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ABSTRACT

Diffuse large B-cell Lymphoma (DLBCL) is the most prevalent subtype of non-Hodgkin’s
lymphoma for which current therapeutic strategies remain insufficient, in part owing to
heterogeneity in tumor biology and the immune microenvironment. The diffuse nature
of DLBCL represents a challenge to elucidate how malignant and immune cells are
spatially organized within the tumor microenvironment (TME), and how this organiza-
tion impacts immune function and clinical outcome. Here, we performed a pilot spatial
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transcriptomics analysis of primary DLBCL tissue sections to resolve spatial gene
expression patterns and cell-cell interactions, with key cellular features validated at
the protein level. We identified six recurrent, spatially organized cellular ecosystems
(Cell-Eco) defined by distinct immune compositions, transcriptional programs, and
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neighborhood architectures. Notably, ecosystems with similar immune cell abundance
exhibited divergent functional states and opposite clinical associations, demonstrating
that spatial context and local interactions, rather than cell-type frequency alone, shape
immune function within the DLBCL TME. Building on these spatial ecosystems, we
derived Cell-Eco gene signatures that generated prognostic scores and robustly strati-
fied patient survival in large, independent DLBCL cohorts comprising more than 1000
cases. Across ecosystems, tumor-associated macrophages have emerged as the domi-
nant spatial partners of malignant B cells, highlighting their central role in structuring
the immune microenvironment. Together, these findings establish a spatially informed
framework for DLBCL immune organization and demonstrate the prognostic relevance
of tumor cellular architecture.
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Introduction

Diffuse large B-cell lymphoma (DLBCL) is the most common subtype of non-Hodgkin’s Lymphoma
(NHL) worldwide and accounts for approximately 40% of all cases." Despite the significant improvements
in patient outcomes with first-line treatment with R-CHOP (rituximab, cyclophosphamide, doxorubicin,
prednisone, and vincristine), approximately 40% of the patients experience relapse or become refractory.®
A deeper understanding of the biological mechanisms driving disease progression is essential for develop-
ing new therapies with increased response rates and improved overall survival.

The study of the tumor microenvironment (TME) has become of great importance in elucidating the
factors that contribute to disease progression and relapse in DLBCL. Both the cellular composition and
spatial organization have been linked to disease stage and response to treatment in various solid cancers.”™
However, a hallmark of DLCBL is its diffuse pattern, characterized by the scattered distribution of malignant
cells within the TME,"* hindering a comprehensive assessment of the spatial architecture and associated cell
states in DLBCL. Previous studies investigating the cellular composition and gene expression profiles in the
TME of DLBCL have provided important insights into the heterogeneity of immune cell infiltration and its
connection to tumor progression,” treatment resistance, and clinical outcomes.”® Nevertheless, these
characterizations were limited by the lack of spatial context of the immune cell profiles, including their
localization within the TME and the associated communication pathways. Recent studies have integrated
tissue coordinates into a detailed analysis of the DLBCL TME, using high parameter imaging”'* or digital
spatial profiling of macrophages.'> However, these studies faced technical constraints such as the limited
number of parameters analyzed and a narrow focus on specific immune cell types. A comprehensive
characterization of the different cellular immune profiles within the tissue topology, integrating spatial
localization, cellular interactions, and communication patterns, is still missing in DLBCL.

In this study, we applied spatial transcriptomics to generate a high-resolution map of gene expression
within the tissue architecture of ten primary DLBCL samples as a discovery cohort. A preprint version of this
work was previously made available.'* We demonstrate that DLBCL tissues are organized into discrete
cellular ecosystems (Cell-Eco) characterized by distinct immune cell compositions, transcriptional programs,
and intercellular communication networks. Leveraging these spatial ecosystems, we derived ecosystem-
associated transcriptomic signatures that capture functional immune states and are associated with overall
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survival in independent patient cohorts. As a pilot spatial analysis, this work highlights the value of resolving
the spatial organization of the DLBCL tumor microenvironment to uncover biologically meaningful patterns
with prognostic relevance and to inform future biomarker development and therapeutic strategies.

Materials and methods
Human sample collection and processing

Samples from DLBCL adult patients were obtained from the Pathology Department at the Hospital Saint
Louis (Paris, France). The clinical characteristics of the patient samples are provided in Table S1. Non-
metastatic reactive lymph node samples (rLN) and tonsils were obtained from surgical procedures at the
Hospital Bichat and Robert Debré (Paris, France). Formalin-fixed paraffin-embedded (FFPE) samples were
selected based on their RNA with a cutoff of DV200 = 30%. The study was conducted over a four-year
period, with sample collection beginning on July 16th, 2020.

Informed consent statement

This study involving human participants was reviewed and approved by the Comité Local d’Ethique pour
la Recherche Clinique des HUPSSD Avicenne Jean Verdier-René Muret (Approval No. CLEA-2020-113).
Written informed consent was obtained from all participants prior to sample collection. All samples were
obtained following the principles of Good Clinical Practice and the Declaration of Helsinki.

