferative and receive CD40-mediated co-stimulatory signals
from CD4 T cells.

T cell dysfunctionin EBV-positive DLBCL

EBVisaB cell transforming virus that is a driver of -5% of DLBCL cases™.
In healthy individuals, EBV-infected B cells are surveilled by T cells,
which prevent malignant outgrowth. We therefore explored the T cell
characteristics of nodal EBV-positive DLBCLs from immunocompetent
individuals (that is, excluding post-transplant lymphoproliferative
disorder; n=5) by comparing them to nodal EBV-negative DLBCLs
(n=29) using available EBV status from clinical EBER in situ hybridiza-
tiontesting (Supplementary Table1). EBV-positive DLBCLs harbored a

significantly lower proportion of tumor B cells (CO) and a significantly
higher proportion of T cells (C5) (Fig. 5a and Supplementary Table 9).
As such, the tumor-enriched CN5 niche represented only 0.04% of
cellsin EBV-positive DLBCLs, while the T cell-enriched CN1and mixed
CNZ7 niches were significantly overrepresented (Fig. 5b and Extended
DataFig. 8a; hypergeometric P < 0.0001 for both CN1and CN7), and
T cells predominantly resided within these niches (Fig. 5¢,d). In line
with this observation, cell-cell communication analysis showed higher
T cell chemotaxis signals and receipt of antigenic signals through
MHC-land MHC-Ilin EBV-positive DLBCLs (Extended Data Fig. 8b-d).
This included closer interaction with tumor B cells, which more fre-
quently neighbored T cellsand APOE*C1Q* TAMs in EBV-positive cases
compared to neighboring other tumor B cells in EBV-negative cases
(P<0.001for all three cell types; Fig. 5e, Extended Data Fig. 8e and
Supplementary Table 10), as corroborated by orthogonal CODEX data
(Extended Data Fig. 8f). Given that the proportions of CNs differed
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Fig. 5| Spatially resolved cellular landscape of nodal B celllymphoma.

a, Comparisons of the cellular proportions of tumor B cellsand T cells in EBV-
positive and EBV-negative nodal B cell lymphoma. P values were calculated with
aWilcoxonrank sumtest. b, Pie chart representation of the CN compositions of
EBV-positive and EBV-negative nodal lesions. ¢, Sub-segmented barplot depicting
the CN allocations of T cells in nodal lesions with distinct EBV infection status.

d, Representative FOVs from CosMx SMIshowing the distinct cellular compositions
in EBV-positive and EBV-negative nodal lesions. Cell cluster is colored according
to Fig. 2a,and CN cluster is colored according to Fig. 2d. e, The neighborhood
structures of tumor B cellsin EBV-positive and EBV-negative nodal lesions.
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—

f-i, The expression of representative cytotoxicity (f,g) or exhaustion (h,i) markers
and signaturesin T cells from EBV-positive and EBV-negative nodal lesions.
Pvalues for genes (GZMB, HAVCR2) were calculated with the Seurat FindAlIMarkers
function that uses a Wilcoxon rank sum test with Bonferroni correction. P values
for signatures (cytotoxicity, exhaustion) were calculated with aStudent’s ¢-test.
Jj,Representative FOV images from CosMx SMIshowing the expression of GZMB
and HAVCR2in T cells from EBV-positive and EBV-negative nodal lesions. Cell
clusteris colored according to Fig. 2a, and CN cluster is colored according to Fig. 2d.
k, Representative CODEX images from the same sample as panel j, with alarger
amount of Granzyme B*CD8" T cells in EBV-positive nodal lesions.
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between EBV-negative and EBV-positive DLBCLs, and because niche
residence is associated with functional differences, we controlled for
this confounding factor by restricting our comparison of T cell function
between EBV-negative and EBV-positive tumorstothe T cellniche (CN1).
AlthoughtheT cell niche (CN1) supported naive or memory T cells with
low expression of exhaustion markers in EBV-negative DLBCLs, the
expression levels of markers and signatures of cytotoxicity and exhaus-
tionwere significantly increased in EBV-positive DLBCLs (Fig. 5f~iand
Supplementary Table 11). At single RNA molecule resolution with CosMx
(Fig. 5j) and through protein staining with CODEX (Fig. 5k), it can be
clearly observedthat T cells within the CN1T cell nichein EBV-positive
DLBCLs exhibited markedly higher expression of effector molecules.
Furthermore, T cells within EBV-positive DLBCLs co-expressed exhaus-
tion markers such as HAVCR2 (Fig. 5j). Together, these resultsindicate
that despite EBV-positive DLBCLs having an overrepresentation of
T cell and mixed niches that are typically favorable for T cell function
in EBV-negative DLBCLs, the T cells within EBV-positive tumors exhibit
cytotoxic and exhaustion markers indicative of chronic stimulation
and dysfunction.

