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Accumulating research suggests that Epstein-Barr Virus-positive Diffuse Large B-cell Lymphoma 
(EBV+DLBCL) is associated with immune dysfunction and tumor microenvironment (TME) 
heterogeneity. While the prognostic role of the TME in EBV-DLBCL is established, its impact on 
EBV+DLBCL survival remains unclear. Here, we integrated 10X Visium spatial transcriptomics (ST) with 
single-cell RNA sequencing (scRNA-seq) to map TME heterogeneity in EBV+DLBCL. Gene Ontology 
(GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses identified PD-1/PD-L1 signaling 
as a hallmark of EBV+DLBCL’s immunosuppressive TME. Functional validation using the PD-1/PD-L1 
inhibitor BMS202 revealed dose-dependent suppression of proliferation and enhanced apoptosis in 
EBV+Farage cells, with TLR4 emerging as a downstream effector showing EBV-status-dependent 
regulation. These findings not only link TME-driven PD-1/PD-L1 activation to EBV+DLBCL’s poor 
prognosis but also provide preclinical evidence for PD-1/PD-L1 blockade as a therapeutic strategy.
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EBV+DLBCL stands as a notable and distinct subtype within the spectrum of DLBCL, primarily distinguished 
by its intimate association with EBV infection1,2. This intriguing subset has garnered substantial attention due 
to its distinctive biological attributes and clinical behaviours that set it apart from EBV-DLBCL. EBV+DLBCL, 
characterized by the presence of EBV within tumor cells, introduces a complexity that influences both disease 
pathogenesis and treatment responses. Its intricate interplay with the host immune system further accentuates 
its uniqueness. An inherent challenge in the management of EBV+DLBCL lies in its propensity for limited 
responses to traditional chemotherapy regimens, thereby contributing to a less favourable prognosis compared to 
EBV-DLBCL2,3 The recurrent scenario of diminished treatment efficacy and compromised recovery underscores 
a critical need for innovative and tailored therapeutic strategies.

In our earlier study of DLBCL, substantial intra-tumor heterogeneity was observed at both the genetic 
and phenotypic levels4. Genetically, diverse mutations, amplifications, and translocations may occur among 
distinct tumor cell populations. This genetic diversity can lead to distinct pathways of disease progression, 
response to therapy, and potential drug resistance5. Phenotypically, EBV+DLBCL tumors can consist of various 
subclones with differing protein expression patterns, making targeted therapeutic approaches challenging. 
This intrinsic heterogeneity presents obstacles for treatment efficacy. Conventional treatment methods, like 
chemotherapy, may effectively target certain tumor cell populations while leaving others unaffected, fostering 
relapse and disease recurrence. Precision medicine approaches that focus on specific molecular vulnerabilities 
might miss certain subclones, diminishing their effectiveness6,7. The TME contributes further to EBV+DLBCL 
heterogeneity. The emergence of EBV within DLBCL introduces a multifaceted interplay between viral elements, 
immune effectors, and tumor cells, while the interactions between malignant cells, immune cells, stromal 
cells, and signaling molecules within the TME can be highly variable. This shows the TME of EBV+DLBCL 
demonstrates unique features8. Understanding the interplay between tumors and the immune system has laid 
the groundwork for informed patient stratification, guiding surgical strategies logically. Additionally, it has 
deepened our grasp of potential intervention junctures and the factors contributing to treatment ineffectiveness. 
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While the substantial heterogeneity within the TME continues to pose a significant obstacle in comprehending 
and treating cancers. This underscores the importance of comprehensively delineating the composition and 
functional dynamics of the tumor-immune interaction within the TME. Numerous endeavors have illuminated 
certain disparities in TME heterogeneity and concurrent alterations associated with malignancies across diverse 
cancer categories. Nevertheless, the bulk of research has primarily centered on TME composition and gene 
expression, often overlooking the critical aspect of its spatial distribution specificity9. Therefore, clarifying the 
distribution characteristics of TME of EBV+DLBCL combined with new technology is helpful to explore the key 
pathogenesis and innovative therapeutic approaches.

ST, as highlighted in recent literature, offers a nuanced exploration of tissue heterogeneity and cellular 
dynamics. By preserving the spatial context of gene expression, this methodology allows for the identification of 
distinct cell populations and their functional roles within specific tissue microenvironments10,11. For instance, a 
study by Vickovic et al. employed spatial transcriptomics to unveil spatially restricted gene expression patterns 
in the mouse brain, shedding light on the regional specialization of neuronal subtypes12. Furthermore, the 
advantages extend to dissecting intricate cellular interactions. A notable example is the work by Eng et al., 
which employed spatial transcriptomics to elucidate the spatial organization of immune cells in the TME13. This 
approach revealed spatially distinct gene expression profiles associated with immune cell subsets, contributing 
to a deeper understanding of the immune response in cancer. ST, as evidenced by these studies, emerges as a 
powerful tool for unraveling the spatial intricacies of gene expression, providing valuable insights into tissue-
specific functions and cellular interactions.