Spatial transcriptome sequencing and preprocessing

Spatial transcriptomic (ST) data were generated from 10 DLBCL and 4 SLO (reactive lymph node and tonsil)
samples across two experiments: 2 DLBCL and 2 SLO samples using Visium FFPE “Direct placement,” and 8
DLBCL and 2 SLO samples using the “CytAssist-enabled” assay. From each block, 4 pm sections were placed
on the slide capture areas, H&E-stained, deparaffinized, imaged, decrosslinked, and processed for probe
hybridization, ligation, tissue removal, and library preparation per the User Guides. Libraries were sequenced
on a NovaSeq6000 Sequencing System (Illumina, CA, USA), and FASTQ files were processed with the
GRCh38 transcriptome using Space Ranger v2.0.1. Each sample was preprocessed individually on R (v4.3.2)
with the package Seurat (v4.1.1) to retain spots expressing more than 500 genes and less than 10%
mitochondrial genes. Data were normalized and scaled with SCTransform, and PCA on the 5000 most
variable genes (variance-stabilizing transformation) was used for dimensionality reduction.

Single-cell RNA sequencing and spatial transcriptomic data integration

Public scRNA-seq data were preprocessed with Seurat (v4.1.1), retaining cells with 2200 genes and <10%
mitochondrial reads. Data were normalized, log2-transformed, and dimensionality reduced via PCA. Samples
were integrated using Harmony, clustered, and annotated. Malignant B cells were identified with CopyKAT,"
and clusters were annotated based on established marker genes. Malignant annotation was validated with copy
number variation scores from inferCNV package (v.1.3.3; https://github.com/broadinstitute/inferCNV).

Following the pre-processing of ST data, genes were filtered to retain common genes between assays
(Figure S5F). The spots of each sample were decomposed using the corresponding public scRNA-seq
dataset (either DLBCL or SLO) as a reference. The cell type proportions per spot were generated using the
probabilistic method RCTD'® (Robust Cell Type Decomposition) on multi-mode. All genes selected from
the scRNA-seq data for cell-type decomposition were included for all samples (Figure S5G).

Cellular ecosystems identification based on cell type composition

A matrix of cell-type proportions was constructed by merging the RCTD outputs of each DLBCL ST
sample. Proportions lower than 10% were filtered out, and the remainder was rescaled to 100%. Leiden
algorithm'” (Python v3.x) with a cluster granularity of 0.2, was applied to identify groups of spots based on


https://github.com/broadinstitute/inferCNV

4 e A. DIAZ-HERRERO ET AL.

similar cell composition. Spots were labeled as Cellular ecosystems (Cell-Eco) with cell-type means higher
than 10% considered biologically significant. Spots were filtered and rescaled based on cell-type means per
Cell-Eco. Differential expression analysis (DEA) based on the non-parametric Wilcoxon rank-sum test was
performed between the Cell-Eco labels. Pathway enrichment analysis was performed on DEG using
Metascape'® and DisGeNET."”

Neighbor scores

Considering a maximum of six neighbors per spot, we applied the function RegionNeighbors of the
package Semla to extract the cellular ecosystem’s identity of spots spatially co-localizing. The neighbor
score (N score) was calculated as the frequency of neighbor interactions by the following formula:

i leak
N scorej, = !
N;

where j is a Cell-Eco identity spatially located next to another unique identity, k, in sample i. Therefore,
Njsi refers to the number of Cell-Eco j neighbor to a Cell-Eco k in a sample i, divided by the total
neighbors of the sample (N;). The neighbor score of each group of samples was calculated as a mean of
neighbor scores as follows:
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where g is the identity of the group of samples, and S is the number of samples. Consequently, the
neighbor score of a Cell-Eco j next to a Cell-Eco k per group g is the sum of neighbor scores of each sample
i belonging to the group g divided by the total number of samples in the group S,.

Spatial autocorrelation

Spatially autocorrelated genes were identified using the CorSpatialFeatures function of the Semla package
based on Moran’s I statistics.”> Only spatial correlation scores greater than 0.5 were considered for gene
selection.

Survival analysis

The signature for each Cell-Eco was defined as the fifth percentile of differentially expressed genes
(p < 0.05 and [log2FC|>0.25) ordered by adjusted p-value. Signature scores for each cellular ecosystem
were calculated as previously described by Liu et al.'’, scaled and centered prior to the hierarchical
clustering for patient stratification. For the individual Cell-Eco signatures survival assessment, patients
were divided into three groups based on their signature scores, with tertiles used as the cutoffs. The Cox
proportional hazard model was compared to the tertile 1 group with the tertile 3 group to estimate the
hazard ratio for each Cell-Eco in the RNA-based gene expression profiling dataset. Alongside, survival
analysis was applied as previously described to the list of differentially expressed genes (p < 0.05 and
[log2FC|>0.25) between Cell-Ecol and 2, to identify genes with potential prognostic power.

Quantification and statistical analysis

Statistical analyses were conducted on R (v4.1.1) and GraphPad Prism (v10). Pearson correlations were
performed with the R package Hmisc. Differences in cell type proportions between groups were assessed
by the non-parametric Kruskal-Wallis test with Dunn’s post hoc test.