T cellinfiltration in DLBCL of immune-privileged sites

Despite arising in sites such as the central nervous system (CNS) and
testis, which have restricted trafficking of immune cells, DLBCLs
of immune-privileged sites (IPS) have been noted to have immune
infiltration”?*. We explored the immunological characteristics of
IPS DLBCL within our dataset by comparing 11 IPS DLBCLs (CNS,
n=>5;testicular, n =5; ocular, n =1) with 28 nodal DLBCLs and 23
DLBCLs from other extranodal sites (EN-O; Supplementary Table1).
Splenic and EBV-positive cases were excluded from this analysis.
Although IPS DLBCLs had a higher proportion of tumor B cells (CO)
compared to nodal and EN-O DLBCLs, there was no significant dif-
ference in the frequency of T cells (C5) (Fig. 6a and Supplementary
Table12). APOE*CIQ* TAMs (C6) and FRCs (C11) were more abundant
inEN-O DLBCLs, but not significantly different between nodal and IPS
DLBCLs (Fig. 6a and Supplementary Table12). IPSand EN-O DLBCLs
each showed a lower proportion of cells within tumor-enriched
CN5 niches and a higher proportion of cells within diffuse CN6 and
mixed CN7 niches (Fig. 6b and Extended Data Fig. 9a), while nodal
DLBCLs had a higher fraction of tumor B cells that neighbored each
other within tumor-enriched CNS5 niches (Fig. 6c and Extended Data
Fig. 6b). Despite being in sites ofimmune privilege, tumor B cellsin
IPSDLBCLs neighbored T cells to an approximately equal degree as
nodal DLBCLs and significantly more frequently thanin EN-O DLBCLs
(Fig. 6d, Extended Data Fig. 9b and Supplementary Table 13). Fur-
thermore, anapproximately equal fraction of T cellsin nodal and IPS
DLBCLsreside within diffuse CN6 niches where T cells and other cells
are intermixed with tumor B cells, while in EN-O DLBCLs, a greater
fraction of T cells resided within mixed CN7 niches that contain fewer
tumor B cells (Fig. 6e,f and Extended Data Fig. 9c). In addition, we
observed a significantly higher expression of the cytotoxicity sig-
nature (Fig. 7a), a greater fraction of cells expressing effector mol-
ecules (GZMB and PRF1, adjusted P < 0.0001; Fig. 7b) and higher
rates of proliferation (adjusted P < 0.0001; Fig. 7c-g and Extended
Data Fig. 9d,e) in T cells from IPS DLBCLs compared to those from
nodal or EN-O DLBCLs, which is suggestive of ongoing antigenic
responses and expansion of T cells within IPS DLBCL. However, this
was accompanied by a higher expression of markersrelatedto T cell
dysfunction, such as LAG3, HAVCR2, PDCDI and ENTPDI1in T cells from
IPSDLBCLs (Fig. 7h,i), with ligands such as CD274 (PD-L1) being highly
expressed by other cell types within IPS DLBCL (Fig. 7j and Extended
DataFig. 9f), as well as significant Galectin-9-TIM3 (HAVCR2) signal-
ing within IPS DLBCLs (Fig. 7k and Extended Data Fig. 9g), together
indicative of animmune-suppressive microenvironment. Together,
these datashow that IPSDLBCLs have robust T cell infiltration within
diffuse and mixed CNs, with strong proliferation and cytotoxicity but

alsoaccompanied by coinhibitory signals, highlighting IPS DLBCLs
as being potentially amenable to immunotherapy.

Discussion

In this study, we have shown that DLBCLs consist of CNs with stereo-
typical patterns of co-association in communities that harbor distinct
patterns of cell-cell communication, contributing to diversity in the
proportions and functional states of each cell type. Forexample, T cells
residing in T cell-enriched niches exhibited increased expression of
naive/memory markers and reduced exhaustion markers compared
tothosein myeloid-enriched and tumor-B cell-enriched niches. These
differencesin T cell proportions and functional states were linked to
variations in chemoattractant and coinhibitory signals within each
niche, respectively. However, we noted that etiological factors, such as
EBV and the anatomical location of the tumor, were also associated with
different immune cell states even within the same CN that may make
tumors more or lessimmunologically primed. These factors are there-
foreimportant to consider as we move towards more patient-tailored
immunotherapeutic strategies with our current armamentarium of
checkpoint-blocking antibodies, bispecific T cell engagers and CAR
T cell therapies.

EBV-positive DLBCL arising inimmunocompetent individuals has
been recently recognized as a distinct clinical entity® and is associ-
ated with inferior outcomes®?. Although dysfunctional T cells have
been observed to aggregate with EBV-positive B cells in a range of
settings®®?, the CNs and patterns of cell-cell communication con-
tributing to T cell dysfunction in EBV-positive DLBCLs have not been
explored. We found anenrichment of T cell-enriched niche structures
within EBV-positive DLBCLs that is associated with high levels of T cell
expression of cytotoxic molecules, but accompanied by high expres-
sion of coinhibitory molecules and exhaustion signatures. This sug-
geststhat T cellsin EBV-positive DLBCLs are primed for anti-lymphoma
immunity and may be responsive to immunotherapeutic strategies,
such as PD-1 checkpoint blockade® or CAR T cell therapy®"**. In line
with this possibility, PD-1blockade in combination with chemoim-
munotherapy has been found to have high activity in the frontline
treatment of EBV-positive DLBCLs*.

Approximately 30% of DLBCLs arise in extranodal sites, including
IPS such as the CNS, testis and eye**, and therefore do not share the
same underlying lymph node architecture of nodal DLBCLs. Notably,
the MYDS88/CD79B (MCD) genetic subtype of DLBCL frequently involves
extranodalsites, including IPS, and possesses mutations in human leu-
kocyte antigen genes in 76% of cases™. Furthermore, CNS and testicular
DLBCLs frequently bear amplification of the PD-L1 (CD274) locus™.
These genetic observations suggest that IPS DLBCLs are subject to
complex immunoediting despite residingin sites of immune privilege.
Consistent with this suggestion, we found that IPSDLBCLs had strong
immune cellinfiltration, with the majority of cells residing within dif-
fuse or mixed CNs that contain complex mixtures of diverse cell types.
Theimmuneinfiltration observedin IPS DLBCLs is consistent with the
dysfunction of the blood-brain barrierin CNS lymphomas andinline
with the activity of both CD19 CART cells and bispecific antibodiesin
these lymphomas®*%, which both require the infiltration and engage-
mentof T cells with tumor cells. T cells within IPS DLBCLs showed high
expression of proliferation and cytotoxic molecules; however, like
EBV-positive DLBCLs, they also displayed high expression of multiple
coinhibitory molecules. In line with prior observations®, the genetic
etiology of IPS DLBCLs and responsiveness of CNS lymphomas to PD-1
blockade® *, we found the PD-1-PD-L1 axis to be most prominently
active in IPS DLBCLs. However, our data also highlight strong expres-
sionofthe LAG3 and TIM3 (HAVCR?2) coinhibitory molecules that may
also represent tractable therapeutic targets in this context.