In this study, we pioneer the integration of published DLBCL scRNA-seq data9 with ST to systematically 
map TME heterogeneity in EBV+ and EBV-DLBCL. By aligning scRNA-seq-defined cellular subtypes with their 
spatial distributions in ST datasets, we identified EBV-specific TME architectures and functionally validated 
the PD-1/PD-L1 axis as a hallmark of immunosuppression in EBV+DLBCL. Our mechanistic investigations 
revealed that PD-1/PD-L1 blockade using BMS202 exerts dose-dependent anti-tumor effects and induces EBV-
status-dependent TLR4 modulation. These findings not only establish TME-driven PD-1/PD-L1 activation 
as a key determinant of EBV+DLBCL progression but also provide a spatial-omics framework for developing 
precision immunotherapies targeting this axis.

Materials and methods
Patients’ sources
236 cases of DLBCL were collected from The First People’s Hospital of Foshan between July 2017 and July 2020. All 
cases underwent in situ hybridization for EBV-encoded mRNA (EBER) and met the World Health Organization 
diagnostic criteria. the patient with other immunodeficiency causes and the diagnosis of EBV+ diffuse large 
B-cell lymphoma, EBV+ Hodgkin’s lymphoma, EBV+ pleomorphic lymphoproliferative disorders, or any 
previous lymphoma-related treatment were excluded. In all cases, the diagnosis was established independently 
by three hematopathologists4, and a consensus diagnosis was reached according to the criteria defined by the 
2016 World Health Organization classification of lymphoid neoplasms. Clinical information of EBV+ (N = 23) 
and EBV- patients (N = 30), including sex, age, LDH level, B symptoms, Ann Arbor stage, anatomic locations, 
IPI score, and survival time, were collected for comparison. Complete clinical information and follow-up data 
were gathered, with all patients being followed up from the date of diagnosis until July 2020. All patients received 
R-CHOP-based chemotherapy and a basic supportive regimen.

To ensure the sequencing quality and avoid DNA degradation, we selected only formalin-fixed paraffin-
embedded (FFPE) samples from the last 2 years for further ST analysis using Visium 10x technology. Among 
these cases, we chose 4 cases of EBV+ and 4 cases of EBV- respectively, which had complete specimens comprising 
more than 50% tumor cells and < 10% necrosis tissues, for ST analysis.

In situ hybridization for EBV
In situ hybridization for EBERs was performed on deparaffinized 4 μm-thick FFPE tissue sections using EBER 
Detection Kit (ISH-7001, Suzhou, China) following the manufacturer’s protocol. All slides were examined using 
a standard bright-field microscope by two independent pathologists. Positive staining was identified by a yellow 
to brown colour in the nucleus. In this study, cases with > 80% EBER-positive malignant cells were classified as 
EBV+DLBCL14.

Immunohistochemistry (IHC)
The tissues were subjected to deparaffinization using xylene, followed by rehydration. Antigen retrieval was 
performed by heating the sections in citrate buffer (pH 6.0). Subsequently, the sections were incubated with 
PD-L1 antibody (1:200; Abcam; ab205921; New Territories, HK) overnight on a shaker at 4 °C. After extensive 
washing, the sections were exposed to horseradish peroxidase (HRP) goat anti-rabbit IgG secondary antibody 
(1:400, EarthOx, 7074 S, Millbrae, USA) for 2.5 h at room temperature in a dark box and then conjugated to DAB 
(Maixin, Fuzhou, China). Following immunostaining, the sections were counterstained with haematoxylin.

Cell lines and culture
The EBV+DLBCL cell line Farage (CRL-2630)15 and EBV-DLBCL cell line DB (CRL-2289) were obtained from 
the American Type Culture Collection (ATCC, Manassas, VA, USA). Both cell lines were maintained in RPMI-
1640 medium (Gibco, Shanghai, China) supplemented with 10% fetal bovine serum (FBS), and incubated 
at 37  °C and 5% CO2. For experimental treatments, cells were exposed to BMS202 (PD-1/PD-L1 signaling 
inhibitors) at concentrations of 5 µM, 10 µM, and 20 µM for 24 h.
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Cholecystokinin-8 (CCK8) assays
DB and Farage cells (control, 5 µM BMS202, 10 µM BMS202 and 10 µM BMS202 group) were seeded into 96-
well plates. These cells (1 × 106 cells/mL) were maintained in RPMI-1640 + 10% fetal bovine serum at 37 °C and 
5% CO2. The cell viability was assessed using CCK8 assay. Briefly, 10 µL of CCK8 reagent (Dojindo, Kumamoto, 
Japan) was added to the 96-well plates and incubated continually for 12 h at 37 °C. The absorbance values were 
measured at 450  nm using a Bio-Rad model 450 microplate reader (Bio-Rad, Hercules, CA, USA). The cell 
viability was indirectly determined by examining the ratio of the absorbance value of BMS202 treated cells 
relative to the control cells, from these experiments.