The Wilcoxon-rank sum test with Bonferroni analysis was applied to identify genes that were
differentially expressed between groups. Survival analysis was performed by utilizing Kaplan-Meier curves
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with a log-rank test for significance. P-values or adjusted p-values below 0.05 (<0.05) were considered
statistically significant for every test. When not provided as numbers, p-values are represented by range: ns
(non-significant) > 0.05, * < 0.05, %3 < 0.01, s < 0.001, s < 0.0001. Statistical methods and parameters
are detailed in the figure legends.

Immunofluorescence staining and image analysis

Slides were deparaffinized, rehydrated, and subjected to antigen retrieval in alkaline buffer. After permea-
bilization, the tissues were incubated overnight at 4 °C with primary antibodies in blocking buffer,
followed by secondary antibody incubation for 2h at room temperature (Table S11). Nuclei were
counterstained with DAPI, and slides were mounted with antifade reagent. Confocal images were acquired
using a Zeiss LSM 800 microscope and analyzed via Fiji (Image]2). Immune cell subsets (CD3+, CD8+,
CD20+, CD68+) were quantified relative to DAPI+ nuclei using StarDist-based segmentation.

Results

Spatially-resolved transcriptomic profiles categorize DLBCL tissues by immune cell infiltration and
co-localization patterns

We profiled gene expressions with morphological context in a total of 10 DLBCL and 4 secondary
lymphoid organs (SLO) tissue sections from formalin-fixed, paraffin-embedded (FFPE) blocks, using
Visium Spatial Gene Expression technology from 10x Genomics (Figure 1A). This technology allows
the spatial mapping of tissues as 55 pm spots with associated transcriptomic information.

DLBCL samples were collected from eight different patients, six pre-treatment biopsies from different
individuals, two longitudinal biopsies (pre- and post-R-CHOP) from one patient, and two pre-treatment
biopsies from another individual (n = 10 total; Table S1). As this pilot study focuses on spatial niches
rather than patient-level comparisons, each biopsy was considered an independent observation; samples
from the same patient or from relapse patients were retained to capture intra-patient spatial heterogeneity.
Additionally, two adjacent sections from a reactive lymph node (rLN) and two from a non-metastatic
tonsil were included as SLO controls.

First, to profile intra-spot immune cell composition, we integrated public single-cell RNA sequencing
data (scRNA—seq)g’9 (Table S2), with our in-house generated spatial transcriptomics (ST) data used to
deconvolute the cell-type mixtures present in each spot (Figure 1A). scRNA-seq data from the
CD45+ compartment of DLBCL and SLO tissues were manually curated and annotated based on well-
established markers in the literature (Figure S1A, S1B, S1C, S1D and Table S3) and irregular copy number
variation (Figure S1F). Cell-type decomposition (RCTD),'® was performed for spatial transcriptomics
integration-based deconvolution to obtain the cell type proportions assigned to each individual spot
(Figure 1A, Figure SIE and S1G; Figure S2A).

The robustness of RCTD decomposition was assessed on control tissue, cross-comparing RCTD output
(Figure S1G), with spot-cluster annotation (Figure S1H and S1I) and the expert-reviewed histological
annotation from SLO (Figure S1J). Both DEGs per cluster and decomposed cell subsets proportions were
aligned with the histological annotation, as well as with the gene expression profiles previously described
for each anatomical region.”'"** To validate the tissue topology at the protein level, we conducted
immunofluorescence staining for selected markers representing major immune cell types on adjacent
sections used for ST (Figure S2B). We observed that RCTD-identified cell types spatially matched the
fluorescence patterns of CD20, CD3, and CD68 markers (Figure S2A and S2B), with correlated cell
frequencies at the protein level (Figure S2C).

Subsequently, we investigated the spot-based proportions of deconvoluted immune cells across control
and DLBCL samples. Eleven populations of immune cells were identified, including malignant B cells,
non-malignant B cells, conventional dendritic cells (¢cDCs), plasmacytoid dendritic cells (pDCs), macro-
phages, natural killer cells (NK cells), plasma cells, regulatory T cells (Tregs), follicular T helpers (Tth),
CD4+ T cells (T CD4), CD8+T cells (T CD8). Immune cell proportions varied considerably across
patients (Figure 1B and Figure S2D), confirming the heterogeneity of DLBCL.
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Figure 1. Spatially resolved transcriptomic profiles classify DLBCL tissues by their level of immune cell infiltration with
distinct co-localization patterns. (A) A schematic workflow of ST data generation with Visium (10X Genomics). All the
samples were formalin-fixed and embedded in paraffin. After RNA quality control, the samples were placed in Visium
Spatial slides, which include 4 capture areas of 6.5 x 6.5 mm?, with 5000 barcoded spots. ST sequencing results are a
matrix of gene counts and coordinates, which are translated into gene expression profiles with a morphological context.
Single-cell reference data from publicly available datasets are annotated and integrated with ST data to perform spot
deconvolution, providing the relative cell type proportions per spot. (B) Bar plot representing the mean proportions of
RCTD-deconvoluted immune cell-types per ST sample. DLBCL ST samples are divided into 3 groups based on their non-
malignant immune infiltration. Statistical differences of cell-type proportions across samples are represented in
Figure S3D. (C) Mean comparison of malignant B cells proportions (above) and non-malignant immune cells (below)
per DLBCL sample group. The immune infiltrate compartment is represented as the sum of the mean relative cell-type
proportions other than malignant B cells from the RCTD deconvolution outputs. Multiple comparisons were performed