Thelimitations of this study include our use of TMAs and restricted
FOVs on the CosMx platform, which may introduce sampling bias and
limit the perspective of intratumoral diversity. Furthermore, CosMx
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developed in different anatomical sites, including nodal, IPS and EN-O lesions.
The center line shows the median, boxes represent quartiles 1-3 and whiskers
represent 1.5 times the interquartile range. P values were calculated using a
Kruskal-Wallis test, with Dunn’s post hoc test for pairwise comparisons. b, Pie
chartrepresentation of the CN compositions of tumors in different anatomical
sites. ¢,d, Boxplot representation of tumor B cell and T cell populations in the
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neighborhood of tumor B cells from different anatomical sites. The center line
shows the median, boxes represent quartiles 1-3 and the whiskers represent 1.5
times theinterquartile range. P values were calculated using a Kruskal-Wallis
test, with Dunn’s post hoc test for pairwise comparisons. e, Sub-segmented
barplot showing CN allocations of T cells from different tumor sites. f,
Representative FOVs from CosMx SMIshowing the distinct cellular compositions
in tumors from different anatomical sites. Cell cluster is colored according to Fig.
2a,and CN cluster is colored according to Fig. 2d.

and CODEX analyses were not performed on serial sections, resulting
in spatial data being separated along the Z dimension. This prevents
direct cell-to-cell mapping and limits direct comparisons between
the two platforms. Our analysis leveraged a heterogeneous cohort of
patients thatenabled investigation of unique factors, such as EBV status
and extranodal sites, but prevented us from identifying associations
between CN features and patient outcomes. Despite these limitations,

the discovery of spatially confined patterns of DLBCL immunobiology
highlights core concepts around the functional diversity of cell types
within different CNs, identifies opportunities forimmunotherapeutic
interventions in EBV-positive and IPS DLBCLs and positions the field
for prospective evaluation of the spatial architecture of ymphoma
tumor microenvironments in important therapeutic contexts, such
as bispecific antibody and CAR T cell therapy. Future studies using

Nature Genetics | Volume 57 | November 2025 | 2715-2727

2724


http://www.nature.com/naturegenetics

Article

https://doi.org/10.1038/s41588-025-02353-5

a Cytotoxicity b GZMB PRF1 C  Cellcycle (G2/M phase) d HMGB2
Py <22x10™° _Paq=00003
. P <22x10"
P, <22x107"® 16 adi 3
Y TP o524 x100 | Py <2210 | Puy<22%10° Py <2:2x107™ s ]
o >204 | | 159 | | ! >
z 2 i ! ‘ | \ 2 064 | | 2
04 1 ; 1 5 15
8 S 54 | ; ‘ i f o ‘ ‘ 1 S P,y <22x10™ [J Nodal
o 2 ‘ | 104 : © 04+ 2 1 ‘ o s
2 o024 < | I 5 © 104 |
y ‘ El
s g 10 g o, 3 H EN-O
o @ 5 5 © )
Z oA 3 5 z 3 s
et
-0.2 q 09> > 0 = 024 ! Y 04 A
e

h Exhaustion
P;<22x10™
P;<22x10™
P <22x10™
e
8 0.4
2 ] Nodal
5 o2 O 1ps 5 9 AN A
5 @7 OO
5] ) » LR
: movo s
"
— (0]
E Avg. exp. Pct. exp.
" o2 b | .00
e -0 05 4 8 12

Fig. 7| Spatial characteristics of ymphomas of IPS. a, The expression of the
cytotoxicity signature in lymphomas of different tumor sites. P values were
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GZMBand PRF1inT cells from nodal, IPS and EN-O lesions. P values were
calculated comparing IPS to all other tumors using the FindAlIMarkers function
of Seurat, based upon a Wilcoxon rank sum test with Bonferroni correction.

¢, The expression of G2/M cell cycle signature according to tumor site. P values
were calculated using a pairwise t-test. d, The expression of a representative cell
cyclegene, HMGB2, according to tumor site. P value was calculated comparing
IPS to all other tumors using the FindAllMarkers function of Seurat, based upon
aWilcoxon rank sum test with Bonferroni correction. e, Representative FOVs
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Granzyme B*CD8" T cellsin IPS lesions (f) and the presence of proliferating
Ki67'CD8" T cells in multiple regions of the IPS sample (g). h,i, The expression

of exhaustion signature (h) and representative exhaustion markers (i) in T cells
from different tumorsites. Inh, P values were calculated using a pairwise t-test.
jK, The PD-L1-PD-linteraction (j) and Galectin-9-TIM3 interaction (k) between
allother cellsand T cellsin different tumor sites.