Quantitation of apoptotic cells
Annexin V-FITC (BD Bioscience, USA) and PI double staining were used to identify and quantify apoptotic 
cells present in the BD and Farage cells (control and 10µM BMS treated for 24 h). Briefly, the cells were collected 
and resuspended in cold PBS at a density of 1 × 106 cells/mL and then introduced into 200 µL of the Annexin 
V-binding buffer. The samples were then incubated with 2 µL fluorescein isothiocyanate (FITC)-labeled Annexin 
V and 2 µL PI at room temperature for 15 min and immediately analyzed by a FACS Calibur flow cytometer (BD, 
NJ, USA). The acquired data were evaluated using FCS-Express software version 3.0 (De Novo).

Apoptotic cells in DB and Farage cell lines, including untreated controls and 10 µM BMS202-treated groups 
(24 h exposure), were quantified using Annexin V-FITC/PI dual staining (Annexin V-FITC Apoptosis Detection 
Kit I, BD Biosciences, San Jose, CA, USA). Briefly, cells were harvested, washed twice with ice-cold PBS, and 
resuspended in 1× Binding Buffer at 1 × 10⁶ cells/mL. Aliquots of 200 µL cell suspension were incubated with 2 
µL FITC-conjugated Annexin V and 2 µL propidium iodide (PI) in the dark (25 °C, 15 min). Flow cytometric 
analysis was immediately performed using a BD FACS Calibur™ system (BD Biosciences), with 10,000 events 
acquired per sample. Data analysis was conducted using FCS Express 7 Flow Cytometry Software (De Novo 
Software, Glendale, CA, USA), with apoptotic populations defined as Annexin V⁺/PI⁻ (early apoptosis) and 
Annexin V⁺/PI⁺ (late apoptosis).

RNA isolation and quantitative PCR (qPCR)
Total RNA was isolated from control and BMS202-treated DB or Farage cells using TRIzol® Reagent (Thermo 
Fisher Scientific, Waltham, MA, USA), followed by DNase I treatment (TaKaRa Bio, Shiga, Japan) to eliminate 
genomic DNA. RNA quality was verified by NanoDrop 2000 spectrophotometry (A260/A280 > 1.8).

For qRT-PCR validation, first-strand cDNA was synthesized from 1 µg total RNA using the SuperScript™ III 
Reverse Transcriptase kit (Thermo Fisher Scientific) in 20 µL reactions (42 °C for 50 min; 70 °C for 15 min). 
Target genes were amplified using gene-specific primers (Table.S3) in 25 µL PCR mixtures containing 2× Taq 
Master Mix (Vazyme, Nanjing, China). Amplification was performed on a Bio-Rad S1000™ Thermal Cycler 
(Hercules, CA, USA) under standardized conditions: initial denaturation at 95 °C for 3 min; 35 cycles of 95 °C/30 
s, [Primer-specific TM] °C/30 s, 72 °C/45 s; final extension at 72 °C for 5 min16.

ST experiments
FFPE tumor samples were prepared following the recommended protocols for tissue preparation (tissue 
preparation guide CG000408). H&E image preparation was carried out following the protocol (including 
Deparaffinization, H&E staining, Imaging, and decrosslinking, CG000408). Libraries were then prepared 
based on the Visium Spatial Gene Expression User Guide. The libraries were loaded at 300 pM and subjected 
to sequencing on a NovaSeq 6000 System (Illumina) using a NovaSeq S4 Reagent Kit (200 cycles, 20027466, 
Illumina) to achieve a sequencing depth of approximately 320 M read pairs per sample. The sequencing process 
followed this read protocol: read 1, 28 cycles; i7 index read, 10 cycles; i5 index read, 10 cycles; read 2, 91 cycles17.

Spatial transcriptomics data processing
FASTQ files and manually aligned histology images were processed using Space Ranger 1.3.0 (10x Genomics) 
with the Visium Human Transcriptome Probe Set v1.0 (GRCh38-2020-A). Raw gene-spot matrices were filtered 
to retain spots with > 2,000 genes and > 10,000 UMIs, yielding 34,795 high-quality spots for downstream analysis. 
All data were deposited in the National Omics Data Encyclopedia (NODE; Project ID OEP004742). To address 
potential batch effects, we implemented an integration approach using the Harmony algorithm18. The datasets 
were initially combined into a unified Seurat object through the merge function, followed by normalization with 
SCTransform. During normalization, we selected the 3,000 most variable features based on residual variance for 
downstream analysis. Principal component analysis was conducted on the normalized expression matrix prior 
to Harmony integration. For batch correction, we applied the RunHarmony function with standard parameters, 
specifying the SCT assay for input data and designating sample IDs as the grouping variable. The integrated 
dataset was subsequently analyzed using Seurat’s standard workflow, where we employed the first 40 Harmony-
corrected dimensions for both UMAP visualization and Leiden clustering (resolution = 0.35). Cluster identities 
were determined through manual annotation guided by differentially expressed markers, which were identified 
using a Wilcoxon rank-sum test with thresholds of 25% minimum expression fraction and a log2 fold-change 
cutoff of 0.25 (Fig. 1).