(Caption on next page)
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using Kruskal-Wallis statistical test and Dunn’s post-hoc (****p < 0.0001). (D-F) Intra-spot cell-type colocalization
patterns per DLBCL sample group. The color intensity and circle size represent the Pearson correlation coefficients: red
indicates positive correlations and blue indicates negative correlations. Only significant correlations (p < 0.05) are shown.
(G-1) Deconvoluted proportions of general immune cell types in one representative DLBCL ST sample from the low (G),
intermediate (H), and high (I) immune infiltrated groups.

Based on tertiles of immune cell proportions (tertile 1 =0.4362144, tertile 3 = 0.7433377), we grouped
the DLBCL samples into low-, intermediate-, and high-infiltration categories. Malignant B cell abundance
was inversely correlated with immune cell infiltration (Figure 1C).

Correlation analyses of cell-type frequencies revealed that malignant B cells showed negative or no
correlation with most immune cell types, indicating potential mechanisms of immune evasion (Figure 1D,
1E, and 1F). For low- and intermediate-immune cell infiltrated samples, CD8+ T cells and macrophages
displayed a significant spatial correlation, suggesting co-localization patterns. Interestingly, the presence of
these cells was anticorrelated with malignant B cells, suggesting immune cell niches within the tumor
microenvironment (Figure 1D, 1E, 1G, and 1H). In high-infiltrated samples, CD4+ T cells were more
prevalent and negatively correlated with CD8+ T cells and macrophages, highlighting distinct cellular co-
occurrence arrangements in the tissue (Figure 1F and 1I).

Immune cells are distributed into cellular ecosystems with different neighborhood characteristics

To characterize spatial identities based on colocalization patterns, we used the Leiden algorithm, an
improved version of Louvain unsupervised clustering17 on 7824 spots from ten DLBCL samples
(Figure 2A). We identified six clusters defining niches or cellular ecosystems (Cell-Eco) characterized
by distinct cellular compositions and abundances across samples (Figure 2A and 2B; Figure S3A; Table S4).
As expected, Cell-Ecos with a higher proportion of malignant B cells (Cell-Eco 1 and 2), were more
frequent among the low-immune infiltration samples (Figure S3A and S3B). Cell-Eco 3 showed its highest
abundance in intermediate immune infiltration group (Figure S3B). In contrast, Cell-Eco 4, 5 and 6 were
present at higher frequencies in highly immune infiltrated samples (Figure S3B). Notably, Cell-Eco 4 was
the only Cell-Eco with significant presence of CD4+ T cells, together with both malignant and non-
malignant B cells, which could be reminiscent of the healthy lymph node cellular composition. Cell-Eco 5
and 6 included non-malignant B cells together with CD8+ T cells and macrophages, but differed in that
Cell-Eco 6 also contained conventional dendritic cells (cDCs) (Figure 2B; Figure S3A).

The cellular ecosystems define common identities among spots, which represent spatial units of cells
that share coordinates in the ST gene count matrix. However, they also exhibit specific distributions across
the tissue section. We studied the compartmentalization of sample groups by analyzing their Cell-Eco
neighboring patterns. For that purpose, we calculated a neighbor score based on the relative frequency of
Cell-Eco in the direct vicinity by pairs and then determined the mean neighbor scores per sample group
(Figure 2C-E). We observed that in low-infiltrated samples, malignant B cell-rich spots (Cell-Eco 1 and
Cell-Eco 2) form aggregates not only at the spot level (Figure 1D-F) but also at a broader scale, as
indicated by their higher neighbor score (Figure 2C). The high neighbor score of Cell-Eco 3 for the
intermediate infiltration group of samples can be attributed to their group-specificity and abundance,
which likely contributes to their spatial proximity (Figure 2B and 2D; Figure S3B). Cell-Eco 4 displays
great aggregation scores (0.16) in the high-infiltrated group, which could also refer to their abundances
(Figure 2E). Notably, Cell-Eco 5 and 6 are the ecosystems in both intermediate and high immune
infiltration groups that showed a high dispersion pattern, as indicated by their low mean neighbor scores
among different pairs (Figure 2D and 2E). Overall, these data indicate that different Cell-Eco values exhibit
distinct neighboring patterns, revealing compartmentalization based on the cellular composition of
DLBCL tissue samples.