Nature Genetics | Volume 57 | November 2025 | 2715-2727

2725


http://www.nature.com/naturegenetics

Article

https://doi.org/10.1038/s41588-025-02353-5

platforms with higher information content and larger sample cohorts
will be required to distill key principles of tumor microenvironment
architecture, itsunderlying biology and associated therapeutic oppor-
tunities, along with associations with molecular and clinical features of
DLBCL. These large datasets will also serve as afoundation for training
deeplearning models or other artificial intelligence-based approaches
capable of predicting gene expression and microenvironmental fea-
tures fromroutine digitized hematoxylin and eosin-stained slides* **to
yield clinically deployable, microenvironment-informed or integrative
strategies for DLBCL classification.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
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Methods

Human research ethics approval

This study was approved by the Institutional Review Board of The
University of Texas MD Anderson Cancer Center (protocol PA19-0420)
using archival samples and a waiver of informed consent. The sex and
age of study participants are provided in Supplementary Table 1. No
compensation was provided to participants.

CosMx SMI assay

To obtain a quasi-3D transcriptomic dataset, formalin-fixed,
paraffin-embedded (FFPE) tissue blocks were sectioned to 5 um
slices using a microtome. The sample processing, staining, imag-
ing and cell segmentation were performed as previously described.
In brief, tissue sections were placed on VWR Superfrost Plus Micro
Slides (cat. no. 48311-703) for optimal adherence. Slides were then
dried at 37 °C overnight, followed by deparaffinization, heat-induced
antigenretrieval and proteinase-mediated permeabilization (https://
nanostring.com/products/cosmx-spatial-molecular-imager/
single-cell-imaging-overview). Then, 1nM RNA-in situ hybridization
probes were applied for hybridization at 37 °C overnight. After a strin-
gentwash, aflow cell was assembled on top of the slide, and cyclic RNA
readout on CosMx was performed (Human Universal Cell Charac-
terization RNA 1K-plex panel). Before starting RNA detection cycling,
morphology markers for visualization and cell segmentation were
added, including pan-cytokeratin (PanCK), CD68, CD298/B2M, CD45
and DAPI. Over 40 FOVs (0.509 mm x 0.509 mm) were selected for data
collection on eachslice. The commercial CosMx optical system has an
epifluorescent configuration based on a customized water objective
(x22.7/1.1NA) and uses widefield illumination, witha mix of lasers and
light-emitting diodes (385 nm, 750 mW; 488 nm, 1W; 530 nm, 1W;
590 nm, 150 mW; 647 nm,1 W) that allow imaging of DAPI, Alexa Fluor
488, Atto-532, Dyomics Dy-605 and Alexa Fluor 647, as well as removal
of photocleavable dye components. The camera used was a Lucid
Atlas10 ATX CMOS sensor (pixel size, 120 nm). A3D multichannelimage
stack (eight frames) was obtained at each FOV location per imaging
round, with a step size of 0.8 pm. Image registration, feature extrac-
tion, localization, decoding of individual transcripts and machine
learning-based cell segmentation (developed upon Cellpose) were
performed as previously described. The final segmentation mapped
each transcript in the registered images to its corresponding cell, as
wellas tosubcellular compartments (nucleus, cytoplasm, membrane),
where the transcript was located.

CosMx data analysis

Data quality control and processing. The CosMx SMI data for TMA
slides, including gene count matrices, metadata, FOV positions, cel-
lular boundary coordinates and transcript coordinates, were down-
loaded from the Nanostring AtoMx Spatial Informatics Platform. The
gene count matrix was used for transcriptomic analysis with the R
software Seurat (v.5.0.1)*. Cells with a unique molecular identifier
count of less than 20 or a gene count of less than ten were filtered
out. Furthermore, cells lacking the expression of defined canonical
markers were excluded from subsequent analyses. Finally, a total of
1,322,740 high-quality, characterizable cells were retained for down-
stream analysis, with a median gene count of 74 per cell and a median
unique molecular identifier count of 121 per cell. Data normalization
was performed using the SCTransform function in Seurat®. Linear
dimension reduction based on highly variable genes was performed
by principal component analysis (PCA), using the RunPCA functionin
Seurat*. EIbow plots were generated using the ElbowPlot function, and
the number of dimensions used for downstream analysis was deter-
mined accordingly. Following this step, TMA-specific batch effects
were evaluated, and dataintegrationin the PCA space was performed
using the R package Harmony (v.0.1.1)”. A nearest-neighbor graph was
then constructed with the FindNeighbors function in Seurat®, and

unsupervised cell clustering was conducted using the Louvain algo-
rithmwith the FindClusters function. Ataresolution of 0.1, a total of 19
cell clusters were identified. Further non-linear dimension reduction
was performed using the uniform manifold approximation and projec-
tion method*®, implemented with the RunUMAP function in Seurat*.

Cell type and state identification. DEGs among cell clusters were
identified using the FindAlIMarkers function in Seurat®. The top DEGs
of each cell cluster were manually reviewed. Additionally, the expres-
sion levels of canonical lineage markers, as reported previously”*~,
were manually checked, and dot plots were generated using the Dot-
Plot function in Seurat®. Based on these methods, cell clusters were
annotated as T cells and natural killer cells (high expression of CD3D,
CD3E, CD2and so on), B celland plasma cells (high expression MS4A1,
CD79A,MZBI1 and so on), myeloid cells (high expression of CD68, APOE,
CIQBandso on), stromal cells (high expression of COL1A1, COL1IA2and
so on), stressed cells (high expressing of HSP genes), epithelial cells
(high expression of KRT genes) and erythrocytes (that is, red blood
cells) (high expression of HBB, HBA1/2).