For gene set enrichment analysis (GSEA), the GO and KEGG pathway datasets19,20 were used. Protein-protein 
interaction (PPI) network analysis was performed using STRING (Search Tool for the Retrieval of Interacting 
Genes/Proteins; https://string-db.org).

Spatial cell typing with cell2location
We used cell2location21 to deconvolute the cellular composition of each capture area (spot), a Bayesian framework 
that leverages annotated single-cell RNA sequencing (scRNA-seq) reference data to probabilistically estimate 
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cell-type proportions within each spatial transcriptomics spot. For this analysis, we integrated our 10X Visium 
spatial transcriptomics profiles with a published DLBCL scRNA-seq atlas9 as the reference dataset, enabling 
spatially resolved cell-type mapping throughout the tissue microenvironment.

Ligand–receptor colocalization analysis
Our analysis of Ligand-Receptor Analysis was performed using the stLearn package22: First, we established 
expression thresholds for each gene in the LR pairs across quality-controlled Visium spots. Gene expression 
was considered positive when the cell2location-derived abundance estimates exceeded the median expression 
level for that gene within the tissue section. For each patient sample, we systematically quantified co-expression 
patterns of LR pairs by comparing tumor regions with adjacent background tissue. This generated binary matrices 
that were statistically evaluated using χ² tests of independence. To account for multiple hypothesis testing 
across all analyzed LR pairs, we implemented Bonferroni correction with a stringent significance threshold 
(adjusted p < 0.05). Only LR pairs demonstrating consistent tumor-specific enrichment patterns (observed in ≥ 2 
independent patient samples) were considered biologically significant.

Data analysis
Statistical analyses for all the experimental data generated were performed using the SPSS 26.0 statistical 
package. The data are presented as the mean ± SD. The construction of statistical charts was performed using 
the GraphPad Prism 8 software package (GraphPad Software, CA, USA). All data were analysed using the 
Mann‒Whitney U test, t-test and, when performing more than five simultaneous statistical comparisons or 
Exploratory analysis scenarios, the application of Bonferroni adjustment for multiple hypothesis testing. For 
pre-specified confirmatory hypothesis testing, we reported raw p-values with the prespecified significance 
threshold (p < 0.05). p < 0.05 was considered statistically significant.

Ethics approval and consent to participate
All experimental protocols were approved by Ethics Committee of the First People’s Hospital of Foshan, approval 
no. 2023-NO. 143), and with the 1964 Helsinki Declaration and its later amendments. Informed consent was 
obtained from all individual participants included in the study. This article does not contain any animal studies.

Results
Clinical characteristics show that EBV-infected DLBCL patients have a poor prognosis
From the records of our institutions, between July 2017 and July 2020, more than 80% of neoplastic cells in 
23 out of 236 (9.7%) cases of diffuse large B-cell lymphomas (DLBCL) showed EBV infection, as detected by 
EBER in situ hybridization (Fig. S1). Among the 23 EBV+DLBCL patients, the male-to-female ratio was 1.1:1, 
and 14 (60.87%) patients were aged over 60 years. 13 patients (56.52%) exhibited an increased level of lactate 
dehydrogenase (LDH). Only 6 patients (26.09%) presented with B symptoms. 6 patients (69.57%) were classified 
as having an advanced stage based on the Ann Arbor stage. Regarding the anatomical sites of tumors, 14 patients 
(60.87%) had extra nodal involvement, including the spleen (21.74%), soft tissue (4.35%), gastric region (8.70%), 
colon (4.35%), tonsil (13.04%), and nasal cavity (8.70%). The International Prognostic Index (IPI) score revealed 
that 5 patients (21.74%) were classified as low risk (0–1 point), 11 (47.83%) as medium risk (2–3 points), and 
7 (30.43%) as high risk (4–5 points). Following R-CHOP-based chemotherapy, the median survival time was 

Fig. 1.  Different patterns of EBV+DLBCL and EBV-DLBCL spatial heterogeneities. (A-B) UMAP (Uniform 
Manifold Approximation and Projection) plot of spots from all samples, colored by their EBV status (A) and 
patients (B). (C) UMAP of the spots colored by cluster identities. (D) Fraction of clusters in each sample. (E-F) 
PCA of EBV+ and EBV-DLBCL (E), Spatial distribution similarity comparison of the patients across different 
EBV statuses (F).
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17 months, ranging from 2 to 33 months. Patients with EBV+DLBCL demonstrated a shorter overall survival 
(P < 0.05) compared to 30 randomLy selected cases of DLBCL (Table.S1). The difference in prognosis urged us to 
explore Spatial heterogeneity in DLBCL caused by EBV infection.