Interestingly, two biopsies (DLBCL_5 and DLBCL_7) from different tumor locations in the same
patient (p04), collected prior to R-CHOP treatment, consistently showed high frequencies of Cell-Eco 3
and clustered in the same group, indicating similar cellular composition across sites. (Figure 1B,
Figure S3C, Table S4). Conversely, biopsies from patient p02 (DLBCL_2 and DLBCL_3), collected 232
d apart before and after R-CHOP treatment, showed distinct Cell-Eco profiles. At relapse, DLBCL_3
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Figure 2. Cellular ecosystems and neighborhood characteristics in DLBCL tumor microenvironment. (A) Heatmap of
deconvoluted cell-type proportions per spot of 10 ST DLBCL samples, clustered with the Leiden algorithm (resolution 0.2).
(B) Above: pie charts representing the mean cell-type proportions of each Leiden cluster (Cell-Eco). Proportions lower than
10% were excluded from the analysis, and means were scaled to sum 100% per Cell-Eco. Below: bubble plot indicating the
percentage of each Cell-Eco per sample. (C—E) Heatmaps of the mean neighbor scores (above) of the Cell-Eco pairs with
their schematic representation (below) of samples from the low (C), intermediate (D), and high (E) immune infiltration
groups. The heatmap represents the mean neighbor score values; high values are in orange, and low in blue. Only scores
higher than 0.03 are represented. Schemas represent Cell-Eco neighboring frequencies based on the scores, in a virtual
area of 10 spots. The gray dots indicate negligible neighbor presence.

showed an increased frequency of Cell-Eco 2 (86.24%) compared to baseline (41.08%), suggesting
ecosystem remodeling post-treatment (Figure 1B, Figure S3C, Table S4).

Cellular ecosystem signatures allow the stratification of DLBCL patients with different overall
survival scores

To evaluate whether spatially resolved Cell-Eco signatures hold a potential prognostic value for DLBCL
patient outcomes, we performed survival analysis on a large publicly available RNA-based gene expression
profiling dataset. The dataset from the Haematological Malignancy Research Network (HMRN)>***
included gene expression information from biopsy samples collected from #n = 1149 DLBCL patients,
who had survival information over a period of 150 months.

We scored Cell-Eco gene signatures from the ST data, based on differential expression analysis, and
clustered patients based on RNA profiling data and Cell-Eco signatures (Table S5). Higher scores for Cell-
Eco 1 and Cell-Eco 2 were associated with shorter overall survival (OS) compared to those with a higher
proportion of immune cell-types (Figure 3A). We observed notable differences in the Cell-Eco signature
scores across clinical variables (Figure S4, Table S6). Patients with activated B cell DLBCL (ABC)
molecular subtype, linked to poorer outcomes, had higher Cell-Eco 1 and lower Cell-Eco 2 scores. In
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Figure 3. Cellular ecosystems signatures allow patients stratification with different overall survival in DLBCL datasets.
(A) Forest plot depicting the univariate Cox proportional hazards model analysis comparing Cellular Ecosystems signatures
scores in the DLBCL RNA expression profiling HMRN cohort (n = 1149). (B) Heatmap of patient stratification based on
Cellular Ecosystems signature scores in the HMRN cohort, revealing five distinct clusters or patient groups (A = 310,
B =91, C =387, D =179 E = 182). (C) Kaplan—-Meier curves showing the overall survival of the patient clusters from
Figure 4C, showing the p-value from the log-rank test. (D) Bar plots of the Cell-Eco signature scores for individual patient
groups A and B. Multiple comparisons were performed using Kruskal-Wallis statistical test and Dunn’s post-hoc.
(E) Volcano plots showing differentially expressed genes between Cell-Eco 3 (in red) and Cell-Eco 5 (in blue), based on
log2FC > 0.25 and adjusted p-value < 0.05. P-values were determined by the Wilcoxon rank-sum tests. Labels of the
top 10 genes with lower adjusted p-values are displayed in the plot. (F, G) Violin plots showing genes differentially
upregulated in Cell-Eco 3 (F) and Cell-Eco 5 (G).

contrast, patients classified as germinal center B cell DLBCL (GCB) phenotype showed elevated Cell-Eco 2
and 3 scores and lower scores for non-malignant ecosystems (Figure S4A). Other Cell-Eco signature score
patterns appeared across LymphGen subtype classifications®® and IPI scores, revealing the impact of Cell-
Eco on clinical characteristics (Figure S4B and S4C).

These scores enabled the stratification of patients from the HMRN**** cohort into five distinct groups
(A-E; Figure 3B), each with different survival outcomes (Figure 3C). Group A had the highest OS and was
enriched in immune cell-rich Cell-Ecos (Figure 3C, D). Group C, which was also associated with better OS,
had higher Cell-Eco 3 scores (Figure S4D). On the other hand, patients with the poorest OS belonged to
group B, with high scores for malignant Cell-Ecos and negative scores for immune-rich Cell-Ecos
(Figure 3C, D).
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Interestingly, Cell-Eco 3 and 5 present similar cellular compositions but differ in the malignancy status
of B cells. To further explore their transcriptomic differences, we conducted a differential gene expression
analysis, revealing a strong glycolytic profile in malignant Cell-Eco 3 (ENO1, PKM, STM1, and CDK1)
cells (Figure 3E and 3F; Table S7). This profile has been previously linked to progression and resistance
and is upregulated in DLBCL malignant B cells.”’ This Cell-Eco also exhibits higher expression of cell
cycle, proliferation (HISTIH4C, NXT2, CRIP1), and cell motility genes (ACTGI, ACTB),” compared to
Cell-Eco 5 (Figure 3E and 3F; Table S7). In addition, we noted a significant upregulation of CCL22 in Cell-
Eco 3 (Figure 3F), a chemokine produced by tumor-associated macrophages, which has been linked to
tumor metastasis and reduced patient survival.”® Other genes highly expressed in Cell-Eco 3 included
genes associated with anti-inflammatory signaling® such as STAT3, SIGLEC10, and CD24 (Figure 3E and
3F; Table S7). Conversely, Cell-Eco 5 associated with higher expression of immune cell recruitment genes
(CXCL12, CCL21 and CCL19) and IFN-induced transcription factors (STAT2, STAT4), together with
genes associated with macrophage functions (FCER2, MAF) as well as T cell differentiation and functions
(LAX1, TCF7, CD40LG, ILR7)* (Figure 3E and 3G; Figure S4E; Table S7). Altogether, these findings
underscore the importance of assessing the biological mechanisms involved in each cellular ecosystem,
beyond their immune cell composition.