To further validate the accuracy of the identified cell types, the
signatures of major cell types from an in-house-constructed B cell
lymphoma atlas were used (see Supplementary Table 4 for the detailed
signature). This atlas was based on single-nucleus RNA sequencing
(snRNA-seq) data from 105 B cell lymphoma samples and contained
970,239 cells, ensuring its comprehensiveness and accuracy as arefer-
ence. Signature scores for each major cell type were calculated using
the AddModuleScore function and visualized with the FeaturePlot
function in Seurat®. Furthermore, we integrated the CosMx SMI and
single-nucleus RNA sequencing datasets using Harmony* and overlaid
the two datasets in the joint embedding space for all cells as well as
for each major cell type. Finally, we performed Spearman correlation
analysis to evaluate the concordance of major cell types identified
from CosMx SMIand CODEX datasets using the same set of samples.

Identification of cellular neighborhoods and spatial niches. We
defined a cellular neighborhood as the collection of cells whose cen-
troid lies within 200 pixels (24 um) of the centroid of the center cell.
Suchastrategy was applied to the entire CosMx SMI dataset, with each
retained high-quality cell being iteratively selected as the center. Based
onthis definition, most cellular neighborhoods contain-10-20 cells. A
cell-by-cell state composition matrix was then calculated, inwhich each
columnrepresents a center cell and each row represents the count of
acell state within that center cell’s neighborhood. We tested multiple
neighborhood radii (from 100 pixels to 2,000 pixels) and obtained
the corresponding neighborhood composition matrix. Then, pairwise
Spearman correlation analysis was performed to assess the similarity
of the neighborhood structures obtained using different neighbor-
hood searching radii.

Subsequently, k-means clustering was performed based on the
cell-by-cell state composition matrix, obtained using aneighborhood
radius of 200 pixels, to cluster center cells based on the similarity of
their neighborhood structures. Multiple resolutions were tested to
optimize the clustering results. Then, clusters with similar structures
were combined to reduce redundancy. This analysis identified seven
cell clusters, each characterized by unique neighborhood composi-
tions, which we defined as spatial CNs. Dimensionality reduction of
the dataset was performed on the scaled neighborhood compositions
using PCA, and the CN information was projected onto the PCA space
for visualization.

Quantification of cellular enrichment. To quantify the enrichment of
different cell states across different groups (thatis, the neighborhood
compositions of different cell states or the cellular compositions of
different spatial niches) and determine whether a certain cell state is
enriched or depleted, we calculated the ratio of observed to expected
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cell numbers for each cell state across different groups, as reported
previously®. First, a contingency table of cell states by groups was
calculated. Then, a chi-squared test was performed to calculate the
expected distributions of cell states across the different groups and
to evaluate the deviation of the actual distribution from the expected
distribution. Following this, the R, values for each cell type-group
combination were calculated using the following formula:

_ Observed
~ Expected

o/e

Here, R, represents the ratio of observed to expected cell numbers
for a particular cell state within agiven group. For a specific cell state,
R, >1indicates that cells of this state are observed more frequently
than expected by random chance in that group (that is, enriched),
whereas R, <1lindicates that the number of cells of this state is lower
than expected (thatis, depleted). The results were shown as heatmaps
using the R package pheatmap (v.1.0.12).

Niche-specific cell co-localization network. The cell co-localization
network in each spatial niche was calculated with the R package Cell-
Trek (v.0.0.94)*. In brief, the function scoloc was used to construct a
minimum spanning tree based on the Delaunay triangulation network
for cells within each spatial niche. The co-localization graph of differ-
ent cell states within each spatial niche was then visualized using the
function scoloc_vis. In the graph, each node represents a cell state,
and the width of the edge connecting two cell states represents their
proximity within the specific niche.

Niche-specific cell functional state analysis. The FindAlIMarkers
function in the R package Seurat* was applied to identify DEGs for
different spatial niches as well as DEGs for specific cell types across
different spatial niches. Specifically, the cell cycle signature was
derived by intersecting the cell cycle metaprograms reported in a
recent pan-cancer study*® with the CosMx SMI gene panel (see Sup-
plementary Table 6 for the detailed signature). The T cell cytotoxicity
and exhaustion signatures were derived by intersecting the DEGs of
corresponding cell clusters from a pan-cancer T cell atlas” with the
CosMx SMIgene panel. The top 20-50 DEGs from the pan-cancer T cell
atlaswere used for constructing each signature, ensuring that at least
tengenes overlapped with the CosMx SMIgene panel (see Supplemen-
tary Table 9 for the detailed signature). The signature scores were then
calculated using the AddModuleScore function in Seurat®.

Neighborhood-based cell-cell communication analysis. For spa-
tially resolved single-cell transcriptomic data, we inferred cell-cell
communications within each cell’s neighborhood, leveraging spa-
tial information and restricting cellular communication to adjacent
regions. We used the human ligand-receptor databases from Cell-
Chat’**, CellPhoneDB (v.2.0)* and iTALK*®, which together comprised
atotal of 4,028 ligand-receptor pairs. The crosstalk between each cell
and its neighboring cells was quantified based on ligand-receptor
interaction activity, calculated as follows:

Activity (L,R,s,r) = \/Exp, ¢ X EXpp,

where L stands for aligand, R stands for the corresponding receptor,
sdenotes asender cell expressingligand L, rrepresents a receiver cell
expressing the corresponding receptor R, Exp, , stands for the expression
value ofligand L in the sender cell sand Exp,, stands for the expression
value of the corresponding receptorinthe receiver cell r. The calcula-
tions described above were implemented using the commu.cn.call
function in Spyrrow (v.0.1; https://github.com/liuyunho/Spyrrow)
inthe Python environment (v.3.10.5). The results were visualized using
the ggplot2 package (v.3.4.4) in R (detailed in the section ‘CosMx SMI
data visualization’).