Spatial heterogeneity between EBV+ and EBV-DLBCL
To comprehensively compare the spatial heterogeneity between EBV+ and EBV-DLBCL, we collected 8 tissue 
specimens from eight patients including four cases of EBV+DLBCL and four cases of EBV-DLBCL from a total 
of 236 patients for ST analysis using Visium 10x technology. The clinical information of these cases was stored 
in Table 1. In this study, the ST technology utilized spots with a diameter of 55 μm, containing approximately 8 
to 20 cells. Each section encompassed up to 5000 spots within the capture area of 6.5 mm by 6.5 mm. The data 
revealed that the median sequencing depth of a single spot was approximately 5000 ~ 10,000 unique molecular 
identifiers (UMIs) and 1000 ~ 3000 genes (Fig. S2).

Integrated clustering analysis of ST data from all samples using Scanpy revealed 12 distinct clusters. Notably, 
the spot types between EBV+DLBCL and EBV-DLBCL showed significant differences (Fig. 1A-D). Additionally, 
we conducted a comparison of “pseudo bulk” data between EBV+DLBCL and EBV-DLBCL reference data 
within the same cancer type, and the results demonstrated a high level of compatibility (Fig. 1E-F). This suggests 
that EBV infection has a significant effect on the spatial cell type composition and distribution in DLBCL.

TME heterogeneity between EBV+ and EBV-DLBCL
Considering the tumor heterogeneity and individual differences among patients, we conducted individual 
section analysis to ensure the accuracy of our results. Cell type of published DLBCL scRNA-seq 9 was used 
to score each spot for spatial omics sequencing data after inspection and clustering, and the cell type with the 
highest score for each cluster was used for annotation (Fig. S3). Through the gene expression and the score of 
tumor cells, T cells and monocytes&macrophages (Mo-Macro) (Fig. S4), we confirmed that the accuracy of cell 
annotation by Cell2 location.

To gain a deeper understanding of the distribution of cell types and their spatial organisation, we mapped 
the identified clusters back to their respective spatial locations, revealing distinct patterns that correlated with 
anatomical annotations (Fig. 2A). To delve deeper into the specific functions of each tumor cluster, we performed 
a differential gene expression (DEG) analysis for each cell cluster using annotated ST data. Subsequently, we 
conducted GO enrichment analysis for all DEGs within each cancer cell cluster, and we identified the top 10 GO 
terms that best represent the functions of each cluster of cancer cells. We meticulously researched the upper-level 
pathways of each term individually using the GO official website. Subsequently, we employed the highest parent 
pathway to consolidate the pathways and categorized each cluster of cancer cells based on their similar functions, 
specifically referring to their roles in the tumor (Fig. 2B, Table. S2).

To assess whether the tumor was in a passive defensive or aggressive state relative to the immune cells in the 
microenvironment, we performed GSVA for immune regulation pathways in tumor of each sample. The findings 
revealed that both positive and negative immune responses in EBV+DLBCL were stronger compared to EBV-
DLBCL. Moreover, it is very interesting that, except patient 4 (P4), negative immune responses were stronger 
than positive immune responses in other 3 cases in EBV+DLBCL (Fig. 2C). This observation also suggests that 
a larger proportion of patients with EBV+ experienced a loss of immune cell surveillance and were in a state of 
negative immune regulation.

PD-1/PD-L1 is a significant ligand-receptor in the TME of EBV+DLBCL
We analyzed differential expression genes (DEGs) in the tumor regions of the EBV+ and EBV-DLBCL. To filter 
the DEGs, we set a Log2 fold-change (|log2FC|) of > 1 and an adjusted p-value of < 0.05 as the criteria. We found 
significant differences in the PD-1/PD-L1 immune response-related signaling pathway amongst the up-regulated 
genes (Fig.  3A-B). To verify this speculation, PD-L1 IHC staining was implemented on transverse sections 
of EBV+ and EBV-DLBCL. The results indicated that PD-L1 expression in EBV+DLBCL was significantly 
increased compared with EBV-DLBCL (Fig. 3C-D). To observe the spatial expression pattern of PD-1/PD-L1 in 
the tumor region, we mapped the expression of PD-1 and PD-L1 genes onto tissue slices. The results showed that 
both PD-1 and PD-L1 were highly expressed in EBV+DLBCL tumor areas, while they were dispersed in EBV-
DLBCL (Fig. 3E-F). This suggests that the PD-1/PD-L1 signaling pathway has significant spatial heterogeneity 
in EBV+DLBCL and EBV-DLBCL. We utilized stLearn to perform Ligand-Receptor analysis (Fig. 3G), which 