Tumor-supportive macrophages are the predominant cell type in direct contact with malignant B
cells and shape the DLBCL tumor microenvironment spatial architecture

To investigate the role of macrophages in highly malignant Cell-Eco, we performed differential gene
expression analysis (DEA) between Cell-Eco 1 and Cell-Eco 2, which are both rich in malignant B cells but
differ in their macrophage content (Figure S3A). We observed that 2332 and 4473 genes were significantly
upregulated in Cell-Eco 1 (B cells malignant mean ceygeo 1 = 100%) and Cell-Eco2 (B cells malignant
mean cejgeo 2 = 83.68%, macrophages mean cejpeo 2 = 56.82%), respectively, highlighting differences in
gene expression profiles (Table S8).

Cell-Eco 1 presented a transcriptomic profile of malignant B cells, which was supported by the
DisGeNET enrichment analysis (Figure S5A). Cell-Eco 1 also presented significantly higher expression
of genes associated to B cell memory and plasma cells (TNFRSF13B, IGHM, IGHG3, CCR7, IL10RA, IRF4,
PRDMI, and JAK1) (Figure 4A and 4B), indicating a post-GC differentiation status.””?! We observed
upregulation of germinal center dark zone-related genes (MS4A1 and FOXP1),*® B cell survival and
proliferation (IL10, IFR4, MYDS88, JAK1, STAT3, BCL2, and CD72),>>* anti-apoptotic activity (SPIB),*
immune attraction (CCL22 and CCR4),” glycolysis (ENO2, STMN1, PKM, and CDK5R1)*® and motility
(ACTGI, ACTG2, and CD37)*° which are characteristics commonly associated with B cell malignancies
(Figure 4A and 4B). Notably, cell-cell communication analysis based on ligand-receptor interactions using
ICELLNET? framework revealed higher communication scores related to B cell immunosuppressive
activities in Cell-Eco 1 (GZMB, CD52, and IL16)%**° (Figure 4B and 4C).

Consistent with the presence of macrophages in Cell-Eco 2, Cell-Eco exhibited an upregulation of
macrophage lineage genes (Table S8), which was supported by pathway enrichment analysis (Figure S5B).
In addition, macrophage infiltration into the malignant microenvironment was confirmed by applying
module scores of the germinal center (GC) vs inter-follicular (IF) macrophage signatures (MacroSig) from
Lui et al."> The macrophages from Cell-Eco2 group presented a higher score of GC signatures compared to
lymph node control macrophages (Figure S5C). Interestingly, Cell-Eco 2 spots showed enrichment in
genes related to metabolic activity and antigen presentation, alongside markers of the immunosuppressive
Clq+ macrophage phenotype, the anti-inflammatory M2 marker IL4I1, and the proto-oncogene BCLS6,
which are associated with poor prognosis (Figure 4A, 4C and 4D; Table $8).*** Ligand-receptor analyses
identified communication pathways associated with the downregulation of macrophage anti-tumor activity
(LGALS1-LGALSI1, APP-CD74, and CXCL12-CCR4), supporting tumor-associated macrophage infiltra-
tion (Figure 4C).