Calculation of normalized PD-L1-PD-1interaction count and inten-
sity. The normalized PD-L1-PD-1 interaction count was calculated as
the total number of cell pairs of interest (myeloid-T cell pair or tumor-
T cell pair) with a positive PD-L1-PD-1 interaction activity, divided by
the total number of receiver cells (C5_T plus natural killer cells) ineach
spatial niche. The normalized PD-L1-PD-1 interaction intensity was
calculated as the sum of PD-L1-PD-1interaction activity between cell
pairs of interest (myeloid-T cell pair or tumor-T cell pair) divided by
the total number of receiver cells (C5_T plus natural killer cells) ineach
spatial niche. These two matrices assess the extent to which T cells
were influenced by the PD-L1-PD-linteraction in each spatial niche.

CosMx SMI data visualization. Cell patch plots were generated using
the cell boundary coordinates, implemented with the function plot_
cell_patch in the software Spyrrow. The single-molecule resolution
gene expression plots were generated using both the cellboundary and
transcript coordinates by plotting the transcripts on top of the corre-
spondingcell patches. This wasimplemented with the plot_RNA_on_cell
functionin Spyrrow, with the transcripts plotted only for the cell states
of interest. For the visualization of cell-cell communication results,
the R package ggplot2 (v.3.4.4) was applied. For the communication
between cell clusters in one or different spatial niches, dot plots were
applied to show the proportion of cell pairs involved in the specified
ligand-receptorinteractioninacertainniche and the averageinterac-
tion intensity (total interaction intensity normalized by the number
of cell pairs).

CODEX assay
CODEXtechnology (Akoya Biosciences) was used for multipleximmu-
nofluorescence marker detection on FFPE tissue sections.

Antibody conjugation. In addition to the commercially available
conjugates from Akoya Biosciences, additional antibody conjugates
were made in-house using barcodes and conjugation kits provided
by Akoya, following the manufacturer’s protocol. In brief, each anti-
body in purified, carrier-free form was treated with the reduction
solution (conjugation kit component) to open up the thiol groups
and subsequently incubated with a unique DNA barcode for 2 h. Suc-
cessful conjugations were first confirmed with a gel electrophoresis
run, showing an upward shift in molecular weight. These conjugates
were then tested at different dilutions for staining on a sample tissue
expressingthe target antigen. The staining was reviewed and approved
by pathologists. Acomprehensive list of the antibody conjugates used
inthis study, including the conjugates from Akoya, is provided in Sup-
plementary Table 3.

Tissue staining. Tissue staining and imaging were performed accord-
ing to the instructions by Akoya Biosciences. In brief, FFPE sections
(4 pmthickness) mounted on coverslips were baked at 55-60 °C over-
night. Once cooled down to room temperature (20-25 °C), the slides
were rinsed in deionized water, followed by rinsesin CODEX hydration
buffer,and thenplacedinstaining solutiontoincubate at roomtemper-
ature for 30 min. Then, 200 pl of antibody conjugate mix consisting of
CODEX staining solution, blocking solutions and antibody conjugates
atdifferent dilutions (see Supplementary Table 3) was added onto the
tissue section and incubated for 3 hat room temperature. Afterincuba-
tion, the coverslips were washed in staining solution twice, post-fixed
with 1.6% paraformaldehyde in storage buffer, cold 100% methanol
and an Akoya final fixative with abundant washing steps in 1x PBS in
between and after each step. The coverslips were then subject toimag-
ing or short-term storage in storage solution at 4 °C for up to 5 days.

Imaging on the CODEX instrument. A 96-well reporter plate contain-
ing the corresponding reporters was prepared forimaging. Eachwell to
be used inthe plate contained three reporters that correspond to the
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antibodies usedin each cycle, plus a DAPI nuclear stain. Two wells con-
taining only DAPl were used as the first and last cycle for the correction
of background, known as blanks. The plate was sealed with a foil plate
sealtoblockit fromlight. During imaging, one coverslip was mounted
on a perfusion stage resting on a Keyence fluorescence microscope
(model BZ-X800) equipped with a x20/0.75 NA objective. The solution
exchanges were performed using a microfluidics instrument (Akoya
Biosciences) and controlled through a software interface. The order of
markers per cycleis listed in Supplementary Table 3. After completion
of imaging cycles, the raw image tiles in.tiff format were fed through
the CODEX image processor for stitching. Quality control of tissue,
signals and staining was performed by an experienced pathologist.

CODEX data analysis

Cellular segmentation. Cellular segmentation was performed using
a convolutional neural network-based approach with UNet++ archi-
tecture. As inputs, the nuclear marker DAPI and the most common
membrane marker Na/K-ATPase were used. A cellinstance mask, which
includes each cell detected by the aforementioned network, was pro-
duced asanoutput of the cellular segmentation process. Cell instances
thatlack clearly visible membranes but contain nuclei were segmented
with aslight extension around the nuclei. The segmentation quality for
allsamples was visually inspected by pathologists experienced in MxIF
analysis. It was confirmed that the segmentation quality for all cores
met the 90% threshold. To ensure accurate analysis, large segments
that did not represent real cells and appeared as a result of artificial
staining, blur or other artifacts were filtered out based on their size.

Mask generation. Signal masks for macrophages were generated by
setting a threshold for CD68, CD11c, CD206 and HLA-DR markers.
Vessel masks were generated with UNet++ with an EfficientNet-v2
encoder using SMA, CD31 and nucleus (DAPI/DRAQS) markers. For
cases in which results were unsatisfactory (that is, more than 10% of
the signal area was lost or more than 10% of the detected area did not
belong to the correct compartment or cell population), masks were
corrected manually.