Sample Age Sex Groups LDH B symptoms Ann Arbor stage Location IPI score

P1 63 Female EBV-pos DLBCL Elevated Absent IIIA Nodal 3

P2 68 Male EBV-pos DLBCL Elevated Absent IVA Extra nodal 5

P3 60 Female EBV-pos DLBCL Normal Absent IVA Nodal 3

P4 11 Male EBV-pos DLBCL Elevated Present IIIB Extra nodal 3

P5 36 Male EBV-neg DLBCL Elevated Absent IIIA Extra nodal 3

P6 64 Male EBV-neg DLBCL Elevated Absent IIIA Nodal 3

P7 68 Female EBV-neg DLBCL Elevated Absent IVA Nodal 4

P8 67 Female EBV-neg DLBCL Elevated Absent IIA Nodal 2

Table 1.  Clinicopathological features of 8 patients with EBV+ or EBV-DLBCL by Spatial transcriptome.
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provided further confirmation that PD-1/PD-L1 is a significant Ligand-Receptor. Immune cells from different 
tumor areas were analyzed to determine which immune cells PD-1/PD-L1 is primarily regulated by. Our findings 
showed that in EBV+DLBCL, the primary immune cells involved are Mo-Macro, while in EBV-DLBCL, the 
main ones are follicular helper T (TFH) cells (Fig. 3H). It can be seen that in DLBCL, the differences in PD-1/
PD-L1 signals caused by different states of EBV come from different immune cell regulation.

PD-1/PD-L1 signaling promote tumor cell proliferation and/or inhibit apoptosis in 
EBV+DLBCL
BMS202 treatment induced dose-dependent inhibition of cell proliferation and viability in both cell lines, 
with more pronounced effects observed in Farage cells (Fig. 4A). The CCK8 analysis revealed that Farage cells 
exhibited significant reduction in proliferation and viability at all tested concentrations (5 µM: p < 0.05; 10–20 
µM: p < 0.001) (Fig. 4C), whereas DB cells showed only a non-significant downward trend at 5 µM and achieved 
statistical significance at higher concentrations (10 µM: p < 0.05;20 µM: p < 0.01) (Fig. 4B). The observed growth 
inhibition correlated with effective blockade of PD-1/PD-L1 signaling (Fig. 4D). These differential responses 
suggest that the greater dependence of Farage cells on PD-1/PD-L1 signaling comes from the overexpression 
of PD-1/PD-L1 signaling in Farage cells themselves. Flow cytometry analysis confirmed that 10 µM BMS202 
significantly induced apoptosis in both cell types (DB cells, p < 0.05; Farage cells, < 0.01) (Fig. 4E-F), with Farage 
cells demonstrating particularly robust apoptotic response following PD-1/PD-L1 pathway inhibition, further 
supporting the pathway’s critical role in Farage cells.

To investigate the potential link between PD-1/PD-L1 signaling and EBV+DLBCL, bioinformatics analysis 
was employed to depict the protein–protein interaction network, from which TLR4 was identified (Fig. 4G). 
Quantitative PCR analysis revealed distinct TLR4 expression patterns following PD-1/PD-L1 blockade. Farage 
cells demonstrated constitutively high TLR4 expression, which was significantly downregulated upon BMS202 
treatment (p < 0.001). In contrast, DB cells showed opposite regulation, with TLR4 expression being markedly 

Fig. 2.  Different patterns of EBV+DLBCL and EBV-DLBCL spatial heterogeneities. (A) The cell subsets of 
EBV+ and EBV-DLBCL and their spatial distribution. (B) The analysis of GO pathways for the top 10 DEGs 
in each tumor cell subpopulation of both EBV+ and EBV-DLBCL. (C) Evaluation of the immune regulation 
status of each tumor cell from EBV+ and EBV-DLBCL.
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Fig. 3.  Spatial expression patterns of the immune checkpoint molecules PD-1/PD-L1 in TMEs from 
EBV+DLBCL and EBV-DLBCL. (A) Differentially expressed gene (DEG) analysis of the region in tumors 
from EBV+ and EBV-DLBCL. (B) KEGG pathway enrichment analysis of DEGs. KEGG pathway maps 
were reproduced with permission from Kanehisa Laboratories. Copyright© Kanehisa Laboratories. (C-D) 
Representative PD-L1 (yellow) IHC staining of the transverse section images of lymph nodes from EBV+ and 
EBV-DLBCL (C); scatter plot showing the comparisons of the percentage of PD-L1+ cells (D). (E-F) Spatial 
feature plots of PD-L1 (E) and PD-1 (F) in each TME from EBV+ and EBV-DLBCL. (G) Spatial feature plots 
of immune checkpoint molecule PD-L1 (red) and PD-1 (blue) co-expression in each TME. (H) Violin plots of 
different cell type scores (Mo-Macro, NK, CD4+ T, CD8+ T, TFH and Treg cells) in each TME from EBV+ and 
EBV-DLBCL. The cluster with the highest average score is shown in the red dotted box. Mo-Macro, monocytes 
and macrophages; NK cells, natural killer cells; TFH cells, follicular helper T cells; Treg cells, regulatory T cells. 
Scale bars = 50 μm in C left, 10 μm in C right.
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increased following BMS202 exposure (p < 0.001) (Fig. 4H). These divergent responses establish a functional link 
between PD-1/PD-L1 signaling and TLR4 regulation, particularly in Farage cells where pathway inhibition led 
to substantial TLR4 suppression.