We then investigated whether Cell-Eco 1 and Cell-Eco 2 are linked to clinical outcomes. To do this, we
conducted survival analyses using external RNA profiling datasets. Among the 561 DEGs with survival
significance in two independent datasets: HMRN>** and Visco et al.*' (Table S9, Figure 4E), we identified
genes upregulated in Cell-Eco 1 that were significantly associated with worse prognosis, such as PIM1 and
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Figure 4. Tumor-supportive macrophages are the predominant cell type in direct contact with malignant B cells and shape the
DLBCL tumor microenvironment spatial architecture. (A) Volcano plot showing the DEGs between Cell-Eco 1 (in red) and Cell-Eco 2
(in blue), based on log2FC > 0.25 and adjusted p-value < 0.05. P-values were determined by the Wilcoxon rank-sum tests. The
labels of the top 10 genes with lower adjusted p-values are displayed in the plot. (B and D) Violin plots showing genes differentially
upregulated in Cell-Eco 1 and Cell-Eco 2 (log2FC > 0.25 and adjusted p-value < 0.05 from the Wilcoxon-rank sum tests).
(Q) Heatmap of ligand/receptor interaction scores based on intra-spot gene expression, between Cell-Ecol (mean malignant
B cell = 100%) and Cell-Eco 2 (mean malignant B cells = 83.68, mean macrophages = 16.32%). (E) Venn diagram illustrating the
intersection of significant genes for survival analysis in two datasets of DLBCL RNA-based gene expression profiling. Genes were
considered significant if the log-rank test p-value was below 0.05. The input for the survival analysis was DEGs between Cell-Eco
1 and Cell-Eco 2 (log2FC > 0.25 and adjusted p-value < 0.05 from the Wilcoxon rank-sum tests). (F) Kaplan—Meier curves with
long-rank test p-value showing overall survival of patients divided by tertiles 1 and 2 for specific gene expression in the HMRN
cohort. (G) Spatial representation of gene expression organization of spatially auto-correlated genes on a representative ST DLBCL
sample. (H) Scatter plots representing correlations between gene expression of spatially autocorrelated genes and the percentage
of macrophages deconvoluted per spot in low infiltrated group of DLBCL ST samples. P-values from Pearson correlation.
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PTEN®’ (Figure 4F; Figure S5D). On the other hand, Cell-Eco 2 shows upregulation of tumor suppressor
genes such as BRCA1 and genes involved in metabolic pathways essential for DLBCL survival, such as
ATF4.*® This finding suggests that malignant B cell-rich Cell-Eco may use different escape mechanisms
based on their cellular composition and functions.

Spatial autocorrelation analysis based on Moran’s I statistics® identified 210 genes with similar
expression levels in spatially proximate spots within the tissue* in the low infiltration group of samples
(Table S10). Interestingly, 39 of these genes showed positive and significant correlation (R > 0.5, p < 0.05)
with macrophage frequencies but no correlation with malignant B cells (Figure 4G and 4H; Figure S5E).
This suggests that tumor-associated macrophages may play a role in the spatial organization and cellular
remodeling of the TME in DLBCL, potentially facilitating immune evasion by malignant B cells.

Discussion

Next-generation sequencing (NGS) analysis of the tumor microenvironment (TME) in DLBCL has shown
a link between immune cell infiltration and patient prognosis.>*""** However, integrating spatial informa-
tion with large-scale immune profiling in DLBCL has been challenging due to its diffuse architec-
ture.'>">?! Here, spatial transcriptomics reveals spatially restricted gene expression programs within the
DLBCL TME.

While spatially defined composite cell neighborhoods (CNT) have been previously described by Wright
et al.'® using a 27-plex Multiplex Ion Beam Imaging (MIBI) panel, our study employed unsupervised
clustering, independently of predefined panels. Our analysis identified six distinct immune cellular
ecosystems (Cell-Eco) within the DLBCL TME, defined by unique cellular composition, communication
patterns, and neighborhood characteristics. These Cell-Eco capture both immune composition and
infiltration patterns. Indeed, in line with Wright et al. findings, we observed that Cell-Eco varied in
proportions of tumor and immune cells, that were inversely correlated. Similarly, our findings align with
the cellular niches (CN) defined by Dai et al.** using CosMx spatial transcriptomics; they highlight that
structurally distinct immune neighborhoods characterize the phenotypic and spatial heterogeneity of the
DLBCL microenvironment architecture. Importantly, we demonstrated that these Cell-Eco have significant
prognostic potential, as their gene signatures stratify DLBCL patients by overall survival (OS) in indepen-
dent datasets,”” emphasizing the need for Cell-Eco-specific analyses to understand their biological and
clinical significance.

One notable finding is the characterization of Cell-Eco 4, which is abundant in highly infiltrated
samples and characterized by a significant proportion of CD4+ T cells. Higher CD4+ T-cell abundance was
associated with improved post-treatment survival.>® In Cell-Eco 4, CD4+ T cells share coordinates with
non-malignant B cells, which could reflect a reminiscence of healthy lymph node tissue. Conventional
dendritic cells (cDCs), which are key players in antigen presentation, were detected only in Cell-Eco 6, the
ecosystem with the most diverse immune cell infiltration. Contrary to the previous study from Wright
et al.'® we found cDCs and macrophages co-occurring within the same spots. Notably, cDCs were more
frequently associated with immune cells than with malignant B cells, suggesting a potential role in immune
coordination.

Survival analysis revealed that the Cell-Eco holds different prognostic potentials, with immune-rich
niches associated with a more protective effect. This aligns with the “hot and cold” tumor paradigm.*’
However, our study provides spatially resolved insights based on deep transcriptomics analysis of these
cellular colocalizations. Moreover, Cell-Eco signatures can stratify patients by overall survival, indicating
that individual Cell-Eco and their combinations influence prognosis and reflect the heterogeneity of
DLBCL. Cell-Eco signature scores vary across clinical subgroups, with Cell-Ecol being more prevalent in
the activated B-cell-like (ABC) DLBCL subtype, while Cell-Eco2 has a higher score in the GCB subtype,
and vice versa. Variations in Cell-Eco scores across molecular subtypes, LymphGen classes, and IPI scores
further highlight their clinical relevance, suggesting that these ecosystems impact not only survival but also
other key clinical characteristics.