Cell typing. Cell classification was performed based on the expression
of each marker and the distribution of markers in the cell’s contour,
such as the cells’ mean marker intensity. Cell typing was performed
across the entire set of cells inthe analysis. Abatch-balanced k-nearest
neighbor tree” was constructed, and further clustering was performed
using the Leiden algorithm®® along with the Wilcoxon signed-rank
test to assign specific cell types to the clusters. To ensure cell typing
accuracy, a ‘gating’ strategy was used to verify that detected clusters
of cellswithagiven phenotype did not contain cells lacking expression
ofthe specified marker or any other inconsistencies with the assigned
phenotype. This was achieved by comparing marker expression levels
to a ‘threshold’ value, which was determined either through manual
review of theimage data or by inferring the value from the distribution
ofthe given cluster.

A two-step strategy was then applied for cell typing. In the first
step, major cell types were identified, including B cells (cells express-
ing CD45 along with one of the markers CD19, CD20 or CD79a), T cells
(CD45°CD3°CD4", CD45'CD3*CD8" and CD45'CD3*FOXP3" cells),
macrophages (CD68" cells), endothelial cells (CD31") and stromal
cells (FN1* or SMA"). These major cell types were cross-validated by
two experienced pathologists to ensure alignment with the observed
fluorescent signals. In the second step, cell subtypes were identified:
B cells were subdivided based on co-expression of CD10, CD21, CD23
orBcl2; T cells were classified based on co-expression of PD-1, ICOS (for
CD8"and CD4" cells) or Granzyme B (for CD8* cells); and macrophages
were subdivided based on co-expression of CD206. After identifying
the detailed cell subtypes, all cell classifications were re-evaluated by
pathologists to confirmaccuracy.

Statistics and reproducibility

Comparisons of cellular and CN compositions between EBV-positive
and EBV-negative nodal lesions were performed using the Wilcoxon
rank sum test. Comparisons of cellular and CN compositions among
different tumor anatomical sites were done with the Kruskal-Wallis
test, with intergroup comparisons performed using Dunn’s test for
multiple comparisons, applying the Holm method to adjust P values.
For comparisons of signature score expressions between EBV-positive
and EBV-negative nodal lesions, the Student’s ¢-test was conducted.
Pairwise t-tests were used for comparisons of signature score expres-
sions among different tumor sites, with the Benjamini-Hochberg
method used to control the false discovery rate. For comparisons of
individual gene expression levels among different clinical groups, the
Pvalues were obtained using the FindAlIMarkers function in Seurat*,
using the default Wilcoxon rank sum test. For all comparisons described
above, two-sided P values were reported, and P < 0.05 was considered
statistically significant. Unless otherwise specified, all bioinformatic
and statistical analysesin this study were implementedin the R statisti-
calenvironment (v4.2.0; https://www.r-project.org).

Samplessize of the study was determined based onthe sample avail-
ability. No statistical methods were used to determine sample size. All
statistical comparisons were made using datafromallapplicable cases,
with sample sizes described in the Results section and assignment of
patients for each comparison group outlined in Supplementary Table 1.
No data were excluded from the analyses, and the experiments were
notrandomized. Investigators were blinded to sample characteristics
during dataacquisition and processing. Individual cases were selected
for display in figures based on their alignment with the overall trend
from the full series.

Whole-exome sequencing and bulk RNA sequencing
Afulldescription of the methods for whole-exome sequencingand RNA
sequencing can be found in the Supplementary Information.

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

Data availability

The CosMx SMI data can be accessed through the Gene Expression
Omnibus (GEO) under accession number GSE289194. Assignment of
patients to groups for comparisons based on EBV status or anatomical
siteis providedin Supplementary Table 1. Raw whole-exome and RNA
sequencing data are available through the European Genome-Phe-
nome Archive (EGA), under accession number EGAS50000001146.

Code availability

All data analysis was performed using publicly available software, pack-
agesandtools, asdescribed in the Methods section. The computational
codeusedintheanalysisisavailableat https://github.com/Coolgenome/
Lymphoma-spatial (https://doi.org/10.5281/zen0d0.15675991)*°, where
adetailed description of the analysis flow, including specific code and
functions used in the study, is provided to ensure transparency and
reproducibility of the results.
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Extended Data Fig. 1| Correlation between CosMX SMI and CODEX for major
cell types. a, Schematic representation of marker-based cell typing strategy

for CODEX.b, Correlation scatter plots showing the enumeration of major cell
types on the CosMx and CODEX platforms. Cell type enumeration for CosMx

was performed by cluster-based classification within the field-of-view. Cell type
enumeration for CODEX was performed by marker-based classificationincluding
the entire core. CosMx and CODEX were not performed on sequential sections,

therefore represent different cells separated along the Z dimension. P-values
were calculated with a Spearman rank-order correlation test. Shaded area
represents the 95% confidence interval for the correlation line. ¢, Sub-segmented
barplots representing the proportion of four major cell types identified by
CosMx SMland CODEX in tissue sections from the same set of samples. The two
platforms showed overall high concordance in major cell type identification.
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Extended Data Fig. 2| Expression of lineage markers in each cell type. Bubble plot of key lineage markers expressed in each major cell type; related to Fig. 2a.
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Extended Data Fig. 8 | Spatially resolved cellular landscape of nodal EBV+
DLBCL. a, Boxplot representation of the proportion of cells within each FOV that
reside within each niche, comparing EBV positive and negative nodal DLBCLs.
Center line shows the median, boxes represent quartiles 1- 3 and the whiskers
represent 1.5 times the interquartile range. P-values were calculated using a
Wilcoxon rank sum test. b, The activities of T cell chemotaxis signaling axesin
EBV positive and negative nodal DLBCLs. Two representative axes were shown:
CCL5: CCRS5,CXCL9 : CXCR3, with ligands from tumor-B cells, APOE+ C1Q+ TAM
and FRC. ¢, The activities of B2M: CD3 interaction between tumor-B cells, APOE+