Discussion
Accumulating research suggests that EBV+DLBCL typically presents with a diminished response to chemotherapy, 
less favorable recovery prospects, and lower survival rates3,23, as corroborated by our clinical data (Table.S1). 
This underscores the urgent need for novel treatment approaches. Current research into EBV+DLBCL has 
largely been centered on genetic alterations, with limited exploration into the TME. One investigation delineated 
the cellular makeup of the TME by synthesizing data from various single-cell studies and developing a machine 

Fig. 4.  To evaluate the impact of PD-1/PD-L1 signaling on DLBCL cells in the context of EBV infection. (A) 
The representative bright-field images were taken from control, 5 µM BMS202, 10 µM BMS202 and 20 µM 
BMS202 groups at incubation times of 0 and 24 h, respectively. (B–C). Bar chart showing the comparison of 
CCK8 values of DB or Farage cells incubated with/without BMS202. (D) The relative mRNA expression of PD-
L1 and PD in DB or Farage cells from the aforementioned three groups (n = 3 per group). (E) The propidium 
iodide (PI) flow cytometric assay was implemented in 24-h incubated DB or Farage cells from control and 10 
µM BMS202 group. (F) The bar chart showing the comparison of the values of late apoptosis (the upper right 
corner of the quadrant) + early apoptosis (the lower right corner of the quadrant) in the cultured DB or Farage 
cells among control and 10 µM BMS202 group. (G) Bioinformatics analysis depicting genes involved in this 
study, which were mapped using the STRING database to construct the protein–protein interaction network. 
(H) The relative mRNA expression of TLR4 in DB or Farage cells from the aforementioned three groups (n = 3 
per group). Scale bars = 100 μm in A.
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learning construct known as EcoType9. In particular, Ye et al. charted single-cell landscapes of DLBCL, noting 
a B-cell subcluster called Bmemory-3, predominantly found in EBV+DLBCL cases, and associated with EBV 
infection24. Nonetheless, this data does not incorporate spatial context. Our research firstly includes the analysis 
and juxtaposition of spatial gene expression in tissue samples from both EBV+ and EBV-DLBCL, uncovering 
marked disparities in cellular composition and spatial arrangement that could inform future pharmacological 
treatment strategies. We have encapsulated our research process in a detailed workflow (Fig. 5).

This study primarily investigates the spatial distribution characteristics of EBV+DLBCL through the 
application of ST technology (the first instance of its use in EBV+DLBCL thus far). Firstly, employing unsupervised 
dimensionality reduction clustering analysis across various tumor types and different patients (Fig. 1), the results 
indicate significant differences in cellular composition based on the EBV infection status. Research shows that 
though the exact mechanisms by which EBV initiates infection and fosters the development of associated tumors 
remain to be fully elucidated, it is acknowledged that EBV can craft a conducive environment by producing 
and releasing viral products that actively engage with immune cells in the TME. Moreover, the TME of an 
advancing tumor may, in certain cases such as EBV-associated Gastric Cancer, enhance the susceptibility to EBV 
infection. The infected cells are adept at creating an immunosuppressive milieu, employing various immune 
evasion tactics. Depending on the type of EBV-associated tumors, EBV can lead to a diverse composition of 
the TME. The extensively studied case is EBV+Hodgkin lymphoma (HL), where the TME plays a crucial role. 
Despite the lower immunogenicity of EBV+ tumor cells compared to lytically infected ones, they can still 
provoke EBV- specific immune responses. Studies have shown an increased presence of infiltrating CD4+ T 
cells, particularly Treg cells secreting IL10, as well as activated cytotoxic CD8+ T cells and NK cells in response 
to EBV25. Additionally, EBV+ HL exhibits significantly higher numbers of tumor-associated macrophages 
compared to EBV- cases25,26. While the cellular composition differences between EBV+ and EBV- as well as their 
spatial distribution, are currently unclear. Therefore, by leveraging ST in conjunction with published scRNA-
seq data and applying deconvolution algorithms, our analysis reveals that, in comparison to the EBV-group, 
the stroma of EBVis enriched with a higher proportion of immune cells, predominantly macrophages (Fig. 2). 
Moreover, immune evasion in EBV-associated cancers may be triggered by the overexpression of PD-L1/PD-L2 
and CTLA-4, leading to T cell exhaustion27–30.

The present study demonstrates that pharmacological inhibition of the PD-1/PD-L1 signaling pathway using 
BMS202 exerts distinct effects on EBV+ and EBV-DLBCL cells (Figs. 3 and 4), providing mechanistic insights 
into the clinically observed differences in EBV-associated lymphomas. Recent clinical studies have established 
that EBV+DLBCL represents a distinct biological subtype characterized by an immunosuppressive tumor 
microenvironment (TME) and inferior outcomes following standard immunochemotherapy31. Our findings align 
with and extend these clinical observations, demonstrating that EBV+Farage cells exhibit enhanced sensitivity 
to PD-1/PD-L1 blockade compared to EBV-DB cells, mirroring the heightened PD-L1 expression patterns 
observed in clinical specimens32. The differential response to BMS202 treatment between EBV+ and EBV-cells 
may reflect fundamental differences in their dependence on PD-1/PD-L1 signaling. This is particularly relevant 
given recent evidence that EBV+DLBCL displays a unique TME profile with elevated immune checkpoint 
expression31, including the PD-1/PD-L1 axis which contributes to CD8 + T cell exhaustion33. Our identification 
of TLR4 as a downstream mediator of PD-1/PD-L1 signaling in EBV+ cells provides a potential molecular link 
between immune checkpoint regulation and the characteristic immunosuppressive features of EBV-associated 
lymphomas, including elevated IL-10 levels33–35 and impaired cytotoxic T cell function36.