A remarkable result our ST analysis derives from the comparison between Cell-Eco 3 and Cell-Eco 5,
both containing CD8+ T cells and macrophages but differing in the malignant status of B cells. Despite
similar cell composition, these ecosystems exhibit distinct transcriptomic profiles. For instance, Cell-Eco 3
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exhibits upregulation of CCL22, a chemokine involved in Tregs recruitement** and immune evasion in
various cancer types, including DLBCL.*’ In addition, CCL22 expressed by M2 macrophages has been
associated with metastasis and drug resistance, highlighting its potential as a therapeutic target for patients
with high Cell-Eco 3 signatures. Another interesting finding is the upregulation CD24/SIGLEC10 com-
munication axis in Cell-Eco 3 compared to Cell-Eco 5. While monoclonal antibody therapy targeting
CD24 in DLBCL has shown limited efficacy,** our results suggest that targeting this axis should be
restricted to patients with a high Cell-Eco 3 score.

In addition, we observed that Cell-Eco 3 presents a high glycolytic profile coupled with upregulation of
anti-inflammatory signaling like STAT3, a component of the JAK/STAT signaling pathway involved in
lymphomagenesis and tumor progression® upregulated in ABC DLBCL cells>*®. Interestingly, a recent
study by Dai et al.’ identified clusters of malignant B cells and TAM (Tumor Associated Macrophages)
presenting a similar glycolytic profile within an exhausted immune microenvironment. These differences
highlight the clinical importance of assessing cellular ecosystem functions beyond cell composition.

Our analysis also sheds light on the role of macrophages in DLBCL, which have been associated with
poor clinical outcomes in several studies.**® Recently, Liu et al."”’ identified distinct macrophage
signatures with prognostic significance in DLBCL. To characterize the macrophages in direct proximity
to malignant B cells, we performed differential expression analysis (DEA) between Cell-Eco 1 and Cell-Eco
2, differing only by the presence of macrophages.

This analysis revealed that Cell-Eco 1 (composed mainly of malignant B cells) expresses markers
associated with B cell activation, proliferation, and metastasis. Nevertheless, the higher expression of
markers such as IL10, CD52, IL16, and GZMB reflects the immunosuppressive functions of malignant B
cells in this Cell-Eco. Interestingly, GZMB-producing B cells have been described to suppress T cell
proliferation and cytokine production in different cancer types and lymphoma cell lines.*””° Thus, GZMB-
producing malignant B cells may contribute to T cell exclusion in ecosystems rich in malignant B cells.

In contrast, Cell-Eco 2 (composed of malignant B cells together with macrophages) exhibits upregula-
tion of macrophage lineage genes associated with the Cl1q+ subpopulation.> This phenotype goes beyond
the M1/M2 dichotomy, suggesting a possible role of the complement pathway in macrophage polarization
and tumor proliferation in this Cell-Eco. Enrichment in complement recognition patterns by macrophages
was associated with poorer survival in a recent study from Liu et al."*> Dai et al. reported enrichment of
C1Q+ macrophages in immune-privileged niches of EBV-positive DLBCL.?* Another study revealed that
C1QB-expressing macrophages are the source of cholesterol efflux linked to CAR-T resistance in refractory
DLBCL.>* These findings underscore the significance of complement activation and metabolic pathways
for macrophage activity, highlighting their potential role in DLBCL treatment response. Notably, Cell-Eco
2 was the most abundant in sample DLBCL_3, the only sample analyzed post-relapse from R-CHOP
treatment. This suggests a shift in the cellular composition and colocalization after treatment, with
macrophage phenotype potentially serving as an indicator of treatment response.

Moreover, in samples with high malignant B cell proportions, macrophage levels correlated with
spatially restricted gene expression, suggesting that macrophages may play a key role in organizing highly
malignant microenvironments. Other spatially restricted genes were linked to stromal cells, especially
cancer-associated fibroblasts (CAFs), which we did not analyze because of limitations in the available
scRNA-seq datasets. These stromal cells may play a key role in orchestrating immune cell infiltration
within the TME.

This study has several limitations, including a small sample size and limited tissue coverage. Although
Cell-Eco patterns were consistent across biopsies from the same patient, larger cohorts are needed to fully
characterize DLBCL spatial heterogeneity. As a discovery cohort, our study serves as a pilot effort to
generate mechanistic insights into the spatial organization of the DLBCL tumor microenvironment.

Conclusion

This spatial transcriptomic study expands the understanding of DLBCL tissue architecture, revealing novel
cellular organizations, cell states, and communication patterns organized into distinct cellular ecosystems.
Importantly, the clinical relevance of these cellular ecosystems was validated by the stratification of
patients based on overall survival using external public datasets. Beyond identifying cell type phenotypes,
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our study stresses the need for a deep characterization of cell-cell interactions and functional states at the
spot-level, to better understand the TME dynamics and clinical outcomes in DLBCL. Finally, this study
provides a valuable data resource for further in-depth analysis of the TME in DLBCL and the identification
of potential therapeutic targets or biomarkers.
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