C1Q+TAM, or FRC and T cells in EBV positive and negative nodal lesions.d, The
activities of MHC I1: CD4 interaction between APOE+ C1Q+ TAM and T cellsin EBV
positive and negative nodal lesions. e, Boxplot representation of tumor-B and

T cell populations in the neighborhood of tumor-B cells from EBV positive and
negative nodal lesions. Center line shows the median, boxes represent quartiles
1-3and the whiskers represent 1.5 times the interquartile range. P-values were
calculated using a Wilcoxon rank sum test. f, CODEX validation corresponding to
Fig. 5j, showing the distinct cellular compositions of EBV positive and negative
nodal lesions.
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Extended DataFig. 9| Spatially resolved cellular landscape of B cell
lymphoma developed in different anatomical sites. a, Boxplot representation
of the proportion of spatial niches in tumors from different anatomical sites.
Center line shows the median, boxes represent quartiles 1- 3 and the whiskers
represent 1.5 times the interquartile range. P-values were calculated using a
Kruskal-Wallis test with Dunn’s post-hoc test for pairwise comparisons. b, The
neighborhood structures of tumor-B cells from different anatomical sites.

¢, The corresponding CODEX images of samples shown in Fig. 6f, indicating

the distinct cellular compositions in nodal, IPS, and EN-O lesions. d, The
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expression of G1/S cell cycle signature score from nodal, IPS, and EN-O lesions.
P-values were calculated using a pairwise Student’s T test. e, Representative
proliferation markers in T cells from nodal, IPS, and EN-O lesions. P-values were
calculated comparing IPS to all other tumors using the FindAlIMarkers function
of Seurat, based upon a Wilcoxon rank sum test with Bonferroni correction.
f, Decomposition of Fig. 7j, showing the PD-L1: PD-1linteraction between each
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of Fig. 7k, showing the Galactin-9 : TIM-3 interaction between each individual
cellstateand T cellsin nodal, IPS, and EN-O lesions.
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The CosMx SMI data can be accessed via Gene Expression Omnibus (GEO) under the accession number GSE289194. Whole exome sequencing and RNA sequencing
data are available through the European Genome-Phenome Archive (EGA), accession EGAS50000001146.
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Population characteristics The detailed patient characteristics were described in Table S1, including diagnosis, age, gender, prior line of treatment
(LOT), and tumor site.

Recruitment Patients with B cell lymphoma were enrolled in this study.

Ethics oversight This study was approved by the Institutional Review Board of The University of Texas MD Anderson Cancer Center.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Replication No technical replicates were performed for CosMX or CODEX experiments. Biological replicates are represented by individual patients as
described in sample sizes associated with each analysis outlined in the relevant results section. To validate the cell types defined in CosMx SMI
dataset, an independent single-nuclear RNA sequencing dataset was used for signature score calculation and cell co-embedding. For key
findings from the CosMx SMI dataset, orthogonal validation from CODEX data was performed. The results of these validation experiments are
reported within the results section of the manuscript.

Randomization  This study compared between groups of patients based upon clinical characteristics. Due to sample size considerations, all applicable patients
were included for each analysis therefore there was no randomization employed.
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Antibodies used Full CODEX antibody details including clone IDs, barcodes and dilutions are included in Table S5. Antibodies used in this study were:
Bcl6 (LS Bio, Cat # LS-C751349); MYC (Abcam, Cat # ab168727); CD23 (Abcam, Cat # ab257323); BCL2 (Abcam, Cat # ab182858); PD1
(Akoya, Cat # 240035); CD30 (Cell Signaling Technologies, Cat # 47448SF); CD19 (BioRad, Cat # MCA2454); PDL1 (Akoya, Cat #
240171); CD10 (Cell Signaling Technologies, Cat # 54370SF); CD56 (Akoya, Cat # 240186); ICOS (Akoya, Cat # 240078); CD31 (Akoya,
Cat #232172); CD138 (Abcam, Cat # ab226108); FOXP3 (Akoya, Cat # 240170); SMA (Akoya, Cat # 240068); CD8 (Akoya, Cat #
232151); CD206 (Bethyl, Cat # A700-109); CD79A (Akoya, Cat # 240177); CD21 (Akoya, Cat # 240003); CD4 (Akoya, Cat # 232174);
CD20 (Akoya, Cat # 232175); Ki67 (Akoya, Cat # 232179); CD45 (Akoya, Cat # 240060). FN1 (Cell Signaling Technologies, Cat #
44800SF); CD3E (Akoya, Cat # 240006); NaK (Abcam, Cat # ab167390); HLA-DR (Akoya, Cat # 240017); Granzyme-B (Akoya, Cat #
240074); CD11c (Akoya, Cat # 232177); CD68 (Akoya, Cat # 232176).

Validation Each antibody was extensively validated by the manufacturer. As part of panel design and optimization, antibodies were further
validated across dilutions for staining pattern and background.

Plants

Seed stocks None.

Novel plant genotypes  None.

Authentication None.
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