The robust apoptotic response observed in Farage cells following PD-1/PD-L1 inhibition has important 
therapeutic implications, particularly in the context of emerging treatment strategies for refractory DLBCL. 
While R-CHOP remains standard first-line therapy with significant cure rates, approximately one-third of 
patients experience relapse with poor outcomes37. Our findings support the rationale for combining PD-1/PD-
L1 inhibitors with novel therapies like CAR-T cells especially in EBV+ cases where the immunosuppressive TME 

Fig. 5.  Bioinformatics Analysis Workflow. This research utilized two types of datasets, namely, EBV+ and 
EBV-DLBCL. ST data were employed to investigate the role of PD-1/PD-L1 in immunosuppression within the 
TME of EBV+DLBCL. Subsequently, the bioinformatics findings were validated through IHC staining and 
Vitro experiments, confirming the pivotal functions of PD-1/PD-L1 in EBV+DLBCL.
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may limit treatment efficacy. The differential TLR4 regulation we observed between EBV+ and EBV-cells further 
suggests that targeted approaches may need to be tailored based on EBV status.

These results must be interpreted in the context of EBV’s complex biology and its varied latency patterns 
across different malignancies. While our study focused on PD-1/PD-L1 inhibition, the presence of multiple 
immune checkpoints (e.g., LAG3, TIM3) and alternative immunosuppressive mechanisms (e.g., M2 macrophage 
polarization)31 suggests that combination strategies targeting multiple pathways may be required to effectively 
overcome the immunosuppressive TME in EBV-associated lymphomas.

Despite the promise shown in this research, our study has several technical limitations inherent to spatial 
transcriptomics. First, the resolution of 10x Visium (~ 55  μm/spot, typically capturing 1–10 cells per spot) 
may obscure single-cell-level heterogeneity, particularly in mixed-cell regions. While this platform provides 
valuable spatial insights, its precision falls short of single-cell sequencing. To address this, we integrated our 
ST data with published DLBCL scRNA-seq data9 using Cell2location21, which significantly improved cell-type 
annotation accuracy compared to morphological region-based methods. This approach revealed layered cellular 
subpopulations and their potential interactions, demonstrating the algorithm’s suitability for ST analysis. Second, 
although we observed high reproducibility across replicates (Fig. S4), batch effects from sample processing could 
influence cross-sample comparisons. To mitigate this, we performed data integration and batch effect correction 
using Harmony on PCA embeddings, which effectively aligned samples across different batches while preserving 
biological variation (Fig. S2). Finally, low-abundance transcripts may be underrepresented due to dropout effects. 
Future studies with single-cell resolution platforms could address these limitations. In addition, we acknowledge 
that our sample size (n = 4 per group), while consistent with field standards38–40, limits generalizability. This 
constraint stems from the rarity of surgically resected samples with matched clinicopathological data, a common 
challenge in ST studies. Nevertheless, the high data density (~ 5,000 spatially resolved spots per sample) and in-
vitro validation (Fig. 4) validation strengthen confidence in our results.

In summary, we have conducted the inaugural measurement and comparison of spatial gene expression 
within tissue slices of EBV+DLBCL and EBV-DLBCL. Simultaneously, we have illustrated the landscape of the 
TME and its diverse components by integrating single-cell and spatial transcriptome technologies and assess 
the expression of PD-1 and PL-L1, revealing that the poor prognosis of EBV+DLBCL may be related to the 
TME heterogeneity and PD-1/PD-L1 pathways. It is obvious that this discovery offers the pharmacological 
treatment strategies basis for improving therapy for personalized analysis. Our study provides experimental 
evidence supporting the clinical development of PD-1/PD-L1 inhibitors for EBV+DLBCL and identifies TLR4 
as a potential mediator of treatment response. These findings contribute to our understanding of EBV-driven 
lymphomagenesis and suggest that therapeutic strategies targeting the PD-1/PD-L1-TLR4 axis may help 
overcome the immunosuppressive TME characteristic of these aggressive lymphomas. Future studies should 
explore optimal combination approaches and validate TLR4 as a predictive biomarker in clinical cohorts.

Data availability
All data generated in this study have been uploaded to https://www.biosino.org/node/browse? ​k​e​y​w​o​r​d​=​O​E​P​0​
0​0​0​4​7​4​2​.​​
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